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A B S T R A C T

The robust and accurate load forecasting is necessary to ensure effective power market operations and optimize
load dispatch strategies. Deep learning models have recently gained popularity because of their strong ability
to learn data patterns. However, conventional deep-learning models still encounter difficulties in precisely
predicting complex load patterns. This paper addresses the difficulties of forecasting intricate load patterns,
where conventional deep learning models often fail. Therefore, a novel quantile long short-term memory
network with dual attention is proposed for hour-ahead short-term load forecasting. By combining dual
attention processes with quantile regression-based long short-term memory networks, the proposed framework
effectively captures the temporal dependencies of the complex load pattern. The gates recurrent unit and
hybridized methodologies of recurrent neural networks are among the baseline techniques against which
the proposed method is thoroughly tested using datasets from Panama City and the Islamabad Electric
Supply Company. The proposed quantile long short-term memory network with dual attention mechanism
has demonstrated notable performance gains with 2.35% and 5.36% reduction in mean absolute percentage
error in comparison to the best-performing models, from the set of baseline models, for the Panama and
IESCO datasets, respectively. These results demonstrate the proposed method’s effectiveness in providing more
improved and accurate forecasts for enhanced grid stability and economic dispatch efficiency.
1. Introduction

Predicting the demand for electrical energy in contemporary power
systems is crucial because the world’s power markets continue transi-
tioning from centralized to deregulated systems. This transition demon-
strates the substantial impact of industrial customers on the electric-
ity systems because of their greater energy usage. It is imperative
to change the load forecasting perspective from supply-focused to
demand-focused (Bakare et al., 2024).

The socioeconomic uplift of the country relies largely on the elec-
tricity sector. Per capita electricity consumption is an important mea-
sure of a sustainable society’s growth, economically and environmen-
tally. An electrical power system supplies consumers with stable and
secure electricity that can accommodate a range of loads and it ensures
the supply–demand balance. Thus, improving the precision of elec-
tricity load forecasting is necessary because if prospective demand for

∗ Corresponding author at: Department of Physics and Astronomy, Uppsala University, Uppsala, P.O Box: 75120, Sweden.
E-mail address: imran.aziz@physics.uu.se (I. Aziz).

1 These authors have equal contribution.

electricity is undervalued, the system cannot provide consumers with
sufficient supply, which increases the risk of the electrical power system
failure. If futuristic demand for electricity is overestimated, extra power
generation will require storage and an increase in operational expendi-
tures (Xu et al., 2023). With an accurate forecast of the peak demand,
energy suppliers and Independent System Operators (ISOs) can better
provide electricity and optimize power generation schedules (Amara-
Ouali et al., 2023). Forecasting studies on electricity consumption must
be improved continuously to help in several areas such as resource
conservation through consumption management, increased energy ef-
ficiency, fostering technological innovation, bolstering environmental
sustainability, and other sector development initiatives, (Ramos et al.,
2023).

Different load forecasting models are used for future prediction of
electricity demands. Load demand is forecasted in the short, medium,
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and long terms for scheduling tasks, investment, maintenance, fuel
urchasing, and security analysis, etc. Xia et al. (2010). Short-term

load forecasting (STLF) is performed for a 1 to 24-hour period and is
essential for the operation of both conventional and intelligent power
systems. Accurate STLF helps modern open power markets in ensuring
he power system’s stable, safe, and economical operation. The findings
f the load forecasting for the short term are accustomed to inform
any significant decisions, including the schedule for power gener-

tion, and the assessment of reliability and security of the electrical
system (Wang et al., 2021). Accurate forecasting of medium- and
ong-term power loads provides a solid foundation for power system
aintenance, planning, and design. The medium- and long-term power

oad forecasting also help identify the shifting pattern of future power
emand, power supply configuration and provides reliable forecasting
ata for power grid stability analysis, and reduces the impact of power

load uncertainty. The medium- and long-term power load forecasting
has a time frame of weeks to years (Yao and Li, 2023). The proposed
esearch focuses on STLF through a dual attention mechanism-based
uantile long short-term memory network (DA-QLSTM).

1.1. Related work

The load forecasting methods, reported in the literature, can be
ivided into four types: statistical, machine learning, deep learning, and
ybrid models.

1.1.1. Statistical models
Statistical models include auto-regressive (AR) (Fan et al., 2019),

autoregressive integrated moving average (ARIMA)
Yan and Hu, 2022), multiple linear regression (MLR), etc. The sta-
istical methods’ quick training and straightforward structure have
emonstrated their efficacy in load forecasting. However, there is a
rawback that these techniques are not good for modeling non-linear
haracteristics of the data. To overcome this limitation, researchers
oved toward machine learning models.

1.1.2. Machine learning models
The machine learning models can acquire non-linear attributes from

he inputs of the prediction task (Ahmed et al., 2024a). The authors
in Jiang et al. (2016), Liu et al. (2020), have used the support vector

achine (SVM) together with hybrid parameter optimization strategies
nd decision trees. Additionally, to prevent falling into local minima,
ome researchers employ swarm intelligence optimization algorithms
o enhance the performance of machine learning models. Using an
mproved particle swarm optimization technique, Niu and Dai (Niu
nd Dai, 2017) created an STLF model to adjust the parameters of a
east squares support vector machine (LSSVM). In Reddy and Momoh

(2014), an artificial neural network (ANN) has been proposed, incorpo-
ating different combinations of load data as input variables. In Reddy

(2018), a back propagation (BP) approach based on a Bat algorithm
is presented which employs weather conditions such as temperature
nd humidity, thereby minimizing the need for trial and error during
he training phase. Due to the exceptional generalization capability and
itting accuracy, studies in Xiong et al. (2022), Yang et al. (2019) have

used BP neural networks, SVM, and extreme learning machines (ELM)
to develop load prediction models, marking the advent of machine
learning in load forecasting. To enhance model inputs and prediction
accuracy, authors in Chen et al. (2016) have segmented load sequences
sing the fuzzy c-means clustering method, predicted these segments
eparately with an LSSVM and applied the global harmony search algo-
ithm to optimize key model parameters, thus significantly improving
oad prediction accuracy. However, forecasting models that rely on
achine learning have some drawbacks. These models need significant

omputing power and ample data for training, and their results and
eight optimization are challenging for correct interpretation.
2344
1.1.3. Deep learning models
Deep learning methods are the subclass of machine learning and

offer robust feature extraction, irregular mapping, and versatile ca-
pabilities due to their hidden layers’ architecture. Among these tech-
niques are convolutional neural networks (CNN), deep belief net-
works (DBN) (Li et al., 2020), recurrent neural network (RNN) (Dat
et al., 2021), its variants and residual networks (RESNET) (Jia et al.,
2021). Recurrent neural networks (RNN), including their variants: long
short-term memory (LSTM) and gated recurrent units (GRU), are the
state-of-the-art models for STLF. A GRU network is implemented for
STLF in Jung et al. (2021), with a high feature extraction ability.
In Abumohsen et al. (2023), deep learning algorithms, LSTM, GRU,
and RNN, were utilized with GRU demonstrating the greatest precision
and lowest error rates in load forecasting. The research focused on
forecasting electrical loads using supervisory control and data acqui-
sition (SCADA) from the Tubas area in Palestine. The GRU model
compiled with the ‘‘Adam’’ optimizer, delivered the most outstanding
esults. The top-performing GRU model achieved impressive results,
ith an R-squared value of 90.228%, mean square error (MSE), mean
bsolute error (MAE), and root mean square error (RMSE) of 0.00215,
.03266, and 0.04647, respectively, highlighting its effectiveness in
oad forecasting. In Cordeiro-Costas et al. (2023), deep learning and

machine learning techniques, such as multilayer perceptrons, support
vector regression, extreme gradient boosting, random forests, LSTM,
and one-dimensional convolutional network (Conv-1d), have been de-
veloped for load forecasting. The study aimed to assess the accuracy
and effectiveness of these AI techniques in predicting electrical loads
in a single-family dwelling, with LSTM proving to be the most reliable
model. The LSTM demonstrated the highest accuracy with a normalized
mean biased error (nMBE) of −0.02% and a normalized root mean
square error (NRMSE) of 2.76% on the validation set, and −0.54% and
4.74% on the test set, correspondingly.

In Muzaffar and Afshari (2019), models based on LSTM networks
are used to make predictions across different time frames, including
24 h, 48 h, 7 days, and 30 days. These LSTM forecasts are evaluated
against traditional methods using RMSE and mean absolute percentage
error (MAPE) metrics. The experimental findings consistently demon-
strate that LSTM-based forecasts outperform other methods and suggest
significant potential for further improvement of forecasting accuracy.
Two LSTM-based architectures: the regular LSTM and the LSTM-based
sequence-to-sequence (seq-2-seq) are examined in Marino et al. (2016).

oth techniques are tested on datasets with one-hour and one-minute
time-step resolutions, and they are applied to a common reference
dataset of electricity usage from a single household user. According
to the experimental results, the regular LSTM failed with the one-
minute resolution data but succeeded with the one-hour resolution
data. In comparison, the seq-2-seq architecture demonstrated strong
performance on both datasets. However, traditional RNNs struggle with
gradient disappearance and are unable to effectively capture long-
term dependencies (Morchid, 2018). Moreover, a single deep learn-
ing model has not yet been capable of tackling a range of intricate
obstacles in STLF. To enhance the STLF accuracy, authors in Shen
et al. (2023) propose a novel approach by introducing a multi-scale
ensemble neural network that combines LSTM, GRU, and temporal
convolutional network model (TCN). By integrating stochastic weight
averaging and differential evolution ensemble methods, the model
effectively addresses the complexity of load forecasting challenges. It
outperforms eleven existing models in predicting power load in Hubei
province, China, achieving significant reductions in RMSE compared
to individual deep learning models used for comparative analysis.
This demonstrates the effectiveness of ensemble methods in enhancing
prediction performance for complex forecasting tasks. Compared to
SWA–LSTM, SWA–GRU, and SWA–TCN, the RMSE of the multi-scale
ensemble neural network decreased significantly by 7.86%, 15.04%,
and 19.47%, respectively.
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1.1.4. Hybrid models
Machine learning practices, deep learning frameworks, and artificial

intelligence systems have been reported extensively in the literature
for STLF. However, existing techniques do not achieve the desired
recision. To further improve the forecasting accuracy for STLF tasks,
ybrid methods have gained attention in recent years. For instance,
 combination of CNN and LSTM to estimate short-term load has

been applied in Rafi et al. (2021). This combined model is used in
he Bangladesh power system, showing greater precision in estimating
lectric load compared to traditional methods. The forecasted output
f the networks is also influenced by multi-dimensional factors like

temperature, humidity, etc. To maximize the use of historical variables
n traffic information and improve predictability, (Chen et al., 2023)
ntroduces a hybrid model combining RESNET and LSTM. The pro-
ess begins with reconstructing data with various characteristics and
riteria, then sent into the RESNET network to extract features. Subse-
uently, LSTM uses the vector format of generated features as its input
o carry out STLF. Finally, an applied example is utilized to evaluate
his method against other practices, demonstrating the effect of the
orrectness of the model’s parameters for input. The findings indicate
hat the suggested integrated approach delivers improved results. The
APE error comparison for MLR, LSTM, CNN, RESNET, CNN-LSTM,

nd RESNET-LSTM is 0.708%, 0.763%, 0.719%, 0.656%, and 0.571%,
espectively. The study (Asiri et al., 2024) introduced the LFS-HDLBWO

approach combining beluga whale optimization with hybrid deep learn-
ng (HDLBWO). For load prediction, the model uses a convolutional
idirectional long short-term memory with an autoencoder (CBLSTM-
E) model. Additionally, the beluga whale optimization (BWO) algo-
ithm optimizes hyperparameters of the CBLSTM-AE, enhancing overall
rediction accuracy. Extensive experimental analysis demonstrated su-
erior predictive performance of the LFS-HDLBWO method, achieving
he lowest mean error rate under the FE and DAYTON grid datasets,
urpassing other existing deep learning algorithms.

A model integrates feature selection and error correction to im-
rove the capacity of generalization (Yao et al., 2022). Initially, the

maximal information coefficient (MIC) is used to filter an insufficient
ollection of characteristics. Subsequently, key features crucial for load
orecasting are identified through two feature selection algorithms:
ight gradient boosting machine (LGBM) and extreme gradient boost-
ng (XgBoost). Experimental findings demonstrate that this refined
odel achieves superior prediction accuracy across all periods of the

ear. Moreover, the approach exhibits strong applicability, portability,
nd robustness in load prediction tasks. The (Shohan et al., 2022)
resents a hybrid forecasting technique that uses an artificial neural
etwork to merge LSTM with neural propet (NP) to forecast electrical
oad across different periods with improved precision and reliabil-
ty. On average, the integrated model improves forecasting accuracy
y approximately 3.5% over the nearest competing model. The (Gan
t al., 2017) extended deep LSTM model, incorporating ‘‘Quantile loss’’,

demonstrates substantial potential in forecasting stochastic residential
loads over short terms. This advanced method, known as Quantile long
short-term memory (Q-LSTM), targets predicting residential energy
consumption using stochastic methods. Experimental results from an
open dataset reveal that Q-LSTM significantly surpasses the traditional
approaches in average quantile score. The method offers refined predic-
tions for all users, with notable improvements over the benchmarks,
exceeding quantized fully connected neural network (Q-FCNN) and
fully connected neural network with holistically-nested edge detection
(FCNN-HED) by 4.21% and 8.96%, respectively, in terms of average
quantile score (AQS). To mitigate anomalous forecasting quantiles,
empirical distribution functions are employed for adjustments. When
compared to traditional ANN with quantile loss and historical residual
simulations, Q-LSTM demonstrates superior performance.

The authors in Junior et al. (2024) compared the Xgboost, SVM,
-nearest neighbor (KNN) and gradient boosting regressor (GBR) for
2345
STLF. The authors evaluate these networks in a stand-alone and inte-
grated approach, performing different data preprocessing. The models
are tested against two different datasets: National Operator of Elec-
tric System (ONS) and Independent System Operators New England
(ISO-NE). Findings demonstrate that the Xgboost model hybridized
with empirical wavelet transform (EWT) provides the best forecast-
ing outcomes for ONS datasets. However, for the ISO-NE dataset,
the conventional GBR reports superior performance. A hybrid model
of CNN-Bilstm with Xgboost networks is proposed for STLF of the
Quanzhou city dataset in Luo et al. (2024). The authors first cluster
the day with a hierarchical clustering algorithm using similar day
characteristics, and then the cluster data is fed to a stacked model.

he RMSE and MAPE are used to compare the proposed approach
erformance with different deep learning and boosting tree algorithms.
he authors in Sun et al. (2024) present a graph neural network-

based technique for STLF. The proposed study uses graph learning for
acquiring the relationship between the variables and diluted 1D-CNN
is used for capturing temporal dependencies. The proposed GLFN-TC is
tested on multiple datasets for robustness analysis.

1.2. Motivation and contribution

Recent advancements in STLF leverage various statistical, machine
learning, and deep learning techniques. However, limitations hinder
their real-world implementation. Traditional statistical models are in-
terpretable and simple to use but they miss the non-linear and time-
varying patterns in load data. Machine learning models offer more
flexibility but can be limited by feature engineering and may not
fully capture temporal aspects without intricate design. Deep learning
models, such as LSTMs, excel at learning from sequential data but
are susceptible to overfitting, especially with limited or noisy data.
Additionally, their lack of transparency makes it difficult to understand
how they arrive at their predictions. Hybrid models have been pro-
posed to enhance performance compared to single models, yet there
is limited research on the technique known as Q-LSTM. Therefore,

e introduce a hybrid model of quantile LSTM, incorporating a dual
ttention mechanism (DA-QLSTM). The proposed method is trained and

evaluated in comparison to leading STLF models. The capability of the
odel is assessed using MAPE, MAE, RMSE, NRMSE and MSE. Table 1,

illustrates the research gap found in the literature review and reports
the key contribution of the proposed study. The main contributions of
this paper are the following:

1. A hybrid model is proposed by integrating a quantile LSTM
network with dual attention mechanism. The LSTM layers enable
the system to learn short and long-term sequences. The inte-
grated attention mechanism enables dynamic investigation of
the relevance of distinct time in the sequence so that the model
focuses on the most relevant information for forecasting, thereby
improving the accuracy of load forecasts.

2. A custom quantile loss function is incorporated to adjust the loss
calculation for various quantiles. This enables a more detailed
assessment of the prediction intervals, offering valuable insights
into the potential variability and uncertainty in load forecasting.

3. To showcase the robustness of the study, the model’s perfor-
mance is evaluated through five metrics RMSE, MAE, MAPE,
MSE, and NRMSE, and compared with different state-of-the-art
techniques for STLF. These evaluations illustrate the system’s
accuracy and reliability, emphasizing its practical applicability
for load forecasting in real-world situations.

The rest of the paper is organized as follows: Section 2 covers the
aterials and methods, Section 3 reports the results and discussion,

and Section 4 discusses conclusions with main findings and possible
directions for future exploration.
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Table 1
Research Gap identification and contribution of the proposed study.

Sr. Ref. Year of Journal Main findings Research Gap Application
No Publication Name

1 Hong et al. (2011) 2011 IEEE PES Proposed naive multiple
linear regression for load
forecasting

Lack of established
benchmarking models for
comparative assessment

Used for load forecasting
in a Canadian utility

2 Jiang et al. (2016) 2018 IEEE Trans.
Smart Grid

Hybrid optimized SVR
model for forecasting
short-term load

Fails to address abrupt
load deviations

Short-term load forecasting
in distribution systems

3 Reddy (2018) 2018 Electrical
Engineering

Bat algorithm improves
short-term load forecasting
accuracy

Bat algorithm is only
employed for parameter
optimization and not
compared with other
meta-heuristic optimization
techniques

Short-term load forecasting
considering weather factors

4 Dat et al. (2021) 2021 Journal of
Intelligent &
Fuzzy Systems

Hybrid model outperforms
single online models in
forecasting

Online RNN cannot
directly handle seasonality

Short-term electricity load
forecasting in power
systems

5 Rafi et al. (2021) 2021 IEEE Access Short-term load forecasting
by combining CNN and
LSTM networks

Hybridized deep learning
techniques increase the
computational burden

Network augmentation and
planning for necessary
upgrades to the power grid

6 Yan and Hu (2022) 2022 Sensors Proposed ARIMA and error
gradient sampling for load
prediction

The ARIMA model is
inefficient in learning the
non-linearities of the data

Source-load prediction for
distribution networks

7 Asiri et al. (2024) 2024 IEEE Access Integrating BWO effectively
tuned CBLSTM-AE model’s
hyperparameters

The proposed network is
not benchmarked with
other deep learning
networks, e.g., GRU, RNN,
etc.

Aid in optimizing energy
consumption and reducing
energy costs

8 Junior et al. (2024) 2024 International
Journal of
Electrical Power
& Energy
Systems

Hybridizing the ML
algorithms with data
preprocessing techniques
improve the forecasting
outcomes

The results of the study are
not scalable On ONS data,
Xgboost-EWT performs best
while for ISO-NE data GBR
gives the best results

Hour-ahead load
forecasting for ONE and
ISO-NE datasest

9 Luo et al. (2024) 2024 Energy reports A stacked approach
CNN-BiLSTM-Xgboost is
presented

No scalability analysis is
reported as the technique
is employed on single
datasets

Load forecasting for the
dataset of Quanzhou city

10 Hybridized DA mechanism
with LSTM integrated with
quantile loss function

The integration of DA and
quantile functions
enhances the data learning
capabilities of LSTM.
Benchmarked with the
state-of-the-art deep
learning and hybrid
techniques

Helps in balancing load
supply and demand for
effective power system
operation
e
s

b

2. Materials and methods

The first step of this study involves the collection of historical load
ata. For this purpose, IESCO and Panama datasets containing external
actors like humidity, temperature, wind speed, etc. are collected from

databases (Madrid, 2021). In the next step, the input data is cleaned
nd scaled by MinMax scaler. Following the cleaning and normaliza-
ion, the data is divided into training and testing subsets. We then

developed the DA-QLSTM model, which incorporates a dual attention
mechanism and quantile regression. For benchmarking, other models
including LSTM, GRU, RNN, Q-LSTM, RNN-GRU, and RNN-LSTM are
lso trained. The performance is assessed using RMSE, MSE, MAPE,
AE, and NRMSE metrics. The complete methodology of the study is

emonstrated in Fig. 1.

2.1. Recurrent neural network (RNN)

The concept of RNN emerged in the 1980s, spurred by the re-
quirement for ANN to deal with consecutive input (Fernández et al.,
2024). The RNNs are named such because they perform an identical
function for each component in an order, with the result based on
arlier calculations. In RNNs, data can flow in both directions. An RNN
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is made up of the input, a few hidden, and the output layers. Every
layer is made up of neurons that communicate with adjacent ones (Arji
t al., 2023). The outcome of a layer is reused as the input for the
ubsequent layer. A node in a network produces the result by first

introducing the weight matrix to the inputs, and then the outcome
is subjected to an activation process. The network is trained via the
backpropagation method. This means that to get the correct output
from the neural network, each weight must have its gradients computed
and adjusted. Their capability to deal with any combination of inputs
using their internal state (memory) makes them appropriate for various
applications (Ibrahim and Elhafiz, 2023).

𝑢𝑡 = 𝑣(𝑊𝑢𝑢𝑡−1 + 𝑌𝑢𝑥𝑡 + 𝑧𝑢) (1)

𝑜𝑡 = 𝑣(𝑊𝑜𝑢𝑡 + 𝑧𝑜) (2)

Where the weights are denoted by 𝑤 and 𝑌 and the biases are
represented by 𝑣 and 𝑧. The hidden and output blocks are represented
y the symbols 𝑢𝑡 and 𝑜𝑡, respectively.
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Fig. 1. The workflow of the proposed study.
2.2. Long short-term memory (LSTM)

The LSTM is an RNN variant for combining swift learning with
properly organized training regarding tasks that need sequential short-
term memory retention for several time steps in a test situation (Arji
et al., 2023). The LSTM networks are considered the most effective ap-
proach for resolving sequence prediction-related problems. The LSTM
can remember sequences for longer periods. Known to have trouble
with dependencies that last a while, conventional RNNs suffer from the
problem of vanishing gradients, which causes information loss over a
prolonged time. The LSTM approach solves the problem of vanishing
gradients by providing a memory cell that can deliberately forget or
keep data via gates for a prolonged period. These gates, with sigmoid
and tanh activation functions, regulate the movement of data in and
out of the memory cell. As an outcome, LSTM outperforms classical
forward feedback NN and RNN, which cannot predict future outcomes
utilizing previous data. Every single cell broadcasts two states to the
cell that comes following it: its private condition and the state of the
cell. The memory modules are responsible for storing data. There are
three main structures: forget, input, and output gates, that modify
the stored information. The ‘‘forget’’ gate determines which data to
remove from a memory cell, while the gate for input decides what fresh
data to add to the existing memory cell. The output gate chooses the
data that is transmitted from the memory cell to the subsequent time
step (Agarwal et al., 2024).

𝑎 (𝜏) = 𝜎[𝐷𝑎𝑥 (𝜏) + 𝐸𝑎ℎ (𝜏 − 1) + 𝑘𝑖] (3)

𝑏 (𝜏) = 𝜎
[

𝐷𝑏𝑥 (𝜏) + 𝐸𝑏ℎ (𝜏 − 1) + 𝑘𝑏
]

(4)

𝑐𝑜 (𝜏) = 𝜑[𝐷𝑐𝑥 (𝜏) + 𝐸𝑐ℎ (𝜏 − 1) + 𝑘𝑐 ] (5)

𝑜 (𝜏) = 𝜎
[

𝐷𝑜𝑥 (𝜏) + 𝐸𝑜ℎ (𝜏 − 1) + 𝑘𝑜
]

(6)

𝑐 (𝜏) = 𝑎 (𝜏)
⨀

𝑐 (𝜏 − 1) + 𝑏 (𝜏)
⨀

𝑐𝑜 (𝜏) (7)

ℎ (𝜏) = 𝑜 (𝜏)
⨀

𝜑[𝑐 (𝜏)] (8)

The symbols 𝑎(𝜏), 𝑏(𝜏) and 𝑜(𝜏) represent forget, input and output
gates of the LSTM network, respectively. The weights and biases are
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denoted by 𝐷, 𝐸 and 𝑘, each in turn. The tanh and sigmoid activation
functions are represented by 𝜎 and 𝜑, correspondingly.

2.3. Gated recurrent unit (GRU)

Cho et al. first put forward the gated recurrent unit (GRU) in
2014, and it has since grown among the most effective RNN algo-
rithms (Chung et al., 2014). The GRU is a modified form of RNN that
uses gates to manipulate the flow of data gathered from faraway stages
in the ordered sequence. The gates convey data through extended
periods and use it to predict future states (Talukdar and Sarma, 2024).
The GRU contains two gates: update and reset, and the activation
functions. The GRU addresses the vanishing gradients issue through
the use of update and reset gates (Islam and Hossain, 2021). The
GRU network has no memory cells in its architecture and this aspect
differentiates it from the LSTM network. The equations governing the
GRU network are given as:

𝑎𝑡 = (1 − 𝑏𝑡 ) 𝑎𝑡−1 + 𝑏𝑡 𝑎
′
𝑡 (9)

𝑏𝑡 = 𝜎(𝐶𝑧 𝑥𝑡 +𝐷𝑧 (𝑎𝑡−1)) (10)

𝑎′𝑡 = t anh(𝐶ℎ 𝑥𝑡 +𝐷(𝑒𝑡
⨀

𝑎𝑡−1)) (11)

𝑒𝑡 = 𝜎(𝐶𝑟 𝑥𝑡 +𝐷𝑒 𝑎𝑡−1) (12)

Where, the update and reset gates of the GRU are represented by 𝑏𝑡
and 𝑒𝑡, respectively. The GRU metrics are denoted by 𝐶 and 𝐷.

2.4. Dual attention mechanism

The dual attention mechanism in machine learning enhances
sequence-to-sequence models, particularly in time series forecasting, by
integrating temporal and feature-wise attention. The temporal mech-
anism assigns different importance to each time step in the input
sequence, advancing the model’s capability to generate precise fore-
casts by focusing on the most relevant past observations (Lu et al.,
2024). The attention weights for each time step 𝛼 are calculated based
𝑡
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on the concepts of query, key, and value. In this context, the query
represents the current time step or context that is being focused. The
key represents the time steps or features from the input sequence that
provide context or relevance to the query. The value represents the
actual information or feature representation associated with each key.
The attention weights for each time step 𝛼𝑡 are calculated as (Padate
t al., 2023):

𝛼𝑡 =
𝑒𝑥𝑝(𝑒𝑡)

∑𝑡
𝑘=1 𝑒𝑥𝑝(𝑒𝑡)

(13)

where 𝑒𝑡 is the alignment score, computed using a feed-forward neural
etwork:

𝑒𝑡 = 𝑉 𝑇
𝑎 𝑡𝑎𝑛ℎ(𝑊𝑎[ℎ𝑡−1; 𝑠𝑡]) + 𝑏𝑎 (14)

Here, the encoder state at time step 𝑡 is represented by 𝑠𝑡, while the
hidden state from the previous time step is denoted by ℎ𝑡−1, 𝑊𝑎 and 𝑉𝑎
are learnable weight parameters, and 𝑏𝑎 is a bias term. The weighted
total of the encoder states is used to generate the context vector or 𝑐𝑡 is
computed as a weighted sum of the encoder states (Padate et al., 2023):

𝑐𝑡 =
𝑇
∑

𝑘=1
𝛼𝑘𝑠𝑘 (15)

The feature-wise mechanism determines the significance of every
characteristic at every moment, helping the model to concentrate on
he most relevant attributes for making predictions. The attention
eights 𝛽𝑡𝑖 for feature ′𝑖′ at time step ′𝑡′ are calculated as:

𝛽𝑡𝑖 =
𝑒𝑥𝑝(𝑒𝑡𝑖)

∑𝐹
𝑗=1 𝑒𝑥𝑝(𝑒𝑡𝑖)

(16)

where 𝑒𝑡𝑖 is the alignment score for feature 𝑖 computed as:

𝑒𝑡𝑖 = 𝑉 𝑇
𝑓 𝑡𝑎𝑛ℎ(𝑊𝑓 [ℎ𝑡−1; 𝑠𝑡𝑖]) + 𝑏𝑓 (17)

Here, 𝑥𝑡𝑖 is the 𝑖th feature at time step 𝑡. The context vector 𝑑𝑡 for
eature-wise attention is calculated by applying a weighted combina-
ion of the input features:

𝑑𝑡 =
𝐹
∑

𝑖=1
𝑏𝑡𝑖𝑥𝑡𝑖 (18)

The final context vector 𝑐,𝑡 is obtained by combining the context vectors
rom both temporal and feature-wise attention mechanisms:

𝑐,𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 [𝑐𝑡; 𝑑𝑡]) + 𝑏𝑐 (19)

Where 𝑊𝑐 is a learnable weight matrix and 𝑏𝑐 is a bias term.

2.5. Quantile LSTM

The quantile LSTM model extends the standard LSTM architecture
o predict specific quantiles of the target variable’s distribution, partic-
larly useful in scenarios where understanding the range of potential

outcomes is crucial, such as in load forecasting. This model uses a
ustom quantile loss function to optimize for a specified quantile,
nsuring accurate quantile predictions by penalizing overestimations
nd underestimations differently. The quantile loss function can be
xpressed as follows Masood et al., 2024:

𝐿𝜏(𝑦𝑡, 𝑦,𝑡) = 𝑚𝑎𝑥(𝜏(𝑦𝑡 − 𝑦,𝑡), (1 − 𝜏)(𝑦,𝑡 − 𝑦𝑡)) (20)

where 𝑦𝑡 is the seen value, 𝑦,𝑡 is the anticipated quantile value, and 𝜏 is
the desired quantile. The core components of this network are the cell
state and hidden state, capturing temporal dependencies. Gates such as
the forget gate, input gate, and a newly introduced quantile gate help
n updating these states effectively. The internal state is updated based
n the output gate and the cell state.
2348

o

2.6. Proposed DA-QLSTM

The proposed DA-QLSTM network integrates a dual attention mech-
anism with the quantile LSTM to enhance load forecasting accuracy.
This model is developed and trained using the TensorFlow environ-
ment. Initially, two LSTM layers are implemented, each with 64 neu-
rons and configured to return sequences. This setup enables the model
o identify both immediate and extended dependencies in the sequen-
ial data. The first LSTM layer captures initial patterns and short-term
ependencies while the second LSTM layer builds on these to learn
ore complex and longer-term patterns.

An attention mechanism is applied to enhance the output from the
LSTM layers, focusing on the most pertinent sections of the sequence.

ext, the data’s dimensionality is reduced by a GlobalAveragePool-
ng1D layer. The final output layer is a dense layer with a single
euron, designed for quantile prediction. In this study, we focus on
redicting the 0.5, 0.6 and 0.9 quantiles to capture the upper bound
f the expected load values, thus accounting for the potential high

load scenarios and providing a robust forecast. The model is configured
with the ‘Adam’ optimizer set to a learning rate of 0.01 and uses a
custom quantile loss function. Training is performed for 200 epochs

ith a batch size of 32 using the training data. This hybrid network,
depicted in Fig. 2, leverages the strengths of both techniques to
enhance prediction accuracy and robustness in load forecasting.

2.7. Dataset overview

To demonstrate the scalability and robustness of the DA-QLSTM
model, this study employs two different datasets. The IESCO dataset
contains hours, temperature, dew point, and humidity as an external
variable, whereas the Panama city dataset has temperature, relative
umidity and wind speed as independent variables. These external
arameters are recorded through different sensors at 2 meters altitude.
oth datasets are recorded at hourly intervals and differ in size. How-
ver, the data points for external and target variables are the same.
dditional information about each dataset is presented in Table 2.

During the data processing phase, missing values are removed, and the
MinMax scaler normalizes the data within a range of 0 to 1, where the
owest value is scaled to 0, the largest to 1, and all others are adjusted

between these scales. The data is then split into training and testing sets
using a 70–30 ratio, with 70% allocated for training and 30% reserved
for the models’ evaluation.

2.8. Hyper-parameter tuning

The effectiveness of deep learning models heavily relies on se-
ecting appropriate hyper-parameter values. This study also focuses
n optimizing hyper-parameters for deep learning models to enhance
orecasting accuracy. Table 3 displays the hyper-parameters together

with their optimum values and search space. Key parameters of the
LSTM architecture (including layer count and neuron configuration)
are customized to capture intricate temporal patterns within the data.

djustments to dropout rates aim to prevent overfitting while fine-
uning the Adam optimizer’s learning rate improves convergence speed
nd overall model performance. We employ a systematic tuning pro-
ess, potentially utilizing randomized search methods, to systematically
xplore and identify optimal configurations across diverse datasets.
he randomized search algorithm is run for 10 trails in which it ran-
omly samples the values from the defined search space and calculates
he MSE error at the end of each trail. The combination on which
he lowest MSE is calculated is set to optimized values. This ensures
he model’s resilience and its capability to deliver precise predictions
cross various scenarios. Furthermore, preprocessing techniques such
s MinMax scaling are applied to standardize input features, thereby
nhancing model stability during training and convergence. Through-
ut our experimentation, we continually adjust parameters based on
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Fig. 2. Proposed DA-QLSTM architecture.
Table 2
Datasets description.
Datasets Data points External parameters Duration

(years)

IESCO 13 128 Temperature, dew point, humidity 2
Panama (Madrid, 2021) 48 048 Temperature, humidity, wind speed 6
Table 3
Hyper-parameter optimization with search space and resulting values.

Hyper-parameter Search space Optimized values

No. of layers [1, 2, 3] 2
Optimizers [‘‘Adam’’, ‘‘RMSprop’’, ‘‘SGD’’] Adam
Learning rate [0.1, 0.005, 0.001, 0.0001] 0.0001
Drop out [0.1, 0.2, 0.3, 0.4, 0.5] 0.25
No. of units [32, 64, 128, 256] 64

their impact on model performance. This includes optimizing batch
sizes and training epochs to make an equilibrium between computing
effectiveness and complexities. By employing a rigorous optimization
approach, our objective is to maximize the predictive potential of the
DA-QLSTM model while minimizing computational resources, ensuring
consistent and reliable performance across a wide range of datasets.

2.9. Performance indicators

Five performance indicators: RMSE, MSE, MAE, NRMSE, and MAPE
are employed to assess the model’s performance. Moreover, a paired t-
test is also conducted in the proposed study. Mathematical descriptions
of these indicators are provided below (Ahmed et al., 2024b):

𝑅𝑀 𝑆 𝐸 =

√

√

√

√
1
𝑁

𝑁
∑

𝐼=1
(𝐸𝑀 − 𝐸𝐹 )2 (21)

𝑁 𝑅𝑀 𝑆 𝐸 = 𝑅𝑀 𝑆 𝐸
𝑚𝑒𝑎𝑛(𝑀𝐹 )

∗ 100 (22)

𝑀 𝐴𝐸 = 1
𝑁

𝑁
∑

𝐼=1
|𝐸𝑀 − 𝐸𝐹 | (23)

𝑀 𝑆 𝐸 = 1
𝑁
∑

(𝐸𝑀 − 𝐸𝐹 )
2 (24)
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𝑁 𝐼=1
𝑀 𝐴𝑃 𝐸 = 1
𝑁

𝑁
∑

𝐼=1

|𝐸𝑀 − 𝐸𝐹 |

𝐸𝑀
∗ 100 (25)

𝑡 = 𝑑
𝑠𝑑∕

√

𝑛
(26)

3. Results and discussion

The results of the suggested study are described in this part. The
simulations are performed in the Apple M1 chip processor using Python
language 3.9.10 software. For data preprocessing, pandas, numpy, mat-
plotlib, and scikit-learn libraries are used. The TensorFlow and Keras
libraries are exercised for modeling the deep learning architecture. The
proposed technique, DA-QLSTM, is tested on two separate datasets and
compared with GRU, RNN, RNN-GRU, RNN-LSTM, LSTM, and Q-LSTM
models. The proposed study is based on the following hypothesis:

(H): There is no significant difference between the forecasting
performance of the DA-QLSTM model and the second-best model
from the set of benchmarked techniques. The residuals of both
models are statistically similar.

3.1. Hybrid vs conventional model

The recommended framework is an integration of LSTM, attention
mechanism, and quantile phenomena. In Table 4, the comparison of
proposed DA-QLSTM algorithms is performed with the conventional
models of LSTM, DALSTM and QLSTM to highlight the benefits of
hybridizing different approaches.

The findings of Table 4, illustrate that the proposed approach out-
performs the conventional techniques: LSTM, DALSTM and QLSTMs, on
both datasets. Fig. 3 depicts a bar chart comparing the MAE and MAPE
values for DA-QLSTM, QLSTMs, and LSTM.
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Fig. 3. Bar plot comparison between hybrid and conventional models. (a) MAE bar plot (b) MAPE bar plot.
Table 4
Hybrid vs conventional models’ comparison.

DATASET MODELS RMSE MAE MAPE MSE NRMSE
(kW) (kW) (%) (kW)2 (%)

DALSTM 164.57 129.65 12.97 27 082.34 15.49
LSTM 68.01 46.01 4.61 4625.99 6.45
QLSTM (0.5) 68.77 47.37 4.79 4729.4 6.47

IESCO QLSTM (0.6) 75.19 53.8 5.49 5653.1 6.96
QLSTM (0.9) 114.09 94.26 9.71 13 014.42 10.09
DA-QLSTM 64.62 41.61 4.06 4176.58 6.22

DALSTM 158.47 125.04 10.51 25 115.82 12.96
LSTM 30.58 20.09 1.75 935.39 2.52
QLSTM (0.5) 33.89 23.73 2.04 1148.26 2.81

Panama QLSTM (0.6) 32.66 22.68 1.97 1066.89 2.71
QLSTM (0.9) 53.58 44.97 3.87 2870.58 4.26
DA-QLSTM 27.83 19.17 1.66 774.64 2.28

Fig. 4. Bar plot representation of MAPE error for the comparative analysis.

3.2. State-of-the-art comparison

The comparison between the suggested DA-QLSTM and cutting-edge
deep learning methods is presented in Table 5.

Table 5 reveals that the proposed integrated approach, DA-QLSTM,
exceeds in reporting forecasting performance than other systems across
both datasets. For the IESCO dataset, the DA-QLSTM achieves RMSE,
MAE, MAPE, MSE, and NRMSE values of 64.62, 41.61, 4.06%, 4176.58,
and, 6.22%, respectively. The model’s RMSE, MAE, MAPE, MSE, and
2350
Table 5
Evaluation of the suggested technique in comparison with state-of-the-art models.

DATASET MODELS RMSE MAE MAPE MSE NRMSE
(kW) (kW) (%) (kW)2 (%)

GRU 65.81 44.22 4.32 4331.19 6.33
RNN 67.62 46.91 4.71 4573.3 6.37

IESCO RNN-GRU 67.22 43.99 4.29 4518.81 6.38
RNN-LSTM 70.47 48.63 4.61 4967.27 6.91
CNN-RNN 68.46 47.72 4.66 4687.06 6.54
CNN-LSTM 67.58 46.79 4.65 4567.35 6.39
DA-QLSTM 64.62 41.61 4.06 4176.58 6.22

GRU 30.3 19.58 1.7 918.13 2.5
RNN 30.66 20.8 1.81 940.09 2.52

Panama RNN-GRU 31.22 19.8 1.73 975.03 2.57
RNN-LSTM 29.38 19.36 1.72 863.35 2.42
CNN-RNN 28.6 21.07 1.75 818.69 2.37
CNN-LSTM 34.06 27.11 2.22 1160.21 2.86
DA-QLSTM 27.83 19.17 1.66 774.64 2.28

NRMSE values are recorded on the Panama dataset as 27.83, 19.17,
1.66%, 774.64, and 2.28%, respectively.

Fig. 4, illustrates the MAPE of GRU, RNN, RNN-GRU, RNN-LSTM,
and DA-Q-LSTM as bar plots.

Fig. 5 shows the comparison of measured load curves with the
predicted curves of the introduced DAQ-LSTM method. Fig. 5 highlights
the robustness of the DA-QLSTM, as its estimated curves closely match
the observed curves.

The study also calculates the confidence interval of the proposed
DA-QLSTM using bootstrap aggregation. Table 6 assesses the confi-
dence interval for DA-QLSTM with bootstrap resampling. The MAE and
MAPE are used as a performance indicator in this regard.

In the proposed study, a paired t-test is used to statically compare
the DA-QLSTM with the second-best forecasting model from the set of
benchmarked techniques for robustness analysis. This test is conducted
to ensure that the difference between actual and forecasted values of
both models is statistically significant. The findings yield a t-statistic of
26.15 and a 𝑝-value of 3.71𝑒−19, indicating an overwhelming rejection
of the null hypothesis at any conventional significance level. These
findings validate that the proposed DA-QLSTM model significantly
outperforms the second-best model in capturing complex load patterns.
This statistical analysis with a paired t-test provides strong evidence for
the robustness and practicality of the proposed model for real-world
applications.
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Fig. 5. Curves comparison visualization for the IESCO and Panama City datasets.
Table 6
Confidence interval for DA-QLSTM’s MAE and MAPE.
DA-QLSTM Location MAE (kW) MAE CI MAPE (%) MAPE CI

IESCO 41.61 ± 1.56 [40.12, 43.17] 4.06 ± 0.18 [3.89, 4.24]
Panama 19.17 ± 0.33 [18.84, 19.50] 1.66 ± 0.11 [1.58, 1.77]
Table 7
Demonstrating the effect of hyper-parameters on network’s forecasting performance.

Hyper-parameters Values RMSE (kW) MAE (kW) MAPE (%)

1 64.62 41.61 4.06
No. of 2 67.87 45.7 4.59
layers 3 65.53 43.07 4.26

4 66.2 44.02 4.42

No. 64 76.1 55.19 5.67
neurons 96 71.37 50.55 5.18

128 66.34 44.84 4.49

Learning rate 0.001 67.03 43.23 4.23
0.0001 87.43 64.11 6.24

3.3. Ablation study

The ablation study is performed to assess the effect of hyper-
parameters on the network’s performance. The architecture of the LSTM
in optimized DA-QLSTM has one layer with 32 neurons and compiles
with a learning rate of 0.01. In the ablation study, we iterative change
these hyper-parameters and evaluate the model’s performance. Table 7
reports the findings of the ablation study.

4. Conclusions

For efficient power management and economic dispatch opera-
tions, accurate short-term load forecasting is essential. With traditional
and single deep learning models, complex and dynamic load patterns
are difficult to anticipate, requiring more advanced forecasting meth-
ods. This study has been proposed to present a novel forecasting
model that could discover and interpret intricate patterns in load data,
outperforming existing methods in accuracy.

The suggested network integrates quantile regression methods with
dual attention processes and long short-term memory networks. This
hybrid technique improves predictive accuracy and allows the model
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to learn intricate temporal patterns effectively. The Islamabad Elec-
tric Supply Company and Panama City datasets were used to test
the model’s robustness and generalizability. Moreover, the proposed
network is benchmarked to baseline deep learning approaches. The
main conclusions of this study are:

• The dual attention allows the LSTM to focus on relevant features
and time stamps for better learning of temporal dependencies.

• The quantile regression generates probabilistic forecasts on quan-
tiles, providing robust predictions.

• The DA-QLSTM records an improvement of 2.35% in mean abso-
lute percentage error as compared to the second-best-performing
model for the Panama City dataset.

• The DA-QLSTM records an improvement of 5.36% in mean abso-
lute percentage error as compared to the second-best-performing
model for Islamabad Electric Supply Company datasets.

This study makes a substantial contribution to the field of short-
term load forecasting. For power grid operators and market players,
the DA-QLSTM model provides a useful tool that facilitates better
decision-making in domains including demand response programs, en-
ergy trading, and grid management. Although the DA-QLSTM model
showed notable gains in performance, it is important to recognize
some of its drawbacks. The model’s generalizability to other locations
or datasets with distinct characteristics has yet to be investigated, as
the study mainly concentrated on two particular datasets. In future
work, the study aims to investigate the performance of the model
for intra-hours and peak load periods. Moreover, future work will
refine the DA-QLSTM model by integrating additional neural network
topologies and assessing the system’s output on more extensive and
varied datasets. Furthermore, the proposed technique is validated in
practical applications of economic dispatch analysis.
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List of abbreviations

AR Auto Regressive IESCO Islamabad Electric
Supply Company

ARIMA Auto Regressive
Integrated Moving
Average

LSTM Long Short-Term
Memory

ANN Artificial Neural
Network

MLR Multiple Linear
Regression

AQS Average Quantile
Score

MAE Mean Absolute
Error

BP Back Propagation MSE Mean Square Error
BWO Beluga Whale

Optimization
MAPE Mean Absolute

Percentage Error
CNN Convolutional

Neural Network
NMBE Normalized Mean

Biased Error
DA Dual Attention RNN Recurrent Neural

Network
DBN Deep Belief

Network
RESNET Residual Neural

Network
ELM Extreme Learning

Machine
RMSE Root Mean Square

Error
FCNN Fully Connected

Neural Network
SCADA Supervisory

Control and Data
Acquisition

GRU Gated Recurrent
Unit

SEQ-2-SEQ Sequence to
Sequence

ISO Independent
System Operator

TCN Temporal
Convolutional
Network

List of nomenclature

𝑎(𝜏) Forget gate
𝑏(𝜏) Input gate
𝑜(𝜏) Output gate
𝑏𝑡 Update gate
𝑒𝑡 Alignment score
𝑠𝑡 Encoder state
𝛽𝑡𝑖 Attention weight
𝑑𝑡 Context vector
𝐸𝑀 Measured value
𝐸𝐹 Forecasted value
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