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Short-term electricity load forecasting is a critical factor in optimizing power systems, minimizing operating
costs, and securing reliable energy resources. There are various approaches for short-term electricity load
forecasting, but handling complex dependencies and sudden changes in load data remains challenging.
This study introduces a hybrid deep learning model to improve load forecasting accuracy. The model
combines the strengths of various deep learning architectures such as Convolutional Neural Network, Temporal
Convolutional Network, and Bidirectional Long Short-Term Memory with a proposed attention mechanism.
This approach helps to extract temporal relations and learn long-term patterns. Furthermore, the proposed
External-Convolution Attention technique effectively captures global and temporal patterns within the input
sequences. Three data sets are used to conduct experiments and validate the proposed model. The proposed
model is compared against several machine learning and deep learning models across five evaluation metrics.
The findings show the strength of the proposed model by outperforming other models. Our load forecasting
method achieves improvements ranging from 2% to 21% across different evaluation metrics. The study also
evaluates the effects of datasets, features, and prediction horizons. The presented hybrid deep learning model
and a novel attention mechanism improve load forecasting accuracy, contributing to the advancement of
artificial intelligence in energy optimization techniques. Our model demonstrates superior performance through
extensive experimentation and diverse scenarios by identifying complex load patterns and adjusting to various
datasets. This indicates its practical applicability in engineering for optimizing power systems and minimizing
operational costs.

1. Introduction

Electrical energy is an indispensable part of modern society, and
forecasting electricity loads plays a pivotal role in enhancing power sys-
tems, facilitating power generation, load balancing, and infrastructure
planning. Accurate electricity load forecasting (LF) is also essential for
efficient resource allocation, preventing overloading, and minimizing
operational costs. Efficient power management is crucial as it has a
direct impact on grid reliability and operational costs [1]. To meet
the growing need for accurate and timely forecasts, researchers have
developed various methods for short-term load forecasting (STLF),
which is essential for managing daily energy operations. The broader

field of STLF supports not only energy resource management but also
promotes economic efficiency, informs policy planning, and contributes
to environmental sustainability [2]. By providing accurate demand
predictions, STLF enables utility companies to allocate resources more
effectively, reduce the likelihood of power outages, and stabilize energy
prices, ultimately benefiting both consumers and policy-makers [3].
Electricity LF is based on historical load data and can be divided into
three groups: short-term (a few minutes, hours, or days), mid-term (a
few weeks or months), and long-term (a few years). STLF has gained
considerable attention in recent years because it can provide safe and
smooth operation for modern power systems. Electricity load patterns
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are highly complex, influenced by a range of factors such as temporal
dependencies, seasonal demand variations, and external elements like
weather conditions and economic activity [4]. Load data frequently
show irregular spikes and dips that traditional models find difficult to
capture, especially when these changes are driven by unexpected events
or sudden shifts in usage [5]. While conventional statistical methods
provide a solid foundation, they often struggle to accurately model
the nonlinear and fluctuating patterns characteristic of electricity de-
mand. In response, researchers are exploring new deep learning (DL)
approaches to address these challenges in LF [6].

Over the years, a range of methods have been proposed to improve
the precision and efficiency of STLF. These methods can be categorized
into traditional and machine learning (ML) approaches [7]. Tradi-
tional techniques such as autoregressive integrated moving average
(ARIMA) [8] and exponential smoothing [9] rely on established load
patterns and statistical models to make predictions. These models are
widely used in STLF due to their simplicity and efficiency in model-
ing linear dependencies. These methods usually struggle to learn the
complex patterns and nonlinear dependencies in electricity load data,
mainly when there are significant time variations or nonlinear load
patterns [10-12]. Advancements in computer technology and ML have
enabled LF models to extract nonlinear features. For instance, Olagoke
et al. [13] employed an artificial neural network (ANN) with historical
load and temperature data to predict short-term loads. They also used
genetic algorithm (GA) to optimize their model. Jiang et al. [14]
developed a hybrid prediction model by combining support vector
regression (SVR) with two parameter-optimizing methods. Li et al. [15]
used fast Fourier transformation to extract domain features, then a
combination of an ensemble empirical mode decomposition (EEMD)
model and a random forest (RF) model used to predict electricity
consumption. Wang et al. [16] developed a model by using SVMD as
a decomposition method and XGBoost as an ML algorithm to uncover
connections between time-series and future loads. ML approaches offer
greater flexibility in capturing nonlinear relationships in data, but they
often fall short when it comes to effectively modeling long-term depen-
dencies. Zhang and Janosik [17] addressed this issue by developing a
hybrid model that combines CatBoost and XGBoost algorithms, utilizing
hourly electricity load and temperature data to enhance the accuracy of
STLF. Their work underscores the value of hybrid models for capturing
the complex dynamics in load behavior. However, these classical ML
methods depend on a limited set of parameters and face constraints
in fully capturing the complexity of time-series data [18,19]. Hybrid
and ensemble models are gaining popularity as they enable the inte-
gration of different architectures to capture both feature-specific details
and long-term dependencies [4]. However, these models also tend to
increase computational demands, which can limit their use in real-
time applications. Some researchers have applied innovative weighting
methods to improve model accuracy. For instance, the entropy weight
method has been successfully used to refine feature importance and
enhance forecasting precision in both short- and long-term predic-
tions, as demonstrated in studies on weighted grey relational analysis,
decision-making techniques, and managing complex LF scenarios [20-
22].

The popularity of employing DL models for time-series forecasting
has grown significantly in recent years [23]. Their advanced capabili-
ties have enabled DL models to outperform many traditional methods
by handling complex dependencies in load data more effectively. These
models have become popular due to their ability to automatically
extract patterns from the data and capture temporal relationships and
nonlinear patterns [24]. Among DL models, recurrent neural networks
(RNNs) are frequently employed to predict time-series [25]. Mod-
ern RNNs networks including Gated Recurrent Unit (GRU) (e.g., [26,
271), Long Short-Term Memory network (LSTM) (e.g., [28-30]), and
Bidirectional LSTM (BiLSTM) (e.g., [31]) achieved better results than
traditional RNNs. Pavlatos et al. [32] implemented a BiLSTM model
to improve predictive accuracy in electrical LF by capturing temporal
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patterns and interdependencies within the data. This approach lever-
ages bidirectional processing, enabling the model to consider both past
and future information, which led to higher accuracy compared to
traditional RNN, LSTM, and GRU models. Although these models had
considerable success compared to other classical LF methods, there are
still various challenges associated with data processing, extracting in-
depth features, and handling long-term data. Researchers have increas-
ingly turned to hybrid models to address these challenges and improve
LF accuracy. Hybrid models are designed to leverage the strengths
of different DL architectures, providing a more comprehensive ap-
proach to complex pattern extraction in STLF [6]. Sadaei et al. [33]
combined fuzzy time-series with Convolutional Neural Network (CNN)
for STLF. A study by Sajjad et al. [34] revealed that a hybrid se-
quential CNN-GRU model outperformed linear regression (LR), SVR,
CNN-LSTM, and BiLSTM models in terms of several evaluation metrics.
Alhussein et al. [35] suggested using a DL framework called CNN-
LSTM to predict short-term electricity consumption in households. In
their framework, CNN layers employed to extract features and LSTM
layers are used to capture patterns over time. Another popular ap-
proach is the Temporal Convolutional Network (TCN) proposed by
Lea et al. [36]. This architecture effectively captures complex load
patterns and long-range dependencies. For instance, Wang et al. [37]
designed a model for STLF that combines TCN with Light Gradient
Boosting Machine (LightGBM). In recent years, the attention mecha-
nism (AM) has also gained popularity in time-series tasks. The famous
Vaswani’s Transformer model has been particularly effective in cap-
turing dependencies using the Self-Attention Mechanism (SAM) [38].
This approach significantly enhances the ability to capture long-term
dependencies and complex relationships in time-series data, a concept
that has been widely adopted by researchers in recent studies. The
use of hybrid models that incorporate TCN and AM has been helpful
in improving the accuracy of STLF. Wu et al. [39] developed a CNN-
LSTM-BiLSTM model for STLF by using an attention-based CNN to
extract features from load data. The results showed that their model
outperformed LSTM, BiLSTM, and CNN-LSTM models regarding lower
errors. Another proposed model named TICN Att [40] combines a
temporal inception convolutional network with a multi-head attention
mechanism (MHAM). The inception structure is employed to extract
information from input features, while the MHAM operates similarly
to LSTM networks for extracting long-term dependencies. In another
study [41], the ensemble-optimized BiGRU method combines BiGRU
with AM and CNN, optimized through ensemble learning, to improve
the accuracy and robustness of short-term photovoltaic generation
forecasting. Similarly, the Seq2Seq model has been successfully applied
to LF, integrating techniques like Bayesian Optimization (BO), TCN,
and AM to increase forecast accuracy [42]. This model enhances feature
extraction and improves sequence prediction by using CNNs and AM to
focus on the most relevant data points in the sequence. Dai et al. [43]
also proposed an optimized Seq2Seq model that includes BO and AM,
demonstrating improved forecasting accuracy through effective data
processing and feature selection. In recent years, transformer-based
models have gained popularity in time-series forecasting. An alternative
to the traditional transformer architecture, gMLP, demonstrates that
multi-layer perceptrons (MLPs) with gating mechanisms can achieve
competitive results, challenging the necessity of SAM in transform-
ers [44]. Zerveas et al. [45] introduced a transformer-based framework
tailored for multivariate time-series forecasting, emphasizing represen-
tation learning and achieving significant improvements in classification
and regression tasks through unsupervised pre-training. Specifically for
STLF, several transformer adaptations have shown promising results.
Zhao et al. [46] developed a model that uses transformer networks for
day-ahead LF, integrating LightGBM and k-means clustering for similar
day selection. Another approach, the Temporal Fusion Transformer
(TFT), combines RNNs with transformers to capture seasonal and time-
based features [47]. Ran et al. [48] introduced a hybrid model that
integrates Complete Ensemble Empirical Mode Decomposition with
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Adaptive Noise (CEEMDAN) and transformers, effectively addressing
long memory loss and enhancing LF accuracy across different time
frames.

The primary objective of this study is to develop a hybrid DL model
that improves the accuracy of STLF by addressing the complex temporal
dependencies present in electricity load data. This model combines
various DL architectures and includes an AM designed to capture both
local and long-range dependencies. This helps overcome limitations in
current approaches. A secondary goal of the study is to evaluate the
model’s adaptability across multiple datasets with diverse characteris-
tics to ensure its robustness for a range of energy applications. Finally,
this research aims to demonstrate that the proposed model can provide
utility companies with a more reliable and accurate forecast. This
supports operational efficiency and optimized resource management.

Despite the availability of numerous techniques and models for
STLF, accurately capturing complex temporal patterns and dependen-
cies remains tricky. Additionally, numerous studies in STLF have faced
challenges in capturing relationships in electrical load data because
of weather conditions, unforeseen events, and changes in electricity
demand. The continued need for accurate STLF has led to increased
research into hybrid models capable of handling these dynamic and
variable factors more effectively. Our proposed model employs several
DL techniques, including CNN, TCN, BiLSTM, and the AM. Each ar-
chitecture has unique characteristics that enhance the model to learn
various aspects of electrical loads. CNN helps the model capture local
patterns and short-term relations. In the TCN, long-range dependencies
are captured efficiently. BILSTM can process information in two direc-
tions simultaneously and allow the model to consider past and future
contexts at the same time. Finally, External-Convolution (ExConv) At-
tention was proposed as an AM that enables the model to pay attention
to different segments of data and capture interactions between them
effectively. Integrating multiple DL techniques and the novel ExConv
Attention mechanism provides a more robust solution for learning intri-
cate dependencies in load data, adapting effectively to diverse datasets.
Several experiments were implemented using historical electric load
and climate data to assess the performance of the proposed approach.
It is not uncommon for models to perform well in specific contexts but
fail when applied to different datasets. So, this study analyzed three sets
of electricity load data with a resolution of 1 h and different statistical
properties. The proposed model is compared against ML and DL models
commonly used in the literature. The experimental results indicate that
our method performs better in terms of accuracy and ability to capture
complex load patterns than other models.

STLF is a rapidly evolving field to improve forecasting accuracy
and manage the dynamic patterns in load data [4]. Researchers have
developed a variety of hybrid models, combining different architectures
to more effectively capture spatial, temporal, and sequential dependen-
cies [6]. Factors such as the volume of available data, the frequency
of data sampling, and regional differences further complicate the chal-
lenge of accurate forecasting, underscoring the need for adaptable
models. In this study, we contribute to this field by integrating CNN,
TCN, BiLSTM, and ExConv Attention to create a robust forecasting
model that leverages the unique strengths of each component. This
approach addresses the limitations of single-method models and aligns
with recent research trends that emphasize the development of flexible
forecasting frameworks. As part of the ongoing evolution of electricity
LF, this study contributes the following to the field:

» Incorporates a variety of DL architectures to capture various
aspects of electricity load patterns.

» Uses CNN for effectively extracting localized patterns, TCN for
long-range dependencies, and BiLSTM for simultaneous process-
ing of historical information in both forward and backward direc-
tions.
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» An innovative approach called ExConv Attention is introduced,
drawing inspiration from External Attention Mechanism(EAM)
and Depth-wise Convolution (DWC) to enhance the attention’s
effectiveness.

» Combines historical electricity load data with climate data more
efficiently to handle different scenarios and make more accurate
predictions.

+ Analyzes the robustness of the approach by comparing it with
various models based on different data sets.

The remaining sections of this study are structured as follows. In
Section 2, we will delve into the methodology, providing information
on the DL architectures employed in our model. Moving forward to
Section 3, we will discuss the dataset used for evaluation and the
experimental setup employed. In Section 4, Section 5, and Section 6,
we will review the results and analysis along with a discussion of our
findings. Finally, in Section 7, we will summarize the findings and
outline avenues for further research.

2. Methodology

In this section, we introduce a model that offers an innovative
approach to STLF. Our proposed method leverages DL architectures
such as CNN, TCN, BiLSTM, and a proposed AM developed for accurate
LF. Each module has been carefully selected to harness its strengths in
extracting dependencies, spatial patterns, and contextual information
from load data. Given the widespread familiarity with CNN [49,50],
LSTM [51], and BiLSTM [52] architectures in the field, we refrain
from providing detailed explanations here for brevity. The subsequent
subsections explain each component of our proposed method in detail
before describing how they are combined.

2.1. Temporal convolutional network (TCN)

TCN utilizes neural networks to analyze time-series data [36]. It
employs elements such as causal convolution (CC), dilated convolution
(DC), and residual block (RB) to extract long-term temporal patterns.
Detailed explanations of each component can be found in the following
subsections.

2.1.1. Causal convolutions (CCs)

CCs are an essential part of TCN architecture, allowing the network
to produce outputs the same length as their inputs without incor-
porating future information. Fig. 1(a) shows the CC’s structure. For
time-series input X = (xy, x|, ..., x,), the output y, at time 7 is just based
on inputs at the present time and partial past times (x,, x,_1,x,_5, X,_3),
while no future inputs are used (x,,, x,,s, ..., X;,7). Here, X represents
the input sequence of time-series data, where each element x; corre-
sponds to a time step in the sequence. The output y, at each time ¢
depends only on inputs up to x,, ensuring that no future information is
incorporated.

A CC closely maintains the chronological order of the inputs and
outputs so that an output at time ¢ is just dependent on an input up
to time ¢ — 1 in the previous layer. This structure enables the model
to gradually develop an understanding of the input sequence while
avoiding the inclusion of future data in current predictions. This makes
it particularly well-suited for time-sensitive applications, such as STLF.

2.1.2. Dilated convolutions (DCs)

To overcome the problem of limited field receptivity associated with
CCs, TCN introduces DCs. Fig. 1(b) illustrates the structure of DCs in
TCN. DCs expand the receptive field by allowing the convolutional in-
put to cover a broader range of intervals. Increasing the dilation factor
d along with the filter size k allows capturing long-range dependencies
in the input time-series. As a result of this design choice, the top layers
can accept a broader range of input data. The DC operation in TCN is
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where X = (x¢, x;, ..., X;, ..., X7) represents one-dimensional time-series

input, Hy(-) denotes the DC operation on the sequence element 7,
f indicates the filter, d is dilation factor, k is filter size, and T — di
indicates the direction of the past. By adjusting d, the receptive field
grows, allowing the model to capture dependencies across larger data
intervals. This expanded receptive field is crucial for tasks where under-
standing long-term dependencies can enhance the predictive accuracy
of the model.

2.1.3. Residual blocks (RBs)

RBs are employed in TCN to effectively overcome the challenges
associated with training very deep networks and mitigate the prob-
lem of vanishing gradients. Fig. 1(c) illustrates the structure of revan
RB. The RB consists of two branches. The first applies a transforma-
tion operation called F(-) on input X,_,. The second one performs a
1x1 convolution operation to maintain the number of feature maps
consistent. The output X, of the hth RB is as follows:

Xy = 6(F(Xp_y) + Xp_p), @)

where 5(-) is an activation process, commonly ReLU, that introduces
nonlinearity to help the network learn complex patterns and F(-)
represents a series of transformation applied to X,_,, the input to
this block, and typically includes operations like CC, DC, WeightNorm
normalization, and dropout. These transformations enable the residual
block to extract more abstract features, with the residual connection
(+X/,_,) ensuring that the original input information is preserved. The
stacked RBs in TCN allow the network to extract features across a broad
temporal range of input.

2.2. Attention mechanism

Attention is the fundamental part of Transformer model which is
highly efficient in numerous sequence modeling tasks including time-
series forecasting [38]. This approach not only enables the model to
focus on different parts of the input sequence at the same time but also
allows it to capture different sorts of information and enhance its repre-
sentational capabilities. This idea was applied to our model, leading to
the development of a method called ExConv Attention to improve the
efficiency of the attention mechanism. The proposed approach draws
inspiration from SAM, EAM, and DWC. These models and the proposed
ExConv Attention are explained below.

2.2.1. Self-attention mechanism (SAM)

SAM is a type of AM that calculates weighted sums of values
according to how a query (Q) is similar to a set of key (K) and value
(V) pairs [38]. The matrices Q, K, and V are all created from the
same input. In this context, Q represents the attention query, K is the
key matrix used to match relevance, and V is the value matrix that
is combined to create the attention output. The attention function is
calculated as follows:

SAM(Q, K, V) = softmax < OKT > 14 3)
Vi

where d, is the dimensionality of the O and K vectors. The dot product
between Q and K is scaled to prevent large values. The resulting
attention weights are normalized using the softmax operation, and the
weighted sum of values is obtained to represent the weight summation.
The scaling factor \/a helps maintain numerical stability by keeping
the computed values within a reasonable range, and the softmax oper-
ation normalizes these values to probabilities. Fig. 2 provides a visual
representation of the SAM.

2.2.2. External attention mechanism (EAM)

SAM has been widely used for capturing relations within data
samples. However, they may not adequately consider potential rela-
tionships between elements in different data samples. To address this
limitation, Guo [53] introduced the EAM, a novel attention module
with linear complexity. The EAM employs two fully connected net-
works to replace the conventional key and value matrices used in
attention calculations. These networks are designed to be lightweight,
learnable, and shared, effectively capturing correlations between dif-
ferent samples while significantly reducing computation. Building upon
the AM initially presented for visual tasks, we apply the EAM to time-
series sequences. The attention function of the EAM is defined as
follows:

EAM(F) = Norm (FM,T) M, 4

where F is the input feature map, Norm represents a double normaliza-
tion operation, and M, and M, are two memory units, two linear layers
without bias that replace the key and value components of traditional
attention. These units capture data-level relationships across multiple
samples, providing a broader context than SAM. Unlike traditional
SAM that only consider relations within a single data sample, the EAM
computes attention between input sequences and these two memory
units. By utilizing M, and M, as repositories of knowledge derived
from the entire training dataset, the EAM effectively models potential
connections between different samples. Next, the inferred attention
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Fig. 2. Architecture of the Self-Attention Mechanism (SAM).

map from the prior knowledge of data-level is normalized similarly to
SAM. By updating the input features using the computed similarities
from M, and the attention map, the model focuses on relevant infor-
mation across the dataset while keeping things efficient. One significant
difference between EAM and SAM lies in using two memory units,
M, and M,, as key and value. This design enhances the ability of the
network to learn trends and relationships in the data, resulting in im-
proved performance. Additionally, EAM applies double normalization
technique suggested in [54] which enhances representation learning
and the similarity between individual sequences can be modeled better.
Double normalization enhances the stability of the attention scores by
normalizing the data twice, improving the model’s ability to generalize
to different contexts within the input sequences.

2.2.3. Depth-wise convolution (DWC)

DWC represents a type of convolutional operation frequently em-
ployed in DL models [55]. In this study, the attention model integrates
convolutional operations to capture local contextual information. To
learn contextual sequence representations in hidden dimensions, we
have adopted a methodology that involves DWC. Point-wise projective
transformation (PWPT) and contextual transformation (CT) are two pri-
mary components of DWC which makes it suitable for this task. Besides,
an improved variant of DWC that dynamically adjusts the weights of
contextual elements is employed [56]. This structure includes several
convolution sub-modules, each containing cells with different kernel
sizes. These varied kernel sizes are efficient at detecting features across
different ranges. For a given input sequence X, the output O € R™
from a DWC has learned weights W2 € RF*k*d_where k denotes the
kernel width, d represents the hidden size, and H is for weight sharing.
This configuration allows DWC to apply convolutions to different input
regions, capturing local context and the importance of varying sequence
parts. The calculation for element i and output dimension c¢ is as
follows:

k

d
0;. =DWC(X) = Z <softmax <Z %%Xi,c> . Xi+j—[k+l ] c> ()
c=1 '

2

J=1
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Fig. 3. Structure of the proposed External-Convolution (ExConv) Attention.

2.2.4. ExConv attention

To enhance the AM’s capabilities and effectively capture global,
local, and temporal features, a new approach called ExConv Attention
has been proposed. This innovative AM combines the strengths of EAM
and DWC, as depicted in Fig. 3. The ExConv Attention is specifically de-
signed to allow the model to focus on different aspects of the sequential
data, particularly in STLF.

The ExConv Attention method brings together the advantages of
both components to achieve better results. The DWC component plays a
vital role in capturing local contextual information by employing PWPT
and CT. While original convolutions do not allow for separation, DWCs
can share the same PWPT with the AM because they can independently
perform convolutions across every channel. This enables the model to
identify and emphasize features within the input sequence effectively.
By incorporating dynamic convolution, it enhances the adaptability of
weights and more performance improvements in the AM. Moreover, the
EAM component addresses SAM limitations by considering potential
dependencies between elements of different data samples. Using two
memory units and incorporating prior knowledge into its operations
are the reasons behind this ability. The ExConv attention function is
defined as follows:

ExConv(X) = [DWC(X); EAM(X)] (6)

where [-;-] denotes concatenation, X is the input sequence, DW C(X)
and EAM (X) represents the outputs of the DWC and EAM. Both DWC
and EAM are applied to the input sequence. Here, X represents the full
sequence of data that the model processes. At the same time, DW C(X)
extracts features from X based on local patterns, and EAM (X) captures
broader patterns by considering dependencies across the sequence.
Concatenating DW C(X) and EAM (X) combines these two perspectives
into an enriched feature representation to improve the model’s ability
to make accurate predictions by balancing local and global information.
The ExConv Attention concatenates the output of the DWC and EAM to
provide a more enriched contextualization and an improved representa-
tion of features. The local features extracted by DWC capture immediate
variations within the input sequence. Meanwhile, the global and tem-
poral dependencies identified by EAM enable the model to recognize
long-term trends and relationships across samples. This combination
is especially valuable for time-series tasks, where both local and long-
range dependencies play a significant role in accurate predictions. So,
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the proposed ExConv Attention is able to capture information at the
local, global, and temporal levels of the input sequence and is suitable
for tasks like STLF.

2.3. Proposed method

The proposed model includes a CNN module and a TCN module
for input data. These modules are integrated with a Stacked-BiLSTM
and ExConv Attention to effectively analyze and capture the dynamics
and dependencies of data in the STLF task. This model aims to predict
future electricity loads accurately and reliably by considering climatic
and temporal aspects of electricity load data. The architecture of the
proposed model is illustrated in Fig. 4.

The CNN module is specifically employed to extract relevant fea-
tures from the climatic data. CNNs help this model learn linear and
nonlinear dependencies in spatial data. The spatial filters in CNNs can
capture local patterns in climatic features (e.g., temperature variation,
wind speed, and humidity levels). These local patterns can usually in-
fluence energy consumption. The TCN module can capture the temporal
dependencies and extract features from the date-time and electricity
load data. As TCN previously discussed (see Section 2.1), it is effective
in time-series data and capturing long-term and complex temporal
patterns. Components of TCN allow the model to consider a broader
range of historical information by extracting short-term fluctuations
and long-term trends of electricity loads.

In the next step, the extracted features by the CNN and TCN modules
concatenate. These features feed to a Stacked-BiLSTM to extract more
enriched temporal dependencies and long-term patterns. Layers of BiL-
STM help the model to explore dependencies in load data and learn
temporal and complex relationships. Furthermore, the ExConv Atten-
tion (see Section 2.2) is introduced to combine the strengths of both
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Table 1
Statistics of the electricity load datasets in megawatt-hours (MWh).
Dataset Load
Mean Variance Median
ADI 17.18 30.42 16.21
AKR 21.04 43.57 20.38
SNA 11.58 11.80 11.38

EAM and DWC and augment the model’s ability to identify relevant
data and learn essential dependencies. EAM enables the model to focus
on many segments of the input sequence at the same time, capturing a
variety of interactions and patterns. DWC enhances the model to attend
to relevant input segments and incorporate enriched local contextual
information. The proposed ExConv Attention helps the model to learn
local, global, and temporal dependencies. The integration of these
components can grasp the complex interdependencies and dynamics
in the data. As a result, it improves the performance, accuracy, and
reliability of STLF.

The proposed model’s multi-component design was chosen to meet
the specific requirements of STLF. CNNs are responsible for spatial fea-
ture extraction, which is crucial for identifying localized patterns and
immediate fluctuations in climate-related data. For capturing temporal
dependencies, TCN provides an efficient approach to handling both
short-term and long-term patterns. This makes it particularly effective
for time-series data with seasonal variations. BILSTM was selected over
unidirectional RNNs due to its bidirectional functionality. It allows the
model to learn from both past and future sequences simultaneously.
The ExConv Attention further strengthens the model by dynamically
prioritizing key segments of data. Unlike traditional AMs, ExConv
combines features to emphasize critical local, global, and temporal
dependencies. This makes the model highly adaptable to the complex
time-series data involved in STLF.

3. Data and experimental setup
3.1. Data

Three datasets were obtained from the Electric Distribution Com-
pany of Shiraz city in Iran, containing wholesale load records from
different stations. These records, collected over three years from 2015-
03-21 to 2018-03-20, are commonly used for planning and monitoring
purposes. These realistic datasets are suitable for operational and plan-
ning applications in the power sector. Table 1 presents the mean,
variance, and median of the electricity load values in megawatt-hours
(MWh) for the three datasets: ADI, AKA, and SNA (station names are
anonymized to protect the confidentiality of the data sources). All
datasets have a resolution of 1 h. Different statistics and distributions
of datasets can enhance the robustness of experimental analysis and
provide a better understanding of the results.

As the time and load data alone may not provide sufficient informa-
tion for DL models, additional features are extracted to convert from
univariate to multivariate time-series forecasting. Based on the avail-
able past load and date-time information, new features are generated
as shown in Table 2. In addition, hourly meteorological data, including
humidity, temperature, rain index, and wind speed, are collected for
the same period. The datasets used in this study capture the complex
nature of electricity load patterns. Hourly load measurements show
diverse statistical characteristics, such as high variance and varying
seasonality. Each dataset reflects unique fluctuations in demand that
correspond to different times of the day, week, and season. This chal-
lenges the model to learn and adapt to both short-term spikes and
long-term trends.

A sliding window approach is adopted to prepare the data for
the STLF task [39,57,58]. In this method, the non-time-series input
data (tabular data) is converted to time-series features based on the
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Table 2
The new extracted features from date and time.
Feature name Ranges/Values
Season [1:4]
Month [1:12]
Week of year [1:52]
Day of month [1:31]
Day of week [1:7]
Weekday/Holiday [0,1]
Hour of day [1:24]
Business hours [0,1]
Sliding Window Width = 24 Step Size =1
bommme e | e >
To ‘ ooo ‘ ’
n [
, L[ el ]
N L Time
1 2 3 4 (hour)

Fig. 5. The principle of the sliding window.

historical load and its associated features. A sliding window width of
24 h is chosen, and the step size is one hour, resulting in a continuous
and overlapping window progression. This process ensures that the
prediction model has sufficient data for learning. As shown in Fig. 5,
relevant data are extracted for load prediction at every time step using
the sliding window principle. By using this approach, it is possible to
capture the influence of adjacent time points and select an appropriate
time range for accurate LF.

The dataset is split into training set (70%), validation set (15%), and
testing set (15%), a commonly used ratio in time-series forecasting that
ensures balanced evaluation. Several studies in the field have similarly
employed this split, supporting its effectiveness in achieving reliable
results across different datasets [59,60]. As time-series should be kept
in their original order and the intention is always to predict future
events, no shuffling or randomization techniques are employed. The
features are preprocessed using either one-hot encoding or normaliza-
tion techniques. Climate features are scaled to the range of [0, 1] using
min-max normalization as below:

’ x — min(X)

" max(X) — min(X) @

where X represents the entire feature, x denotes data before normal-
ization, and x’ is the normalized data. This process is widely used in
similar studies to ensure consistent scaling of climate features.

3.2. Evaluation metrics

In this paper, R-squared (R?), root mean squared error (RMSE),
mean absolute error (MAE), mean absolute percentage error (MAPE),
and median absolute percentage error (MdAPE) are chosen for evaluat-
ing models. The selection of these performance indicators was guided
by their relevance and widespread use in time-series forecasting re-
search [61-64]. Each metric provides distinct insights into model accu-
racy and reliability. The R?> metric measures the proportion of variance
explained by the model, with values closer to 1 indicating a better fit.
RMSE and MAE evaluate errors, with RMSE placing greater emphasis
on larger errors. MAPE captures relative error which is suitable for
comparisons across different datasets. MAAPE reduces the impact of
extreme values, which are common in load data due to sudden demand
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surges or drops. The formulas are listed below:
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where n is the total number of test samples, y; denotes the true load
value, and j, represents the model-forecasted load. Higher R? values
indicate better performance and lower values of other metrics show
lower errors. MAAPE is more robust than MAPE in terms of outliers.

3.3. Loss function

The Mean Squared Error (MSE) loss function is used as the optimiza-
tion criterion for training models. This metric measures the squared
difference between the forecasted and true values, with the goal of
minimizing it during the training process to reduce the overall error.
MSE loss function is used in various STLF studies, such as [27,57].
Following is the MSE loss function:

1% .
MSE == (3 - 5)° (13)
i}

where # is total number of samples in train set, y; denotes the true load
value, and j; represents the model-forecasted load value.

4. Results

A wide range of ML, DL, and transformer-based models are evalu-
ated as the common baseline models. The ML models include SVR [65],
Multi-Layer Perceptron (MLP) [66], and XGBoost [67], which are
widely studied and recognized as benchmarks for STLF. The DL models
include CNN [68], GRU [69], LSTM [70], BiLSTM [31], TCN [58],
CNN-LSTM [71], and TCN-LSTM [72]. These diverse range of DL
models can deal with sequential data in different scenarios and their
effectiveness are studied in various STLF papers. These ML and DL
models were selected based on their prevalence in LF literature and
thorough comparative studies. There are numerous other ML and DL
models, but their inclusion would exceed the scope of this study.
Moreover, three other state-of-the-art DL and transformer-based models
for time-series forecasting are compared with the proposed model:
InceptionTime [73], gMLP [44], and TST [45]. While these three
models are not specifically designed for LF, they are general methods
for time-series analysis that have been applied to this problem. The
following subsections present a series of experiments designed to
compare the proposed method with other models, each accompanied
by its respective results and discussions.

4.1. Comparing LF of various models on different datasets

LF evaluations for all models in terms of R?, RMSE, and MAE on the
testing sets of the three datasets (AKR, SNA, and ADI) are presented
in Table 3. The proposed hybrid neural network model outperforms
all competing models. The results reveal a considerable performance
improvement over the comparing models, where the proposed model
shows smaller forecasting load errors. Among the single models, TCN
demonstrates the highest accuracy, while SVR and MLP models perform
relatively poorly. When comparing the performance of hybrid models,
it is observed that TCN exhibits superior feature extraction capabilities
compared to CNN, as evidenced by the overall better performance of
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Table 3
Comparative performance of models on different datasets using R?, MAE and RMSE.
Model AKR SNA ADI
R? MAE RMSE R2 MAE RMSE R2 MAE RMSE
SVR 0.970 0.557 0.830 0.918 0.409 0.687 0.966 0.462 0.702
MLP 0.977 0.525 0.722 0.915 0.435 0.697 0.955 0.657 0.806
XGBoost 0.980 0.394 0.674 0.935 0.321 0.609 0.984 0.284 0.480
gMLP 0.982 0.438 0.642 0.942 0.304 0.576 0.978 0.379 0.560
IncepTime 0.987 0.361 0.544 0.940 0.309 0.589 0.984 0.317 0.485
TST 0.985 0.387 0.576 0.934 0.345 0.614 0.983 0.350 0.502
CNN 0.976 0.540 0.747 0.884 0.527 0.816 0.976 0.430 0.591
GRU 0.972 0.595 0.802 0.929 0.370 0.636 0.982 0.341 0.507
LSTM 0.984 0.413 0.603 0.936 0.322 0.603 0.983 0.317 0.494
BiLSTM 0.987 0.375 0.554 0.937 0.347 0.601 0.975 0.420 0.606
TCN 0.989 0.326 0.497 0.934 0.328 0.613 0.984 0.309 0.476
CNN-LSTM 0.987 0.349 0.553 0.933 0.360 0.619 0.982 0.325 0.514
TCN-LSTM 0.987 0.361 0.535 0.946 0.295 0.554 0.991 0.235 0.398
Proposed 0.991 0.267 0.450 0.952 0.237 0.526 0.991 0.228 0.355
Table 4 4.2. Analysis of prediction curves for different models
Comparison of models using MAPE and MdAPE metrics on different datasets.
Model AKR SNA ADI The prediction curves of various methods at four specific dates are
MAPE ~ MdAPE MAPE ~ MdAPE MAPE ~ MdAPE illustrated in Fig. 6. The load curves are plotted with a resolution of
SVR 2.836  1.929 4.339  2.580 3.391  1.900 24 h. Fig. 6(a) exhibits the load curve on 24 November 2017 in the SNA
MLP 2695  2.164 4.549  3.355 4.689  4.060 dataset, which shows relatively smaller fluctuations in the data range.
XGBoost 2032 1.239 3.639  2.068 2180 1.263 Conversely, Fig. 6(d) portrays the load curve on 15 February 2018 in
gMLP 2395  1.655 3.078  1.825 2918  1.905 he ADI d here high iations in load b d. Figs. 6(b
IncepTime ~ 1.920  1.332 3112 2035 2972 1473 the ataset, where higher Yanauons in load are observed. Figs. 6(b)
TST 2,083  1.443 3250  2.173 2.648  1.780 and 6(c) represent load curves in the AKR dataset on 31 December 2017
CNN 2,936 2273 5.304  3.502 3.150  2.334 and 28 January 2018, respectively. These two figures illustrate higher
GRU 3124 2.412 3.961  2.639 2.602  1.629 levels of load variation within a single day compared to others.
LSTM 2085 1.59% 3.504 - 2.095 2368 1.480 During the forecasting process, certain individual models produce
BiLSTM 1.986  1.473 3.566  2.429 3.241  2.201 . 8 o 8 process, certain P
TCN 1755  1.290 3003 2129 2466  1.435 inaccurate predictions that deviate significantly from the actual load
CNN-LSTM  1.885  1.261 3.922  2.648 2,686  1.577 curve. However, the proposed model consistently demonstrates su-
TCN-LSTM 1916  1.409 3.237  2.020 2.228  1.297 perior fitting performance in capturing the actual load values when
Proposed 1.429  0.968 2.446  1.603 1.865 1.198

TCN-LSTM over CNN-LSTM. InceptionTime, gMLP, and TST also have
comparable performance to CNN-LSTM and TCN-LSTM. Additionally,
the performance of models varies across different datasets, with some
models performing better on one dataset and obtaining lower results
on another. This highlights the flexibility of the proposed method
to adjust to different settings and datasets, which can be seen in
its consistently superior performance across the AKR, SNA, and ADI
datasets. A comparison of our method with other models reveals that
the proposed method combines the advantages of other sub-models
and achieves superior results. The proposed method achieves RMSE
improvements of approximately 9%, 3%, and 13% compared to the
next best models for the AKR, SNA, and ADI test sets, respectively.
The respective values for MAE improvements are 17%, 17%, and 2%.
These significant improvements highlight the enhanced accuracy and
forecasting capabilities of the proposed method.

The proposed hybrid neural network model is also evaluated using
additional metrics, MAPE and MdAPE, as summarized in Table 4.
Results confirm that the proposed method is superior to all other
models in terms of these metrics, demonstrating its superior forecasting
accuracy. XGBoost achieves favorable MAAPE results compared to other
models, which means that the model’s predictions are more accurate
around the median of the error distribution. However, despite XG-
Boost’s performance, the proposed model still outperforms all models,
emphasizing its exceptional forecasting capabilities. When compared
to the following best models for the AKR, SNA, and ADI test sets, the
proposed method achieves MAPE improvements of approximately 19%,
21%, and 15%.

Overall, the results indicate that our model has a superior fore-
casting capability. Additionally, the model’s adaptability to different
datasets demonstrates its robustness, generalization, and potential for
accurate STLF applications.

compared to other models, which have limitations in capturing the
underlying patterns and dynamics of the electricity load data. The
proposed model is able to accurately capture load variations even when
data fluctuations are significant.

In order to gain deeper insights into the performance of our method,
a comparative evaluation is conducted, where it is compared with five
other methods, as illustrated in Fig. 7. The evaluation period spans
240 h, specifically from 27 October 2017 to 5 November 2017, using
the AKR dataset. Each figure in the grid depicts the actual load values
(represented by dashed lines) and the predicted values (represented by
solid lines) generated by the different models.

The proposed method demonstrates a superior fit to the actual load
values, particularly at critical turning points where the power grid’s
load experiences a shift from decreasing to increasing or vice versa.
These turning points are crucial in capturing the dynamics of the load
patterns, and the proposed method effectively captures these transi-
tions, resulting in a more accurate prediction. Moreover, the notable
deviations observed in predictions made by other models underscore
the superiority of our proposed method in capturing and modeling
load variations in power grid data. In addition, Fig. 7(g) presents
the cumulative sum of the absolute differences between predicted and
actual values, illustrating prediction accuracy over time. The proposed
method consistently shows lower cumulative error compared to other
models. This demonstrates its ability to closely follow actual values
where the level of reliability is essential for accurate forecasting. Based
on the findings, it is evident that the suggested method is highly
effective and demonstrates efficiency in capturing the complex patterns
of STLF.

4.3. Evaluating the performance of models over different weeks
In this experiment, we evaluated the performance of different mod-

els over 20 consecutive weeks using the AKR dataset. Our objective was
to assess the stability and accuracy of the models in LF across different
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Fig. 6. Prediction curves of different models at four specific dates.

time periods. Fig. 8 displays the RMSE values obtained by the proposed
model and other comparative models throughout these 20 weeks (the
total RMSE for each week is calculated). Interestingly, the proposed
model outperformed the comparison models in 18 out of 20 weeks. In
the remaining two weeks, it performed similarly to the CNN-LSTM and
TCN models.

The experiment was also conducted using MAPE, shown in Fig. 9.
The proposed method clearly outperformed other models in 18 out
of 20 different weeks, which shows how reliable and accurate it is
in predicting load trends. Despite the fact that the proposed method
performed less well in two cases than CNN-LSTM, gMLP, and TST, the
results are still comparable. The outcomes demonstrate the strength of
our suggested model in forecasting loads over a specific timeframe and
validate its potential for real-world applications.

4.4. Cross-dataset testing for evaluating generalization performance

The goal of this cross-dataset experiment is to examine the perfor-
mance of the trained models in terms of generalization. The objective
is also to examine how well the models could adapt to unseen data
from different locations. So, the models were trained on the AKR train
set and then evaluated on the ADI test set. Table 5 presents the LF
evaluation metrics for the models on the ADI dataset.

Our proposed model achieved the best results in this experiment,
which indicates its robustness and ability to generalize well. This
experiment shows that the proposed method provides more precise
predictions even on unfamiliar data or regions.

Table 5

Cross-dataset results as the model trained on AKR and evaluated on ADI test set.
Model R? MAE RMSE MAPE MdAPE
SVR 0.929 0.825 1.019 6.200 5.083
MLP 0.916 0.875 1.104 6.040 5.291
XGBoost 0.958 0.554 0.786 4.113 2.777
gMLP 0.912 0.919 1.133 6.891 5.653
IncepTime 0.949 0.665 0.864 4.734 3.729
TST 0.923 0.857 1.056 6.287 5.041
CNN 0.887 1.004 1.281 7.509 5.735
GRU 0.942 0.716 0.916 5.448 4.094
LSTM 0.965 0.533 0.719 4.296 3.046
BiLSTM 0.931 0.822 1.005 6.170 5.337
TCN 0.967 0.554 0.697 4.233 3.348
CNN-LSTM 0.930 0.853 1.007 6.720 5.425
TCN-LSTM 0.960 0.565 0.764 4.233 3.062
Proposed 0.978 0.443 0.567 3.450 2.675

4.5. Extended forecasting horizons

The aim of this experiment is to evaluate models by extending
the forecasting horizon beyond the next hour. Instead of predicting
the load for the next hour, all models are assessed for predicting the
load for the 5th and 24th next hours. AKR dataset is used to generate
input-output pairs for training and testing using the sliding window
approach. Tables 6 and 7 provide evaluation metrics for our model
and other comparison models over extended forecasting horizons. Our
model successfully outperforms others in terms of MAE, RMSE, MAPE,
MAAPE, and R? for both the next 5th and 24th hour predictions. These
results demonstrate the effectiveness and flexibility of the proposed
model in forecasting extended horizons of load data.
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Fig. 7. Comparison of predicted values versus actual values across 6 models over a 240-h period.

4.6. Evaluating days and hours

The amount of electricity consumption can undergo different
changes on different days of the week and at different hours according

10

to the activities of users and companies. The error rates of models dur-
ing the week and on weekends are worth examining. Fig. 10 compares
the RMSE for this case on the ADI dataset. The first finding that can
be seen is that the proposed method performed better than others. On
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the other hand, it is not possible to find a precise relationship between
days and the error rate. For example, some models have more errors
on weekdays and others on weekends. Additionally, it is important to
examine the error rates at different hours. Fig. 11 shows the average
prediction error of the proposed method in 24 h for all three datasets. It
can be seen that, for example, at midnight or during working hours, the
error rate is lower, and this is because electricity use follows a certain
pattern. It can be seen that the error rates between 17:00 and 20:00
on all three datasets is higher than in other hours. These hours fall
outside of working hours and, depending on electricity consumption
behavior, can exhibit varying fluctuations; hence, the error rate during
these times is higher.

11

5. Discussion

In the results section, the proposed method was discussed and
analyzed in comparison with other methods and different scenarios.
However, there are still more aspects that will be discussed in more
detail. The experimental studies of this paper show that the pro-
posed method clearly has a more impressive and better performance
than other methods. Different data and various experiments that were
done concerning STLF can prove the validity of this conclusion. The
findings reveal that our hybrid model does a great job of capturing
both short- and long-term patterns, which aligns perfectly with our
goal of improving forecasting accuracy across diverse datasets. This
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Table 6 Table 7
Performance comparison of LF models for 5 h extended horizon. Performance comparison of LF models for 24 h extended horizon.
Model R? MAE RMSE MAPE MdJAPE Model R? MAE RMSE MAPE MdJAPE
SVR 0.939 0.846 1.186 4.458 3.114 SVR 0.918 0.948 1.368 4.925 3.330
MLP 0.889 1.294 1.594 6.825 5.833 MLP 0.925 0.919 1.309 4.897 3.607
XGBoost 0.959 0.607 0.966 3.215 2.067 XGBoost 0.936 0.777 1.211 4.078 2.608
gMLP 0.942 0.810 1.151 4.451 3.292 gMLP 0.901 1.027 1.505 5.537 3.801
IncepTime 0.953 0.714 1.041 3.865 2.729 IncepTime 0.903 0.965 1.487 5.176 3.261
TST 0.945 0.777 1.117 4.215 3.003 TST 0.911 0.936 1.428 5.039 3.376
CNN 0.946 0.795 1.115 4.325 3.065 CNN 0.885 1.173 1.624 5.907 4.624
GRU 0.941 0.817 1.163 4.457 3.147 GRU 0.917 0.942 1.375 5.105 3.678
LSTM 0.930 0.866 1.264 4.793 3.379 LSTM 0.922 0.888 1.331 4.812 3.201
BiLSTM 0.948 0.754 1.086 4.137 2.905 BiLSTM 0.908 0.981 1.448 5.388 3.772
TCN 0.956 0.677 1.008 3.653 2.430 TCN 0.918 0.989 1.373 5.440 3.991
CNN-LSTM 0.937 0.846 1.199 4.490 3.275 CNN-LSTM 0.911 0.946 1.423 5.076 3.514
TCN-LSTM 0.948 0.734 1.086 3.944 2.676 TCN-LSTM 0.925 0.871 1.311 4.734 3.211
Proposed 0.966 0.561 0.887 2.992 2.005 Proposed 0.956 0.636 1.016 3.900 2.503

supports conclusions found in recent research, including ensemble
models [17,61], as well as more recent hybrid DL models that showed
strong improvements in STLF accuracy [42,72,74]. Our model’s unique
structure combines CNN, TCN, and BiLSTM, which helps it capture
both local and sequential dependencies more effectively. This addresses
some of the limitations seen in purely ML-based models, as pointed out
in studies by Olagoke et al. [13] and Jiang et al. [14].

As expected, the proposed method has a very impressive perfor-
mance compared to ML methods and performs much better than them.
For example, in the AKA dataset, the XGBoost method has performed
the best among the ML methods, while the proposed method has
achieved better results by 32%, 33%, and 30% based on MAE, RMSE,
and MAPE, respectively. This can be seen in relation to other ML
methods and different data. These results are consistent with the results
of other articles that have presented different hybrid DL methods and
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compared them with ML methods [57,75,76]. CNN-LSTM and TCN-
LSTM hybrid methods have also performed better than ML methods.
These methods have achieved better accuracy than individual DL meth-
ods in most cases. For example, in the ADI dataset, the TCN-LSTM
method outperforms the best individual DL methods, LSTM and TCN,
in terms of MAE by 26% and 24%, respectively. These results are con-
sistent with other articles in this field, suggesting that the findings are
valid [57,58]. The ExConv Attention combines depth-wise convolution
with memory attention. This significantly enhances the model’s ability
to focus on the most relevant features in a data sequence. This aligns
with findings from Wu et al. [39], who demonstrated that attention-
based models like CNN and BiLSTM can reduce prediction errors. With
this mechanism, the model is better at capturing complex interactions
within load and climate data. This addresses a challenge that has often
hindered previous models due to noise in the data and sudden shifts in
patterns. Another part of the architecture of this article is the use of the
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AM, the advantages of which have been mentioned in different fields
and articles. For example, in the field of STLF, several articles such
as [39,40] have obtained better results by using this mechanism than
the basic methods, which is consistent with the approach and results of
this article.

The structure of hybrid DL methods is more complicated than basic
DL and ML methods, and therefore more parameters and hyperparam-
eters should be tuned for them. Therefore, their training time is much
longer and this also applies to the proposed method in this article.
However, the complexity of the hybrid architecture does present certain
trade-offs, particularly in terms of computational cost during training.
This limitation is also noted in related studies on hybrid models [77,
78]. Fine-tuning the model can be time-intensive, which complicates
real-time applications, although the inference phase remains efficient.
Moving forward, it will be necessary to balance model complexity with
operational efficiency. It is also worth noting that, while the model
performed well on the datasets tested, further validation is required
to ensure consistent performance across different regions and data
types. However, hybrid DL methods are prevalent, and more models
are always presented in different articles as these methods often yield
much better results. The reason is that when these models are trained,
their weights and hyperparameters can be saved and used for future
predictions without the need to retrain them. Updating the model can
be done at different intervals, for example, in each season, to learn
seasonal patterns and trends. However, developing new methods with
more accuracy and a more straightforward network structure is always
valuable. Research has shown that while hybrid DL models demand
greater computational resources during training, they often deliver
higher accuracy. This trade-off is acceptable in applications where pre-
cise forecasts are essential for operational efficiency [63,74,77,78]. For
online applications, this approach remains viable because the inference
phase used for live predictions is fast and efficient. It allows real-time
forecasting without the need for constant retraining. This efficiency
ensures the model’s suitability for practical deployment in situations
where timely and accurate predictions are critical.

6. Managerial and societal implications

The enhanced accuracy of the proposed model provides strate-
gic and economic benefits for utility companies, policy-makers, and
consumers. For power companies, more accurate LF enables better
demand management and reduces the risk of outages. It also allows
for optimized resource allocation, which can help lower costs. Accu-
rate forecasting supports stable pricing and more efficient infrastruc-
ture planning, ultimately contributing to reduced operational expenses.
With fewer backup systems required, companies can reduce emissions,
thereby supporting sustainability goals. For policy-makers, improved
forecasting informs long-term infrastructure planning and enhances
grid stability. These factors are essential for modernizing energy grids
to make them smarter and more adaptive. Consumers also benefit
from stable energy prices, fewer disruptions, and improved service
reliability, which ultimately supports broader societal well-being.

7. Conclusion

This research paper presents a DL model designed for predicting
short term electricity loads. The method proposed in this study com-
bines various techniques such as CNN, TCN, and Stacked-BiLSTM, and
introduces a novel AM called ExConv Attention. This AM aims to en-
hance the model’s ability to focus on specific segments of load data and
effectively detect their interactions. The proposed approach demon-
strates efficient processing of both climatic and load data, capturing
spatial and temporal dependencies, resulting in accurate load forecasts.
Comparative experiments against ML, DL, and transformer-based mod-
els reveal that the proposed method outperforms other models in terms
of metrics like R?, MAE, RMSE, MAPE, and MdAPE. Our proposed
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model demonstrated average improvements across key metrics on mul-
tiple datasets, achieving an 8% reduction in RMSE, 12% in MAE, and
18% in MAPE compared to existing models. These results highlight the
model’s effectiveness under diverse conditions. The statistically signifi-
cant improvements across various datasets confirm the robustness and
applicability of the model for practical STLF applications.

Evaluating its performance on three distinct datasets confirms its ro-
bustness across different data sources, suggesting its suitability for STLF
in various scenarios and geographical regions. By using datasets that re-
flect real-world power distribution scenarios, this model demonstrates
its potential for diverse energy management applications.

Despite its strong forecasting accuracy, the proposed model has cer-
tain limitations. The hybrid architecture involves higher computational
costs during training, which may restrict its deployment in environ-
ments with limited resources. Moreover, the model’s performance relies
on large, high-quality datasets, posing challenges in regions where
data availability is limited. The model’s effectiveness may vary when
applied to datasets with significantly different statistical characteristics.
This underscores the need for further testing across a wider range
of data types to enhance its robustness. We acknowledge that the
findings of this study are specific to the datasets used and may require
additional validation before application in other regions. Nonetheless,
the model’s consistent performance across multiple datasets indicates a
strong potential for broader applicability.

For future studies, exploring ensemble learning techniques, incor-
porating external factors such as economic indicators, and integrating
transfer learning methods could potentially enhance forecasting ac-
curacy. Additional research could also focus on integrating real-time
parameter estimation techniques, as described in [79], to enhance
forecasting accuracy in real-time applications. Such adaptive methods
may yield significant advancements in managing rapidly changing
conditions within distribution grids. In addition, further exploration
of advanced DL architectures and improving model interpretability
can provide valuable insights for informed decision-making regarding
energy systems. Future research could also benefit from optimizing
the proposed hybrid model to reduce computational demands. This
would make it more feasible for real-time applications. Enhancing the
model’s interpretability through explainable AI techniques would pro-
vide stakeholders with a clearer understanding of load patterns, thereby
supporting more informed decision-making in energy management.
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