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1. Introduction

Electricity load forecasting plays a crucial role in the management and operation of power
systems, particularly as electricity demand continues to increase and fluctuate due to economic
development, industrialization, and urbanization. Accurate load forecasting not only optimizes
the operation of power systems, ensuring a stable power supply, but also reduces operational
costs and maximizes the efficient utilization of energy resources. Over the years, numerous load
forecasting models have been developed, including both traditional and advanced machine
learning methods. Conventional approaches like Linear Regression [1], [2] and AutoRegressive
Integrated Moving Average (ARIMA) [3], [4] rely on historical data for predictions.
Meanwhile, modern machine learning models such as Random Forest (RF) [5], [6] and Support
Vector Regression (SVR) [7], [8] can handle complex data patterns. Boosting techniques like
XGBoost [9], [10] and LightGBM [11], [12] are widely used due to their high performance.
Additionally, neural networks such as Artificial Neural Networks (ANN) [13], [14],
Convolutional Neural Networks (CNN) [15], [16], Recurrent Neural Networks (RNN) [17],
[18], and especially Long Short-Term Memory (LSTM) [19], [20], have shown strong results
in time-series forecasting. Other models, including Decision Tree Regression (DTR) [21], [22],
Gradient Boosting Machine (GBM) [23], [24], and CatBoost [24], [25], continue to be
improved for more accurate load forecasting.

Traditional models are generally easier to understand and implement but may struggle with
large and complex datasets. In contrast, modern machine learning models excel at handling
complex and non-linear data patterns but require significant computational resources and face
challenges in interpretability. Models such as ANN [26], RNN [27], LSTM, and CNN [28] have
proven effective in capturing non-linear and sequential patterns in electricity load time-series data.
ANN is commonly used to model non-linear relationships between inputs and outputs. RNN, with
its recurrent structure, handles sequential data well by retaining information from previous time
steps. LSTM, an improvement over RNN, addresses the vanishing gradient problem and is better
suited for more extended time-series data. Although initially designed for image processing, CNN
has been successfully applied to time-series forecasting due to its ability to extract local features.

However, these models have notable limitations. Hyperparameter tuning is complex, requiring
significant time and expertise. Furthermore, they are prone to overfitting when training data is small
or noisy, resulting in poor generalization to new data. Complex models like LSTM and CNN also
demand substantial computational resources, challenging their practical implementation.

The Stacking Ensemble model was introduced in [29] and [30] to address this challenge.
Stacking is a method that integrates multiple forecasting models to construct a composite model,
thereby enhancing forecasting accuracy and generalization. Unlike traditional standalone models,
stacking exploits the advantages of various base models while mitigating their limitations. This
approach leads to improved performance metrics and greater adaptability to dynamic conditions,
effectively addressing common challenges associated with ANN, RNN, LSTM, and CNN,
particularly regarding computational efficiency and stability.

This study utilizes models such as XGBoost, LightGBM, Random Forest, and SVR to
construct a Stacking Ensemble model to enhance the efficiency of electricity load forecasting.
This approach reduces common errors such as MAE, MAPE, MSE, and RMSE and provides
excellent stability under varying conditions. Comparative analyses show that the Stacking
Ensemble outperforms traditional methods like ANN, RNN, and LSTM, particularly regarding
error reduction and computational efficiency. While conventional models often require
significant computational resources and are sensitive to noisy data, the Stacking Ensemble
demonstrates greater robustness and reliability across various scenarios. This study highlights the
ability of the Stacking Ensemble to achieve an optimal balance between accuracy and efficiency,
addressing key challenges in modern electricity load forecasting.
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2. Modern machine learning methods
2.1. XGBoost

XGBoost (Extreme Gradient Boosting) is a gradient boosting method optimized for high
performance and fast speeds. It builds sequential decision trees, each trying to minimize the
remaining errors of the previous tree.

Supposedly we have a dataset with n observations and m characteristics. The goal of XGBoost
is to minimize the loss function:

L($) = Ty L (i 91) + Zhoa Q(f) (1)

In which:

y;, ¥; is aloss function measuring the difference between the actual value and the forecast
value yi!ﬁi

£ is the regularization term for the tree model, which was added to control the complexity of
the model and prevent overfitting.02f;,

K is the number of decision trees in the model.

f is the Kth determinant tree in the model. f;

In power load forecasting, XGBoost utilizes historical data and factors like time, day, and
temperature to build an accurate model. It addresses short- and long-term forecasting challenges,
managing non-linear relationships, reducing errors, and preventing overfitting. XGBoost
improves forecast accuracy and efficiency across various scenarios.

2.2. LightGBM

LightGBM (Light Gradient Boosting Machine) is an advanced variant of the Gradient
Boosting algorithm, specifically designed to handle large and high-dimensional datasets with
increased speed and performance. Unlike the traditional "Level-wise" approach, LightGBM uses
a "Leaf-wise" technique to build decision trees, significantly enhancing the model's performance
by focusing on the most significant splits. While LightGBM is rooted in the Gradient Boosting
principle applied to decision trees, it incorporates several optimizations that accelerate training
and reduce memory usage, making it highly efficient for large-scale data processing.

Like other Gradient Boosting models, LightGBM's general goal function:

L($) = Iy 1(y1, §1) + They Q) 2)

In which:

v;, ¥; is the loss function between the actual value and the forecast value

(fx) is the regularization term that controls the complexity of the tree that determines fkf_kfk.

n is the number of observations in the data.

K is the number of decision trees in the model.

2.3. Random Forest

Random Forest is an ensemble algorithm that uses multiple decision trees to improve prediction
accuracy. Known for its robustness, it reduces overfitting and enhances performance in tasks like
power load forecasting. The model trains each tree on random subsets of the data, and for regression
tasks, such as load forecasting, the final prediction is the average of all tree outputs.

~

= I Im 3)
In which:
y is the aggregate prediction value.
M is the total number of trees in the forest.
¥ is the predicted value from the mth decision tree
Random Forest is a robust algorithm for short- and long-term load forecasting. It combines
multiple decision trees to improve prediction accuracy and reduce overfitting. By averaging
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outputs, it ensures stable and reliable predictions. The algorithm handles large datasets, manages
missing data, and processes non-linear relationships effectively. Its high accuracy makes it ideal
for practical applications in the energy sector. Random Forest supports grid management, energy
supply optimization, and demand forecasting. It provides deeper insights into factors influencing
energy demand, such as weather, time, and seasonal patterns. This flexibility makes it highly
valuable for improving decision-making. Organizations can rely on Random Forest to achieve
accurate forecasts and ensure operational efficiency in energy-related tasks.

2.4. Support Vector Regression

Support Vector Regression (SVR) is a machine learning method adapted from Support Vector
Machines (SVM) principles and explicitly designed for regression tasks. Unlike traditional
regression methods, SVR identifies a hyperplane in a high-dimensional space that best predicts
the output values. SVR aims to minimize prediction errors while ensuring that most data points
lie within a predefined tolerance margin, known as the epsilon margin.

SVR achieves this by balancing two objectives: reducing the error between predicted and
actual values and maintaining model simplicity to avoid overfitting. SVR can efficiently handle
non-linear relationships between features and the target variable by introducing kernel functions
(e.g., linear, polynomial, or radial basis function). This versatility makes SVR particularly useful
for tasks involving complex patterns and noisy data, such as load forecasting, stock price
prediction, and other regression problems.

2.5. Proposed research methodology
2.5.1. Stacking Ensemble Method

Stacking is an ensemble machine-learning technique that combines predictions from multiple
models to generate a final, more accurate prediction. The core idea of stacking is to leverage the
strengths of diverse machine learning models to improve forecasting accuracy. In a stacking
framework, the initial predictive models, known as base models, are trained on the input data to
generate predictions. These predictions are then fed into a secondary model, the meta-model,
which learns from them to produce the final forecast.

A significant advantage of stacking is its flexibility in combining various models, such as
linear regression, Random Forest, XGBoost, LightGBM, SVR, ANN, CNN, RNN, and LSTM, to
create a more robust model with higher generalization capabilities and reduced forecast errors.
This study selected four independent machine learning models—XGBoost, LightGBM, Random
Forest, and SVR—as base models due to their complementary strengths in handling complex data
patterns. These base models were trained on the same dataset (X_train, y_train) and, after
training, generated predictions for the test dataset (X_test). These predictions were then
combined to form a new dataset (X_meta), which served as input for the meta-model. The meta-
model, often a simple algorithm such as linear regression (Ridge), was trained on this new dataset
(X_meta) using the actual results (y_test) as the target output. Once trained, the meta-model
integrated the predictions from the base models to produce the final forecast. This two-level
architecture not only enhances accuracy but also improves stability by addressing the weaknesses
of individual models.

To evaluate the performance of the Stacking Ensemble model, standard error metrics such as
MAE (Mean Absolute Error), MAPE (Mean Absolute Percentage Error), MSE (Mean Squared
Error), and RMSE (Root Mean Squared Error) were used. The results of the base models and the
Stacking Ensemble were compared with the actual values and visualized to clearly illustrate the
differences in accuracy and overall performance.
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2.5.2. Algorithm Flowchart

Figure 1 illustrates the load forecasting data preparation process, starting with raw data
collection from sources like databases or APIs. The data is preprocessed through cleaning,
normalization, and encoding, resulting in a clean dataset. Features (X) and labels (y) are split, then
divided into training (X_train, y_train) and testing sets (X_test, y_test). The training set trains the
model, while the testing set evaluates its accuracy and reliability for real-world predictions.

I

Input Data
Processing

|

Test Data
X_test

|

Figure 1. Input data processing algorithm flowchart
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Figure 2. Algorithmic flowchart of the Stacking model

Figure 2 illustrates constructing a load forecasting model using multiple machine learning
techniques to optimize accuracy. Raw data is collected from sources like databases, files, or APIs
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and processed into training (X_train, y_train) and testing sets (X_test, y_test). Four models—
XGBoost, LightGBM, Random Forest (RF), and Support Vector Regression (SVR)—are trained
separately on the training set. Each model generates predictions (Y_pred) on the test set, which
are combined into a new dataset (X_meta, y_meta) to train a meta-model. The meta-model acts
as an ensemble layer, integrating the base models' outputs for more accurate predictions. After
evaluation on a new test set, the meta-model provides the final forecast, leveraging the strengths
of each base model to improve accuracy and reliability in load forecasting.

3. Results and Discussion
3.1. Electrical Load Data

The load data utilized in this study comprises the electricity load in Ho Chi Minh City, as
presented in Table 1, recorded from 2010 to 2018, with measurements taken at hourly intervals.
Table 1 details the key parameters and characteristics of this dataset. This dataset will be divided
into two subsets, training and testing data, to facilitate forecasting electricity load in Ho Chi Minh
City. The training data will be used to build and fine-tune the forecasting models. In contrast, the
testing data will be employed to evaluate the models' accuracy and performance in predicting
future electricity demand.

Table 1. Input Load Data

Date\Time 0:00 hours 23:00 hours

10/11/2010 11174 MW e 1305.5 MW

10/13/2010 1298.3 MW 1278.9 MW

31/12/2018 1902.7 MW e 2059.5 MW
3.2. Results

Figures 3, 4, 5, 6, and 7 present graphs of predicted and actual values for the Random Forest,
SVR, XGBoost, LightGBM, and Stacking models, respectively. The graphs show that the
predicted values closely align with the actual values, demonstrating the effectiveness of the
applied models.
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Figure 3. The graph of predicted values Figure 4. The graph of predicted values
using the Random Forest model using the SVR model
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Figure 5. The graph of predicted values Figure 6. The graph of predicted values
using the XGBoost model using the LightGBM model
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Figure 7. The graph of predicted values using the Stacking model

Table 2 summarizes the error metrics (MAE, MAPE, MSE, and RMSE) for the Random
Forest, SVR, XGBoost, LightGBM, and Stacking models. The analysis shows that the Stacking
model outperforms the others, achieving the lowest error values, including an MAE of 30.18,
MAPE of 1.35%, MSE of 1912.63, and RMSE of 43.73. These results indicate that Stacking
provides the highest predictive accuracy and the most effective error reduction, making it the
optimal model for this task. In contrast, LightGBM recorded the highest error values across all
metrics, with an MAE of 37.15, MAPE of 1.68%, MSE of 2617.46, and RMSE of 51.16. This
demonstrates that LightGBM is significantly less effective in load forecasting. XGBoost
performed better than LightGBM, with an MAE of 31.39, MAPE of 1.41%, MSE of 2142.72, and
RMSE of 46.29, indicating a moderate performance. Similarly, Random Forest achieved
comparable results with an MAE of 30.43, MAPE of 1.36%, MSE of 2007.99, and RMSE of
44.81, proving it to be a reliable forecasting model. SVR showed average performance, with an
MAE of 34.43, MAPE of 1.56%, MSE of 2287.92, and RMSE of 47.83, ranking below Stacking
but above LightGBM. Overall, Stacking outperforms the other models by effectively combining
multiple base models, delivering higher predictive accuracy and better adaptability to data
variability. This makes Stacking the most optimal choice among the applied models.

Table 2. Error values of the models

Model MAE MAPE MSE RMSE
Random Forest 30.42962849  0.013608948  2007.986 44.81056
SVR 34.42934989  0.015570728  2287.916 47.83216
XGBoost 31.38944068  0.014104695  2142.716 46.28948
LightGBM 37.1546672 0.016842936  2617.463 51.16114
Stacking 30.17780634  0.013536993  1912.633 43.73366

4. Conclusion

The Stacking model, combining base models like Random Forest, SVR, XGBoost, and
LightGBM, outperforms individual models in short-term load forecasting by achieving lower
MAE, MAPE, MSE, and RMSE values. It mitigates base model limitations, such as the higher
errors of LightGBM, by integrating outputs to enhance accuracy and adaptability.

Beyond load forecasting, this research aligns with advancements in machine learning across
industries, showcasing the adaptability of Stacking beyond energy applications. Expanding to
fields like weather forecasting and finance enhances diversity. Weather datasets involve complex
factors like temperature and humidity, demanding high-accuracy models. In finance, where data
is non-linear and volatile, such as stock price fluctuations, Stacking leverages base model
strengths for optimized predictions. Real-world validation in these areas will strengthen its
practical value.
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Broadening applications test the flexibility of Stacking across datasets, reinforcing its
robustness. Future work may refine base model parameters, explore algorithms like CatBoost or
Neural Networks, and investigate ensemble methods like Blending or Bagging. Enhancing data
processing, feature extraction, and integrating real-time data can improve adaptability. Stacking
can also optimize energy distribution in smart grids or EMS, leading to cost savings, efficiency,
and environmental benefits. Expanding its role in decision-support systems across sectors will
improve resource management and decision-making, reinforcing its real-world impact.
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