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Abstract: Accurate prediction of natural gas purchase volumes is crucial for both the
economy and the environment. It not only facilitates the rational allocation of resources
for companies but also helps to reduce operational costs. Although existing prediction
methods have achieved some success in addressing the nonlinear relationships in nat-
ural gas purchases, there remains potential for further improvement. To address this
issue, a stacking ensemble learning model was developed to enhance the ability to handle
complex nonlinear problems. This model integrates diverse algorithms and incorporates
weather factors, while regionalizing characteristics of natural gas usage, thereby achieving
accurate forecasts of natural gas purchase volumes. We selected three distinctly different
base models—Informer, multiple linear regression (MLR), and support vector regression
(SVR)—for our research. By conducting four different feature combination experiments for
each base model, including weather, time, regional, and usage features, we constructed
12 foundational models. Subsequently, we integrated these base models using a meta-
learner to form the final stacking ensemble model. The experimental results indicate that
the stacking ensemble model outperforms individual models across key metrics, including
R?, MRE, and RMSE. Notably, the R? values improved by 4-15% compared to the 12 base
models. The model was subsequently applied to predict natural gas purchase volumes in
Pi County, Chengdu, China. In November 2024, a side-by-side comparison of the predicted
and actual data revealed a maximum error of just 5.39%. This exceptional accuracy effec-
tively meets forecasting requirements, underscoring the model’s predictive strength in the
energy sector.

Keywords: natural gas purchase prediction; stacking ensemble; Informer; multiple linear
regression; support vector regression

1. Introduction

Natural gas, a clean and efficient energy source, plays a significant role in the global
energy consumption structure. Widely utilized in power generation, heating, and industrial
applications, it is a cornerstone of modern energy systems. According to the World Energy
Statistics Yearbook 2023, natural gas consumption has increased significantly in North
America, with notable demand growth in the industrial and power sectors of the United
States and Canada. In China, despite a slight decline in 2022, total consumption still reached
358 billion cubic meters, highlighting its essential role in supporting energy demand
and economic growth. Accurate forecasting of gas purchases is vital for effective gas
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supply chain management, enabling suppliers to plan procurement schedules effectively
and maintain efficient operations to meet growing demand. In Europe, concerns over
supply disruptions and record-high prices have led to a notable decrease in natural gas
consumption, underscoring the importance of precise forecasting to balance supply and
demand, avoid shortages, and minimize costs. High-accuracy forecasts of gas purchases
not only help companies stockpile gas in anticipation of peak demand but also optimize
procurement plans, minimize economic losses, and enhance customer satisfaction [1]. As
natural gas continues to grow in importance within the global energy landscape, and as
regional and economic challenges intensify, the need for innovative solutions to achieve
accurate purchase forecasts has become more urgent than ever.

In the field of natural gas demand forecasting, researchers have employed various
methods to improve prediction accuracy and reliability. Econometric models use statistical
techniques to establish relationships between natural gas demand and influencing factors,
such as GDP or prices [2]. However, such methods require a substantial amount of data
support and often struggle to handle nonlinear relationships. Time series models forecast
future demand by analyzing historical data trends. Common methods include the statistical
decomposition model, autoregressive integrated moving average (ARIMA), and seasonal
autoregressive integrated moving average (SARIMA), which perform well in short-term
forecasting [3,4]. Artificial neural networks (ANN) train nonlinear prediction models using
historical data, with common approaches including two-stage systems and multilayer
perceptron (MLP). These methods excel at capturing complex nonlinear relationships [5,6].
However, they require extensive experimentation to identify a suitable network structure,
and intricate training is necessary to achieve high prediction accuracy [7]. Ensemble
learning models, such as methods combining ANN, ANFIS, and traditional regression
models, leverage the advantages of multiple models [8]. Currently, two ensemble learning
methods, boosting and bagging, are primarily employed in natural gas demand forecasting.
The stacking method, another ensemble learning approach, has the capability to mine and
express highly complex nonlinear relationships. However, it has not been widely applied
in natural gas demand forecasting.

To address the issues identified in the existing natural gas purchase prediction model,
this research introduces a new stacking ensemble prediction method for natural gas pur-
chases that integrate multiple features. The characteristics of this model are mainly divided
into three aspects: (1) Feature enhancement. For regional features, natural gas usage pat-
terns are first categorized based on geographical characteristics. Procurement scenarios for
different industries—such as commercial, industrial, and residential gas consumption—are
then further delineated, providing a more detailed understanding of demand. Additionally,
weather and temporal features are incorporated as basic features to account for seasonal
variations and medium-term demand fluctuations [9]. These enriched features significantly
enhance the model’s ability to capture complex nonlinear relationships, which are critical
for accurately predicting natural gas demand. (2) Model selection. To enhance predictive ac-
curacy from various perspectives, three prediction models with distinct characteristics were
selected: Informer, MLR, and SVR. Each model leverages unique strengths—for example,
Informer excels at processing long-term time series data, while MLR and SVR effectively
model linear and nonlinear relationships. By combining these models with different feature
sets, 12 basic models were constructed, enabling the comprehensive exploration of feature
contributions. (3) Ensemble modeling. A stacking ensemble method was developed using
the 12 basic models as base learners. This method aggregates predictions from multiple
models, capturing hidden feature interactions and improving the overall performance. By
leveraging the strengths of different models and features, the stacking ensemble method
effectively addresses complex nonlinear relationships and minimizes prediction errors.
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An analysis of actual data from a specific region in Chengdu, China, was conducted to
compare the prediction results of individual models with those of the stacked ensemble
models. The stacked ensemble method demonstrated superior performance and strong
generalization capabilities. The main contributions are as follows:

*  Pioneering application of stacking ensemble: This study marks the first application of
the stacking ensemble method to natural gas procurement forecasting. By integrating the
strengths of 12 base models derived from Informer, MLR, and SVR backbone models,
this approach significantly improved the R? value by at least four percentage points.

¢ Fine-grained feature integration: Segmenting natural gas demand by regional
and usage characteristics enhanced the R? value of the three backbone models by
approximately 1-15 percentage points, providing more accurate inputs for the stack-
ing ensemble model.

*  Enhanced seasonality modeling: Adding weather factors (e.g., maximum and mini-
mum temperatures) significantly improved the model’s response to seasonal changes
and medium-term demand fluctuations, resulting in an R? improvement of approxi-
mately 5-10 percentage points.

These innovations not only improve prediction accuracy but also hold signifi-
cant implications for optimizing natural gas procurement processes and minimizing
operational costs.

The rest of this study is organized as follows: Section 2 reviews related literature.
Section 3 describes the datasets, as well as the construction of the backbone models and the
stacking ensemble model. Section 4 presents and discusses the experimental results and
conducts future trend predictions. Section 5 concludes the research findings and outlines
directions for future research.

2. Related Work
2.1. Models Related to Natural Gas Prediction

In the field of natural gas demand forecasting, researchers have adopted various
methods to improve prediction accuracy and reliability. These methods include models that
establish relationships between natural gas demand and influencing factors through statis-
tical and econometric methods, as well as time series models that predict future demand by
analyzing historical data trends. Statistical and econometric methods can effectively explain
the driving factors behind demand changes. For example, Shahbaz et al. [2], in their study
of Pakistan, found that the elasticity of GDP on natural gas demand is significant, while the
price elasticity is relatively small. Similarly, Ahmad et al. [10], in their study of Pakistan,
found that per capita natural gas demand is positively correlated with per capita real
income, the average real price of natural gas, and the real price of substitutes. Time series
models, on the other hand, primarily rely on the continuity of historical data to predict
future demand trends. For instance, Sanchez-Ubeda et al. [11] proposed a new statistical
decomposition model that can capture the demand patterns of industrial end-users’ natural
gas consumption. Nasr et al. [12] used the ARIMA to predict Turkey’s natural gas demand
and found that this model performs well in short-term forecasting.

Artificial neural networks (ANNSs) train nonlinear prediction models using historical
data, capable of capturing complex nonlinear relationships. For example, Khotanzad et al. [6]
used a two-stage system in which the first stage consisted of three different ANN predictors,
while the second stage utilized a nonlinear combination predictor to forecast natural gas
demand. Szoplik et al. [8] used an MLP-trained ANN to predict natural gas consumption for
residents in Szczecin, Poland, demonstrating its advantages in capturing complex nonlinear
relationships. To address the limitations of individual models, Azadeh et al. [7] proposed a
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method combining ANN, ANFIS, and traditional regression models for long-term natural gas
demand forecasting. Khan et al. [13] further improved the accuracy of natural gas demand
forecasting in Pakistan by using a combination of multiple models. These hybrid methods
leverage the strengths of different models, thereby enhancing the accuracy and reliability
of predictions.

Despite the widespread use of these methods in natural gas demand forecasting,
each has its own limitations. Some methods struggle to handle nonlinear relationships
adequately, while others fail to effectively capture changes in market and economic condi-
tions. Additionally, certain methods are complex to implement and require large amounts
of data. Overall, these methods often find it challenging to address the complexities of
nonlinear relationships and multiple features simultaneously, making it difficult to achieve
sufficiently accurate and robust predictions in complex market environments.

2.2. Ensemble Methods

Ensemble methods improve the overall performance of models by combining the
predictions of multiple base learners. These methods have been widely applied and
extensively studied in the field of natural gas demand forecasting [14]. The primary
ensemble methods include boosting, bagging, and stacking.

Boosting combines multiple weak learners to form a strong learner by continuously
adjusting the weights of the samples, ensuring that subsequent weak learners focus more
on the samples misclassified by previous weak learners [15,16]. Svoboda et al. [17] applied
the boosting method (AdaBoost) to enhance the accuracy of short-term natural gas con-
sumption forecasting, demonstrating outstanding performance, particularly with complex
short-term consumption data. Bagging, in contrast, is an ensemble method that trains
multiple base learners using several resampled training sets [18,19]. Meira et al. [20]
implemented bagging with random forest to reduce the variance of the natural gas demand
forecasting model and improve its accuracy, outperforming individual models.

Stacking has demonstrated superior integration capabilities and predictive perfor-
mance in various fields, such as electricity load forecasting [21]. However, an extensive
literature search reveals that no research has yet applied the stacking ensemble to natural
gas demand forecasting.

In natural gas forecasting, the integration strategies of learners in ensemble learning
mainly include simple averaging, weighted averaging, and voting methods (such as major-
ity voting and weighted voting) [22,23]. Papageorgiou et al. [24] employed combination
methods to aggregate the predictions of base models, including time series models, regres-
sion models, and neural networks, to enhance overall natural gas consumption forecasting
performance, consistently outperforming individual models.

It is generally believed that bagging primarily improves performance by integrating
predictive models obtained from different perspectives. Boosting, in contrast, focuses on
integrating a series of models by identifying and correcting failed predictions to achieve
better prediction accuracy. Stacking, a third approach, derives the final result through sec-
ondary learning of the base learner’s outputs, making it particularly effective for problems
where nonlinearity is challenging to express.

2.3. Feature Engineering

In existing research on natural gas demand forecasting, feature engineering has been
widely applied to various prediction tasks, such as energy demand forecasting and eco-
nomic indicator prediction. Among these tasks, the selection of features is particularly
crucial. By choosing the features that best reflect the actual situation, it is possible to more
accurately capture patterns and trends in the data.
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Yang et al. [25] introduced regional features and proposed an enhanced compound neural
network (AComNN) to capture the time-zone-dependent context in cross-regional financial
time series, achieving a 13.36% improvement in prediction accuracy compared to the baseline
model. Cheng et al. [26] incorporated user consumption patterns and proposed a day-ahead
probabilistic residential load forecasting method based on CNN-SE and micrometeorological
data, significantly improving the feasibility and accuracy of predictions. The impact of
weather features on predictions has also been demonstrated in the literature. For instance,
Wang et al. [27] improved solar power forecasting performance by reconstructing machine
learning inputs through PV analytical modeling to explore key weather factors.

However, in the field of natural gas demand forecasting, commonly selected features
include per capita GDP, population growth rate, and natural gas prices [13,28,29]. The use of
weather features, particularly regional and consumption usage features, has rarely studied.

3. Materials and Methods

This section provides detailed information about the data and methods used in
this study.

3.1. Data

The data for this study were obtained from a natural gas limited liability company in
a district of Chengdu, covering the period from January 2016 to October 2023. These data
include monthly records of natural gas purchases and sales. Table 1 presents the detailed
statistics of these datasets.

For the weather data, Python’s ‘requests’ library was used to send HTTP requests to
a weather website and scrape the daily temperature data for a district in Chengdu from
1 January 2016, to 30 October 2023. This dataset included the daily maximum and minimum
temperatures. The daily data were then grouped by month, and the average maximum
and minimum temperatures for each month were calculated. Additionally, dates were
converted into time features such as the year and month to capture the seasonal and cyclical
trends in the time series.

Table 1. Data and sources.

Data Data Content Data Source
2016-2023 Monthly Purchase Natural gas purchase Natural Gas LLC,
Volume Statistics volume (m°) Chengdu District
2016-2023 Monthly Sales Volume Anjing, Hongguang, Pixian, Natural Gas LLC,
Statistics (detailed by region) Qiaosong, Xipu (m°%) Chengdu District
2016-2023 Monthly Sales Volume School, Commercial, Industrial, ~Natural Gas LLC,
Statistics (detailed by usage) Residential, Collective (m3) Chengdu District
2016-2023 Monthly Max temperature, Weather Station
Weather Data Min temperature (°C)

After data cleaning and transformation, the data visualization is shown in Figure 1.
The chart illustrates the natural gas sales volumes across various usage types and regions
from 2016 to 2023.

Training and testing set division: To ensure the model’s generalization ability, the
dataset was divided into training and testing sets according to the time series. A total
of 70% of the data were used for the training set, and 30% were used for the testing set.
Specifically, the data from 2016 to 2020 were used for the training set, while the data from
2021 to 2023 were used for the testing set.
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Figure 1. Data visualization.

Prediction horizon and input window: The past 24 months of historical data were
utilized to forecast natural gas purchase volumes for the subsequent 3 months. This
3-month-ahead forecasting approach was implemented in a rolling manner, with each
prediction step incorporating updated actual values from the previous step as input. This
configuration enabled the model to capture both seasonal patterns and medium-term
trends, ensuring robust performance across different time periods.

Therefore, a correlation analysis was performed to identify key features that signifi-
cantly affect the target variable and to uncover high correlations among features, thereby
avoiding redundancy in the model [30], This analysis is illustrated in Figures 2 and 3.
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Figure 2. Correlation matrix of regional features, basic features, and gas purchase volume.

Figure 2 presents the correlation matrix between regional features (natural gas sales
volumes in each region), basic features (year, month, minimum temperature, and maximum
temperature), and gas purchase volume. The analysis highlights the basis for feature
selection and the relationships among regions. Among the basic features, the year shows a
moderate positive correlation with gas purchase volume (r = 0.56), indicating an overall
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increase in gas demand over time. Minimum and maximum temperatures show strong
negative correlations (r = —0.67 and r = —0.69, respectively), reflecting higher gas demand
during colder periods for heating. For regional features, sales volumes in Hongguang,
Pixian, and Xipu exhibit high positive correlations with gas purchase volume (r = 0.73,
r=0.78, and r = 0.73, respectively), indicating their predictive significance. In contrast,
Anjing and Qiaosong have lower correlations (¥ = 0 and r = 0.43, respectively), suggesting
limited contributions. Based on these findings, the selected features include year, month,
minimum temperature, maximum temperature, Hongguang, Pixian, and Xipu to enhance
predictive performance while minimizing redundancy.
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Figure 3. Correlation matrix of usage types, basic features, and gas purchase volume.

Figure 3 presents the correlation matrix between usage type features (total sales
volume, residential, commercial, schools, etc.), basic features, and gas purchase volume.
Among the usage type features, total sales volume exhibits the highest correlation with gas
purchase volume (r = 0.97), making it the most significant predictor. Although Residential
also shows a high correlation (r = 0.82), its strong correlation with total sales volume
(r = 0.97) indicates redundancy. Therefore, total sales volume was selected as the preferred
feature over Residential.

For other features, Industrial (r = 0.68) and Collective (r = 0.66) were chosen due to
their relatively strong correlations and distinct patterns. Features like Commercial (r = 0.53)
and Schools (r = 0.38) were excluded due to their weaker correlations. Consequently, the
selected usage type features are total sales volume, Industrial, and Collective, capturing
the primary drivers of natural gas demand while minimizing redundancy.

3.2. Backbone Models and Construction of Basic Natural Gas Purchase Forecasting Models

In this section, we strategically selected the Informer, MLR, and SVR models as our
backbone models, and upon each of these, we constructed four additional foundational
models, each utilizing a distinct combination of features. The choice of the Informer model
is due to its unparalleled efficiency and accuracy in handling long-term time series data.
The MLR model was chosen for its simplicity and interpretability, making it ideal for
forecasting linear relationships. The SVR model was leveraged for its capability to han-
dle nonlinear relationships and its robust generalization abilities. By integrating these
three fundamentally different backbone models, our aim is to capture the intricate dynam-
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ics of natural gas purchase volumes from a more comprehensive perspective, ensuring a
multifaceted approach to prediction.

3.2.1. Informer and Its Four Base Model Constructions

The Informer aims to address the efficiency and accuracy issues present in the traditional
Transformer, thereby enabling long-sequence time series forecasting. The core innovation of
the Informer lies in its ability to process long sequences through self-attention and sparse
attention mechanisms, significantly reducing computational complexity while maintaining
high performance. The Informer employs a sparse self-attention mechanism to selectively
focus on important parts of the input sequence, thereby reducing the computational overhead
compared to the full attention mechanism used in standard Transformer [31]. This selective
attention is achieved through two main strategies [32], namely the following:

1. ProbSparse attention: By focusing on the most critical parts of the sequence, the
quadratic complexity of traditional self-attention is reduced to logarithmic complexity.
It is achieved by selecting the top U queries based on their impact, significantly
speeding up the processing.

2. Distilling operation: The distilling operation reduces the sequence length by halving it
at each layer while retaining key information, thereby decreasing the dimensionality
of the sequence.

This hierarchical structure enables the model to efficiently handle long sequences.

In this study, four base models were constructed using the Informer to capture the
impact of different feature combinations on the prediction of natural gas purchase volumes.
The specific models are as follows:

1. INF: This model utilizes only basic features for prediction. The model is formulated
as follows:
Yine = Informer(Xjgsic) (1)

where Xj,s;. represents the matrix of basic features, which includes time features
(year, month) and temperature features (monthly average minimum and maximum
temperatures). This can be expressed by the following formula:

Xbusic = Xtime + Xtempemture (2)

2. INF-RB: Based on the basic features, regional features (natural gas sales volumes in
different regions) are added. The model is formulated as follows:

Yine—rs = Informer(Xpusic + Xregion) ®3)

where X;,0ion represents the matrix of regional features.
3. INF-UB: Based on the basic features, usage features (such as commercial, industrial,
residential, etc.) are added. The model is formulated as follows:

Y/INFfllB = Informer(Xbusic + Xusage) 4)

where X556, represents the matrix of usage features.

4. INF-RB-UB: Combining basic features, regional features, and usage features, this
model comprehensively considers all features for prediction. The model is formulated
as follows:

YINF—RB—UB = Informer(Xbasic + Xregion + Xusuge) ()

The same feature combinations are applied to the MLR and SVR.
Table 2 shows the parameters used for training and predicting with the Informer model.
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Table 2. Informer model training parameters.

Parameter Description Value
seq_len Length of the input sequence 12
label_len Length of the label sequence for prediction 6
pred_len Length of the output prediction sequence 3
d_model Dimension of the input embedding 512
n_heads Number of attention heads 8
e_layers Number of encoder layers 2
d_layers Number of decoder layers 1

d_ff Dimension of the feed-forward network 2048

dropout Dropout rate 0.05
activation Activation function gelu

The Informer was trained using the Adam optimizer with a learning rate of 0.0001 and
a batch size of 4. The training process spanned 5 epochs, with early stopping criteria based
on validation loss.

3.2.2. MLR and Its Four Base Model Constructions

Multiple linear regression (MLR) is a classic regression analysis method that establishes
a linear relationship between independent variables (features) and a dependent variable
(target value) for making predictions. The advantage of MLR is its interpretability, as it
clearly demonstrates the impact of each feature on the target value [33]. The underlying
principle is to identify a set of regression coefficients that minimize the residual sum of
squares between the predicted and actual values. The basic formula is as follows:

Y:‘B()-f-,lel-l—,BzXz-f-""l',ann-f—w (6)

where Y denotes the dependent variable, x, xp, - - - , x,; denotes the independent variables,
Bo denotes the intercept term, B1, B2, -, Bn denote the regression coefficients, and w
denotes the error term.

Similarly, four base models were constructed for MLR to evaluate the impacts of
different feature combinations. The specifics are as follows:

1. MILR: .

YMmir = ﬁO + ﬁbasicxbusic @)
where Bj,si. denotes the regression coefficients corresponding to the basic features,
and |,Bbasic‘ =4

2. MLR-RB: .
YMLR-RB = ,BO + ,Bbusichusic + .Bregionxregion 8)

where B.4ion denotes the regression coefficients corresponding to the regional features,
and |ﬁregion| =5.
3. MLR-UB: .
YMLR-uB = ﬁO + .Bbasichasic + ﬁusagexusuge )

where 555, denotes the regression coefficients corresponding to the usage features,
and |,Busagg\ = 6.
4. MLR-RB-UB:

YMLR7R87UB = .BO + ;Bbusichasic + ,Bregionxregion + ,Busagexusage (10)

The LinearRegression implementation from the sklearn library in Python was used to
construct the multiple linear regression (MLR) models. The parameters for the model are
shown in Table 3.
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Table 3. MLR model training parameters.
Parameter Description Value
fit_intercept Whether to calculate the intercept True
normalize Whether to normalize the input data False
copy_X Whether to copy the input data or overwrite it True

3.2.3. SVR and Its Four Base Model Constructions

SVR is a regression method based on the support vector machine (SVM) principle, aim-
ing to find a function that minimizes the deviation within a certain interval for the training
dataset while also minimizing model complexity [34]. SVR introduces the e-insensitive loss
function, which only considers the training samples whose deviations exceed ¢, thereby
constructing a robust regression model [35].

The goal of the SVR is to find a function f(x) that keeps the deviation within € while
ensuring smoothness. Specifically, SVR solves the following optimization problem:

. 1 2 4 *
min 2 flw]* + Ci;(él +¢7) (11)
S.t.

yi—(w-xi+b) <e+¢;

(w-x;+b)—y; <e+gf
i, ¢; >0

where w denotes the weight vector, b denotes the bias term, C denotes the regularization
parameter, and ¢; and &} denote slack variables. € denotes the tolerance of the e-insensitive
loss function.
The SVR can be transformed into the following form through the Lagrange multipliers
a; and a;:
n
?SVR = Z(lxi - LK;-F)K(JCI', X) +b (12)
i=1
where K(x;, x) denotes the kernel function, n represents the number of support vectors,
and b denotes the bias term of the model.
For SVR, four base models were developed to assess the impacts of various feature
combinations, as detailed below:

1. SVR: "
Ysvr = Y (& — af)K(Xpasic, ) +b (13)
i=1
2. SVR-RB: "
Ysvr—re = (a7 — &} )K(Xpasic + Xregion, X) + b (14)
i=1
3. SVR-UB: "
1A(SVRfl,IB = Z(ai - “?)K(Xhasic + Xusage/ x) +b (15)
i=1
4. SVR-UB-RB:
n
YsyR—RB—uB = Z(“i - “?)K(Xbasic + Xregion + Xusager x) +b (16)

i=1

The SVR implementation from the sklearn library in Python was used to construct the
support vector regression models. The parameters for the model are shown in Table 4.
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Table 4. SVR model training parameters.
Parameter Description Value
kernel Type of kernel function ‘rbf’ (Radial Basis Function)
C Regularization parameter 100, 101, 102, 103
gamma RBF kernel parameter np.logspace (-2, 2, 5)

3.3. Stacking Ensemble

Stacking ensemble involves constructing models using different learning algorithms
and then training a combiner algorithm to make final predictions based on the outputs of
the base algorithms. This combiner can be any ensemble technique [36].

In this study, a stacking ensemble approach was implemented, incorporating
three backbone models (Informer, MLR, and SVR) with various feature combinations, re-
sulting in twelve base models (INF, INF-RB, INF-UB, INF-RB-UB, MLR, MLR-RB, MLR-UB,
MLR-RB-UB, SVR, SVR-RB, SVR-UB, SVR-RB-UB), and one top-level model (MLR).

MLR was selected as the meta-learner for our stacking ensemble approach because
of its computational efficiency, ease of interpretation, and its role in mitigating overfitting
risks. In contrast to more intricate models, MLR offers transparent regression coefficients,
which explicitly reveal the influence of each base model on the ultimate forecast. This clarity
enhances our understanding of the prediction process. Furthermore, the straightforward
nature of MLR is particularly beneficial in scenarios with smaller sample sizes, as it helps
to maintain the model’s stability and its ability to generalize, thereby ensuring robust
and reliable predictions from our stacked model. The architecture of the scheme used is
depicted in Figure 4.

The stacking ensemble model consists of two layers: a base learner layer and a meta-
learner layer. The working principles of each layer are outlined using mathematical formulas.

Base learner layer: Let the training dataset be represented as (X,Y), where X is
divided into Xpasic, Xregion, Xusage as input feature matrices, and Y denotes the output target.
Twelve different base learners were selected for training. Each base learner f,,(X;) was
trained on the training set to produce predictions Yy,.

Ym = f(X;), m = INF,INF—RB,...,SVR — RB— UB (17)

where X; € {Xpasic, Xpasic + Xregions Xvasic T Xusage, Xpasic + Xregion + Xusage}-
These predictions from the base learners are combined to form a new feature matrix Z,
where each column represents the prediction of one base learner:

Z = [Yine, YiNF-RB) - -+, YsvR_RB—UB] (18)

Meta-learner layer: The meta-learner uses the prediction results Z from the base learners
as input and the true target Y for training. The meta-learner g(Z) is trained to learn how to
best combine the outputs of the base learners to generate the final prediction Y.

Y = ¢(2) = g([Yine, Yine—rs, -+ Ysvr-—rB-uB)) (19)
Specifically, the meta-learner is a multiple linear regression model:
Y = Bo+ B1Yine + B2Vine B + - - - + B12Ysvr-RB-UB (20)

where By denotes the intercept, and 1, B2, - - - , B12 are the regression coefficients, deter-
mined by minimizing the least squares error function.
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Figure 4. Stacking ensemble model architecture.

The detailed steps for stacking prediction are as follows:

1. Data preprocessing: Split the original dataset (X, Y) into the training set (Xyyin, Yirain)
and test set (thst, Ytgst);

2. Base learner training: Train each base learner on the training set to generate predictions
l?m,tmin. Simultaneously, perform predictions on the test set to generate ?m,test ;

3. Secondary training set generation: Combine the predictions of the base learners on the
training set to form a new feature matrix Z,,;,. Similarly, combine the predictions on
the test set to form Z;es¢;

4. Meta-learner training: Train the meta-learner g(Z;,;,) using the secondary training
set Zirain;

5. Final prediction: Use the trained meta-learner to make predictions on the secondary
test set feature matrix Zy;, generating the final prediction Y/fimzl-

By combining the predictions of multiple base learners and using a meta-learner
to aggregate these results, the stacking ensemble model enhances the overall prediction
accuracy of the model [37].

4. Experimental Results

This section presents and discusses the experimental results. Specifically, the base
models with different feature combinations are compared to the three backbone models.
Informer, MLR, and SVR have been chosen as the comparison methods in this study due
to their outstanding performance and broad application in long-time series prediction,
linear regression, and nonlinear regression tasks. Additionally, the prediction results of the
stacking ensemble model are compared with those of the 12 base models to evaluate the
effects of different feature combinations and the ensemble method.

4.1. Evaluation Metrics

The models were evaluated using the dataset described in Section 3.1, with the main
conclusions drawn based on these metrics. To comprehensively assess the performance
of the ensemble scheme and the basic methods, six commonly used regression evaluation
metrics were employed: mean relative error (MRE), mean absolute error (MAE), symmetric
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mean absolute percentage error (SMAPE), coefficient of determination (R?), root mean
square error (RMSE), and mean absolute percentage error (MAPE), defined as follows [38]:

1 Gy — i
MRE = -} | &1 (21)
"i; Yi
1 n
MAE = =} |yi — il (22)
i=1
1& i — 79l
SMAPE = -y Wi ¥l (23)
w2 Tyl 72
2 Yy —0)°
R =1 ==YV (24)
1 (yi—79)
18 .
RMSE = EZ(%’—%’) (25)
i=1
MAPE = 1 Y| LS < 100% (26)
nial Y

where y; represents the actual value, §J; denotes the predicted value, i represents the
average of the actual values, and n denotes the sample size. MRE reflects the degree
of deviation of the predicted value relative to the actual value and is a dimensionless
indicator. MAE ranges from 0 to +o0, indicating the absolute difference between the
predicted value and the actual value, with smaller values indicating higher prediction
accuracy of the model. SMAPE combines the absolute values of the predicted and actual
values, providing a more reasonable reflection of prediction errors. R? ranges from
0 to 1, with values closer to 1 indicating a stronger explanatory power of the model
for the data. RMSE provides the square root of the average squared prediction errors,
with smaller values indicating higher prediction accuracy of the model. In comparison
to MAE, RMSE is more sensitive to large errors. MAPE expresses the accuracy as a
percentage and is useful for comparing the performance of different models on the
same dataset [39].

4.2. Experimental Results Analysis

During the model construction process, comparative experiments were conducted to
evaluate the impact of incorporating weather features on the predictive performance of
the models. The experiments were carried out using the Informer (INF), SVR, and MLR
models, comparing the performance of models with and without weather features added
to the baseline features.

As shown in Table 5, the inclusion of weather features led to a significant improve-
ment in the R? values of the models, increasing them by 5 to 10 percentage points. This
improvement can be attributed to the strong influence of weather on natural gas demand.
The correlations between minimum and maximum temperatures and gas purchase volume
were notably negative (r = —0.67andr = — 0.69, respectively), indicating that lower
temperatures drive higher heating demand. These patterns cannot be fully explained by
time-based features (e.g., year and month) alone. Therefore, weather features were included
by default in all subsequent experiments.
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Table 5. Performance comparison of models with and without weather features (R?, %).
Approach With Weather Features (R?, %) Without Weather Features (R?, %)
INF 70.46 65.15
SVR 67.06 57.29
MLR 79.18 71.83

For each model (Informer, MLR, SVR), four experiments were conducted: one without
using regional and usage features (INF), one with regional features (INF-RB), one with
usage features (INF-UB), and one with both regional and usage features (INF-RB-UB). The
approach was applied consistently across MLR and SVR. This objective aims to evaluate
the impact of different feature combinations on the model’s predictive performance and
identify the optimal feature combination scheme.

Next, the prediction results of the Informer, MLR, and SVR models will be presented
and analyzed in detail.

4.2.1. Informer Experimental Results

In the performance evaluation of the Informer (see Table 6 and Figure 5), the INF-RB-
UB combination exhibits the best prediction results, with an R? of 76.77%. This significantly
outperforms the INF combination, which lacks regional and usage features and achieves
an R? of only 70.46%. This improvement highlights the substantial impact of incorporating
regional and usage features on the model’s explanatory power and prediction accuracy.
Furthermore, the INF-RB-UB combination achieves lower MRE and SMAPE values of
0.0789 and 0.0811, respectively, further validating the effectiveness of this feature combina-
tion in reducing prediction errors.

Figure 5 illustrates the comparison between the predicted values of the four base
models of INF and the actual natural gas purchase volumes. The data clearly exhibit
significant seasonal patterns, with natural gas demand peaking in the winter and de-
clining in the summer, reflecting increased heating needs and low-demand periods,
respectively. Overall, the models perform better during low-demand periods com-
pared to high-demand periods. Models incorporating regional and usage features
demonstrate better alignment with actual values, particularly in capturing demand
peaks. Similar patterns are also observed in MLR and SVR models, which exhibit con-
sistent behavior across seasonal variations. For instance, the feature combination in the
INF-RB model enables it to better track the substantial increase in demand caused by
low temperatures.

Table 6. Performance evaluation results of INF.

Approach MRE MAE SMAPE R2(%) RMSE  MAPE (%)
INF 0.0851 1,094,138 0.0881  70.46 1,593,979 8.51
INF-RB 0.0957 1,117,435 0.1013  77.19 1,400,524 9.57
INF-UB 0.0846 1,056,106 0.0861  76.34 1,426,436 8.46

INF-RB-UB 0.0789 1,000,462  0.0811 76.77 1,413,591 7.89
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Figure 5. Comparison of actual and predicted gas purchase volumes using the INF model with
different feature combinations. (a) INF; (b) INF-RB; (c) INF-UB; (d) INF-RB-UB.

4.2.2. MLR Experimental Results

The performance of the MLR model with various feature combinations further vali-
dates this conclusion (see Table 7 and Figure 6). Specifically, the MLR-RB-UB combination
stands out as the top performer among all feature combinations, achieving an R? value
of 82.76%, which is significantly higher than the MLR combination without additional
features, which has an R? value of only 67.06%. The MLR-RB-UB combination also excels
in other evaluation metrics. For instance, the MRE for the MLR-RB-UB combination is
0.823, compared to 0.1150 for the MLR combination; the MAE is 943,053 versus 1,297,328;
and the SMAPE is 0.0835 compared to 0.1111, all indicating a significant reduction in error.
The MLR-RB and MLR-UB combinations also show improvements across all metrics. For
example, compared to the baseline of 67.06%, the R? values increased by 15.67% and 10.30%
respectively, and compared to the baseline MAPE of 11.50%, there was a decrease of 3.27%
and 1.91% respectively, with the MLR-RB combination slightly outperforming the MLR-UB
combination. These figures clearly demonstrate the substantial enhancement in predictive
performance when the appropriate feature combinations are introduced.

Table 7. Performance evaluation results of MLR.

Approach MRE MAE SMAPE R?(%) RMSE  MAPE (%)
MLR 0.1150 1,297,328 0.1111  67.06 1,683,193 11.50
MLR-RB 0.0823 943,818  0.0835 8273 1,218,667 8.23
MLR-UB 0.0959 1,106,853 0.0953  77.36 1,395,385 9.59
MLR-RB-UB 0.0823 943,053  0.0835 8276 1,217,738 8.23
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Figure 6. Comparison of actual and predicted gas purchase volumes using the MLR model with
different feature combinations. (a) MLR; (b) MLR-RB; (c) MLR-UB; (d) MLR-RB-UB.

4.2.3. SVR Experimental Results

The outcomes of the SVR model across different feature combinations are encapsulated
in Table 8 and visualized in Figure 7. The SVR-RB model, which integrates regional features,
demonstrates significant improvements across all metrics. The MRE is reduced to 0.0702, the
MAE decreases to 817,575, the SMAPE is lowered to 0.0718, the R? increases to 88.60%, and
the RMSE drops to 990,176, outperforming all other feature combinations. Incorporating
usage-based features into the SVR-UB model also yields positive results, although these
enhancements are not as pronounced as those achieved by the SVR-RB model. The SVR-
RB-UB model, which amalgamates both regional and usage features, does see some uptick
in performance, yet it still lags behind the SVR-RB model in terms of overall effectiveness.
This variance in performance can be attributed to the added complexity and potential noise
that come with an expanded feature set. It appears that while feature integration can be
beneficial, the judicious selection and combination of features truly drive predictive power.

Table 8. Performance evaluation results of SVR.

Approach MRE MAE SMAPE R?(%) RMSE  MAPE (%)
SVR 0.0976 1,074,106  0.0957  79.18 1,338,196 9.76
SVR-RB 0.0702 817,575  0.0718  88.60 990,176 7.02
SVR-UB 0.0978 1,121,888 0.1018  80.30 1,301,718 9.78
SVR-RB-UB 0.0787 895598  0.0799 8331 1,198,170 7.87

Overall, the predictive performance of the models—whether Informer, MLR, or
SVR—significantly improves with the inclusion of regional and usage features. The inclu-
sion of these features not only boosts the R? values, indicating stronger explanatory power
of the models, but also substantially reduces metrics such as MAE, MRE, SMAPE, RMSE,
and MAPE, thereby decreasing prediction errors.

These results clearly demonstrate the importance of feature engineering in enhancing
the performance of natural gas purchase volume prediction models.
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Figure 7. Comparison of actual and predicted gas purchase volumes using the SVR model with
different feature combinations. (a) SVR; (b) SVR-RB; (¢) SVR-UB; and (d) SVR-RB-UB.

4.2.4. Stacking Experimental Results

The stacking ensemble model was constructed by integrating the results of
four experiments, each under different feature combinations for the three backbone mod-
els (Informer, MLR, SVR), resulting in a total of 12 base models. Stacking effectively
captures feature relationships and patterns in the data by using the prediction results of the
base models (i.e., the outputs of the first layer) as new input features for the second layer
meta-learner. This approach enables the effective combination of the strengths of multiple
models, thereby enhancing the overall prediction accuracy. The performance evaluation
and prediction results of the stacking ensemble model are shown in Table 9 and Figure 8.

In Table 9, the performance evaluation results of the stacking ensemble model are
compared with the optimal feature combinations (R?) of the INF, MLR, and SVR. The
stacking ensemble model outperforms the base models across all metrics.

Table 9. Performance comparison of optimal feature combinations in base methods and the
stacking model.

Approach MRE MAE SMAPE R2?(%) RMSE  MAPE (%)
INF-RB 0.0957 1,117,435 0.1013  77.19 1,400,524 9.75
MLR-RB-UB 0.0823 943,053  0.0835 8276 1,217,738 8.23
SVR-RB 0.0702 817,575  0.0718  88.60 990,176 7.02
Stacking 0.0614 648,303  0.0601 9257 799,635 6.14

The stacking ensemble model exhibits lower mean relative error (MRE), mean absolute
error (MAE), symmetric mean absolute percentage error (SMAPE), and mean absolute
percentage error (MAPE). This indicates that the stacking ensemble model has higher
accuracy and stability in predicting natural gas purchase volumes, particularly in managing
relative errors. Furthermore, the stacking model achieved an R? of 92.57%, which is about
4-15 percentage points higher than the R? values of the base models, demonstrating its
superior ability to explain the variability in the data. Additionally, the root mean square
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error (RMSE) of the stacking model is 799,635, the lowest among all models, indicating the best
performance in terms of the square root of the prediction errors and providing the most stable
and accurate results.

Figure 8 illustrates the comparison between the predicted values and the actual values
using the stacking ensemble model. As seen in the figure, the prediction results of the
stacking ensemble model are very close to the actual values, especially in terms of trend
changes and fluctuations.

x107
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Figure 8. Comparison of actual and predicted gas purchase volumes using stacking.

These results validate the superiority of the stacking model in the task of predicting
natural gas purchase volumes. Compared to individual base models, the stacking model
demonstrates higher accuracy across all evaluation metrics, particularly in key indicators
such as RZ, MRE, MAE, RMSE, and MAPE.

4.3. Engineering Application

To further validate the performance of the stacking ensemble model in terms of
real-world prediction and generalization capabilities, the model was applied to the Pi
County area of Chengdu, China. In October 2023, it predicted the natural gas procurement
volumes for this area from November 2023 to October 2024. When writing this paper in
November 2024, we compared the predicted values with the actual procurement volumes
during this period, with the specific details presented in Table 10.

Table 10 clearly demonstrates that our stacking ensemble model has exhibited out-
standing performance in predicting natural gas procurement volumes. In particular, in
March 2024, the model’s performance reached its peak, with the gap between the predicted
and actual values being negligible, with an error rate of only 0.35%, which is almost im-
perceptible. However, in certain months, such as November 2023, and April, May, and
October 2024, we noticed an increase in prediction errors, reaching 5.39%, 4.84%, 5.37%,
and 5.03%, respectively. These deviations may have been due to the economic slowdown
that began in 2024, which led to a reduction in commercial production and a decrease in
consumer spending, thereby affecting fluctuations in natural gas demand [40]. Despite
these challenges, our stacking model has maintained a high level of prediction accuracy
and stability. The errors for all months were kept within 6%, a result that fully attests
to the model’s powerful capability and reliability in predicting natural gas purchase vol-
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umes. Even in a volatile economic environment, our model continues to provide precise
predictions, offering valuable reference data for decision-makers.

Table 10. Comparison of future predictions and actual values.

Date  Stacking Predicted Value Actual Value Percentage Error (%)
2023.11 11,259,021 10,683,648 5.39
2023.12 15,951,523 15,226,730 4.76
2024.01 16,701,125 17,109,964 —2.39
2024.02 14,225,391 13,843,689 2.76
2024.03 13,317,303 13,270,379 0.35
2024.04 10,375,301 9,896,262 4.84
2024.05 10,199,972 9,680,592 5.37
2024.06 9,148,206 8,778,636 4.21
2024.07 8,987,714 8,687,648 3.45
2024.08 8,189,393 7,973,548 2.71
2024.09 8,836,944 9,127,189 -3.18
2024.10 10,923,210 10,400,086 5.03

5. Conclusions

The accurate prediction of natural gas purchase volumes is critical for optimizing
resource allocation, improving decision-making processes, and ensuring efficient supply
chain management. This study introduces a novel approach by integrating fine-grained
features, such as regional and usage attributes, into a stacking ensemble framework to
address the challenges of modeling complex nonlinear relationships. The proposed method
combines three backbone models—Informer, MLR, and SVR—within a stacking ensemble
framework, consisting of 12 base learners, to effectively leverage weather, regional, and
usage features.

Experimental results demonstrate that incorporating these features significantly im-
proves prediction accuracy. The stacking ensemble model consistently outperformed the
individual base models across all evaluation metrics, including R?, MAE, MRE, SMAPE,
and MAPE. For example, the R? values of the Informer, MLR, and SVR showed notable
improvements after integrating weather, regional, and usage features, with R? values im-
proving by 4-15% compared to the 12 base models. Additionally, the stacking ensemble
model maintained a reasonable prediction error, with the maximum error validated at
5.39% from November 2023 to October 2024, even under potential economic downturns.
These results highlight its robust generalization capabilities and practical applicability,
demonstrating the effectiveness of integrating fine-grained features and ensemble learning
techniques for accurate natural gas purchase volume prediction.

Although the stacking ensemble method demonstrated excellent predictive perfor-
mance, several limitations must be acknowledged. First, due to the inclusion of 12 base
models, the model exhibits relatively high computational complexity, which may restrict
its applicability to larger datasets or real-time forecasting scenarios. Future research could
leverage distributed training or parallel computing techniques to improve the model’s
computational efficiency and scalability. Second, since the data used in this study were
collected exclusively from Pi County, Chengdu, the model’s applicability to other geograph-
ical regions or economic conditions has yet to be validated. Expanding the dataset and
testing the model in diverse contexts will be essential to confirm its generalizability.

In addition, while this study successfully mitigated the risk of overfitting through tech-
niques such as cross-validation and L2 regularization, further optimization of the model
architecture is necessary to strike a balance between complexity and performance, prevent-
ing potential overfitting on other datasets. Future research will also explore more advanced
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ensemble learning techniques (e.g., XGBoost and LightGBM) and conduct comparative
analyses with other nonlinear algorithms to comprehensively evaluate their performance
in modeling complex nonlinear relationships. Lastly, plans are in place to incorporate addi-
tional external influencing factors, such as economic indicators and population changes, to
further enhance predictive accuracy and provide robust, efficient decision-making support
for natural gas procurement.
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