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Natural gas is often used for cooking, drying clothes, heating, etc., particularly 
in residential settings; it has been an essential component for human beings 
for many decades. This study proposes a hybrid ensemble regression machine 
learning model for forecasting residential natural gas demand. Accurate 
demand prediction tends to reduce energy waste and address some of the 
energy challenges; such as the need for reliable, affordable, and sustainable 
energy consumption, thereby, improving energy management and resource 
planning. The proposed approach integrates multiple regression algorithms 
including K-Nearest Neighbors (KNN), Support Vector Regression (SVR), 

Decision Tree Regression (DTR), and Linear Regression (LR) to leverage the 
strengths of each model to develop a hybrid model that enhances overall 
predictive performance. The ensemble method operates in two phases: 
training individual regression models on the dataset, followed by aggregating 
their predictions. Model performance is evaluated using metrics such as Mean 
Absolute Error (MAE), Mean Squared Error (MSE), coefficient of 
determination (R²), and prediction accuracy, and is benchmarked against 
individual models. Cross-validation techniques were applied to ensure the 

robustness of the results. Experimental results demonstrate that the hybrid 
ensemble approach consistently outperforms standalone models by capturing 
diverse patterns and relationships within the data. 

This is an open access article under the CC BY-SA license. 
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1. INTRODUCTION 

The use of natural gas in various aspects of human endeavors, particularly in residential buildings, has 

been prevalent for several decades [1]. The only byproducts of burning natural gas are carbon dioxide, water 

vapor, and trace amounts of nitrogen oxide, making it the cleanest among fossil fuels on earth. A large number 

of consumer goods, such as stoves, dryers, fireplaces, and furnaces, are also powered by natural gas [2]. Home 

appliances, probably at least one of them, rely on natural gas. Natural gas, like most other energy sources, can 

be hazardous if not handled properly. It is wise and ideal to learn how to protect oneself and others by adhering 

to a few basic safety precautions and being aware of what to do in the event of a gas leak [3]. As a result, a 

well-built forecasting model is essential for managing energy policy successfully by offering energy diversity 

and requirements that adapt to the dynamic structure of a country, region, or the world, in line with 

unprecedented increases in energy demand [4]. 

Natural gas is a type of fossil fuel [5]. Utilizing natural gas to meet energy needs for businesses, 
transportation, and other uses is environmentally not harmful and legally accepted [6]. Energy usage in 

buildings is a crucial factor in global efforts to achieve energy sustainability. According to [7], buildings, 

including both residential and commercial sectors, account for a fifth to a third of all energy use globally. This 

considerable share highlights the importance of advancing sustainable energy management practices within the 

built environment [8]. As urbanization continues to accelerate rapidly and energy demand increases, enhancing 

energy efficiency in buildings has become a strategic priority for achieving global climate targets, such as those 
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outlined in the United Nations Sustainable Development Goals (SDG 7: Affordable and Clean Energy) and 

various net-zero initiatives [9][10]. 

Currently, more than a third of the energy utilized in residential buildings in Europe comes from natural 

gas [11]. The strategic growth of nations' economies and societies depends on energy [12]. The primary purpose 

of data mining is to create models using preprocessed or existing data to identify patterns that the dataset's 

attributes have revealed [13]. Some of the patterns serve as explanations by illuminating the relationships 
between the qualities. Other modes are predictive, inferring potential values for particular attributes based on 

the most recent data [14]. Data mining is typically used to identify four distinct types of patterns: association 

patterns, prediction patterns, clustering patterns, and sequencing patterns [15]. Predicting the demand and 

consumption of natural gas for residential addresses using a hybrid method for efficiency is of paramount 

importance, as it will aid in planning and scheduling activities, including informed decision-making. In some 

countries, the demand for natural gas varies with the seasons; for instance, in Algeria, demand is higher during 

holidays and special days [3][16]. Likewise, in Nigeria, the demand for natural gas, particularly compressed 

natural gas, is typically higher during the last quarter of the year. 

Building forecasting models to predict the quantity of a product that consumers will buy is known as 

demand forecasting [17]. It is influenced by a wide range of parameters, including the region, the number of 

customers, and the type of goods, among others [18]. Machine learning algorithms have gradually become 

popular tools for natural gas price forecasting [19]. In this era, an excellent predicting tool is machine learning 
algorithms and artificial intelligence. 

Therefore, this study aims to design a machine learning model based on a data mining approach that can 

accurately and precisely predict natural gas demand and consumption at residential addresses [20]. Accurately 

predicting the demand and consumption of natural gas in both residential and commercial buildings would help 

reduce the impact of climate change, improve people's living conditions, and influence proper and appropriate 

private and government policies [21]. 

Machine learning methodology is the most widely used method that can be applied to both individual and 

group data. This study expands upon the definitions, models, parameters, and algorithms of machine learning, 

while also emphasizing the unique function of the machine learning approach in data mining [22]. As a result, 

we focus on the analysis and debates surrounding the problem of data mining using a learning method and 

provide a comparative study of the classification algorithms employed in data mining. Natural gas is in high 
demand due to its numerous benefits, and some models have been developed to predict natural gas usage [23]. 

The generality of the proposed model in testing datasets is the primary goal of building a prediction model 

using machine learning techniques [24]. Machine learning models can perform well on real data, despite a 

limited published framework for similar studies. The majority of the author's published studies are 

computationally expensive and require highly qualified forecasters to produce accurate and trustworthy results. 

In this work, we aim to enhance the accuracy of predicting natural gas demand and consumption in residential 

and commercial buildings. 

The remainder of this paper is organized as follows: Section 2 presents the methodology; Section 3 

consists of the results and discussion, and lastly, conclusions and limitations are drawn in Section 5. 

 

2. METHOD 

Machine learning is divided into traditional machine learning and deep learning models. Still, for this 

study, the earlier methods were used for Natural gas demand prediction for residential and commercial 

purposes, including the K-Nearest Neighbors (KNN), Support Vector Regression (SVR), Decision Tree 

Regression (DTR), and Linear Regression (LR), as well as combined and hybrid methods [25]. Some of these 

models have been studied for several years, and their procedures have been established and refined. They focus 

not only on the prediction effect but also on practical problems, e.g., prediction effectiveness and data 

organization [26]. 

An Artificial Neural Network (ANN) was designed to simulate humans. It consists of an input layer, 

several hidden layers, and an output layer [27]. The units in adjacent layers are fully connected. It contains a 

considerable number of units and can theoretically approximate arbitrary functions; hence, it has a strong fitting 

ability, especially for nonlinear functions. Due to the complex model structure, training ANNs is time-

consuming [28]. Remarkably, its models are trained using the backpropagation algorithm, which is not 
typically used to train deep networks. Thus, it belongs to machine learning models as seen in the above figure. 

The Support Vector Machine (SVM) algorithm was used to find a max-margin separation hyperplane in 

the n-dimensional feature space [29][30]. It can be used to achieve gratifying results even with small-scale 

training sets, as the separation hyperplane is determined by only a small number of support vectors. However, 

SVMs are sensitive to noise near the decision boundary, also known as the hyperplane. SVMs can solve linear 

problems well. For nonlinear data, kernel functions are usually used. A kernel function maps the original space 



 Mohammed Ajuji et al. /VUBETA Vol 2 No 3 (2025) pp. 549~557  551 

 

into a new space so that the original nonlinear data can be separated. The Core of SVM tricks is widely applied 

among both SVMs and other machine learning algorithms for prediction [31]. 

K-nearest neighbor (KNN) was designed to depend on the locality assumption, but can also support the 

manifold assumption when modeling high-dimensional data structures [32]. If most of a sample’s neighbors 

belong to the same class, the sample has a high probability of belonging to the class. Thus, the classification 

result is only related to the top-k nearest neighbors. The parameter k greatly influences the performance of 
KNN models. The smaller k is, the more complex the model is, and the higher the risk of overfitting. 

Conversely, the larger k is, the simpler the model is and the weaker the fitting ability [33]. 

The Naïve Bayes machine learning algorithm is based on the conditional probability and the hypothesis 

of attribute independence. In each sample, the Naïve Bayes classifier calculates the conditional probabilities 

for different classes. The sample is classified into the class with the maximum likelihood [34]. The conditional 

probability formula is calculated as follows. 

(𝑋 = 𝑥|𝑌 = 𝑐𝑘) = ∏ 𝑃(𝑋(𝑖) = 𝑥(𝑖)|𝑌 = 𝑐𝑘)

𝑛

𝑖=1

                                                                                              (1) 

If the attribute independence hypothesis is satisfied, the Naïve Bayes algorithm reaches the optimal result. 

Unfortunately, that hypothesis is difficult to satisfy in reality; hence, the Naïve Bayes algorithm does not 

perform well on attribute-related data [21] [35]. 

The logistic regression (LR) is a type of log-linear model [22][36]. It computes the probabilities of 

different classes through a parametric logistic distribution, calculated as shown below. 

𝑃(𝑌 = 𝑘|𝑥) =
𝑒𝑤𝑘∗𝑥

1 + ∑ 𝑒𝑤𝑘∗𝑥𝑘−1

𝑘

                                                                                                                            (2)   

Where k = 1, 2...K − 1. The sample x is classified into the class with the maximum probability. An LR 

model is easy to construct, and model training is efficient. However, LR struggles to handle nonlinear data, 

which limits its application. 

The decision tree algorithm classifies data using a series of rules. The model is tree-like, which makes it 

interpretable. It can automatically exclude irrelevant and redundant features in the sample dataset. The learning 

process includes feature selection, tree generation, and tree pruning. When training a decision tree model, the 

algorithm selects the most suitable features individually and generates child nodes from the root node. The 

decision tree is one of the basic machine learning classifiers. The advanced algorithms, such as the random 

forest and the extreme gradient boosting (XGBoost), consist of multiple decision trees [37]. 
In clustering, data points are grouped based on a defined measure of similarity or distance, with the 

assumption that points with similar characteristics belong to the same cluster [38]. This approach involves 

grouping highly identical data into the same clusters and less similar data into different clusters. Unlike 

classification, clustering is a type of unsupervised learning. No prior knowledge or labeled data is required for 

clustering algorithms; hence, the dataset requirements are relatively low [39]. However, when using clustering 

algorithms to detect attacks, it is necessary to refer to external information. 

K-means is a typical clustering algorithm, where K is the number of clusters and the means are the means 

of attributes. The K-means algorithm uses distance as a standard measure of similarity. The smaller the distance 

between two data objects is, the more likely they are to be placed in the same cluster. The K-means algorithm 

performs well on linear data, but its results on non-linear data are not ideal. In addition, the K-means algorithm 

is sensitive to the initialization condition and the parameter K. Consequently, numerous repeated experiments 

must be conducted to determine the appropriate parameter value [40]. 
All machine learning algorithms have individual strengths and weaknesses. A natural approach is to 

combine various weak classifiers to implement a strong classifier. Ensemble methods train multiple classifiers, 

which vote to obtain the final results. Hybrid methods are designed with multiple stages, each of which utilizes 

a classification model. Because ensemble and hybrid classifiers typically outperform single classifiers, an 

increasing number of researchers have begun to investigate these types of classifiers. The key points lie in 

selecting which classifiers to combine and how they are combined [41]. 

It is an unrefined fuel. Natural gas is better suited to reducing environmental pollution than refined fuel 

oils, such as gasoline and diesel. Natural gas is a type of fossil fuel. Utilizing natural gas to meet energy needs 

for businesses, transportation, and other uses is environmentally benign. Buildings account for a fifth to a third 

of all energy use worldwide. Currently, more than a third of the energy utilized in residential buildings in 

Europe comes from natural gas [6][42]. The strategic growth of nations' economies and societies depends on 
energy. Predicting energy consumption has become a significant challenge in many countries, driven by the 

exponential increase in global energy demand over the past few decades. About 34.7% of the world's energy 

is consumed by the residential and commercial sectors [24]. The use of natural gas has been proposed as a 

means to enhance energy supply security and reduce global environmental pollution [11][43]. 
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It is an approach that combines techniques from machine learning, statistics, and database systems to 

extract and identify patterns in massive datasets. The use of data mining techniques in natural gas systems for 

daily load forecasting is becoming increasingly common. The primary purpose of data mining is to create 

models using preprocessed or existing data to identify patterns that the dataset's attributes have revealed. Some 

of the patterns serve as explanations by illuminating the relationships between the qualities. Other modes are 

predictive, inferring potential values for particular attributes based on the most recent data. Data mining is 
typically used to identify four distinct types of patterns: association patterns, prediction patterns, clustering 

patterns, and sequencing patterns [44]. 

There is a long history of ensemble learning techniques outperforming other machine learning methods. 

Classification and regression issues are among the application domains of these programs. Well-known 

ensemble models that combine weak learners to form an ensemble include the random forest model and the 

gradient boosting model [45]. These models have a homogeneous collection of weak learners, which means 

that weak learners of the same type are grouped to demonstrate their combined strength. In this study, we 

created a hybrid ensemble learning model using a diverse group of weak learners. In this challenge, various 

machine learning methods are combined to tackle a regression problem. 

A machine learning concept called ensemble learning leverages the combined power of machine learning 

models to solve learning problems for both classification and regression tasks. This method classifies many 

homogeneous machine learning models as weak learners and groups them. Each of the weak learners exhibits 
its unique result when applied to the problem, whether it be on the complete training set or only a portion of it 

[46]. The ultimate result is obtained by combining the findings of each poor learner. 

There are two well-known types of ensemble learning: bagging and boosting. The renowned ensemble 

learning model for bagging is known as the random forest. Another well-liked ensemble learning approach that 

falls under the boosting umbrella is AdaBoost [47]. While the boosting models use the complete dataset, the 

bagging models only use a portion of it. 

In this research work, a hybrid ensemble learning model is created using four types of machine learning 

models as weak learners. These models include K-Nearest Neighbor Regression, Support Vector Machine 

Regression, Decision Tree Regression, and Linear Regression. While a homogeneous group of weak learners 

is utilized for some experiments, this work employed a heterogeneous group of weak learners, hence the term 

'hybrid'. Figure 3 shows the architecture of the proposed approach. The regression job for predicting natural 
gas demand modeling was applied using a hybrid ensemble learning model created from four weak learning 

models. 

 

3. RESULTS AND DISCUSSION 

A dataset is a fundamental step in the data analysis process, as it provides a contextual and critical 

understanding of the dataset before more complex analyses are performed [48]. It helps uncover data quality 

issues, explore relationships between variables, and generate hypotheses for further investigation. As proposed 

in the methodology, we first examine the historical nature of natural gas demand values from the dataset before 

applying a variety of machine learning algorithms to make forecasts. We evaluate the effectiveness of machine 

learning models by contrasting estimated values with actual consumption levels after using the models. The 

most extended period dataset in the literature was collected from the Kaggle machine learning repository. 
Model building typically involves several steps, including selecting an appropriate algorithm, defining 

the model structure and parameters, training the model on a dataset, and evaluating its performance. The choice 

of algorithm and model structure will depend on the nature of the problem being addressed, as well as the 

available data and computational resources [49]. For this study, decision trees (DTs), support vector machines 

(SVMs), and hybrid ensemble models were employed. Train-test split is a widely used technique in machine 

learning and is an essential step in model evaluation and selection. It helps to prevent over-fitting, where the 

model performs well on the training data but poorly on new data, by evaluating the model's performance on a 

separate testing set. Typically, the training set is much larger than the testing set, as in this study, with a 

common split being 75% training data and 25% testing data. However, the optimal split will depend on the 

nature of the problem and the available data. 
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Figure 1. Mean Squared Error (MSE) 

 
Figure 2. Mean Absolute Error (MAE) 

 

 
Figure 3. R^2 

 
Figure 4. Accuracy Score 

 

Figure 1 presents the mean square error (MSE), also known as Root Mean Square Error (RMSE). It is 

similar to the mean absolute error in that it provides a rough idea of the magnitude of the error. The bar chart 

in Figure 1 illustrates a comparative evaluation of five machine learning models, Linear Regression (LR), 

Decision Tree Regression (DTR), Support Vector Regression (SVR), K-Nearest Neighbors (KNN), and a 

Hybrid Ensemble (HE), across dissimilar performance metrics, providing a holistic view of their strengths and 

limitations. 

In Figure 1, LR records the highest value (~6), followed by SVR (~2.5) and HE (~1.5), while DTR and 

KNN exhibit the lowest values (~0.5). Assuming the metric represents an error measure (e.g., RMSE or MAE), 

this suggests that DTR and KNN perform best. In contrast, LR performs poorly, likely due to its limitation in 

modeling non-linear relationships. 
Figure 2 shows a notable improvement in LR's score (~1.6), but it still lags behind other models. SVR 

(~1.0) and HE (~0.7) offer intermediate performance, while DTR and KNN (~0.5) again emerge as top 

performers, reinforcing their reliability for this task. The mean absolute error (MAE) is shown in. Figure 2 
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above illustrates the extent of the incorrect predictions. As in the MSE, the result of MAE gives similar 

performance results for the various machine learning models. 

As shown in Figure 3, the results of the R-squared evaluation model for all models are presented. It 

indicates the goodness of fit of a set of predictions to the actual values. It is used to verify and confirm that the 

prediction performance results obtained from the designed model are accurate. 

Again, in Figure 3, the metric has shifted to a positive performance indicator, where DTR, SVR, and 
KNN all achieve high values (~0.9), demonstrating excellent predictive accuracy. The HE models also perform 

well (~0.8), though slightly lower than the individual non-linear models. In stark contrast, LR shows a near-

zero score, indicating that it fails to explain the variance in the data and is ill-suited for the problem at hand. 

The performance metrics for accuracy are shown in Figure 4, which indicates that the hybrid ensemble 

machine learning model achieves the highest accuracy, followed by linear regression, and then K-nearest 

neighbor. 

 
Figure 5. Comparison of Models Used 

 

Figure 5 shows the comparison of all the various machine learning models used in the study, as also 

shown in Table 1 below. As displayed in the figure above the hybrid ensemble has the highest prediction 

accuracy and minimum performance error. Therefore, for efficient energy management and decision-making, 

a precise forecast of residential natural gas demand is essential. For energy management organizations and 

regulators, the hybrid ensemble regression approach provides a powerful tool for making informed decisions 

about resource allocation, infrastructure development, and energy-saving strategies. By ensuring reliable and 

efficient natural gas transportation, energy companies can streamline their supply chains, reduce waste, and 

enhance customer satisfaction. 

 
Table 1. Comparison of Prediction Models’ Performance 

MODEL MSE MAE R^2 Accuracy 

Linear Regression 5.5179 1.6928 0.0174 95.3845 

Decision Tree Regressor 0.5705 0.4872 0.8984 59.0136 

Support Vector Regressor 2.4484 0.9959 0.8984 60.4937 

K-Nearest Neighbor 0.4894 0.4440 0.9128 92.4553 

Hybrid-Ensemble model 1.1648 0.7216 0.7925 97.4871 

 

To predict residential natural gas consumption, the use of a hybrid ensemble regression machine learning 

approach offers several noteworthy benefits and consequences, as noted in [35][50]. This discussion examines 

the approach's main principles and any potential field repercussions. When compared to individual regression 

models, the hybrid ensemble regression approach showed greater prediction accuracy [36][51]. The method 

captures a broader range of patterns and correlations contained in the data by merging different algorithms, 

such as LR, SVR, DTR, and KNN. As a result, estimates of residential natural gas demand become more 

precise and trustworthy, which is very advantageous for energy management firms, decision-makers, and 

energy providers when planning and maximizing resource allocation. 
The use of ensemble techniques improves the prediction model's resilience and generalization 

capabilities. The hybrid ensemble strategy reduces the likelihood of overfitting and enhances model stability 

by incorporating a range of regression models. This is crucial when predicting residential natural gas demand 

because the addition of numerous variables, such as socioeconomic and meteorological variables, might result 

in complex interactions. The hybrid ensemble approach makes sure the model can handle various situations 

and adjust to changes in the data. 
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The hybrid ensemble regression approach is versatile and can be tailored to a wide range of prediction 

scenarios. The ensemble process's fusion techniques, including stacking or weighted averaging, enable various 

combinations of individual models. Furthermore, the hybrid ensemble approach can be easily expanded to 

include additional regression models or domain-specific knowledge, thereby further increasing its flexibility. 

 

4. CONCLUSION AND LIMITATION 

The study concludes that the hybrid ensemble regression machine learning methodology is a significant 

technique for accurately anticipating residential natural gas demand and consumption. By combining multiple 

regression models, the proposed hybrid ensemble method enhances predictive performance while capturing a 

variety of patterns and relationships within the data. The individual model, K-Nearest Neighbor (KNN) 

delivered the best overall predictive performance with an R² of 0.9128, MAE of 0.4440, and accuracy of 

92.46%, outperforming both Decision Tree Regressor and Support Vector Regressor. While the Hybrid 

Ensemble (HE) model achieved slightly lower R² (0.7925), it demonstrated the highest accuracy (97.49%), 

signifying its potential to capture generalized patterns across diverse conditions. In contrast, Linear Regression 

exhibited poor predictive strength (R² = 0.0174) despite a deceptively high accuracy, highlighting the 

limitations of relying solely on linear assumptions or accuracy as a standalone metric. These results highlight 

the importance of utilizing non-linear and ensemble learning methods to enhance the precision and robustness 

of energy consumption forecasting, a crucial step toward achieving more efficient and sustainable energy 
systems in the building sector. Furthermore, more similar studies and the use of the hybrid ensemble approach 

can advance the topic and help achieve sustainable energy management goals in smart city infrastructure, as 

well as efficiency goals within industrial manufacturing systems. 
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