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Abstract: Buildings remain pivotal in global energy consumption, necessitating a focused approach
toward enhancing their energy efficiency to alleviate environmental impacts. Precise energy predic-
tion stands as a linchpin in optimizing efficiency, offering indispensable foresight into future energy
demands critical for sustainable environments. However, accurately forecasting energy consump-
tion for individual households and commercial buildings presents multifaceted challenges due to
their diverse consumption patterns. Leveraging the emerging landscape of the Internet of Things
(IoT) in smart homes, coupled with Al-driven energy solutions, presents promising avenues for
overcoming these challenges. This study introduces a pioneering approach that harnesses a hybrid
deep learning model for energy consumption prediction, strategically amalgamating convolutional
neural networks’ features with long short-term memory (LSTM) units. The model harnesses the
granularity of IoT-enabled smart meter data, enabling precise energy consumption forecasts in both
residential and commercial spaces. In a comparative analysis against established deep learning
models, the proposed hybrid model consistently demonstrates superior performance, notably excel-
ing in accurately predicting weekly average energy usage. The study’s innovation lies in its novel
model architecture, showcasing an unprecedented capability to forecast energy consumption patterns.
This capability holds significant promise in guiding tailored energy management strategies, thereby
fostering optimized energy consumption practices in buildings. The demonstrated superiority of
the hybrid model underscores its potential to serve as a cornerstone in driving sustainable energy
utilization, offering invaluable guidance for a more energy-efficient future.

Keywords: Al-driven energy solutions; building energy efficiency; deep learning techniques; energy
forecasting; energy prediction model; hybrid deep learning model

1. Introduction
1.1. Motivation

The COVID-19 pandemic, declared a global health crisis by WHO in March 2020,
caused widespread deaths, impacted public health, economies, and energy safekeep-
ing. From December 2022, WHO reported 99,057,629 confirmed COVID-19 cases and
1,080,010 deaths [1]. It led to a severe economic downturn, high unemployment, and a
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significant decline in GDP growth rates. The United States experienced energy security
concerns, witnessing a 7% decrease in overall energy consumption, reaching 93 quads in
2020 compared to 2019, as per the EIA’s Energy Review [2]. The commercial and residential
sectors saw a 7% decrease in energy consumption to under 17 quads in 2020. Home heating
also decreased by 1% to under 21 quads due to warmer weather. This reduction was a result
of lockdown measures, including closed offices, businesses, schools, industrial facilities,
and limited recreational activities. In particular, home power sales in the U.S. increased by
8% in May compared to April 2019, while the commercial sector decreased by 11% [3]. The
energy sector’s return to normalcy will be gradual, as shown in Figure 1, as studies indicate
substantial changes in residential and commercial energy consumption due to COVID-19
lockdowns [4,5]. The pandemic remains an ongoing source of uncertainty, particularly in
sectors closely tied to human life. With governments and societies worldwide relaxing
policies and focusing on economic recovery post-omicron wave, there is also the looming
risk of new variants. Accurate energy consumption forecasting is crucial for ensuring
energy security, social operations, and a safe living environment in the face of challenges.
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Figure 1. Energy consumed by commercial and residential sector from January 2000 to February 2023.

Long-term, medium-term, and short-term forecasting are commonly used divisions
when it comes to predicting energy consumption [6,7]. Let us delve into each division
in more detail: Short-term forecasting focuses on predicting energy consumption within
relatively brief intervals, usually ranging from one hour to one week. This forecasting
horizon includes hourly, daily, and weekly predictions. The aim here is to provide accurate
and timely insights into energy usage patterns in the immediate future. Moving on to
medium-term forecasting, this approach is employed to forecast energy consumption
over slightly longer intervals, typically spanning from 1 week to 1 year. Monthly and
quarterly horizons are commonly utilized in this type of forecasting. The objective is to
gain a broader understanding of energy consumption trends and patterns that extend
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beyond the immediate short term. Lastly, long-term forecasting is employed for predicting
energy consumption over periods exceeding one year. This approach is used for annual
horizons or even longer durations. By analyzing historical data and considering various
influencing factors, long-term forecasting seeks to provide insights into future energy
consumption [8]. The prediction of individual customers’ energy usage in networks with
smart grids has received little attention from models and algorithms. Traditionally, energy
use for the following day, hour, week, month, and year was the main focus. Due to the lack
of historical data and the limits of algorithms, the prediction of current customers’ energy
use is more manageable than the prediction of future demand. Even if each customer
has an individual energy need, residential consumers still exhibit a consistent pattern of
energy usage [9]. As a result, it is difficult for researchers and experts to predict the energy
consumption of specific customers in networks of smart grids [10].

1.2. Related Work

A review of pertinent articles was carried out on energy consumption forecasting
and efficiency enhancements. These studies look at household and commercial building
energy efficiency models. Due to the complex structure and numerous hidden layers, deep
learning techniques have been applied in the literature on energy consumption prediction.
Deep learning techniques are expensive to apply with large datasets due to the training
times of the algorithms. At the moment, grey system models, statistical forecasting simula-
tions, machine learning approaches, and deep learning models can all be used to predict
energy use. The most established forecasting techniques are time series models. Numerous
researchers have made significant advancements in energy consumption forecasting in the
previous few years by broadening the scope of conventional time-based approaches at the
application and modeling stages [11]. For instance, various specialized time series forecast-
ing models have been recommended for specific applications. In Turkey, the SARIMAX
(seasonal autoregressive integrated moving average with exogenous factors) is often used
to predict natural gas utilization in residential sector. When dealing with short-term gas
consumption forecasts, the recursive autoregressive model with additional input is favored.
Additionally, the WT-ARIMA model (wavelet transform autoregression integrated moving
average) finds its utility in load forecasting [12,13]. These models are designed to account
for trends, seasonality, and chronological patterns in the facts, making them suitable for
various forecasting horizons. However, it is important to note that when dealing with
large-scale data characterized by complex nonlinearities, certain limitations may arise. In
such cases, time series models tend to demonstrate more robust performance in medium-
and long-term forecasting scenarios as opposed to short-term predictions.

In recent years, grey system models have become increasingly popular for energy fore-
casting, especially when handling nonlinear time series data. Researchers have developed
a number of models to forecast energy use in various regions and nations. An improved
nonlinear grey Bernoulli model, for instance, was developed by Khan and Osinska [14]
specifically for predicting energy consumption in India and Brazil. A seasonal adaptive
grey model was developed by Ding et al. [15] to anticipate medium-term renewable energy
consumption with an emphasis on the US commercial sector. The grey Lotka-Volterra
model was additionally proposed by Zhang et al. [16] to investigate the core links among
the energy utilization systems in the United States, China, and Deutschland. The ideal
nonlinear metabolic grey system approaches were proposed by Chen et al. [17] and were
created especially for predicting energy consumption in the Yangtze River Delta area. In
order to predict the portion of renewable energy within main energy utilization, an insignif-
icant nonlinear grey Bernoulli approach with systematic capabilities was projected [18].
Additionally, combining the “grey box” technique with additional nonlinear methods has
the potential to solve problems related to nonlinear long-term forecasting. Despite these
developments, it is important to note that the use of grey scheme models for intermediate
and short-term prediction has been fairly restricted and frequently leads in less accurate [7].
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When it comes to medium- and short-term prediction, data-driven ML approaches
are favored over traditional time-based models and the grey system technique. The reason
behind this preference is that machine learning models require learning from the data
and hyperparameter tuning to develop an effective forecasting capability. Unlike their
counterparts, these models have the ability to adapt and make accurate predictions. Today,
many academics rely on machine learning models for energy forecasting. These models
provide precise predictions by leveraging the power of advanced algorithms and techniques.
By directly utilizing machine learning models, researchers are able to enhance the accuracy
and reliability of their forecasts. An alternative study technique that has gained popularity
involves employing different machine learning (ML) models for energy forecasting and
evaluating the accuracy of their predictions [19,20]. To predict solar and wind power in
the short to medium term, Gaussian process regression has been employed [21]. However,
extensive research has revealed that hybrid approaches outperform individual models.
For instance, hybrid models combining SVR [22,23], extreme gradient boosting (XGB) [24],
and multiple machine learning models [25] have demonstrated superior performance.
Machine learning models offer several advantages for short- and medium-term forecasting,
particularly their ability to tackle complex nonlinear problems. However, when it comes to
monthly and quarterly forecasts, these models face limitations and often exhibit a “time
delay” issue, resulting in lower prediction accuracy. In the domain of energy consumption
predictions, various neural network models are widely employed due to the popularity of
deep learning techniques.

Deep learning (DL) approaches are driven by data and require substantial amounts
of training data to optimize their hyperparameters, similar to traditional ML models.
Consequently, DL models are commonly utilized for short-term and intermediate-term
forecasting, primarily due to their exceptional precision, resilience, and remarkable capacity
to handle entirely nonlinear problems. Currently, the long short-term memory (LSTM),
the recurrent neural network (RNN), the convolutional neural network (CNN), and the
gate recurrent unit (GRU) are widely recognized as the utmost widespread neural network
approaches. These models have been extensively studied and utilized in various research
endeavors. Ding et al. [26] developed a prediction model for renewable energy production
by utilizing Loess (STL) and LSTM. In order to estimate the supply of renewable power
in the Asian country South Korea, a hybrid model combining LSTM and variational
autoencoder was proposed [27]. Yang et al. [28] employed a nonlinear mapping system to
predict wind energy utilization. Amalou et al. [29] conducted an evaluation of LSTM, RNN,
and GRU in various methods for energy utilization forecasting. Multiple studies have
shown that integrating neural networks with multiple layers can effectively enhance the
predictive capabilities of individual neural networks, such as the LSTM-RNN [30]. Other
successful approaches include CNN-GRU [31], A-CNN-LSTM (where A represents the
attention layer) [32], RNN-LSTM [33], CNN-BiGRU [34], LSTM-GAM [35], ConvLSTM-
BDGRU-MLP, and CNN-LSTM [36]. Table 1 illustrates the diverse landscape of energy
consumption forecasting techniques, outlining their key traits, advantages, and limitations
across various modeling approaches.

Table 1. Summary of energy consumption forecasting techniques and their characteristics.

Models

Time series models
(e.g., SARIMAX)

Grey system models

Characteristics Advantages Challenges
Suitable for various Effective in capturing trends Ll.m 1ted. performance in
. . . dealing with large-scale data
forecasting horizons. and seasonality.

and complex nonlinearities.

Limited accuracy in
short-term predictions;
effectiveness varies across
forecasting horizons.

Developed for specific regions
(e.g., India, Brazil) with
improved models.

Popular for handling
nonlinear time series data.
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Table 1. Cont.

Models

Characteristics

Advantages

Challenges

Machine learning (ML)
models

Deep learning (DL) models

Hybrid models
(combining techniques)

Specific DL approaches
(e.g.,, LSTM, CNN)

Preferred for medium- and
short-term predictions
due to adaptability.

Requires substantial training
data and suitable for short- to

intermediate-term forecasting.

Integrates the strengths of
different models
or approaches.

Widely recognized and
studied DL techniques for
energy forecasting.

Hybrid models combining
SVR, XGB, and multiple ML
models show superior
performance.

Exceptional precision,
resilience, and ability to
handle entirely
nonlinear problems.

Shows promise in enhancing
predictive capabilities; e.g.,
LSTM-RNN, CNN-GRU.

Exceptional precision and
applicability to entirely
nonlinear problems.

May exhibit a “time delay”

issue, affecting prediction

accuracy for monthly and
quarterly forecasts.

Challenges with monthly and
quarterly forecasts; potential
“time delay” issue
impacting accuracy.
Complexity in
implementation and potential
challenges in interpreting
combined results.
Demands substantial training
data; challenges with monthly
and quarterly forecasts.

1.3. Contribution

These research findings highlight the effectiveness of combining neural networks
with different layers to improve prediction accuracy. According to the study, CNN and
LSTM are highly regarded for their effectiveness in identifying data features [37]. Notably,
the bidirectional LSTM (BiLSTM) has shown superior performance in predicting energy
usage when compared to alternative models. The researchers suggest a hybrid model
that fuses CNN and BiLSTM to forecast energy consumption in both the residential and
commercial sectors.

Integration of Novelty

Our research pioneers a fresh approach to energy consumption forecasting, employing
advanced deep learning algorithms. In contrast to conventional methods, our unique
approach leverages diverse sensor data, enabling precise estimations of individualized
energy consumption. A key breakthrough lies in our ability to predict energy needs tailored
to specific customers within smart grid systems—an area largely overlooked in prior studies.
Our exploration encompasses both residential and commercial sectors, aiming not only to
optimize grid efficiency but also to empower proactive energy management strategies for a
more sustainable future.

1.4. Paper Organization

Within this manuscript, we embark on an exploration aimed at enhancing building
energy efficiency through the innovative integration of IoT-driven hybrid deep learning
models for accurate energy consumption prediction. This endeavor unfolds across several
sections, each contributing a pivotal facet to our comprehensive study. Commencing with
the “Introduction”, we lay the groundwork by elucidating the motivation behind this
research, delving into related works in the domain, and presenting the unique contribu-
tions that define our study. In “Materials and Methods”, Section 2, we delve into the
technical aspects, delineating the methodologies employed, encompassing the extraction of
spatial features using convolutional neural networks (CNN), temporal feature extraction
with BiLSTM, and the design of our proposed CNN_BiLSTM model, complemented by
insights into the grid search method utilized for hyperparameter fine-tuning. Section 3,
“Experimental Setup and Analysis”, provides a detailed overview of the data acquisition
process, comparative models used for evaluation, and an in-depth analysis of the forecasted
outcomes. Following this, Section 4, “Discussion”, synthesizes our findings, elucidating
the implications and significance of our results. Finally, “Conclusion and Future Work” in
Section 5 encapsulates the study’s conclusions and outlines avenues for future research.
This manuscript, thus, navigates a structured trajectory, culminating in comprehensive
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insights and potential directions to advance the realm of energy consumption prediction in
building efficiency.

2. Materials and Methods
2.1. Extracting Spatial Features Using Convolutional Neural Networks

The energy consumption patterns in commercial and residential sectors exhibit nonlin-
ear and nonstationary characteristics, which are influenced by the geographical locations of
these areas. Capturing these spatial features poses a challenge, though the CNN provides
an effective solution by effectively learning the configuration of the time series-based data.
CNN:s are neural networks that utilize convolutions to simplify the complexity of the net-
work. The key operations of CNNs are local feature extraction and weight sharing. Given
that the spatial relationship within the time-based /series data is localized, every neuron in
the network barely needs to focus on capturing resident features. By combining these local
neurons, global information can be obtained, thereby reducing the number of associations
required. Weight sharing further enhances the adaptability and simplicity of the network
by reducing the hyperparameters. The main components of a CNN responsible for feature
extraction are the convolutional layer and the pooling layer. These modules work together
to extract relevant features from the input data. The main focus of this paper is to analyze
the spatial characteristics of time series data through the use of convolutional layers. Unlike
traditional weight connection layers, these layers apply the convolution technique to extract
relevant features. Specifically, this paper utilizes the 1D-convolution layer to perform this
task. During a convolution operation, a convolution kernel glides over the input (i/0),
computing the innermost product with the i/o to generate a novel feature matrix. This
process aids in capturing the spatial properties of the time-oriented data. Given a 1D

i/o of time stamp x = (x@);l, the output (o/p) generated by the convolution layer
k
using a single convolution kernel is represented as K = (w(‘:)) -t Equation (1) shows the

mathematical formula of a convolutional layer using single convolution kernel.
—k+1 k
C= (ﬁp)Z:1+ S WP =K. xp= 2;;:1 w® xi 1)

In this approach, the subsequence “x,” represents the i/o0 roofed by the pth slide of
“K”, while “k” denotes the kernel scope. Since the input is one-dimensional, the convolution
kernel has a single network. Consequently, the output size represented in Equation (1) is
determined solely by the kernel scope and i/o range.

By reducing the number of features, the pooling layer is an essential component for
feature matrix compression and the avoidance of overfitting. The two frequently used
techniques of maximum pooling and average pooling are in use inside this layer. When
using the feature matrix, maximum pooling, produced by the convolution layer, is divided
into subdivisions, and the highest value is chosen from each of these subregions. A new
feature matrix with fewer dimensions than the original is produced as a result of this
operation. Finding the most responsive feature components is where max pooling really
shines. In contrast, average pooling produces a changed feature matrix by calculating the
mean value inside each subregion. This method conserves the inclusive features of the data
while reducing the variances between the features. In summary, the pooling layer plays
a crucial role in compressing the feature matrix and avoiding overfitting. Max pooling
focuses on extracting the most responsive features, while average (avg) pooling maintains
the inclusive features of the data point. Therefore, this paper utilizes the 1D max pooling
layer. It assumes that the i/0 range of the max pooling tensor is [M, C, N;, ], where M refers
to the number of channels or feature maps in the input, C represents the number of classes
or categories, and N;, signifies the length or size of the input. The output can be described
using the following formula shown in Equation (2):

Output(M,, Cy, &) = T:(r)nax_llnput(Mp, Cqp @xZ+1) )

ARILY.
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In this equation, the output at position (M, C,, ) is obtained by taking the maximum
value over a sliding window of size k along the input tensor. The gliding window moves
with a stride of @. The index ¢ iterates over the elements of the gliding window. The o/p
range is M, C, Ny, where Ny, is calculated as shown in Equation (3):

N;,, — k
Nout = |:CO + 1] (3)

Here, N, represents the length or size of the output tensor along the input dimension.
It is computed by subtracting the size of the sliding window k — 1 from the input size Njj.

2.2. BiLSTM-Based Temporal Feature Extraction for Time Series

LSTMs have proven to be effective for time series forecasting due to their ability to
accurately capture long-term dependencies. Over the years, various variants and versions
of LSTM have emerged, showcasing outstanding performance. One widely applied LSTM
variant is the BiLSTM, developed by Schmidhuber [38], which consistently outperforms
traditional LSTM approaches in time series prediction. Therefore, this work leverages the
BiLSTM model to enhance forecasting performance. Firstly, let us delve into the workings
of the basic LSTM. Then, we will explore the operations of BILSTM. The output of an LSTM
depends on three factors at distinct times, as depicted in Figure 2.

Previous
cell state

Qe (o) (P@

@ Pointwise multiplication @ Tanh activated NN

@ Pointwise addition Pointwise Tanh

Figure 2. Working model of long short-term memory (LSTM).

Firstly, the neural network stores long-term information in the present—known as the
cell state. Secondly, it retains the output from the last state—referred to as the previous
hidden state. Lastly, it incorporates the input data for the current time step. LSTMs employ
a series of “gates” to regulate data flow within the network, controlling how information
enters, remains, and exits. The conventional LSTM architecture encompasses three gates:
an output gate, an input gate, and a forget gate. These gates function as individual neural
networks or filters, each serving a distinct purpose. The input gate allows pertinent data to
be extracted from the current cell state. Utilizing the sigmoid activation function, this gate
determines which data are necessary for the current input and which can be disregarded.
Subsequently, the data are stored in the current cell state. Following this step, the tanh
activation mechanism computes vector representations of the input gate values, which are
then added to the cell state [39]. Equations (4) and (5) depict the computational formulae
for the input gate and the current cell state.
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it = o(Wi.[he—1, xi] + bj) 4)
C; = tanh (We. [hy_1, x¢] + b (5)

where 7; is the input gate; h;_1 is the previous hidden state; C; is the current cell state.
The forget gate is the initial stage of the procedure. Considering the initial concealed
state and fresh input data, the forget gate determines the utility of specific cell state bits.
The NN receives both the original hidden state and the new input data. Each element
within the vector generated by the network falls within the range of [0, 1]. It is helpful to
conceptualize each component of the vector as a filter, allowing more information to pass
through as its value approaches 1. These output values are then scaled by the initial cell
point before advancing. Through point-wise multiplication, components of the cell state
deemed irrelevant by the forget gate network, multiplied by values near zero, subsequently
exert lesser influence in subsequent steps. Here, h(t — 1) signifies the resulting concealed
state at timestamp (t — 1). The input x(t) and output h(t — 1) are initially derived by the
forget gate, which subsequently employs point-wise multiplication of its weight matrix
alongside the addition of sigmoid activation to determine the probability scores. It can
distinguish between relevant and beneficial information using likelihood scores. The forget
gate f; is represented as below in Equation (6):

fo = (Welhiy, xi] +by) (6)

The output gate determines the current cell state, and the weights in the output gate
matrix are maintained and updated through backpropagation. A point-wise multiplication
operation is conducted on the weight matrix using the input/output token x(t) and the
previous output h(t — 1) from the hidden state. As mentioned earlier, this occurs atop a
sigmoid activation since it necessitates probability calculations to determine the output or-
der. Once sigmoid results are obtained, they are multiplied by the new cell state, providing
the necessary information to predict the final output. To ensure that the numerical range
remains within [—1, 1], our output sequence is completed after the final multiplication with
tanh. Equation (7) shows how output sequence is calculated mathematically. Equation (8)
represents the mathematical formula of hidden state.

Oy = O'(Wo.[htfl, Xt] + bo) (7)

hy = O X tanh(Ct) (8)

where O; denotes the output gate and /; is the hidden state.

Algorithm 1 illustrates the complete implementation process of the L5TM, utilizing
all three gates of the LSTM to calculate annual electricity consumption. The architecture
of the BILSTM network is depicted in Figure 3. It is important to note that the standard
one-directional LSTM differs from the bidirectional long short-term memory (BiLSTM),
which comprises two distinct LSTM structures. These structures employ both the forward
and reverse order of the input data to learn features. This unique characteristic enables the
model to undergo training from both input to output and output to input. Consequently,
this feature significantly enhances the model’s dependency and augments its forecasting
accuracy. In the case of BiLSTM, the hldden layer (i) comprises both the forward hidden

state (ht) and the backward hidden state (ht) which can be represented as follows:

— —
hi=h @ I )
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Algorithm 1. Long short-term memory (LSTM).

Input: Normalized input data

Output: Predicted annual electricity consumption of the residential building

1. Set the random weights concerning input gate, forget gate, current cell, and output
gate:W;, Wf, W., W,

2. Fix the recurrent data weights for input gate, forget gate, current cell, and output gate:

Ri/ Rf/ R¢, R,

Fix the peephole value: V € RN

Fix the bias values concerning RN . b;, bf, b, b,

At a distinct time, interval X; is the input value and ¥; is the output target of the node.

Setting the value for the input gate iy = U(Wixt + Rjhy 1 + b,-) concerning t.

Setting the value for the input gate f, = o (fo: + Rl + by) concerning t.

® N 9w

Ct, Ct Input for the current cell nodes.

Ct =tanh (Wgy, + Rchy 1+ )

~

C=itOC+f,OCi1

9.  The output of the output gate is calculated by using Ot = o (Woy, + Rohi—1 + by)
10.  h = OO tanh(Cy) is the result of the node.

heys -
( t+1

Forward layer E— LSTM |

Backward layer : f LSTM }47
Hidden

Figure 3. The architecture of the BILSTM network.

2.3. Proposed CNN_BiLSTM

A proposed model for predicting energy utilization in commercial and residential sec-
tors is the CNN_BiLSTM hybrid technique. This model associates the BILSTM, CNN, and a
joining layer. Initially, the convolutional layer takes the input within the CNN_BiLSTM
model, performing convolution computations and employing max pooling to generate a
new feature matrix. This matrix derived from CNN operations serves as input for the sub-
sequent BILSTM layer, generating hidden outputs that encapsulate temporal dependencies
within the energy consumption data. These hidden outputs are then processed through
an interconnected layer comprising a linear layer, responsible for deriving concealed out-
put. Finally, the connection layer produces the ultimate projected results, elucidating the
relationship between input and output through the hybrid CNN_BiLSTM model. The
fusion of CNNs and BiLSTMs in the CNN_BiLSTM model holds significant theoretical
grounding in enhancing predictive accuracy, particularly in forecasting weekly energy
consumption patterns. CNNs excel in extracting spatial or temporal patterns from input
data through convolutional and pooling layers. In energy utilization prediction, CNNs
efficiently capture local dependencies and patterns in the temporal data, discerning mean-
ingful features representing various patterns like hourly or daily fluctuations in energy
usage. The pivotal integration of the BILSTM layer further strengthens the model’s pre-
dictive capabilities. BiLSTMs, a variant of recurrent neural networks (RNNs), capture
long-range dependencies and sequential patterns, considering both past and future context
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simultaneously. This proves advantageous in energy consumption forecasting, where
dependencies exist not only in recent historical data but also in longer-term trends such as
weekly or monthly patterns. The synergy between CNNs and BiLSTMs addresses individ-
ual architecture limitations. While CNNs focus on local patterns, BILSTMs specialize in
capturing long-term dependencies, enabling a comprehensive analysis of energy utilization
patterns at various temporal scales. The convolutional layers extract hierarchical features,
contextualized by the bidirectional temporal modeling of the BiLSTM layer. By effectively
leveraging both spatial and temporal information, the CNN_BiLSTM model accurately
captures complex energy consumption patterns on a weekly basis. This integration enables
adaptive learning and utilization of multiscale features, significantly enhancing precision
in forecasting weekly energy utilization in both commercial and residential sectors. The
detailed calculation process of the proposed work is elaborated in Algorithm 2:

Algorithm 2. The CNN_BiLSTM algorithm.

Input: Let X = {x1, %y, ...,x,} be the input time series of lengthn. Let Y = {y;,v,,...,v,,} be
the corresponding output time series of length m.
Output: Predicted energy consumption of the residential and commercial building.
1.  Convolutional Neural Network (CNN) layer:
Apply a set of convolutional filters with parameters W, and bias b,.
Let F, be the number of filters used in the CNN layer.
The output of the CNN layer is given by:
Z; = [zcy,zcy, . . ., zcx,] = Convolve(X, We) + b,
where zcy represents the convolutional feature map produced by the i-th filter.
2. Bi-directional Long Short-Term Memory (BiLSTM) layer:

— —
Split the input sequence X into two parts: hy (forward sequence) and hy, (backward sequence).
— —
Apply a forward LSTM layer and a backward LSTM layer to h; and hy,, respectively.

N
The forward LSTM computes a sequence of hidden states hf = {hf1 , hfz, ., hf" }, where
each hy, represents the hidden state at time step £.

“
The backward LSTM computes a sequence of hidden states hj, = {hbl, hy,, ... hy, }, where
each hy, represents the hidden state at time step ¢.

Concatenate the forward and backward hidden states to obtain the final hidden states:

e = [l B g Ty .

3. Apply a linear transformation with parameters W, and bias b, to the hidden states H.
4. The output sequence Y is given by:
Y="[,9.,9,) = WoxH + b,.
5. Calculate the loss between the predicted sequence ¥ and the true output sequence Y using
an appropriate loss function.

6.  Optimize the parameters (W, b, Wy, b,) using gradient-based optimization methods, such
as stochastic gradient descent (SGD) or Adam, by minimizing the loss function.

The workflow of the CNN_BiLSTM can be observed in Figure 4.

2.4. Grid Search Method for Fine-Tunning CNN_BiLSTM Hyper-Parameters

Neural networks are known for their complexity in configuration, often necessitating
the adjustment of numerous hyperparameters. It is widely recognized that the effectiveness
of a deep learning technique is comprehensively influenced by the choice of hyperparame-
ters. In recent years, swarm intelligence optimization methods have gained considerable
popularity for the purpose of fine-tuning these model hyperparameters. Optimizing preci-
sion in various applications is influenced by several critical factors. These factors encompass
the computational burden, fine-tuning of algorithmic parameters, convergence rate, and
control mechanisms, among others. For instance, consider the widely recognized par-
ticle swarm optimization (PSO) technique, which often encounters limitations in local
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exploration, leading to suboptimal convergence rates and ultimately reduced precision
or outright failure [40]. To address these challenges, the grid search method emerges
as a popular and direct approach for efficiently fine-tuning model hyperparameters. It
has proven successful in optimizing the hyperparameters of deep learning models [41].
Consequently, the grid search method serves as a valuable tool for tailoring the ideal hyper-
parameters of models. The proposed work for hyperparameter optimization using grid
search consists of two primary components: the grid search scheme and data division. To
mitigate overfitting issues in time series forecasting, we employ nested cross-validation [42]
for data partitioning.
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Figure 4. The proposed CNN_BiLSTM network.

This method is widely recognized for hyperparameter optimization and model selec-
tion. The dataset is divided into three distinct portions. Training data (Xy4in, Yirain): This
segment, which comprises 80% of the dataset, is dedicated to model fitting. It involves
the utilization of input data (X},4;;) and corresponding output data (Y4,;,) to construct the
predictive model. Validation data (Xy,i4, Yoariq): Accounting for 10% of the dataset, this set
is reserved for model validation. It facilitates the evaluation of the model’s generalization
to unseen data. Input data (X,,;7) and output data (Yy,4) in this section play a pivotal
role in fine-tuning the model’s hyperparameters. Testing data (Xyest, Ytest): The remaining
10% of the data are allocated for testing purposes. This portion (Xgest and Yies) is crucial
for assessing the out-of-sample forecasting performance of the model, providing a realistic
measure of its real-world effectiveness. By adopting this structured approach to data divi-
sion and integrating it with the grid search strategy, the objective is to effectively optimize
hyperparameters and enhance the accuracy of the time series forecasting model. To deter-
mine the optimal hyperparameters for the proposed CNN_BiLSTM model, the grid search
technique was employed, leveraging both the training and validation datasets. Within the
scope of hyperparameter tuning, three critical parameters require adjustment: the learning
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rate (I7), a pivotal factor in deep learning model training; the hidden size (%) for the BILSTM
component; and the kernel size (£) for the CNN component. The fundamental principle
underlying the grid search strategy is to systematically explore various combinations of
these hyperparameters within a predefined grid. The primary objective is to minimalize
the MSE (mean squared error) observed on the justification data, namely, X;;;s and Yyuig.
Calculative expression of MSE is represented by Equation (10):

1 valid A o) \?
valid Z;%:l (Yvﬂlid( ) — leid> (10)

Upon selecting the optimal hyperparameters, denoted as £*, h*, and Ir*, the CNN_BiLSTM
model undergoes a retraining process using the in-sample data, which mutually encompass
the validation dataset (X,,;4) and the training dataset (Xy,i,). This retraining step is
essential to ensure that the model is fine-tuned according to the selected hyperparameters.
Subsequently, the model, now fitted with the optimal hyperparameters, is prepared for
assessing its predictive performance using the assessment data (Xst). In conclusion, the
following algorithm summarizes the whole computational programming approach for
hyperparameter tuning, which relies on the grid search approach.

MSE = min

3. Experimental Setup and Analysis
3.1. Data Acquisition and Preparation

The dataset utilized in this research, sourced from the EIA Monthly Energy Review,
represents a comprehensive collection spanning an extensive timeframe from January 1973
to May 2020 [43]. The EIA Monthly Energy Review is a crucial publication by the U.S.
Energy Information Administration, serving as a comprehensive repository for energy
statistics and trends within the United States. This resource is instrumental in understand-
ing and analyzing the nation’s energy landscape, aggregating a wealth of data related
to energy production, consumption, prices, and key metrics across diverse sectors like
residential, commercial, industrial, and transportation. Encompassing a substantial time-
frame from January 1973 to May 2020, this publication provides detailed insights spanning
almost five decades of energy consumption patterns and fluctuations within the U.S. en-
ergy sector. It includes a broad spectrum of statistics covering areas such as petroleum,
natural gas, coal, electricity, renewable energy sources, and energy prices. Professionals
ranging from researchers and policymakers to analysts and industry experts often rely on
the EIA Monthly Energy Review for assessing energy consumption patterns, examining
historical trends, and making well-informed decisions concerning energy policies and
investments. This dataset boasts an impressive volume, encompassing over individual data
points. It intricately captures nuanced trends in total energy consumption and provides
detailed breakdowns across multiple sectors, including residential, commercial, primary,
and end-use categories. To ensure coherence and meaningful analysis, the raw dataset
underwent an essential preprocessing phase. Leveraging MinMax scaling, we normalized
the diverse range of values, aligning them within a standardized scale confined to the
[0, 1] range. This normalization strategy was pivotal, aiming to neutralize potential biases
stemming from varying scales across distinct energy consumption metrics. It preserved
the dataset’s inherent patterns and dynamics while facilitating fair and comprehensive
model training. Furthermore, the dataset was meticulously partitioned into two distinct
subsets to facilitate robust model evaluation. The first subset, encompassing data from
June 2018 to May 2020, functioned as the testing dataset, allowing rigorous assessments of
model performance in an out-of-sample scenario. Meanwhile, the second subset, spanning
from January 1973 to May 2018, served as the in-sample dataset, enabling effective model
training and hyperparameter optimization. The EIA Monthly Energy Review stands as a
comprehensive repository, capturing intricate energy consumption trends over nearly five
decades. Its expansive scope and granularity empower detailed analyses across various
sectors, providing invaluable insights into the evolution of energy usage patterns over time.
This dataset’s extensive coverage enhances the credibility and reliability of our research
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findings, establishing a robust foundation for assessing and validating the developed
models. This meticulous approach not only enhances the manuscript’s credibility but also
contributes to the robustness and generalizability of the developed models by establishing
a solid foundation for their assessment and validation.

3.2. Comparative Models and Performance Metrics

To facilitate a comprehensive model comparison, a range of deep learning architectures,
including convolutional neural networks (CNNs) [44], long short-term memory networks
(LSTM) [45], and a combined CNN-LSTM approach [46], were developed in this study.
Additionally, well-established machine learning models, such as gradient boosting with
categorical feature provision (CatBoost), XGBoost [47], and light gradient boosting machine
(LGBM) [48], were incorporated. To assess the predictive accuracy of these models, a set of
evaluation metrics was employed. A detailed overview of these performance metrics is
presented in Table 2, providing a comprehensive reference for the assessment criteria.

Table 2. Assessment metrics for evaluating the predictive performance of the CNN_BiLSTM model.

Performance Parameter

MSE

MAPE

RMSE

MAE

RZ

Explanation Equation
Mean squared error (MSE) quantifies the squared
difference between actual and Prgdmted values, g valid (train) . (train)\ 2
commonly used to assess predictive model accuracy = valid ! valid — Voalid
in regression. train
The mean absolute percentage error (MAPE) quantifies
the average percentage difference between predicted | valid | Grain) _ g (rain)
and actual values in a dataset, assessing forecasting = Zalid - W * 100%
model accuracy. ram= oot
RMSE is the square root of MSE and offers a more B | oalid (train) - (train)\ 2
interpretable error measure. =\lomd L \Voatia — Yoatid
train=1

Mean absolute error measures the average absolute i
vaii

discrepancy between model predictions and _ 1] S ,y(f"lﬂ;") A (fm;”)
= _L ! b

observed data O =1 1O ol
The coefficient of determination, denoted as R-squared , o,

2 : . Zvn[{d (train) _ 4 (train)
(R), gauges how well a regression model fits observed _q _ Etrn Yoatia =~ Voalid

. . = — a2

data, with values ranging from 0 to 1. gt |yl o)

3.3. Analysis of Forecasted Outcomes

To conduct a comprehensive comparison between the CNN_BiLSTM model and other
models, four distinct comparisons were performed. These comparisons encompassed the
assessment of total energy consumption within both the residential and commercial sectors,
as well as the evaluation of results achieved using performance metrics specific to each of
these sectors. The comparison is visually represented using graphics—a graph displaying
the energy consumption range in kilowatt-hours (KWH) across varying numbers of test
cases, indicated on the x-axis from 1 to 24. The y-axis depicts the range of energy consump-
tion values in KWH. As the number of test cases increases, the bar heights demonstrate the
fluctuation in energy consumption, showcasing the variability in KWH across the different
scenarios tested.

3.3.1. Residential Sector Energy Consumption Analysis

In the context of predicting entire energy consumption by the residential area, Figure 5
showcases the proposed algorithm’s predicted values. A notable observation is that the
forecasted values generated by the CNN_BiLSTM model closely align with the raw data.
Furthermore, the forecasted curve of the BILSTM model bears a resemblance to that of
the CNN_BIiLSTM, which is expected since the BILSTM constitutes single layer within the
CNN_BiLSTM architecture, though it is worth noting that the BILSTM model encountered
challenges in forecasting the last two data points. A significant performance gap becomes
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evident when comparing the CNN_BiLSTM with the standalone CNN model. The hybrid
CNN_BIiLSTM model clearly outperforms the CNN, underscoring the effectiveness of the
hybrid approach in enhancing predictive performance compared to a single-model strategy.
On the other hand, the predicted values generated by other deep learning models exhibit a
distinct pattern. These models appear to produce predictions akin to constants, reflecting an
evident overfitting issue. In contrast, among the machine learning models, the light gradient
boosting machine (LGBM) performs admirably in this context. However, the CatBoost and
XGBoost models only manage to capture the general trend of the raw data, falling short in
accurately forecasting the finer details. In summary, the CNN_BiLSTM model emerges as a
robust performer in predicting residential sector energy consumption, demonstrating its
superiority over other models, particularly in comparison to the standalone CNN model,
which struggles to match its predictive prowess.
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Figure 5. Comparison of predicted and actual residential sector energy consumption of all the models:
(a) CNN, (b) BiLSTM, (c) CNN_BiLSTM, (d) CatBoost, (e) LGBM, and (f) XGBoost.
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The CNN_BiLSTM demonstrates superior performance compared to the other models,
with consistently better metrics across the board. While the predicted values of light gradi-
ent boosting machine (LGBM) exhibit similarities to the CNN_BiLSTM, their corresponding
metrics fall short in comparison. Furthermore, it is evident that the forecast accuracy
achieved by the CNN_BiLSTM significantly surpasses that of both the individual CNN and
BiLSTM models.

For the end-use energy consumption within the residential part, Figure 5 illustrates
the predicted values, while Table 3 and Figure 6 provides the equivalent assessment metrics.
Notably, as the number of forecasting steps increases, the prediction accuracy of most
models tends to deteriorate. However, the CNN_BiLSTM model exhibits remarkable
stability throughout this process. Comparatively, the CNN_BiLSTM consistently outstrips
both the standalone CNN and BiLSTM models, despite the BiILSTM's predicted values
closely resembling those of the CNN_BiLSTM. This performance discrepancy becomes
particularly evident in the later forecasting points, where the BiLSTM model’s stability
falters in comparison to the CNN_BiLSTM.

Table 3. Evaluation metrics for forecasting residential sector energy consumption.

CNN BiLSTM CNN_BIiLSTM CatBoost LGBM XGBoost
Ir=0.1 Ir = 0.01 l&;_";’; Ir = 0.01 Ir = 0.01 Ir=05
£=3 Hidden layer (h) = 50 % B 3 Depth =10 Depth =5 Depth =5
MSE 85400.36 6890.70 4570.14 9500.11 9100.86 9452.10
MAPE 20.29 5.44 498 7.92 7.35 7.45
RMSE 292.45 82.92 67.60 97.48 95.44 97.23
MAE 227.90 50.21 46.10 76.90 72.10 75.26
R? 0.17 0.93 0.96 0.90 0.92 0.91
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Figure 6. Graphical representation of evaluation metrics for forecasting residential sector energy
consumption: (a) mean squared error, (b) mean absolute percentage error, (c) root mean squared
error, (d) mean absolute error, and (e) R-squared.

3.3.2. Commercial Sector Energy Consumption Analysis

Figure 7 presents a visual comparison between actual energy consumption values and
the predicted values for the commercial sector, while Table 3 provides an overview of the
evaluation metrics. Overall, the CNN_BiLSTM model outperforms other predictive models,
demonstrating its proficiency in predicting energy usage, with projected values closely
aligning with real data samples. Notably, the CNN_BiLSTM model significantly enhances
prediction accuracy when compared to individual deep learning approaches, containing
CNN, BiLSTM, and LSTM.

The efficiency of the CNN_BiLSTM model in forecasting is evident in Figure 7. When
we examine the anticipated values generated by deep learning models (depicted in (a)—(f)),
it is clear that the CNN approach presents poorly in forecasting. The predicted values
deviate significantly from the actual values, mainly due to overfitting issues. Additionally,
the CNN model fails to capture the ongoing periodic patterns and exhibits an inaccurate
linear growth trend in its predictions, which is a consequence of its overfitting nature. In
contrast, when we compare it to the sole BILSTM approach, the combination of BiLSTM
with CNN demonstrates better-quality forecasting capabilities. It handles fluctuations more
effectively and closely follows the original trend, showcasing its ability to provide more
accurate and stable predictions. Concerning machine learning models, a common issue
often encountered is the delay in predicted values, particularly as we move further ahead in
the forecast timeline. These models tend to struggle when it comes to accurately predicting
values in close proximity to topmost points. In comparison, the CNN_BiLSTM approach
displays a notable improvement in professionally capturing these peak points. It exhibits a
pattern of predicted values that closely aligns with the original data, displaying less of a
“lag” feature when forecasting energy consumption. This suggests that the CNN_BiLSTM
technique excels in providing timely and accurate predictions, especially in critical periods
of energy consumption.

In terms of the evaluation metrics provided in Table 4, and graphical representation
in Figure 8, the CNN_BiLSTM model consistently yields superior results, indicated by
its larger R-squared (R?) values compared to other machine learning and deep learning
techniques. Notably, the R? values for the supplementary deep learning techniques are
comparatively modest, particularly the CNN model, which has an R? value of 0.58. In
contrast, our proposed CNN_BiLSTM model exhibits a significantly higher R? value of
0.98, underscoring its remarkable ability to generate accurate forecasts and achieve favor-
able outcomes.
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Figure 7. Comparison of predicted and actual commercial sector energy consumption of all the
models: (a) CNN, (b) BiLSTM, (c¢) CNN_BiIiLSTM, (d) CatBoost, () LGBM, and (f) XGBoost.

Table 4. Evaluation metrics for forecasting commercial sector energy consumption.

CNN BiLSTM CNN_BiLSTM CatBoost LGBM XGBoost
Ir=0.01 Ir=0.01 l&;_";’; Ir=0.01 Ir=0.01 Ir=0.5
£=2 Hidden layer (h) = 50 % B 3 Depth =10 Depth =5 Depth =5
MSE 10700.18 3818.70 759.24 4372.11 6008.86 9631.65
MAPE 24.29 11.44 5.98 12.92 14.35 15.3
RMSE 103.45 61.88 27.60 66.09 77.60 98.14
MAE 98.90 46.21 20.10 50.90 54.50 70.26
R? 0.58 0.86 0.98 0.84 0.76 0.61

When comparing with benchmark deep learning models, the CNN_BiLSTM model
stands out, displaying a significantly lower MAPE, which is reduced by approximately
five times compared to these models. The reduction in MAPE ranges from 5.98% to 24.29%.
In contrast, the machine learning models’ predictive capabilities fall short in comparison to
the CNN_BIiLSTM model. In summary, the CNN_BiLSTM consistently delivers superior
forecasting performance.
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Figure 8. Graphical representation of evaluation metrics for forecasting commercial sector energy
consumption: (a) mean squared error, (b) mean absolute percentage error, (c) root mean squared
error, (d) mean absolute error, and (e) R-squared.

4. Discussion

The CNN_BiLSTM model consistently outperforms other DL and ML models, closely
aligning its predicted values with the actual data trends across all cases. In the subsequent
sections, we provide a more detailed analysis of the model’s predictive capabilities and
its performance in various applications. In recent years, the realm of predictive modeling
and forecasting has witnessed significant advancements. Among the methodologies em-
ployed, tree models like random forest (RF) and CatBoost, as well as kernel models such as
support vector regression (SVR) and least squares support vector regression (LSSVR), have
consistently shown promise in tackling forecasting challenges in the past. These machine
learning models have demonstrated effectiveness, especially when dealing with outliers
and extreme data points that often deviate markedly from the original dataset. Nonetheless,
it is intriguing to note that the CNN_BiLSTM deep learning model has emerged as a stand-
out performer in addressing these intricate challenges. This deep learning architecture
exhibits robust and stable performance, underscoring its prowess in handling time series
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data. This article presents a comparative analysis between the BILSTM technique and the
conventional LSTM technique, particularly in the context of time series forecasting, with a
specific focus on energy consumption prediction. Our findings consistently highlight the
superior predictive capabilities of the BILSTM model, aligning with prior research in the
domain of deep learning models for time series analysis.

To delve into the nuances, the BILSTM model employs a unique training strategy
involving dual components: forward and reverse LSTM layers. This approach enhances
the model’s ability for comprehensive feature extraction, providing a holistic perspective
of the input sequence. While the forward LSTM captures past data information, the
reverse LSTM extracts insights into future data trends. This dual perspective empowers
the BILSTM model to make more accurate and robust predictions in energy consumption
forecasting. Furthermore, the integration of convolutional neural networks (CNNs) with
the bidirectional long short-term memory (BiLSTM) architecture has yielded remarkable
enhancements when compared to employing these models in isolation. The CNN_BiLSTM
model has demonstrated impressive performance metrics, including a mean square error
(MSE) of 4570.14, mean absolute percentage error (MAPE) of 4.98%, root mean square error
(RMSE) of 67.60, mean absolute error (MAE) of 46.10, and an R-squared (R?) coefficient of
0.96. In stark contrast, the light gradient boosting machine (LGBM), renowned as one of
the most proficient machine learning models for residential sector applications, yielded
different performance metrics. Specifically, it recorded a mean square error (MSE) of
9100.86, a mean absolute percentage error (MAPE) of 7.35%, a root mean square error
(RMSE) of 95.44, a mean absolute error (MAE) of 72.1, and an R-squared (R?) coefficient
of 0.92.

These outcomes distinctly underscore the superiority of the CNN_BiLSTM model in
achieving accurate energy consumption predictions when compared to the LGBM model.
This amalgamation of CNN and BiLSTM not only showcases remarkable performance
across various evaluation metrics but also holds the promise of significantly enhancing
forecasting accuracy in a wide array of time series prediction scenarios.

5. Conclusions

Predicting energy consumption in both residential and commercial sectors is a vital
task, but it becomes especially challenging due to the intricate temporal and spatial patterns
inherent in energy consumption time series data. Conventional deep learning and machine
learning approach often struggle to provide reliable forecasts in such cases. To address this,
we propose a hybrid model called CNN_BiLSTM, combining bidirectional long short-term
memory (BiLSTM) and convolutional neural networks (CNNs), in this research to anticipate
energy usage in these sectors. The CNN_BiLSTM model leverages the CNN layer to capture
spatial characteristics within the time series data and the BiLSTM layer to capture both
long-term and short-term temporal patterns. We also employ recursive prediction with
the CNN_BiLSTM model to enhance its forecasting capabilities. Hyperparameter tuning,
facilitated by grid search, helps identify the optimal configuration for the CNN_BiLSTM
model. We utilized raw energy consumption data spanning from January 1975 to July
2022 for the US residential and commercial sectors in our study. The model’s performance
is notably impressive, with key metrics indicating its accuracy. These include a mean
square error (MSE) of 4570.14, a mean absolute percentage error (MAPE) of 4.98%, a
root mean square error (RMSE) of 67.60, a mean absolute error (MAE) of 46.10, and an
R-squared (R2?) coefficient of 0.96. These metrics underscore the CNN_BiLSTM superior
forecasting capabilities compared to various other deep learning and machine learning
models, highlighting its ability to surpass the performance of individual CNN and BiLSTM
models. It is worth noting that the CNN-BiLSTM’s effectiveness is most pronounced
when dealing with substantial datasets. However, due to its multilayer architecture and
substantial parameter training requirements, it may not be the best choice for modeling
smaller datasets.
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Future Work

In steering future research, key pathways emerge. These include refining the
CNN_BiLSTM architecture for scalability while preserving accuracy. Exploring external
factor integration enhances adaptability. Adapting the model for real-time predictions en-
ables proactive decision making. Lastly, assessing its transferability across diverse contexts
ensures wider applicability. These avenues promise heightened precision and adaptability
in energy consumption forecasting.
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