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Abstract

A pipeline network is an important transportation mode of natural gas, and different
external factors will affect the development of natural gas scheduling plans to different
degrees. However, the specific correlation between each external environmental factor and
pipeline network scheduling decision is not clear at this stage. This paper developed a
hybrid method with Pearson’s correlation coefficient and Spearman’s correlation coefficient
to study the correlations between climate temperature, total gas supply, economic condi-
tions, other energy consumption and natural gas pipeline scheduling plans. The results
showed that the correlation between natural gas pipeline output and climate temperature
is good, presenting a significance level of 5% and below; in contrast, the correlations with
economic conditions and other factors are less significant but still reach a significance
level of 10%. Meanwhile, taking energy consumption as the object of study, it was found
that the correlation between natural gas consumption and electric energy, crude oil and
crude coal is good, showing a significance level of 5% and below. Among them, there
is a significant positive correlation between natural gas consumption and electric energy
consumption, and between natural gas consumption and crude o0il consumption, which
reveals the synergistic effects within the energy system.

Keywords: natural gas pipeline network; dispatch; correlation analysis; Pearson correlation
coefficient; Spearman correlation coefficient

1. Introduction
1.1. Background

In the context of the “dual carbon” goals, reducing greenhouse gas emissions has
become a fundamental task for many countries, presenting challenges across various
industries [1]. Compared to fossil fuels such as coal and petroleum, natural gas is considered
a relatively low-carbon transitional energy source [2], and its promotion, especially the
integration with other types of renewable energy, has become a significant force in achieving
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the goals of “carbon peak and carbon neutrality” [3]. China’s natural gas consumption
has grown annually, with a 7% year-on-year increase in 2023 [4]. Long-distance pipelines
serve as the lifelines of energy transportation [5]. The long-distance transportation of
natural gas heavily relies on a complex pipeline network system [6]; strategic decisions
regarding pipeline network scheduling are critical for ensuring the stability and safety of
the natural gas supply while also optimizing the overall economic environment operational
efficiency [7]. In this process, pipeline output and natural gas consumption are core factors
in scheduling decision-making, as they directly impact the efficiency and stability of the
entire scheduling system.

Natural gas consumption refers to the total amount of gas used by different regions or
sectors within a specific period. Changes in consumption directly influence pipeline output,
meaning that the dispatch centre must allocate natural gas from supply sources to meet
the varying regional demands. Both pipeline output and consumption affect the accuracy
and efficiency of scheduling decisions and relate to the overall stability and economic
viability of the entire natural gas supply chain. Uncertainties in external environmental
factors, such as supply volume, demand fluctuations, climate changes, and other energy
considerations, increase the complexity and uncertainty of natural gas pipeline scheduling
decisions. Therefore, integrating these external uncertainties to achieve efficient and robust
scheduling decisions represents a significant research challenge.

1.2. Literature Review

In recent years, with the development of advanced algorithms, mixed-integer linear
programming (MILP) has been widely applied to natural gas pipeline networks. At the
same time, many external environmental factors, such as environmental conditions, supply
and demand dynamics, and social factors, have been incorporated into scheduling opti-
mization models. Wei et al. [6] proposed a mixed-integer nonlinear programming (MINLP)
model aimed at reducing compressor energy consumption. They employed a stochastic
optimization algorithm that combines particle swarm optimization with high-fidelity sim-
ulation. The model successfully reduced pipeline energy consumption by up to 19.77%.
Peng et al. [8] developed a mixed-integer linear programming relaxation method that
considers the role of underground storage in supply—demand adjustments. This method
demonstrated a reduction in transportation and injection-extraction energy consumption
by 10.21% and 15.89%, respectively, when compared to non-relaxed methods. Ozmen [9]
introduced a sparse regression modelling approach, using temperature as an input, to
address short- and long-term natural gas demand forecasting problems. The model was
compared with existing models and proved effective. Bazyar et al. [10] constructed an
optimization model for natural gas networks that accounted for both environmental and
social uncertainties. To handle these uncertainties, a robust possibilistic programming
method was employed, using the Torabi-Hassini (TH) method to convert a multi-objective
model into a single-objective model. The results showed that system costs were signifi-
cantly impacted by uncertainty, with model parameter uncertainty playing a crucial role.
Sesini et al. [11] proposed a two-stage stochastic cost-minimization model for natural gas
transport in response to “high impact, low probability” uncertainties in the EU’s energy
supply. Their research demonstrated that in emergency situations, strategic storage could
ensure the cost-efficiency of the energy system. Oke et al. [12] explored price and demand
uncertainties by developing an optimization framework for the shale gas distribution
network, considering hydro-energy relationships. Uncertainty was modelled through ran-
domly generated scenarios, and the solution maximized net profits, showing an expected
profit increase of 13.74%.



Energies 2025, 18, 3274

30f17

In recent years, the advancement of artificial intelligence has provided more accu-
rate and efficient solutions for optimizing natural gas pipeline networks. Liu et al. [13]
proposed a deep reinforcement learning (DRL)-based optimization framework for natu-
ral gas transmission networks. The proposed method reduces energy consumption by
4.60% compared to genetic algorithms (GA) and decreases computation time by
97.5% compared to dynamic programming (DP). Peng et al. [14] introduced a decom-
position optimization method for natural gas pipeline networks based on the alternating
direction method of multipliers. This approach breaks down large-scale pipeline sys-
tems into different subnetworks and employs intelligent algorithms for solving. Com-
pared to traditional methods, the proposed technique reduces computation time by over
27.12% while further lowering energy consumption. Fan et al. [15] developed a gas supply
reliability optimization method for natural gas pipeline networks using Bayesian networks
(BN) and DRL. Leveraging DRL’s dynamic decision-making capability, it adaptively opti-
mizes maintenance strategies, significantly reducing gas shortage risks and maintenance
costs. The method’s superior performance over conventional approaches was validated in
real-world case studies.

At the same time, with the continuous development of power systems and renewable
energy in recent years, the deepening coupling between natural gas and other energy
sources has increasingly impacted the operation of natural gas pipeline networks. The
utilization of different energy sources also plays a key role in the natural gas consumption
of specific regions. At the same time, with the continuous development of power systems
and renewable energy in recent years, the deepening coupling between natural gas and
other energy sources has increasingly impacted the operation of natural gas pipeline
networks. The utilization of different energy sources also plays a key role in the natural gas
consumption of specific regions [16], which has led to an increased integration of electricity
and natural gas in multiple sectors. Huang et al. [17] proposed an optimized dispatch
strategy for an integrated electricity and gas system (IEGS) that accurately reflects the
optimal scheduling results of this bidirectionally coupled system. Yan et al. [18] introduced
a wind-hydrogen—natural gas coupling system regulated by renewable energy. This system
can reduce wind power curtailment by approximately one-fifth and achieve a reduction of
1.05 billion tons of carbon emissions annually. In the coupling of traditional and renewable
green energy systems, Messini et al. [19] proposed a new method for integrating solar—
hydrogen systems into oil and gas processing facilities. This approach can potentially
facilitate the transition of traditional energy systems to green and renewable energy sources.

Current research has extensively explored the feasibility of establishing scheduling
models using various methods and incorporating external environmental factors as key
solution conditions. However, the specific correlations between these external factors and
scheduling decisions remain unclear, and no systematic verification of these correlations
has been conducted. This study aimed to fill this gap by analysing the impact of temper-
ature, gas supply volume, population, and economic conditions on natural gas pipeline
output, as well as the influence of other energy consumption on regional natural gas con-
sumption. The goal was to explore in depth how these factors affect scheduling decisions
and actual consumption. This study innovatively proposes a hybrid correlation analysis
framework based on rigorous distribution testing, which automatically selects the optimal
correlation analysis method (Pearson or Spearman) through systematic normality verifica-
tion, effectively addressing the critical issue of neglecting distributional assumptions in
traditional data analysis. The framework establishes a standardized “test-select-interpret”
workflow that not only ensures the accurate measurement of linear relationships but also
captures nonlinear association characteristics, providing more rigorous methodological
support for correlation analysis in complex systems. Compared to the application of a
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single method, this hybrid strategy significantly enhances the reliability and interpretability
of the analytical results.

2. Methodology

To thoroughly investigate the correlations between natural gas pipeline scheduling and
various uncertain external factors, this paper adopted two methods for detailed analysis:
the Pearson correlation coefficient [20] and the Spearman correlation coefficient [21]. A
normality test is a prerequisite for determining whether a dataset is suitable for the Pearson
correlation coefficient.

In statistical analysis, selecting correlation coefficients based on the dataset’s distri-
bution is methodologically critical: Pearson’s coefficient (for normally distributed data)
measures linear dependence through covariance, while Spearman’s rank coefficient (for
non-normally distributed data) uses ordinal ranking to robustly capture associations despite
skewness or outliers. Pearson’s accuracy depends on normality assumptions—violations
may distort the results, whereas Spearman’s rank transformation mitigates such distor-
tions [22]. Therefore, a normality test must be conducted before choosing a method to
ensure the correct method is selected. The analysis procedure is illustrated in Figure 1, with
the following steps:

(1) Select a specific region as the research subject;

(2) Collect data on dispatch demand and factors that may have a potential correlation;

(8) Test whether the values from each step follow a normal distribution;

(4) Choose the appropriate correlation coefficient analysis method based on whether the
dataset conforms to a normal distribution;

(5) Identify the indicators with significant correlations.

1
' 1
1 ' [P .
I ! Data \
,  Climactic I Rl Verification ket ! - :
i : : ! I Correlation I
. ! i 1 : 1 Coefficient 1
1 2 . ,
! g 1 S-W Test 1
: Gas Supply . s q ! : :
|» 2 ' : -
I g 1
l : E : a : Spearman'’s I
| ! Z‘5 ! : 1 Correlation 1
! Economics t !
! | ! K-S Test 1 l\ Coefficient !
1 ! 1 i . B
| ! e N
: ! o ___ N
1 Other Energy :
1
1 _
1
1
1
1
1
1

[ Collection Of [
Data

Figure 1. Relevance analysis flowchart.

The calculated correlation coefficient values based on actual data range between —1
and 1, representing the degree of correlation as shown in Table 1. However, this interpreta-
tion must be based on testing the significance of the correlation coefficient [23]. In practical
applications, we typically report both the correlation coefficient and the significance (p)
value. The correlation coefficient tells us the strength and direction of the linear relationship
between two variables, while the p-value helps us determine whether this relationship is
statistically significant.

Table 1. Table of correlation coefficients.

The Absolute Value of Correlation Coefficient Interpretation
0.8-1.0 Highly correlated
0.5-0.8 Moderately correlated
0.3-0.5 Lowly correlated

0-0.3 Very weakly correlated or uncorrelated
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2.1. Normality Test

The normality test is a common statistical method used to determine whether a dataset
follows a normal distribution. In this study, the Shapiro-Wilk (S-W) test [24] was chosen,
which is a widely recommended non-parametric test method. It is suitable for small sample
sizes (N < 5000) and has a high level of accuracy [25,26]. The W value in the S-W test
statistic [26] is defined as follows:

n/2 2
Xoai(Xp1-i — x;)

W Lzt )
(x; — %)

s

1

where n represents the sample size; x; is the ith order statistic; ¥ is the sample mean; and 4;
are the weights, which can be derived from the quantile tables.

The W statistic can be viewed as the ratio of the variance-optimal estimator derived
from a certain linear combination of order statistics to the sample variance of the data.
Based on a given significance level o (commonly set at 0.05) and the sample size #, the
critical value W can be determined by consulting the quantile table for the W statistic. If
W < Wa, it is concluded that the dataset does not follow a normal distribution; conversely,
if W > Wa, it is considered to follow a normal distribution. Since critical values may differ
depending on the method employed, statisticians often express the results in terms of
probability values (p) for a more generalized decision-making outcome. Specifically, if
p=P(W > Wa) > «, then the dataset is deemed to follow a normal distribution [24].

2.2. Pearson Correlation Coefficient

Pearson correlation analysis is a statistical method used to assess the strength and
direction of the linear relationship between two continuous variables. This correlation is
represented by a value known as the Pearson correlation coefficient [27], which ranges
from —1 to 1 [28]. When the absolute value of r is closer to 1, it indicates a stronger linear
association between the two variables. If r is positive, it indicates a positive correlation,
while a negative r indicates a negative correlation. When r approaches 0, it implies that
there is no linear relationship.

L (xi=%)(yi )
r= = )

n

\/é(xi %)Y (yi—79)°

i=1

where r is the value of the correlation coefficient; x; is the different values corresponding to
the variable x; X is the average of the variable x; y; is the different values corresponding to
the variable y; ¥ is the average of the variable y; and 7 is the number of variables.

In practical applications, the Pearson correlation coefficient is frequently used in
fields such as social sciences, biology, and medicine to study the correlations between
different indicators, thereby providing a basis for further research and decision-making.
However, the Pearson correlation coefficient only measures the linear correlation between
two variables and may not accurately reflect non-linear relationships. Therefore, it is
necessary to introduce other correlation coefficient methods as supplements, as discussed
in the following chapters. It is also important to note that correlation does not imply
causation. Even if there is a strong correlation between two variables, one cannot directly
conclude that one variable causes change in the other. A comprehensive analysis that
considers the actual situation is needed.
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2.3. Spearman’s Correlation Coefficient

In statistics, the Spearman coefficient is commonly used to describe the non-linear
correlation between two variables. The Spearman rank correlation coefficient, also known as
just the rank correlation coefficient, is a statistic used to measure the non-linear relationship
between two variables [21]. Unlike the Pearson correlation coefficient, it does not rely on a
normal distribution of the dataset or linear relationships. This coefficient is calculated by
ranking the values of the variables and then using these ranks to compute the covariance
and standardize the result. The values range from —1 (perfect negative correlation) to
1 (perfect positive correlation), with 0 indicating no correlation. The Spearman rank
correlation coefficient is suitable for handling small samples and non-normally distributed
data, making it widely applicable in various research fields [29].

-5 (R(w) — R(0) (R(y) — R(y)
= — 3)
\/ (3 £ (R0 - R@)) - (3 £ (R - R)’)
=1 i=1

where R(x) is the rank of x, R(y) is the rank of y, R(x) is the average rank of x, and R(y) is
the average rank of y.

3. Case Studies

This case study focuses on the natural gas pipeline branches in a specific region,
analysing the impact of various factors—such as climate, gas supply volume, population,
and economic conditions—on scheduling decisions. The natural gas dispatch data in this
section were obtained from a regional gas dispatch operator in China, consistent with the
studied areas. Normality tests and correlation analyses in the case study were computed
using the SPSSPRO platform https:/ /www.spsspro.com/ (accessed on 9 April 2024).

3.1. A Correlation Study of RA Temperature

Energy datasets are characterized by nonlinearity, seasonality, and growth trends [30],
making seasonal natural gas dispatch and forecasting particularly critical [31]. The impact
of seasonal factors is primarily reflected in climatic conditions. Therefore, this case study
selected average temperature and historical extreme temperatures as representative climatic
influencing factors.

Temperature data for Region RA from November to May was collected from
Weather.com [32], with both dispatch and temperature data corresponding to the same
region and time period. All datasets are presented in Table 2.

Table 2. RA temperature and average daily gas output.

Averag.e Daily Avel:ag.e Daily Highest Lowest Average Gas Output from
Months Maximum Minimum Temperature on Temperature on Branch Lines/10° m>

Temperature/°C Temperature/°C Record/°C Record/°C

Novw. 26 19 31 9 121.73

Dec. 20 13 28 4 116.64

Jan. 18 12 28 3 121.85

Feb. 19 13 29 5 131.62

Mar. 23 17 31 9 134.80

Apr. 28 22 33 12 147.39

May. 32 26 35 19 149.83
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3.1.1. RA Temperature Normality Test

The analysis results are presented in Table 3. The proximity between the mean and
median values of all variables suggests the absence of significant outliers. Notably, the
historical minimum temperature exhibited the highest standard deviation (5.56 °C) and
skewness (1.061), indicating potential right-tailed outliers.

Table 3. RA temperature test results.

Variable Name Sample Size Median Average Value Standard Deviation Skewness Kurtosis S-W Test
Average daily ma)(()lmum 7 23 23.714 5.187 0.529 —0.998 0.937 (0.610)
temperature/°C
Average daily minimum 7 17 17.429 5.255 0.636 —0.825 0.913 (0.414)
temperature/°C
Highest tempe:ature 7 31 30.714 2.628 0.587 —0.683 0.916 (0.436)
onrecord/°C
Lowest temperature 7 9 8.714 5.559 1.061 0.981 0.906 (0.366)
onrecord/°C
Average gas output 7 131.621 131.98 12.956 0.391 ~1.509 0.911 (0.400)

from branch lines/10° m3

Note: Values in parentheses are p-values.

The Shapiro-Wilk test revealed no significant deviation from a normal distribution
for any variables (p > 0.05). However, the low kurtosis (—1.509) of gas output suggests a
more dispersed distribution than found in a typical normal distribution, likely reflecting
the dynamic influence of multiple factors on gas consumption patterns.

3.1.2. RA Temperature Pearson Correlation Analysis

Based on these normality test results showing no significant deviations (p > 0.05),
Pearson correlation analysis was conducted to evaluate pairwise relationships between
variables (Table 4). The analysis revealed two key findings: First, temperature indicators
demonstrate severe multicollinearity with strong inter-correlations, suggesting they should
not all be included simultaneously in the dispatch system. Second, consistent positive
correlations exist between the temperature metrics and the branch-line average gas output.

Table 4. Correlation coefficient table.

Average Gas Output Average Daily Average Daily Highest Lowest Temperature
Variable Name from Branch Maximum Minimum Temperature on R ];:1 rC
Lines/10° m? Temperature/°C Temperature/°C Record/°C on Recor
Average gas output from 1
branch lines/10° m3 (0.000 ***)
Average daily maximum 0.756 1
temperature/°C (0.049 **) (0.000 ***)
Average daily minimum 0.809 0.996 1
temperature/°C (0.027 **) (0.000 ***) (0.000 ***)
Highest temperature on 0.878 0.971 0.988 1
record/°C (0.009 ***) (0.000 ***) (0.000 ***) (0.000 ***)
Lowest temperature on 0.841 0.968 0.98 0.986 1
record/°C (0.018 **) (0.000 ***) (0.000 ***) (0.000 ***) (0.000 ***)

Note: ***, and ** represent 1% and 5% significance levels, respectively.

The correlations between the variables can be illustrated by the heatmap shown in
Figure 2, which depicts climate relationships. It can be concluded that the average output
of the RA branch is most strongly correlated with the historical maximum temperature.
Statistical testing indicates that there is only a 1% chance that the observed differences are
due to random factors, meaning that 99% are attributed to non-random factors. In contrast,
the average output shows a weaker correlation with other temperature types; however, it
can still be inferred that there is only a 5% chance that the observed differences are due to
random factors, suggesting that 95% of the differences arise from non-random influences.
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Figure 2. Heatmaps of climate relationships.

3.2. A Correlation Study of Gas Supply to Pipeline Networks

A natural gas pipeline network is a critical infrastructure connecting the upstream
supply side and the downstream demand side, making a stable and resilient gas supply
through the pipeline network an important research area [33]. Therefore, this case study
investigated the relationship between the upstream gas supply and downstream pipeline
gas dispatch operations, specifically taking the pipeline network in Region A as an example
to analyse the correlations between the total gas supply in this region and the following
pipelines: the AI-LNG West Line, HA-BR Line, KI Line, TH-HA Line, ZK-KN Line, SZ
Branch, EH Branch, and WE Branch. All these pipelines belong to the same Region A and
are spatially consistent.

3.2.1. Gas Supply Normality Test

The analysis results are shown in Table 5. The gas inflow volumes of most pipelines
significantly deviate from a normal distribution (Shapiro-Wilk test p < 0.01). Among them,
the WE Branch demonstrates extreme right-skewness (skewness = 2.202) and leptokurtic
characteristics (kurtosis = 4.435), indicating the presence of high outlying values.

Table 5. Gas supply normality test.

Variable Name Sample Size Median Average Value Standard Deviation Skewness Kurtosis S-W Test

Total gas inflow /10° m? 100 3528.46 3360.16 669.262 —0.791 —0.093 0.932 (0.000 ***)
AI-LNG West Line/10° m? 100 670.728 615.277 219.125 —0.571 —0.857 0.925 (0.000 ***)
HA-BR Line/10° m? 100 582.085 530.446 254.237 —0.282 —0.925 0.953 (0.001 ***)

KI Line/10° m3 100 386.693 395.011 71.952 0.397 0.171 0.978 (0.091 %)
TH-HA Line/10° m® 100 9.291 8.446 2.297 —0.227 —1.095 0.939 (0.000 ***)
SZ Branch/10° m® 100 54.038 47.563 16.033 —0.769 —-0.83 0.869 (0.000 ***)
ZK-KN Line/10° m? 100 80.485 65.262 33.368 —0.151 -1.717 0.847 (0.000 ***)
EH Branch/10° m? 100 78.919 86.636 50.243 0.753 0.445 0.951 (0.001 ***)
WE Branch/10° m? 100 148.38 157.053 23.039 2.202 4.435 0.704 (0.000 ***)

Note: ***, and * represent 1% and 10% significance levels, respectively.
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The KI Line is the only pipeline that approximates a normal distribution (p = 0.091).
Left-skewed variables (such as total gas inflow and the SZ Branch) suggest there were
occasional days with relatively low inflow volumes.

3.2.2. Gas Supply Spearman Correlation Analysis

The normality tests showed that both the total gas inflow and most pipelines’ inflow
volumes significantly deviated from a normal distribution. Therefore, Spearman’s correla-
tion analysis was used in this case, with analytical steps similar to Pearson’s correlation.
Specific results are shown in Table 6.

Table 6. Spearman’s correlation analysis of gas supply and gas outflow.

Variable Name Total Gas AI-LNG West HA-BR KI Line/ TH-HA SZ Branch/ ZK-KN EH Branch/ WE Branch/
Inflow/10° m® Line/10° m® Line/10° m? 10° m® Line/10° m? 10° m® Line/10° m® 10° m® 10° m®
Total gas 1
inflow/10° m? (0.000 )
AI-LNG West 0.82 1
Line/10° m3 (0.000 ***) (0.000 ***)
HA-BR 0.83 0.763 1
Line/105 m? (0.000 ) (0.000 ) (0.000 )
. 5 3 0.746 0.618 0.665 1
KILine/10° m (0.000**%) (0.000 **%) 0000  (0.000***)
TH-HA 0.576 0.568 0.75 0.549 1
Line/10° m3 (0.000 **%) (0.000 **%) (0.000%%)  (0.000%%)  (0.000*)
SZ 0.78 0.68 0.826 0.744 0.713 1
Branch/105 m? (0.000 %) (0.000 %) 0000 (0000  (0.000**)  (0.000*)
ZK-KN 0.663 0.575 0.664 0.501 0.581 0.702 1
Line/10° m? (0.000%+%) (0.000 %) 00004  (0.000**)  (0.000%*)  (0.000%%) (0.000 **+)
EH 0.201 0.155 0.166 —0.002 0.11 —0.107 0.199 1
Branch/10° m?® (0.045 %) (0.124) (0.099%) (0.988) (0.275) (0.290) (0.047 ) (0.000 )
WE 0.434 0.321 0.541 0.417 0.373 0.425 0.126 0.045 1
Branch,/105 m? (0.000 **%) (0.001 #*%) 0000 (0.000*%)  (0.000**)  (0.000*%) (0.213) (0.656) (0.000 ***)

Note: ***, **, and * represent 1%, 5%, and 10% significance levels, respectively.

The results indicate that all pipelines showed significant positive correlations with
total gas inflow. The EH and WE branch lines exhibited stronger independence with weaker
correlations for other pipelines.

The above table presents the parameter results of the model verification, including
correlation coefficients and significance p-values. The correlations between the variables
can be visually represented by the heatmap in Figure 3. It can be concluded that the total
inflow is best correlated with the AI-LNG West Line, HA-BR Line, KI Line, TH-HA Line,
SZ Branch, ZK-KN Line, and WE Branch, indicating that there is only a 1% chance that
the observed differences are due to random factors. In comparison, 99% of the differences
arise from non-random factors. In contrast, the correlation between total inflow and the EH
Branch has only a 5% chance of being attributed to random factors, suggesting that 95% of
the differences are due to non-random influences.

3.3. Population-Economy Correlation Studies

Economic development level, population size, and structure positively influence
natural gas consumption [34]. However, different demographic and economic indicators
exhibit varying correlations with natural gas dispatch. To verify and select the indicators
most representative of natural gas pipeline network dispatch, this case study examined the
correlations between gas outflow volumes of eight branch lines (YX, L], D], GL, RA, HC,
FCG, and YL) and three regional indicators: permanent resident population, GDP, and per
capita GDP. The data for permanent resident population, GDP, and per capita GDP were
obtained from the China Statistical Information Network [35].

The service areas of these eight natural gas branch lines strictly correspond to
prefecture-level city administrative boundaries and are all located within the same region.
The permanent resident population, GDP, and per capita GDP data use 2022 statistical
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data from the respective prefecture-level administrative divisions where each branch line is
located, ensuring spatial scale consistency. Specific data are shown in Table 7.

WE Branch

EH Branch

SZ Branch

ZK-KN Line
TH-HA Line

KI Line

HA-BR Line
AI-LNG West Line

Total inflow

Figure 3. Heatmap of gas supply and discharge.

Table 7. Population size and GDP in 2022.

Variable YX LJ DJj GL RA HC FCG YL
Name Branch/10° m®  Branch10° m®  Branch/10° m®  Branch/10°m®  Branch/10°m®  Branch/10°m®  Branch/10°m®  Branch/10° m?
Output/105 m3 10,574 664 2268 2420 4010 94 2077 1033
GDP/
Billions CN'Y 2521 620 241 2436 1917 1136 968 2167
Resident 24 125 50 496 332 341 106 582
population/10
G.DP per 112,527 49,608 48,093 49,145 57,774 33,304 91,406 37,222
capita/CNY

3.3.1. Population-Economy Normality Test

The test results presented in Table 8 demonstrate that the gas outflow dataset
displays significant right-skewness (skewness = 2.131) and leptokurtic characteristics
(kurtosis = 5.045), with the Shapiro-Wilk test confirming a non-normal distribution
(W =0.753, p = 0.009). In comparison, both GDP (W = 0.918, p = 0.411) and permanent
resident population (W = 0.940, p = 0.611) satisfy the normality assumption, while per
capita GDP shows borderline non-significant deviations from normality (p = 0.065) but still
exhibits a right-skewed tendency (skewness = 1.288).

3.3.2. Population-Economy Spearman Correlation Analysis

Since the gas outflow dataset showed a non-normal distribution, Spearman’s corre-
lation test was selected for this case study. The specific results are shown in Table 9. Per
capita GDP showed a marginally significant positive correlation with natural gas outflow
(r = 0.667, p = 0.071), while the effects of total GDP and population size did not reach
statistical significance.



Energies 2025, 18, 3274 11 of 17

Table 8. Demographic and economic normality test results.

Variable Name V;ral;t)ele Sample Size Median Average Value  Standard Deviation Skewness Kurtosis
Output/10° m3 8 2172.488 2892.585 3333.413 2.131 5.045 0.753 (0.009 ***)
GDP/
Billions CN'Y 8 1526.27 1500.679 871.121 —0.183 —1.749 0.918 (0.411)
Resident 8 277.905 281.962 190.705 0417 —1.087 0.94 (0.611)
population/10
GDP per "
capita/CNY 8 49,376.262 59,884.909 27,643.986 1.288 0.662 0.834 (0.065 *)
Note: ***, and * represent 1% and 10% significance levels, respectively.
Table 9. Spearman analysis of the demographic and economic situation.
Variable Name Output/10° m® GDP/Billions CNY Resident Population/10* GDP Per Capita/CNY
Output/10° m3 1 (0.000 ***)
GDP/Billions CNY 0.524 (0.183) 1 (0.000 ***)
Resident population/ 104 —0.095 (0.823) 0.69 (0.058 *) 1 (0.000 ***)
GDP per capita/CNY 0.667 (0.071 *) 0.238 (0.570) —0.429 (0.289) 1(0.000 ***)

Note: *** and * represent 1% and 10% significance levels, respectively.

The correlations between the variables can be intuitively illustrated by the heatmap
shown in Figure 4. The Spearman test p-value for the relationship between gas output and GDP,
resident population, and per capita GDP is 0.183, 0.82, and 0.071, respectively. The p-value was
used to assess the significance of the observed rank correlations between the variables while
conducting the Spearman rank correlation test. A smaller p-value typically indicates a more
significant correlation, while a larger p-value suggests a weaker correlation. The relationship
between gas output and GDP and the resident population is insignificant, while there is a
certain correlation with per capita GDP. These results indicate a relatively strong correlation
between natural gas dispatch demand and per capita GDP. This is primarily because per capita
GDP can more accurately reflect residents’ living standards and consumption capabilities,
directly influencing the demand for clean energy such as natural gas. In contrast, while
population size and total GDP are important economic indicators, their correlation with
natural gas dispatch demand is relatively weaker in this context.

1.00
GDP per capita
Resident population
GDP
Output

N N & & —0.43

& & <& N
8) QQ- 0&0
\QO QQ
.&:Q C)Q
QS'%\

Figure 4. Heatmaps of demographic and economic conditions.



Energies 2025, 18, 3274

12 of 17

3.4. Correlation Studies of Energy Coupling

Integrated Energy Systems (IESs), as an innovative solution to global energy challenges,
have achieved improvements in energy efficiency and reductions in carbon emissions
through multi-energy coordination and intelligent optimization technologies [36,37]. By
coupling various energy networks such as electricity, heating, and gas, an IES establishes
an integrated “source—grid-load—storage” framework. The introduction of power-to-gas
(P2G) and gas-to-power (G2P) technologies has enhanced the flexibility of natural gas and
power systems [38]. Coal and its derivatives are used to produce methane, enabling cleaner
utilization of coal resources [39]. Therefore, studying the usage of other energy sources is
essential for research on natural gas pipeline network dispatch.

Jiangsu Province, as a major economic powerhouse in China, serves as a benchmark
for future development, with its energy coupling system predominantly found in the
industrial sector. Therefore, this study investigated the correlation between natural gas and
other energy sources based on the primary energy consumption of large-scale industrial
enterprises in Jiangsu Province from 2011 to 2021. In this case study, natural gas was
selected as the research target alongside electricity, coal, crude oil, and liquefied petroleum
gas (LPG), with specific data illustrated in the Table 10.

Table 10. Use of energy sources in Jiangsu Province [40,41].

Year Natural Gas/Billion m3 Electricity/GWh Raw Coal/10 kt  Crude Oil/10 kt LPG/10 kt
2012 1124.3 4580.9 24,627.54 294217 33.39
2013 1237.8 4956.62 25,9274 3382.97 41.86
2014 1268.4 5012.54 25,646.36 3498.79 34.19
2015 1627 5114.7 24,601.86 3810.32 33.85
2016 1698 5458.95 25,775.42 4078.99 47.51
2017 2335 5807.89 24,364.76 3866.06 354
2018 2697 6128.27 24,2153 4067.87 35.97
2019 2819.6 6264 23,297.55 4120.2 45.25
2020 2733.2 6374 22,716.88 4017.88 40.46
2021 3137 7101.2 24,949.03 4019.99 45.79

3.4.1. Energy Coupling Normality Test

The test results in Table 11 show that electricity (W = 0.959, p = 0.779) and raw coal
(W =0.940, p = 0.557) consumption meet the normality assumption. Crude oil consumption
exhibits significant left-skewness (skewness = —1.333) and non-normal characteristics
(W =0.831, p = 0.034), suggesting the use of Spearman’s correlation analysis. Notably,
although natural gas consumption does not reject the normality hypothesis (p = 0.175), its
severely low kurtosis (—1.879) indicates an abnormally flat data distribution.

Table 11. Energy coupled normal analysis.

Standard

Variable Name Sample Size Median Average Value Deviati Skewness Kurtosis S-W Test
eviation
Natural Gas/Billion m? 10 2016.5 2067.73 757.747 0.049 —1.879 0.891 (0.175)
Electricity/GWh 10 5633.42 5679.907 789.165 0.368 —0.679 0.959 (0.779)
Raw Coal/10 kt 10 24,614.7 24,612.21 1043.787 —0.509 —0.313 0.94 (0.557)
Crude Oil/10 kt 10 3941.97 3780.524 387.18 —1.333 1.098 0.831 (0.034 **)
LPG/10 kt 10 38.215 39.367 5.475 0.341 —1.756 0.876 (0.117)

Note: ** represent 5% significance levels.

3.4.2. Energy Coupling Pearson Correlation Analysis

Natural gas, electricity, and raw coal consumption exhibit normal distributions, so
Pearson correlation analysis was selected. The results are shown in Table 12, where the
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correlation patterns are clearly visible: natural gas consumption shows a significant positive
correlation with electricity consumption, a significant negative correlation with raw coal
consumption, and minimal correlation with liquefied petroleum gas consumption.

Table 12. Table of Pearson correlation coefficients for energy coupling.

Variable Name

Natural Gas/Billion m>

Electricity/GWh
Raw Coal/10 kt
LPG/10 kt

Natural Gas/Billion m? Electricity/GWh Raw Coal/10 kt LPG/10 kt
1 (0.000 ***)
0.973 (0.000 ***) 1 (0.000 ***)
—0.641 (0.046 **) —0.502 (0.139) 1 (0.000 ***)
0.427 (0.218) 0.536 (0.111) 0.04 (0.913) 1 (0.000 ***)

Note: *** and ** represent 1% and 5% significance levels, respectively.

The correlations between variables can be visually observed in Figure 5. The Pearson
correlation coefficient between natural gas consumption and electricity, raw coal, and lique-
fied petroleum gas (LPG) consumption is 0.973, —0.641, and 0.427, respectively. Natural
gas consumption shows a significant positive correlation with electricity consumption, a
significant negative correlation with raw coal consumption, and essentially no correlation
with LPG consumption. These results demonstrate the coordinated operation between
natural gas and power systems, as well as the environmental policy of replacing coal with
gas. Although both natural gas and LPG are fossil fuels, they serve as substitutes in many
applications, such as household cooking and heating. Due to differences in their markets
and applications, their consumption levels may not show a significant correlation. LPG is
more commonly used in areas without access to natural gas pipelines or as an alternative
fuel to gasoline and diesel.

1.0

LPG

Raw Coal

Electricity

Natural Gas

-1.0

Figure 5. Energy coupled Pearson heatmap.

3.4.3. Spearman Correlation Analysis

Due to the crude oil dataset not conforming to a normal distribution, the Spearman
correlation coefficient method was chosen for the correlation analysis between crude oil
and natural gas data. The specific results of the test are shown in Table 13.
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Table 13. Natural gas and crude oil Spearman correlation.
Variable Name Natural Gas/Billion m? Crude Oil/10 kt
Natural Gas/Billion m3 1 (0.000 ***)
Crude Oil/10 kt 0.806 (0.005 ***) 1 (0.000 ***)

Note: *** represent 1% significance levels.

Figure 6 clearly shows through the heatmap that natural gas consumption exhibits
a strong positive correlation with crude oil consumption, with a Spearman test p-value
of 0.806.

1.0

Crude Oil

Natural Gas

Natural Gas Crude O1l -0.5

Figure 6. Natural gas vs. crude oil heatmap.

4. Conclusions

This study focused on factors such as climate temperature, total gas supply, population
size, GDP, and per capita GDP. The Pearson correlation coefficient with the historical
maximum temperature is 0.878, and with the historical minimum temperature, it is 0.809.
The correlations with average daily maximum and minimum temperatures follow, with
Pearson correlation coefficients of 0.756 and 0.809, respectively, indicating good correlations.

Through the Spearman correlation test, it was found that the total gas inflow had a
significant statistical correlation with the AI-LLNG West Line, HA-BR Line, KI Line, TH-
HA Line, ZK-KN Line, SZ Branch, and WE Branch, all showing positive correlations.
This indicates a strong relationship between total gas inflow and these variables, with
correlation coefficients of 0.82, 0.83, 0.746, 0.576, 0.78, 0.663, and 0.434, respectively. The
correlation with the EH Branch was slightly weaker but still significant at the 5% level, with
a Spearman correlation coefficient of 0.201. Further Spearman correlation analysis revealed
that the output of the YX, L], DJ, GL, RA, HC, FCG, and YL branches showed no significant
correlation with the regional resident population or GDP but had a correlation with per
capita GDP at the 10% significance level, with a correlation coefficient of 0.667. The analysis
of multiple factors confirmed that natural gas scheduling is significantly related to several
external factors.
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Natural gas consumption also showed strong correlations with the primary energy
sources. Among them, the correlation with electricity consumption was the strongest, with
a Pearson correlation coefficient of 0.973, while the Pearson correlation coefficient with
coal consumption was —0.641. The Spearman correlation test revealed the correlation
coefficient between natural gas and crude oil consumption was 0.806. These results high-
light the system-wide or complementary roles of different energy sources. Furthermore,
the case study on energy consumption in Jiangsu Province also revealed positive and
negative correlations, indicating a strong positive correlation between natural gas con-
sumption and electricity and crude oil consumption and a strong negative correlation with
coal consumption.

In conclusion, natural gas scheduling demand strongly correlates with climate, gas
supply, and per capita GDP. Natural gas consumption also strongly correlates with elec-
tricity, crude oil, and coal consumption. However, different factors may lead to vary-
ing correlations with natural gas scheduling demand due to differences in energy us-
age habits and the development of natural gas pipeline infrastructure across regions.
Therefore, conducting specific analyses tailored to different pipeline network systems and
regional characteristics will help more accurately identify key external factors, thereby
enhancing the scientific rigor and foresight of natural gas dispatch. Pipeline operators
and relevant administrative departments can formulate response strategies based on the
following points:

(1) Dynamic Dispatch Optimization: Operators can establish demand response models
based on climate forecasts and macroeconomic indicators to dynamically adjust gas
supply plans.

(2) Multi-Energy Coordinated Management: In regions with peak electricity or coal
consumption, special attention should be paid to the coupling relationship between
natural gas and alternative energy sources to avoid short-term supply—demand imbal-
ances caused by energy substitution effects.

(3) Differentiated Infrastructure Planning: For areas with insufficient pipeline coverage
but rapid demand growth, infrastructure improvements should be prioritized, while
dispatch strategies should be aligned with local energy consumption patterns.

This study did not fully consider the operational characteristics of driving devices
(such as electric compressors or gas turbine-driven compressors) in natural gas pipeline
networks. There exists complex dynamic coupling relationships between the operating
status of these critical equipment, environmental parameters, and pipeline flow rates.
Future research will focus on establishing correlation models between multi-time-scale
operational signals of driving devices and pipeline network dispatch decisions to enhance
the completeness of system analysis.
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Nomenclature

S-W  Shapiro-Wilk
GDP  Gross Domestic Product
LPG Liquefied Petroleum Gas
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