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Abstract:
Accurate short-term electric load forecasting is essential for effective power system planning and
operational reliability, particularly in the face of demand variability introduced by intermittent energy
sources. This paper introduces a novel Dual-Sequence hybrid model for short-term load forecasting
(STLF) that integrates LSTM/BiLSTM networks with Extreme Gradient Boosting (XGBoost) using
stacking technique. Initially, LSTM, BiLSTM, and XGBoost models are developed independently to
forecast electricity load. Subsequently, a combined structure is constructed by embedding LSTM and
BiLSTM generated features into the XGBoost model, allowing the integration of temporal learning
capabilities with robust feature selection and optimization. While LSTM networks are proficient in
modeling nonlinear temporal dependencies, their performance can be hindered by increased
computational complexity as model parameters scale. To address this, XGBoost is employed to
reduce input dimensionality and mitigate overfitting risks. The proposed hybrid model was validated
using real-world datasets from Malaysia. Experimental results demonstrate that the combined model
significantly outperforms individual models, as well as single-hybrid models, reducing MAPE by
5.7% and 4.3%, respectively, achieving a mean absolute percentage error (MAPE) of 1.15%. This
notable reduction in forecasting error highlights the potential of the Dual-Sequence hybrid approach
for advancing short-term load forecasting applications.

Keywords: Short-term load forecasting; deep learning; Extreme Gradient Boosting; stacking
approach; multivariate time series.

1. Introduction

Accurate Short-Term Load Forecasting (STLF) is essential for maintaining the balance between
electricity supply and demand, enabling efficient resource management and reducing operational
costs. In competitive energy markets, even a 1% increase in STLF error can lead to over 10 million
United States Dollar (USD) in additional expenses annually (Peng et al., 2021). To improve forecast
accuracy, researchers have explored various approaches, typically categorized into statistical, data-
driven, and hybrid models. Hybrid methods are particularly promising, as they integrate the strengths
of multiple techniques while mitigating individual limitations (J. Li et al., 2020)(Tayab et al., 2020).
This paper proposes a dual-sequence hybrid Long Short-Term Memory and Bidirectional Long Short-
Term Memory with Extreme Gradient Boosting (LSTM/BiILSTM-XGBoost) Model for next-day
hourly load forecasting. While LSTM and BiLSTM effectively model sequential dependencies, and
XGBoost excels at learning nonlinear relationships, each approach alone has limitations. This
motivates a hybrid model that integrates LSTM and BiLSTM features into XGBoost, combining
temporal learning and nonlinear predictive strength to achieve more accurate and robust load
forecasts. The remainder of this section reviews the literature review of related work and also some
problems and gaps are discussed.

Received: August 12, 2025 1197



International Journal of Applied Mathematics

Volume 38 No. 3s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

1.1. Literature Review

1.1.1. Statistical models

Statistical models use mathematical functions and historical data to uncover patterns and forecast
future behavior. Common approaches include the AutoRegressive Integrated Moving Average
(ARIMA), its extension Autoregressive Integrated Moving Average with eXogenous variables
(ARIMAX), and Multiple Linear Regression (MLR) models (Moradzadeh et al., 2021). ARIMA has
proven effective for peak load forecasting, often outperforming the simpler AutoRegressive Moving
Average (ARMA) model (Moradzadeh et al., 2021)(Yang, 2019). The ARIMAX model, which
incorporates external factors such as weekday, weekend, and holiday effects, has also shown
improved accuracy (Shilpa & Sheshadri, 2020)(Xiao et al., 2022) . To address seasonal variations
and nonlinear dependencies, the Seasonal AutoRegressive Integrated Moving Average (SARIMA)
model has been proposed as a more robust alternative (Maldonado et al., 2019). However, as the
number of input variables increases, statistical models may face limitations due to longer computation
times, higher processing demands, and limited generalization capabilities(Massaoudi et al., 2021). In
addition, a time-varying state space model employing the Kalman filter has been used to estimate
hourly load demand (Al-Hamadi & Soliman, 2004). More recently, a fuzzy linear regression approach
was introduced, where model parameters were estimated using a mixed linear programming method
based on three years of historical data (Song et al., 2005).

1.1.2. Artificial intelligence (AI) models

Artificial intelligence (Al) models are increasingly favored in short-term load forecasting (STLF) due
to their ability to capture complex, nonlinear relationships between load demand and influencing
factors (Solyali, 2020). Among these, Artificial Neural Networks (ANNs) are widely used for their
self-learning and error-tolerant nature. However, limitations in generalizability led to the
development of support vector machines (SVMs) as an alternative (Ye et al., 2012). Comparative
studies have demonstrated that XGBoost often outperforms traditional models such as
backpropagation neural networks, especially under seasonal conditions(Engineering & 2020, 2020).
Variants like a window-based XGBoost incorporating real-time pricing achieved a Mean Absolute
Percentage Error (MAPE) as low as 0.35% (Zhao et al., 2022), and other versions have effectively
modeled peak loads during extreme weather events (Deng et al., 2022). Recent advancements in deep
learning have emphasized LSTM models, with applications in both single-step and multi-step
intraday forecasting. These models have outperformed Generalized Regression Neural Networks
(GRNN) and Extreme Learning Machines (ELM) in accuracy (Hossain et al., 2020). Bi-LSTM, in
particular, has shown a lower MAPE of 0.22% and superior peak load prediction capabilities
compared to stacked LSTM, although some studies report the opposite(Atef et al., 2020)(Mughees et
al., 2021)(Ren et al., 2022). Although model performance can vary due to differences in datasets and
implementation, LSTM-based architectures consistently demonstrate strong performance across a
wide range of STLF scenarios.

1.1.3. Hybrid models

Hybrid models, which integrate multiple predictive algorithms, are increasingly employed in short-
term load forecasting (STLF) to leverage the strengths of individual techniques(Wu et al.,
2019)(Moradzadeh et al., 2020). By combining data processing methods with neural networks, these
models aim to improve forecasting accuracy. For example, a hybrid model using a Grasshopper
Optimization Algorithm (GOA) and a Support Vector Network (SVN) outperformed standard
Support Vector Machines (SVMs) when accounting for variables like temperature and humidity,
though it left room for incorporating additional factors(Barman et al., 2018). Another approach
utilized Wavelet Neural Networks (WNNs) to decompose inputs, followed by ANN for prediction,
achieving lower MAPE than standalone ANNs (El-Hendawi et al., 2020). LSTM—-XGBoost hybrids
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have also shown promise, with one model achieving a MAPE of 0.57 using a reciprocal error
technique (C. Li et al., 2019). While stacking techniques may offer even greater integration potential,
research in this area remains limited (Massaoudi et al., 2021). An advanced hybrid model employed
stacking alongside an improved artificial fish swarm algorithm to integrate multiple Support Vector
Regression (SVR) models using prior-day temperature data (Tan et al., 2020). Another ensemble
combined Deep Neural Networks (DNNs) using Principal Component Regression (PCR) to construct
a robust metamodel (Moon et al., 2020). These examples highlight the effectiveness of ensemble
learning in boosting prediction performance. This review explores these advancements, focusing on
hybrid LSTM/BiLSTM—XGBoost methodologies and their implications for improving STLF
accuracy.

1.1.4. Difficulties in Building the STLF Model

Developing a high-performance STLF model requires careful consideration of several influencing
factors, including historical load data and meteorological variables such as wind speed, temperature,
humidity, and atmospheric pressure. Due to the complexity and nonlinearity inherent in STLF data
characterized by intra-seasonal variations and dynamic patterns-accurate prediction using a single
model remains challenging (Taylor et al., 2008)(Society & 2003, 2003) (see Fig. 1). Traditional linear
models like ARIMA, SARIMA, and Seasonal AutoRegressive Fractionally Integrated Moving
Average (SARFIMA) demand extensive data preprocessing and rely on autocorrelation and partial
autocorrelation analyses to identify suitable hyperparameters. However, even with such tools, optimal
parameter selection is often uncertain and difficult to generalize (Gooijer et al., 2006) (see Fig. 2). In
contrast, hybrid deep learning approaches, particularly LSTM/BiLSTM—-XGBoost models, offer
improved accuracy through automated feature extraction and the ability to model complex temporal
dynamics.
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Fig. 1: Hourly load data of year 2009 and 2010
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Fig. 2: Auto-correlation of the load data of Malaysia

2. Materials and Methods
This section outlines the methodology employed and the structure of the proposed model.

2.1. Long Short-Term Memory (LSTM)

LSTM was suggested in 1997 by Hochreiter and Schmidhuber as a standard type of Recurrent Neural
Networks (RNN) for learning and processing long-term information, time-series data, feature
extraction, and pattern recognition(Hochreiter et al., 1997)(Choi et al., 2020). The problems of
gradient vanishing and the explosion of long-term dependencies have been improved by replacing
the LSTM with basic hidden neurons in the RNN structure. As shown in Fig. 3, the LSTM includes
the forget gate, input gate, update gate, and output gate in the principle structure(Wang et al., 2019).
The LSTM network implements temporary memory through switch gates to prevent gradient
vanishing. The main computation formula of the LSTM is as follows (Wang et al., 2019)(Guo et al.,
2019):

fe= G(Wf(ht—lr x) + bf)

()

ir = o(Wi(he—1, x¢) +by) (2)
¢; = tanh(W.((he—q, x¢) + be)

(3)

¢ = fiCeq +1cCe

4)

o = o(W, (heq, xp) + b,)

(%)

h, = o, tanh(c,)

(6)

where f;, i;, ¢;, and o, determine the output values of the forget, input, update, and output gates,
respectively, Wy, W;, W,, and W, demonstrate the weight metrics, bs, b;, b., and by, illustrate the

bias vectors, ¢; and 0 show the memory cell and sigmoid activation function, respectively. In
addition, the inputs of the four gates contain the LSTM target value h,_, at a past time step t — 1.
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Fig. 3: The structure of LSTM.

2.2. Bidirectional Long Short-Term Memory (BiLSTM)

The Bidirectional Long Short-Term Memory (BiLSTM) network extends the conventional LSTM by
integrating both forward and backward information flows. As illustrated in Fig. 4, BILSTM comprises
a forward LSTM layer and a backward LSTM layer. In the forward pass, the forward LSTM
sequentially processes the input from the start to the end, effectively capturing past dependencies.
Simultaneously, the backward LSTM traverses the sequence in reverse, capturing future
dependencies. The outputs from both directions are then combined to form the final output sequence.
This bidirectional mechanism enables the network to leverage contextual information from both past
and future time steps, reducing dependency on any single point in the sequence and enhancing overall
model robustness(Atef et al., 2020)(Mughees et al., 2021).
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Fig. 4: The structure of BILSTM

2.3. Extreme Gradient Boosting (XGBoost)

XGBoost, which stands for Extreme Gradient Boosting(Chen & Guestrin, 2016), is a highly efficient
and powerful machine learning algorithm designed to enhance the performance of gradient boosting
models. It excels in accurately capturing dynamic trends in short-term power loads, thus making it
particularly effective for STLF problems(Engineering & 2020, 2020). It primarily utilizes gradient
boosting decision trees to enhance speed and performance. The technique works by iteratively adding
new weak learners to correct the residuals of previous ones. This iterative process addresses the
limitations of individual learners, which might not achieve satisfactory results on their own. By
combining these weak learners, XGBoost produces a final prediction that is more accurate than the
predictions of the individual models. In essence, the final prediction generated by XGBoost is the
sum of the scores of each weak learner(Suo et al., 2019)(Nobre et al., 2019) . The computational
procedure of the XGBoost is as follows:

1: The sample weights and model parameters are first initialized by assigning the same weights to all
samples in the training set.
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2: We need to use Equation (1) to calculate the classification error rate at each iteration:

Y wil(yi#Gex;
err, = =—L2 -l (ZY‘LN cXi)
l

(7)

where w; denotes the weight of the i sample, and G,xi is the prediction of the c'" classifier.

3: In the following iteration, the sample weights are updated to place more emphasis on misclassified
instances, as shown in Equation (2):

Wiy, = Wieacl(yi:thxi)

(8)

where a. = log((1 — err.)/err,)

4: To optimize model performance, XGBoost minimizes a regularized objective function that
balances prediction accuracy with model complexity. The objective function is expressed in Equation
3):

Opj = 2 L (v 90) + ZEo1 Q (i)

)

Here, L(y;,¥;) denotes the loss between the true value y; and the predicted value y; ,and Q(f})is the
predicted value, and Q(f;) is a regularization term applied to the k' tree to control its complexity.
5: The complexity term Q(f) is calculated using Equation (4):

Q) = YN +-AZN, w?

(10)

where N is the number of leaf nodes, and vy is a penalty term for each additional leaf node, and A is
the L2 regularization coefficient. This regularization strategy ensures that the model remains

generalizable and less prone to overfitting by penalizing overly complex tree structures.
Table 1: List of best parameters of XGBoost

Class Parameter Value
General Parameters Booster Gbtree
Booster Parameters learning rate 0.05
Booster Parameters max_depth 5
Booster Parameters min_child weight 1
Booster Parameters Subsample 0.7
Booster Parameters colsample bytree 0.7
Booster Parameters n-estimators 1000

2.4. Stacking Technique

The stacking technique is a form of ensemble learning that combines multiple predictive models to
enhance overall performance. Its main objective is to capitalize on the strengths of individual models
while mitigating their respective weaknesses. Typically, stacking consists of two layers: the first
layer, comprising several base models, and the second layer, a single meta-model. The predictions
generated by the base models serve as new input features for the meta-model, whose output
constitutes the final prediction. Employing multiple base models in the first layer is advantageous for
feature learning, as it allows the ensemble to capture diverse patterns from different modeling
perspectives. For the meta-model layer, XGBoost has proven particularly effective due to its capacity
to handle complex nonlinear relationships and optimize predictive performance (Moon et al., 2020).

2.5. The Structure of the Proposed Model

The proposed model is a stacked ensemble approach for short-term load forecasting, combining
LSTM and BiLSTM predictions as input features for an XGBoost meta-model. In this architecture,
LSTM and BiLSTM serve as base models in the first computational layer, each capturing distinct
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temporal patterns from the data. Their predictions are then integrated by the XGBoost meta-model,
forming the second layer, which produces the final load forecast. By leveraging the complementary
strengths of the base models, the stacking framework provides a more robust and accurate prediction,
capturing diverse patterns and nonlinear relationships in the load data Fig. 5.

The development of the proposed model follows a systematic process:

1. Data normalization: The training dataset is transformed using min—max scaling to standardize
feature ranges, reducing the impact of heterogeneous data and improving model stability.

2. Base model prediction: LSTM and BiLSTM are applied independently to generate initial
predictions, which are then combined to form a comprehensive feature set for the meta-model.

3. Meta-model prediction: The XGBoost meta-model leverages the processed base model outputs to
produce the final forecast.

4. Evaluation: The predictive performance is assessed on the testing dataset using MAPE and RMSE,
providing quantitative measures of accuracy and robustness.
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Fig. 5: Structure of the proposed hybrid LSTM/BiLSTM-XGBoost model

3. Results
The experimental analysis employed the hourly-load-data dataset, made available on Kaggle. This
dataset, originally compiled by the power supply company of Johor, Malaysia, encompasses hourly
electricity load records from the years 2009 and 2010 (see Fig. 1). Temperature time series was
coupled with hourly load data, to improve the accuracy of the model. The temperature time series
were plotted in Fig. 6. The data is split into train and test sets as detailed in Table 2.
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Fig. 6: Temperature data of year 2009-2010
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Table 2: Train and test sets for year 2009 to 2010.

Type of Data Start and end period Number of items
Train set Start from 2009-01-01 01:00 a.m. 17422
To 2010-12-27 23:00
a.m. 72
Test set Start from 2010-12-28 00:00 a.m.
To 2010-12-30 23:00
a.m.

3.1. Evaluation Metrics

The Absolute Percentage Error (APE), the Mean Absolute Percentage Error (MAPE), and the Root
Mean Squared Error (RMSE), as mentioned in Eq.11-Eq.13, represent the most important criteria
utilized when evaluating the results of the models in STLF. In this study, the comparison relies on
these metrics, which are described as follows:

APEi _ |(Actuali - Predictedi)| % 100

Actual;
(11)
Where Actual; denote the observed value at instance 7, and Predicted; represent the corresponding
forecast generated by the model.

1 Actual; — Predicted;
MAPE =237, |¢ )

Actual;
(12)
Where Actual; denote the observed value at instance i, and Predicted; represent the corresponding
forecast generated by the model. A larger value signifies a greater deviation between the predicted
and actual loads, while minimizing this value is essential to attain optimal prediction accuracy.

RMSE = \/%Zi“:l (Actual; — Predictedi)2
(13)

where Actual; is the observed value, Predicted; is the model’s estimated value for observation i, and
n is the total number of observations. RMSE measures the standard deviation of prediction errors,
indicating how closely the predicted values match the actual values

x 100

3.2. System Configuration

To ascertain the efficacy and authenticity of the proposed methodology, a Keras version: 3.8.0
platform, accompanied by TensorFlow version: 2.18.0, is employed on a personal computer featuring
an Intel Core 15, 2.3GHz central processing unit, 8GB of RAM, and a 500GB solid-state drive,
operating under a Windows 10 environment.

3.3. Experimental Evaluations

The method is implemented in Python. Keras is used to implement LSTM, and Python XGBoost is
used to implement XGBoost. The sampling period of the electrical load data was set to 24 hours, and
24 sets of data were generated each day. The training data of the LSTM, BiLSTM, and XGBoost
models is from 01/012009 to 27/12/2010. The test data is from 28/12/2010 to 30/12/2010, and the
power load from 29/12/2010 to 30/12/2010 is forecasted. The forecasted and actual comparison
among the six methods is shown in Fig. 7. The forecast residuals are shown in Fig. 8. The evaluation
of average MAPE, and RMSE of the all methods are shown in Table 3.

Received: August 12, 2025 1204



International Journal of Applied Mathematics

Volume 38 No. 3s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

—— Actual Load
70000 LSTM
—— BILSTM
—— Hybrid LSTM-XGBoost
—— Hybrid BiLSTM-XGBoost

60000 —— Hybrid LSTM/BILSTM-XGBoost
—— XGBoost
S
< 50000
g
40000
30000
X ® o\ O O P v O P
059 \,Lf@ \,Lfi’“‘ \,Lff’ \,Lf@ @”Q 0,“9 059 R
Fig. 7: Forecasted and actual time series comparison among all methods for test dataset of year
2009-2010.
Table 3: Evaluation of average MAPE and average RMSE for the proposed method and some other
models in STLF.
Model MAPE (%) RMSE
LSTM 1.81 0.0140
BiLSTM 1.55 0.0105
XGBoost 3.81 0.0342
Hybrid LSTM-XGBoost 1.28 0.0104
Hybrid BILSTM-XGBoost 1.18 0.0089
Proposed LSTM/BiLSTM-XGBoost  1.15 0.0084
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Fig. 8: Comparison of Residuals for all Models
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4. Discussion

The experimental results demonstrate the comparative performance of individual and hybrid models
for short-term load forecasting. Among the standalone models, BILSTM outperformed LSTM and
XGBoost, reflecting its ability to capture bidirectional temporal dependencies in the load data.
XGBoost alone, while effective for nonlinear regression on tabular features, yielded the highest error,
indicating that purely sequential patterns were not fully exploited. Integrating LSTM and BiLSTM
outputs into XGBoost markedly improved accuracy, with hybrid models outperforming their
individual counterparts. Notably, the dual-sequence hybrid LSTM/BiLSTM-XGBoost achieved the
lowest errors, benefiting from complementary insights of unidirectional and bidirectional sequences
and the nonlinear learning capability of XGBoost. These findings underscore the effectiveness of
hybrid stacking strategies, demonstrating that combining deep sequential networks with ensemble
regressors produces more accurate and robust load forecasts suitable for operational power system
applications.

5. Conclusion

The proposed LSTM/BiLSTM-XGBoost hybrid model demonstrates superior performance for short-
term load forecasting compared to both standalone and simpler hybrid models. By integrating features
from LSTM and BiLSTM into XGBoost, the model effectively combines sequential learning with
gradient-boosted regression. The dual-hybrid approach leverages complementary insights from
unidirectional and bidirectional sequences, producing richer feature representations that enhance
forecast accuracy and robustness. These results highlight that combining deep recurrent networks
with ensemble-based regressors is a powerful strategy for reliable short-term load forecasting,
offering practical value for improved operational decision-making and grid stability.
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