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ABSTRACT

During oil and gas development and transportation, the presence of oil and complex component in
natural gas significantly impacts the hydrate phase equilibrium. However, the specific characteristics of
hydrate phase equilibrium in natural gas systems containing oil have not been clearly defined. To
address this gap, this study systematically investigated the hydrate phase equilibrium of two natural gas
components with oil contents of 40 vol%, 50 vol%, and 60 vol% under pressures ranging from 2 to 8 MPa,
based on the actual components from the South China Sea oil and gas fields. Experimental results
showed that the oil phase shifted the hydrate phase equilibrium curve towards lower temperatures and
higher pressures, with the most significant suppression at 50 vol% oil content. Furthermore, the oil
phase had a stronger suppressive effect on hydrates in natural gas containing heavier hydrocarbons (e.g.,
butane and pentane), with these effects becoming more pronounced at higher pressures. The study
indicated that neglecting the oil phase or using simplified natural gas components for hydrate phase
equilibrium predictions and inhibitor dosage calculations could have led to overuse of inhibitors,
increasing production costs. Based on the experimental data, this study proposed a stacked ensemble
model (SELM-DCC) combining multiple POD-RBF base learners and decision coefficients for predicting
hydrate phase equilibrium in oil-containing systems. Compared to six other prediction methods, the
SELM-DCC model demonstrated lower maximum relative error, enhanced stability, and superior
denoising performance. The findings provide practical insights for the study of hydrate phase equilib-
rium in oil-containing systems and offer a solid framework for model development. Additionally, the
proposed model serves as an accurate and versatile predictive tool for the intelligent regulation of in-
hibitors, offering significant engineering application value.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).

1. Introduction

energy density, which makes them highly promising for energy
supply (Hassanpouryouzband et al, 2020; Yang et al, 2024).

Natural gas hydrates are ice-like crystals formed from water
molecules and gas molecules under low-temperature and high-
pressure conditions (Hassanpouryouzband et al., 2020; Chen
et al,, 2023; Sun et al., 2024). Natural gas hydrates possess a high
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Additionally, hydrate-based technologies have been proposed and
developed as effective solutions for gas storage (Zhang et al., 2017;
Park et al., 2023), wastewater treatment (Geo Lim et al., 2023; Sun
et al., 2025), and carbon capture, utilization, and storage (CCUS)
(Wang et al., 2025b; Wu et al., 2025). However, natural gas hydrate
formation and blockage in oil and gas pipelines are considered
some of the most challenging issues in the modern petroleum
industry (Sloan, 2003, 2005, 2010; Khan et al., 2023; Liu et al.,
2025). Unintended hydrate formation in wellbores and transport
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pipelines can significantly reduce production, increase the risk of
accidents, and potentially cause severe environmental impacts
(Liuetal, 2018,2021; Shietal., 2021; Wang et al., 2024). Therefore,
flow assurance for hydrate blockages has received extensive
attention in both scientific research and engineering applications
(Lang et al., 2024; Meng et al., 2024; Zhong et al., 2024; Wang et al.,
2025a).

The current strategies to mitigate hydrate blockages mainly
include real-time monitoring of temperature and pressure (Chee
et al.,, 2014; Wang et al., 2022; Zhang et al., 2022), early detec-
tion via wave techniques (Liu et al., 2023; Meng et al., 2024), and
the injection of chemical inhibitors (Semenov et al., 2021; Gong
et al, 2022; Li et al., 2022b). However, the successful imple-
mentation of these methods relies heavily on a thorough under-
standing of hydrate formation characteristics and accurate
predictions of hydrate phase equilibrium. Predicting hydrate for-
mation remains challenging, especially in multiphase systems
containing liquid hydrocarbons. In oil and gas development and
transportation, the liquid hydrocarbons (oil) present in natural gas,
along with their complex component (e.g., methane, ethane, pro-
pane, and other hydrocarbons), significantly affect hydrate phase
equilibrium (Seo et al., 2009; Dec 2012; Kwon et al., 2014; Shi et al.,
2020). While most existing studies focus on simple gas systems
with salts or inhibitors, limited attention has been given to liquid
hydrocarbon-containing systems (Cha et al., 2016; Khan et al,,
2018; Kou and Li, 2019; Sun et al., 2023). Therefore, it is essential
to systematically measure and analyze the impact of natural gas
component and oil content on hydrate phase equilibrium through
experimental methods.

However, traditional methods of data analysis alone are insuf-
ficient to fully uncover the phase equilibrium patterns of hydrates
under the combined influence of multiple factors (Garapati and
Anderson, 2014; Du et al., 2019; Jeong et al., 2022). With the
rapid advancement of artificial intelligence and big data technol-
ogies, machine learning approaches have shown tremendous po-
tential in handling complex nonlinear problems. In recent years,
an increasing number of studies have focused on using machine
learning techniques to predict conditions for gas hydrate forma-
tion (Hosseini and Leonenko, 2023, 2024; Alavi and Sharifzadeh,
2024; Hosseini et al., 2025). Mesbah et al. developed a model
based on the Least Squares Support Vector Machine (LSSVM) al-
gorithm, utilizing 279 experimental data points to forecast a wide
range of natural gas hydrate formation temperatures. This model
achieved high accuracy with a coefficient of determination (R?) of
0.9918 (Mesbah et al., 2017). Amar employed a Gene Expression
Programming (GEP) model to simulate natural gas hydrate for-
mation temperatures, utilizing a database comprising 279 exper-
imental data points. The established GEP model accurately
estimated hydrate formation temperatures with an average ab-
solute relative error (AARE) of 0.1397% (Nait Amar, 2021). How-
ever, the precision of these methods relies on the volume of data
used during algorithm model construction, and acquiring a satis-
factory volume of data through experiments and engineering en-
tails significant time costs. Additionally, reliance on a singular
model can reduce prediction stability and increase the likelihood
of outlier predictions.

This work systematically measured and discussed the effects of
different oil contents and gas components on hydrate phase
equilibrium using a self-built high-pressure experimental system.
To ensure the reliability of the results and minimize experimental
errors, each test condition was repeated at least three times, with a
total of nearly 200 experiments conducted. To further enrich the
phase equilibrium dataset for complex oil-containing hydrate
systems and apply these findings to phase equilibrium predictions
in practical engineering, experimental data were used to train
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multiple basic predictive models and learners. In designing these
base learners, a POD-RBF model based on a reduced-order model
was employed to mitigate the dependence on data volume and
noise contamination while enhancing the computational effi-
ciency of individual base learners. These base learners were then
combined using a stacked ensemble approach to form an
ensemble learning model, which incorporated a decision coeffi-
cient to further improve its accuracy. This stacked ensemble
learning model enriches and extends the phase equilibrium data of
complex systems containing oil phases to some extent, thereby
providing a new theoretical basis and technical support for the
safety assurance of oil and gas transportation pipelines.

2. Experimental methods and materials
2.1. Materials

Two natural gas mixtures used in this work were supplied by
Air Liquide (Dalian Special Gas Co., Ltd., China). And the natural gas
components and molar ratio for these two gas mixtures shown in
Tables 1 and 2 were determined with reference to the actual
working conditions of the oil and gas fields in the South China Sea.
The two liquid phases used to form hydrate were deionized water
and mineral oil. The deionized water with a resistivity of
18.2 MQ-cm was prepared using an Aqua-plore 2S system (Aqua-
pro International Co., LLC, USA). The mineral oil with a specific
gravity of 0.822 at 15 °C and a kinematic viscosity of 5 Cst at 40 °C
was purchased from a commercial company (Kunshan Siemo
Lubrication Technology Co., Ltd., China).

2.2. Experimental apparatus

The schematic illustration of the experimental setup for hy-
drate phase equilibria is shown in Fig. 1. The major experimental
system was a high-pressure cylindrical metal reactor cell with two
circular 25 mm diameter sapphire viewing windows. The reactor
could work safely under the maximum pressure of 10 MPa, and the
volume of it was the 230 mL.

The thermocouples and pressure sensors were applied to
detect the temperature and pressure data of the formation and
dissociation of natural gas hydrates in real time, and these data
were transmitted and stored in the data collection system simul-
taneously for further analysis. In addition, the accuracy of ther-
mocouples and pressure sensors was 0.01 K and 0.025 MPa
respectively. The target temperature was controlled by a constant-
temperature water bath (FP51, Temperature Control Company,
Germany; the device was operated at 0-1200 rpm
and —-30 °C~100 °C, with a temperature control accuracy of
0.01 °C), which contained a mixture of commercial ethylene glycol
and water for cooling.

Table 1
The natural gas components and molar ratio for Component 1.

Natural gas components Molar ratio, %

Methane 86.9
Ethane 5.10
Propane 2.04
i-Butane 0.54
n-Butane 0.57
i-Pentane 0.28
Carbon dioxide 3.73
Nitrogen 0.84
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Table 2
The natural gas components and molar ratio for Component 2.

Natural gas components Molar ratio, %

Methane 88.29
Ethane 5.10
Propane 2.04
Carbon dioxide 3.73
Nitrogen 0.84

2.3. Experimental procedure

¥
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prospective phase equilibrium point (predicted by CMSGem), and
(iv) the system was slowly heated at 0.1 K/h to dissociate hydrates
and return to its initial state. The whole process was shown in
Fig. 2. The intersection of the cooling curve and heating curve
was the phase equilibrium point of hydrate (Sun et al., 2015). It
should be noted that sometimes hydrates formed during the
cooling period, as the working conditions were still under the
hydrate stable region, and the heating curve still intersected with
the expansion/contraction line of the gas after hydrates
completely dissociated.

Data collection system

Thermocouple

Pressure sensor

o = = (] _— = ’ (] - = J
regulator f 1 r f ] r f
B v - 1l
N b Julabo
Magnetic stirring system i
High-pressure cell
S
Thermostatic
water bath

Fig. 1. Schematic illustration of the experimental system for hydrate phase equilibria.

The high pressure reaction cell was cleaned with deionized
water at least three times before each experiment. Then the dry
reaction cell was filled with 130 mL of the oil-water mixture and
sealed. The system was flushed with experimental gas three times
to remove air and impurities. To ensure a sufficient mixing of the
gas-liquid phase, the rotor in the reaction cell was rotated at
250 rpm. At ambient temperature (about 298 K), the experimental
gas was slowly injected until the pressure reached the target
pressure (2-8 MPa). The experimental system was kept at ambient
temperature for 2 h to make the temperature and pressure in the
reaction cell stabilize before starting the experiment.

The phase equilibrium points of natural gas hydrate in an oil-
water mixture were measured via an isochoric method, that is,
keeping the internal volume of the reaction cell constant while
varying the other parameters to form or dissociate hydrates (Li
et al, 2022a; Men et al., 2022). The variations of pressure and
temperature were recorded in the entire process of the experi-
ment. This credible method has been applied and proven in a mass
of previous research (Li et al., 2020b; Park et al., 2022). The specific
steps of the experiment were as follows: (i) cooling from the initial
temperature to 275.16 K at a rate of 2 K/h, (ii) the system was
maintained at 275.16 K for 10 h, during which hydrate formation
was observed (determined by pressure drop and temperature rise)
and the system eventually reaches a steady state (almost no
change in pressure of the system), (iii) the system was heated at a
rate of 1 K/h until the temperature was within 2 K of the
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Fig. 2. A typical temperature-pressure curve for determining the hydrate phase
equilibrium point in an oil-water system using the isochoric method. The yellow solid
line indicates the hydrate equilibrium curve in the pure water system. AT denotes the
phase equilibrium temperature depression of the hydrate in oil-containing systems
relative to that in pure water at the same pressure.
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3. Modeling method

The POD-RBF method is a radial basis function neural network
based on a reduced order model. This method can combine the
feature extraction ability of the reduced order model with the
nonlinear fitting ability of the RBF neural network, ensuring high
prediction accuracy and generalization ability while miniatur-
izing the neural network model. At the same time, the POD
reduction model itself has a certain degree of noise reduction
ability, which can weaken the impact of strong noise interference
in the data on the predictive ability of the machine learning
model. A single machine learning model may not only exhibit
underfitting in cases of insufficient training but also often exhibit
poor generalization ability. In this paper, we will construct an
ensemble learning model that includes multiple POD-RBF
methods as base learners to compensate for the shortcomings
in stability, prediction accuracy, and generalization ability of a
single machine learning model.

3.1. Proper orthogonal decomposition method

The Proper orthogonal decomposition (POD) method provides
a set of orthogonal bases containing the main feature information
of the described system. The linear combination of bases can
approximate the system, thereby transforming a high-dimensional
problem into a low dimensional problem. The “snapshot POD
method” proposed by Sirovich (1987) was usually used to reduce
the dimensionality of a database. The specific process was as
follows.

(1) Construct a snapshot matrix ensemble D consisting of M
parameter combinations and N moments of data sets.
Assuming that the system parameter was denoted by SP
(system parameter), and the time variable was denoted by t,
where the i-th way of combining the system parameter, the
snapshot data column at the g-th moment was denoted as
D(SP;, tg). Then the matrix form of the sample that collects
all the locations of the measurement points can be
expressed as a collection of multiple snapshot data columns,
as shown in Eq. (1):

D= [D(SP1,t)7D(SPZ,t)aD(SP34,t)~~~D(SPM7t) ] (1)
In the above equation t represents all the moments, i.e., t = (ty, to,
ts, ..., ty), and SP; (i = 1, 2, ..., M) denotes the i-th combination of
system parameters.

(2) The rows of the sample matrix form are normalized and the
sample matrix D was normalized to the form D.

(3) Calculate the correlation matrix R of the normalized sample
matrix and find its eigenvalues and eigenvectors as shown in
Egs. (2) and (3):

1~T~

R=5D D 2)

RA =)3A (3)
where A was the eigenvalue matrix, 4; was the j-th eigenvalue on
the diagonal in the eigenvalue matrix, A was the eigenvector ma-
trix, and A; was the j-th column of the eigenvector matrix. Egs. (4)
and (5) allow the calculation of each order POD orthogonal base @;
and its corresponding modal coefficient aj(t):
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The energy captured by the first n POD modes accounts for the
energy E of the full-order modes as shown in Eq. (6), where k was
the highest order modal order:

o8

4j
1

J

24
j=1

(6)

=

The field data at any moment can be reconstructed from the
time average of the field data and a set of modal coefficients and
orthogonal bases, i.e.,

R N
Dspey) = ;‘Dj' a;(t) (7)
j=

3.2. POD-RBF method and basic functions

The Radial Basis Function (RBF) neural network is a feedfor-
ward neural network consisting of three layers, characterized by
unidirectional transmission of information (Wang and Jin, 2019).
This model is known for its minimal hyper parameters and its
capability to learn, organize, and adapt. It is particularly effective
in addressing challenges such as nonlinear continuous function
approximation in high-dimensional spaces and data prediction. In
this study, the Gaussian function was chosen as the basis function
of the neural network, facilitating the transformation from the
input layer to the hidden layer. Its mathematical form was repre-
sented by Eq. (8):

H:exp<

In the Radial Basis Function (RBF) neural network, H represents
the Gaussian function used to process the transformation from the
input layer to the hidden layer, while |-| denotes the Euclidean
norm. C represents the center vector of the Gaussian function, and
o indicates the standard deviation of the Gaussian function. This
study utilized the RBF neural network to establish the relationship
between the modal coefficients obtained from Proper Orthogonal
Decomposition (POD) and the operating conditions. The process of
the POD-RBF method is shown in Fig. 3.

x - CP?
262

(8)

3.3. Stacked ensemble learning model

Stacked ensemble learning models not only combine multiple
machine learning models but also ensure that the predictive
ability and stability of the ensemble learning stack model are
higher than any one of the base learners included, that is, pro-
ducinga 1 +1 > 2 effect. The ensemble learning model used in this
article is shown in Fig. 4. Firstly, the n-fold cross validation algo-
rithm (Zhao et al,, 2019) was used to split the dataset into n
training sets and n validation sets; then, using n training and
validation sets, combined with the POD-RBF method described in
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Fig. 3. Diagram of POD-RBF method.
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Fig. 4. Stacked ensemble learning model based on POD-RBF base learners.

Section 3.2, construct n base learners. This paper proposed a
weighting method for measuring the ability of a single base
learner, which assigns different judgment coefficients w; to each
base learner; Finally, an independent RBF network was used to
construct the final “decision layer”, which utilizes the weighted
output predicted values of the base learner and the corresponding
output true values under the working conditions for learning, in
order to integrate and improve the learning ability of a single base
learner.

There are differences in the accuracy of different base learners,
so their impact on the final accuracy of ensemble learning models
is also different. This article introduces judgment coefficients in
stacked ensemble learning models to improve model accuracy. The
introduction to the judgment coefficient is placed in Section 4.3.3.
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4. Result and discussion

4.1. Thermodynamic characteristics of hydrate in oil-containing
liquid

Understanding the thermodynamic behavior of hydrates under
conditions closer to those in oil and gas fields is crucial for miti-
gating hydrate blockages in deep-sea pipelines (Sloan, 2003). In
the early stages of oil and gas production, the oil content of
extracted fluids is usually high, but it decreases as production
continues. The thermodynamic stability of hydrates varies with
different oil-to-water ratios (Babadagli, 2007). Therefore, it is
essential to investigate the shift in hydrate phase equilibrium
curves at different oil contents.

With the continued development of an oil and gas field in the
South China Sea, the oil content in the produced fluid has shown a
declining trend (Huang et al., 2017). Forecasts indicate that the oil
content will decrease to 60 vol% by 2031, 50 vol% by 2033, and
further to 40 vol% by 2040 (Li et al., 2020a). To optimize the in-
jection strategy of thermodynamic hydrate inhibitors, this study
systematically investigated the thermodynamic behavior of nat-
ural gas hydrates under oil content conditions of 60 vol%, 50 vol%,
and 40 vol%, aiming to clarify the influence of oil content variation
on hydrate phase equilibrium. To better simulate real-field con-
ditions, no emulsifiers were added in this study; instead, oil-water
emulsions were formed solely under the influence of shear forces.
In such systems, a relatively stable emulsion can be achieved
through the reversible diffusion of oil molecules between droplets,
as described by Kelvin's and Raoult's laws (Zhang et al., 2018;
Sakai, 2020). Typically, the phase occupying the larger volume
distributes continuously and forms the continuous phase, while
the phase with a smaller volume exists as dispersed droplets,
forming the dispersed phase (Zhang et al., 2018). The conventional
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isochoric methods (Lee et al., 2014) were used to measure the
three-phase equilibrium of hydrates formed from a gas mixture
(methane, ethane, propane, n-butane, isobutane, isopentane, car-
bon dioxide, and nitrogen), as shown in Fig. 5. The results indicate
that, in the oil-water system, the phase equilibrium curve of nat-
ural gas hydrate with the C1~C5 component shifts to lower tem-
peratures and higher pressures compared to pure water,
suggesting that the presence of oil reduces the hydrate stability
region. The extent of this shift varies with oil content, with the
50 vol% oil content showing the most significant shift, indicating a
stronger inhibitory effect. This is likely because nonpolar natural
gas molecules dissolve more easily in the nonpolar oil phase than
in the polar water phase (Azam et al., 2019). The presence of the
oil-water interface creates resistance to gas diffusion into the
water phase. This resistance primarily arises from the van der
Waals forces between oil and gas molecules, which are attractive
in nature, making it difficult for gas molecules to enter the water
phase and form a cage-like structure with water molecules. As a
result, gas molecules must overcome an additional energy barrier
to enter the water phase, significantly reducing the effective
concentration of dissolved gas. At the same time, when a gas
mixture partially dissolves in oil, the component of the gas
changes. Heavier hydrocarbons are more soluble in the oil phase,
leaving behind more light components to form hydrates. These
effects collectively shrink the thermodynamic stability region
(Meng et al., 2025). At an oil content of 50 vol%, the system ap-
proaches the critical point of phase inversion, potentially forming
a dynamic mixed structure. In this state, interfacial tension fluc-
tuates frequently, causing constant reconstruction of the oil-water
interface and resulting in high instability. This instability compli-
cates the diffusion path for gas molecules crossing the oil-water
interface, significantly increasing the diffusion resistance. Gas
molecules need to overcome higher energy barriers to enter the
water phase and form clathrate structures with water molecules,
thereby reducing their concentration in the water phase (Zhang
et al., 2018). As a result, the thermodynamic stability of the sys-
tem in this oil content range is further reduced. In practical engi-
neering, a small amount of thermodynamic inhibitor can
effectively prevent hydrate formation in oil-containing systems,
thereby reducing both economic costs and environmental impact.

(@)
Pure water (Saberi et al., 2018)
Pure water CSMGem

Pure water

40 vol% oil

50 vol% oil

60 vol% oil

Pressure, MPa

5 10 15 20

Temperature, °C
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To further analyze the effect of oil content on the phase equi-
librium of natural gas hydrates under different pressures, the
decrease in hydrate equilibrium temperature relative to pure wa-
ter was calculated for various oil contents, denoted as AT (Liu et al.,
2022) (the calculation method is shown in Fig. 2). The results
presented in Fig. 5(b) show that at low to medium pressures
(below 4 MPa), the impact of oil content on the hydrate equilib-
rium temperature is minimal, and the inhibition effect was
limited. However, at higher pressures (above 4 MPa), the effect
became more pronounced, with a significant enhancement in in-
hibition. This phenomenon could be further understood through
Henry's law, which states that gas solubility in liquids increases
linearly with pressure. At higher pressures, non-polar gases such
as methane become more soluble in non-polar solvents like oil due
to their larger Henry's constants (Liu et al., 2024). Once dissolved,
these gas molecules could be retained in the oil phase through
relatively strong van der Waals interactions, which resist their
diffusion into the aqueous phase (Meng et al., 2025). This reduces
the amount of gas available in the water phase for hydrate for-
mation, thereby, shifting the hydrate equilibrium toward lower
temperatures and higher pressures. However, beyond a certain
pressure threshold, as the concentration of gas in the oil phase
continues to rise, the gas reaches saturation. At this point, the
system approaches a “maximum stable state,” where AT reaches
its maximum value. Further increases in pressure could be causing
some of the dissolved gas to escape from the oil phase, leading to a
slight increase in gas concentration in the water phase. This causes
the phase equilibrium point to shift towards higher temperatures,
and AT decreases (Liu et al., 2024). Therefore, in actual oil and gas
field operations, the impact of oil on hydrate thermodynamics
under different pressures should be carefully considered. Through
the optimization of the type and dosage of thermodynamic in-
hibitors, the inhibition of hydrate formation can be enhanced in a
cost-effective and efficient way.

4.2. The effect of gas/oil components on thermodynamic
characteristics

In addition to oil content, the component of natural gas is a key
factor in determining hydrate equilibrium conditions. While many

(b) 4.5
- Q — 60 vol% oil
4.0 -
50 vol% oil
3.5 4 40 vol% oil
3.0 1
O
S
~ 254
~
< _®- -9
n ®-
204 1y ,
N .
’ /
1.5 1 AN .
® ,
1.0 4 \O
0.5 T T T T T T
2 3 4 5 6 7

Pressure, MPa

Fig. 5. Thermodynamic characteristics of natural gas hydrate with the C1~C5 component in oil-water systems with varying oil contents. (a) Phase equilibrium diagram of natural
gas hydrates, in which the green line represents the natural gas hydrates in pure water measured by Saberi et al. (2018). (b) Influence of oil content on the phase equilibrium
temperature of natural gas hydrates. The C1~C5 component includes methane, ethane, propane, n-butane, isobutane, isopentane, carbon dioxide, and nitrogen.
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studies have discussed the thermodynamic characteristics of
different gas components forming hydrates in pure water systems,
the impact of different gas components on hydrate phase equi-
librium in the presence of oil remains underexplored systemati-
cally (Menezes et al., 2020; Gong et al., 2022). As discussed in
Section 4.1, at an oil content of 50 vol%, the influence of the oil
phase on hydrate equilibrium temperature was most significant.
Therefore, this section further investigated the thermodynamic
characteristics of natural gas hydrates at 50 vol% oil content with
the C1~C5 component, which includes methane, ethane, propane,
n-butane, isobutane, isopentane, CO,, and nitrogen, as well as the
C1~C3 component, which includes methane, ethane, propane, CO»,
and nitrogen. This analysis aimed to reveal the specific impact of
gas component on phase equilibrium temperature in the presence
of oil.

As shown in Fig. 6(a), the phase equilibrium curve of natural gas
hydrate with the C1~C3 component in a pure water system shifted
significantly to lower temperatures and higher pressures
compared to the C1~C5 component. This was due to the increasing
ability of hydrocarbon gases to form hydrates with water as mo-
lecular weight increased, following the order of methane, ethane,
propane, and isobutane. Additionally, n-butane was able to enter
the hydrate lattice and form type II hydrates in the presence of
methane (Belosludov et al., 2020). Consequently, the natural gas
hydrate with the C1~C5 component, which included isobutane and
n-butane, achieved phase equilibrium at higher temperatures and
lower pressures. This finding aligned with previous experimental
results (Smith et al., 2017). However, at 50 vol% oil content, the
shift of the phase equilibrium curve of natural gas hydrate with the
C1~C5 component to lower temperatures and higher pressures
became significantly greater, while that with the C1~C3 compo-
nent remained minimal. This indicated a more pronounced
inhibitory effect of oil on the formation of hydrate with the C1~C5
component. This effect could be attributed to the larger hydro-
carbon molecules (n-butane and isobutane) in the C1~C5 compo-
nent having stronger nonpolar interactions with the oil phase,
resulting in higher solubility in the oil and increased difficulty in
combining with water molecules to form hydrates (Azam et al,,
2019). Thus, the inhibitory effect of the oil phase on these larger
hydrocarbons significantly altered the conditions for hydrate
phase equilibrium, leading to a more pronounced shift of the
equilibrium curve to lower temperatures and higher pressures.

()
C1~C5 50 vol% oil
C1~C5 Pure water
C1~C3 50 vol% oil

C1~C3 Pure water

Pressure, MPa
o
!

Temperature, °C
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In order to further analyze the impact of different gas compo-
nents on the phase equilibrium of natural gas hydrates at 50 vol%
oil content under varying pressures, the decreases of hydrate
phase equilibrium temperatures of different gas components at 50
vol% oil content compared with that of the pure water system were
calculated and denoted as AT (Liu et al., 2022) (The calculation
method was shown in Fig. 2; the percentages represented the
relative difference in AT between the two gas components at the
same pressure.) Additionally, the relative differences in the inhi-
bition effect on phase equilibrium temperature of hydrate be-
tween that with the C1~C5 component and that with the C1~C3
component at the same pressure were assessed. From Fig. 6(b), at
50 vol% oil content and lower pressures, the AT of the hydrates
formed by the two gas components were small, and the relative
differences were not significant. However, at higher pressures, the
AT increased for both hydrates with two components, and the
hydrate with the C1~C5 component showed a more significant rise
and a greater relative difference. This may be due to the fact that
the increased pressure enhances the stability of the oil-water
interface, while higher pressures facilitate the dissolution of
larger hydrocarbon molecules (n-butane and isobutane) in the oil
phase, further obstructing gas diffusion into the water phase
(Azam et al., 2019). Hence, the AT of the hydrate with the C1~C5
component, containing larger hydrocarbon molecules, exhibited
significant changes with increasing pressure. In practical oil and
gas production, substituting fewer gas components for multi-
component gases to predict hydrate phase equilibrium and
calculate the required dosage of thermodynamic inhibitors may
lead to inhibitor overdose, thereby increasing production costs.
Furthermore, the impact of pressure on hydrate phase equilibrium
should be thoroughly considered when optimizing inhibitor
addition strategies, combining these two factors to enhance eco-
nomic efficiency and reduce environmental impact.

4.3. A prediction method based on a stacked ensemble learning
model

4.3.1. Dataset introduction

This article obtained a total of 28 sets of test results for phase
equilibrium temperature and pressure of the hydrate with the
C1~C5 component under different initial pressures, with oil con-
tent of 60 vol%, 50 vol%, 40 vol%, and 0 vol% (non-oil phase),

(b) ®

C1~C5 50 vol% oil

C1~C3 50 vol% oil

B
]

AT, °C

Pressure, MPa

Fig. 6. Thermodynamic characteristics of hydrates formed by different natural gas components in oil-water systems. (a) Three-phase equilibrium diagram of natural gas hydrate.
(b) Effect of different gas components on the phase equilibrium temperature of natural gas hydrate. The C1~C5 component includes methane, ethane, propane, n-butane,
isobutane, isopentane, carbon dioxide, and nitrogen. The C1~C3 component includes methane, ethane, propane, carbon dioxide, and nitrogen.
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Table 3

Phase equilibrium temperature and phase equilibrium pressure under different oil content and initial pressure conditions.

0Oil content Initial pressure, MPa Phase equilibrium temperature, °C Phase equilibrium pressure, MPa
0.6 7.694 17.003 7.514
0.6 7.050 17.162 6.934
0.6 6.086 16.075 6.002
0.6 5.014 14.977 4.947
0.6 3.820 14.808 3.797
0.6 3.114 11.449 3.070
0.6 2177 7.771 2.144
0.5 7.759 17.250 7.591
0.5 7.106 15.646 6.922
0.5 6.291 15.552 6.180
0.5 5.044 14.773 4.964
0.5 4.083 13.038 4.017
0.5 3.111 11.125 3.061
0.5 2.162 7.842 2.133
0.4 7.823 17.763 7.678
0.4 7177 16.060 7.011
0.4 6.234 15.420 6.120
0.4 5.147 13.529 5.033
0.4 4.150 12.193 4.064
0.4 3.194 10.847 3.139
0.4 2.159 7.704 2.133
0 7.742 17.659 7.590
0 6.897 19.414 6.897
0 6.011 18.429 6.011
0 5.031 17.454 5.031
0 4.034 15.511 4.023
0 2.992 12.772 2.972
0 2.033 9.375 2.019

Petroleum Science 23 (2026) 2248-2262

through the experiment in Section 2. In Table 3, oil content and
initial pressure are used as independent variables, while phase
equilibrium temperature and pressure are used as dependent
variables.

Although a total of 178 experimental datasets were obtained
during the full experimental campaign, only 28 representative
data points were selected for model training and testing. This was
a deliberate design choice aimed at simulating real-world sce-
narios where acquiring large-scale hydrate phase equilibrium data
is challenging due to the high cost, operational complexity, and
time-consuming nature of high-pressure experiments. The inten-
tion was to evaluate the model's robustness and extrapolation
capacity under limited-data conditions. To ensure prediction
reliability, we implemented 7-fold cross-validation, employed the

POD-RBF method for dimensionality reduction and noise sup-
pression, and developed a stacked ensemble learning model to
improve stability and generalization. Furthermore, six additional
experiments under previously untested conditions validated the
model's ability to generalize beyond the training range, indicating
its practical potential in data-scarce environments.

4.3.2. Cross validation and construction of base learners

Random screening method was used to shuffle the dataset
shown in Table 3, and a 7-fold cross validation method was used to
construct 7 sets of training and validation sets. Each set contains
24 data points, with the remaining 4 sets used as the validation set.
Cross validation is shown in Fig. 7.

R - - — — — — — — — — —

Vleamer 1 I e |
learner 1 II

1st fold cross validation |

R —_—_———————— — — — — — — — — 4

Tiein bassd e b |
learner 2 II

2nd fold cross validation |

R - — — — — — — — — —

Train based
learner 7

Fig. 7. Cross validation and base learning training process.
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For each set of training and validation sets, the POD method
shown in Section 3.1 is first used to reduce the dimensionality of
the training set, extract the main features, and filter out data noise.
In this paper, second-order orthogonal bases and second-order
modal coefficients are extracted from each base learner dataset,
and RBF neural networks are used to learn the nonlinear rela-
tionship between independent variables (oil content, initial pres-
sure) and modal coefficients as the base learners; Substitute the
independent variables in the validation set into the base learner to
obtain the corresponding predicted modal coefficients, and
combine them with the original orthogonal basis to obtain the
predictions of the validation set data. Then, in Section 4.3.3, use
the predicted and true values of the validation set data to solve the
judgment coefficients of each base learner.

4.3.3. Judgment coefficients in stack ensemble learning

Assuming that the validation set matrix in the k-th fold cross
validation is represented as L, each row in Ly corresponds to L}(—
phase equilibrium temperature, Lg-phase equilibrium pressure,
and each column corresponds to a combination of independent
variables (oil content and initial pressure). The predicted valida-
tion set for each base learner is L', and similarly, the predicted
values for each row are L'}, L'?, and L7, respectively. The judgment
coefficients corresponding to each dependent variable of each
basis function are defined as Eq. (9):

1
IR
argmax | ———

l _ k
Wi L -r
>~ argmax i
k=1 Lk ©)
2 — L/2
k k
argmax( P >
K

Each coefficient W;; (where k indicates the base learner and i the
predicted variable) quantifies the relative reliability and predictive
accuracy of a specific base learner for a particular output variable
(i.e., phase equilibrium temperature and pressure). These co-
efficients are derived based on the performance of each base
learner on the validation sets during the cross-validation process.
A higher value of w;'{ implies a smaller prediction error and thus
indicates that the corresponding base learner contributes more
significantly to the final ensemble prediction. Conversely, lower
values suggest that the learner had larger errors and, therefore, is
assigned a reduced weight in the decision fusion process. For
instance, in Table 4, base learner #2 exhibits perfect coefficients
(w = 1.0) for all variables, indicating that it performed excep-
tionally well across all validation sets and effectively serves as a

Table 4

Corresponds to a table of judgment coefficients for three dependent variables.
Base learner serial number wi wh
1 0.294 0.460
2 1.000 1.000
3 0.273 0.125
4 0.232 0.223
5 0.230 0.207
6 0.178 0.104
7 0.1000 0.100
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Table 5
Maximum relative prediction error of each variable in cross validation set.

k-th fold cross validation =~ Maximum relative error

Equilibrium temperature  Equilibrium pressure

1 0.036 0.015
2 0.022 0.034
3 0.088 0.012
4 0.093 0.004
5 0.034 0.033
6 0.091 0.088
7 0.023 0.050

reference standard. On the other hand, learners such as #6 and #7
show substantially lower coefficients, reflecting their limited
predictive accuracy and minimal contribution to the final decision
layer. This weighting mechanism ensures that the ensemble model
prioritizes more reliable learners while suppressing the influence
of less accurate ones, thereby enhancing the overall robustness,
stability, and accuracy of the prediction. The introduction and
analysis of the judgement coefficients thus offer both theoretical
and empirical justification for the superior performance of the
proposed SELM-DCC model.

4.3.4. Stacked ensemble learning model and prediction
performance

After determining the base learner and judgment coefficients, a
stacked ensemble learning model is constructed as shown in Fig. 4.
In Fig. 4, the dot product of the output of the base learner and the
judgment coefficients was used as the input for the independent
decision layer RBF neural network, resulting in a more stable
prediction result. Still using the same cross validation dataset as
shown in Fig. 7. Each training set was input into the constructed
stacked ensemble learning model to train the model, and the
prediction accuracy of the stacked ensemble learning was tested
using the validation dataset. This paper used the maximum rela-
tive prediction error of each dependent variable in each validation
set to measure the prediction accuracy of the stacked ensemble
learning model. The relative error E was defined as Eq. (10), where
y was the true value and y was the predicted value.

y
Obtain the maximum relative prediction error of each variable

in the k-th fold cross validation set as shown in Table 5. It can be
seen that the maximum prediction relative error for phase

(10)

Relative errors of PET and PEP with/without JC

0.030

- ©- PET without JC

RN —e— PET with JC L 0.016

) .
0025 4 SN - A~ PEP without JC a
m L S N i
w . C —A— PEP with JC Loos H
G G
© 0.020 4 ©
o <)
= =
] @
o i o
2 o015 2
= =
< )
Q [0]
X 010 4 e

0.005

Number of experimental groups

Fig. 8. The relative error size of the six groups of experiments with and without the JC
(judgment coefficient).
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Table 6
RBF neural network predicts the maximum relative error of phase equilibrium
temperature and phase equilibrium pressure.

k-th fold cross validation =~ Maximum relative error

Equilibrium temperature  Equilibrium pressure

1 0.062 0.002
2 0.014 0.002
3 0.070 0.020
4 0.091 0.005
5 0.092 0.006
6 1.052 0.060
7 3.351 0.092

equilibrium temperature and pressure using a stack based
ensemble learning model based on a reduced order model is
within 10%; In order to compare and illustrate the advantages of
this method, a separate RBF neural network was used to predict
the maximum relative error of phase equilibrium temperature and
pressure, as shown in Fig. 8. It can be seen that when using RBF
neural network alone, the maximum relative error of phase
equilibrium temperature prediction reached 335% at the 7th fold,
and the maximum relative error at some positions was also close
to 100%, indicating that the prediction results were seriously
inaccurate. The comparison Tables 5 and 6 indicate that the

Petroleum Science 23 (2026) 2248-2262

stacked ensemble learning algorithm has significantly improved
stability and prediction accuracy.

To test the predictive ability of the ensemble learning model for
new operating conditions, six additional experiments were con-
ducted under the combined conditions of oil content of 0.35 and
0.45, initial pressures of 7.21, 6.49, and 5.31 MPa, respectively, to
measure the phase equilibrium temperature and pressure. Using
the stacked ensemble learning model constructed in the previous
text, the phase equilibrium temperature and phase equilibrium
pressure under the six experimental conditions were predicted. At
the same time, to illustrate the improvement of the model's pre-
diction ability by introducing decision coefficients, the decision
coefficients of each base learner were equal to 1. The same 7-fold
cross validation set was used to test the prediction performance of
the stacked ensemble learning model, and the relative prediction
errors under the six experimental conditions were obtained as
shown in Fig. 8. From Fig. 8, it can be seen that under the condition
of having a judgment coefficient, the relative error of the stacked
ensemble learning model for predicting the phase equilibrium
temperature is less than 1.4%, and the relative error for predicting
the phase equilibrium pressure is less than 0.8%; Without the
judgment coefficient, the maximum relative error of the predic-
tion of the phase equilibrium temperature exceeds 2.8%, and the
maximum relative error of the prediction of the phase equilibrium
pressure reaches 1.8%. Therefore, the judgment coefficient can
significantly improve the accuracy of the stacked ensemble
learning model.

AvgRE of phase equilibrium temperature AvgRE of phase equilibrium pressure
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Fig. 9. Comparison of prediction accuracy of different models for phase equilibrium temperature and pressure (without denoising).
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MaxRE of phase equilibrium temperature
0.35

Fig. 10. Comparison of prediction accuracy for phase equilibrium temperature and pressure using six methods (after denoising).

To evaluate the performance of the proposed SELM-DCC, a
comparative analysis was conducted with several widely used
prediction methods. The training and testing datasets used in this
comparison were the same as those described in Section 4.3.4, and
the average relative error (AvgRE) and maximum relative error
(MaxRE) were defined by Egs. (11) and (12), respectively.

1S~ i-vi

AVgRE=—% 1271 (11)
il i

MaxRE = max Yi— Vi (12)
1<i<n Vi

where y; represents the true value for the i-th data point, y; de-
notes the predicted value, and n is the total number of data points.

In addition to the AvgRE and the MaxRE, we introduce the
Root Mean Square Relative Error (RMSRE) as a supplementary
metric to evaluate the prediction performance of different
reduced-order models. RMSRE is particularly useful because it
places greater emphasis on large deviations, which makes it more
sensitive to outliers or localized prediction failures. This feature
helps assess the consistency and robustness of the model more
thoroughly.

The Root Mean Square Relative Error (RMSRE) is introduced as
an additional performance metric to complement the average and
maximum relative errors. It is defined as follows:
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The comparison involved six prediction methods, covering a
comprehensive spectrum of classical and advanced machine
learning techniques commonly used for hydrate phase equilibrium
prediction or similar nonlinear regression tasks, allowing for a
thorough comparison in terms of accuracy, stability, and general-
ization. The methods included the RBF neural network (Zahedi
et al., 2009), the standalone POD-RBF model (Shen et al., 2023),
the Stacked Ensemble Learning Model based on the POD-RBF
learner (SELM) (Abrate et al., 2023), the Stacked Ensemble
Learning Model with Decision Coefficients (SELM-DCC), Least
Squares Support Vector Machine (LSSVM) (Ghiasi et al., 2016),
Wavelet Neural Network (WNN) (Zhu et al., 2022), and Fully
Connected Neural Network (FCNN) (Xiao et al., 2024), All methods
were evaluated based on their performance on the test set.

The results are presented in Fig. 9. As illustrated, the prediction
performance for phase equilibrium temperature, measured by
AvgRE and RMSRE, ranks as follows: RBF < POD-
RBF < SELM < LSSVM < SELM-DCC. Although WNN and FCNN
exhibit lower average relative errors than SELM-DCC, their
maximum relative errors and RMSRE values are considerably
higher, indicating greater prediction variability and reduced
robustness. This suggests that while WNN and FCNN may achieve
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Fig. 13. Predicted equilibrium temperatures of methane hydrate in MgBr, brine sys-
tems using different models.

higher accuracy under certain conditions, their performance is less
consistent across different scenarios.

A detailed comparison between RBF and POD-RBF models
highlights the effectiveness of data denoising: the POD-RBF model,
essentially a denoised version of the RBF model, significantly re-
duces AvgRE, MaxRE, and RMSRE values. This underscores the
substantial benefits of integrating proper orthogonal decomposi-
tion (POD) as a preprocessing step.

The SELM and SELM-DCC models both incorporate POD-based
denoising, whereas LSSVM, WNN, and FCNN originally do not. To
investigate the impact of denoising, POD is applied to preprocess
the dataset before feeding it into these three models. As shown in
Fig. 10, this preprocessing step improves their AvgRE, MaxRE, and
RMSRE metrics. Nevertheless, even after denoising, the RMSRE of
WNN remains higher than that of SELM-DCC, reaffirming the su-
perior stability and robustness of the SELM-DCC method.

To provide a more comprehensive evaluation of model perfor-
mance, two additional comparison plots were generated to visu-
ally assess the accuracy of each model in predicting both phase
equilibrium temperature and pressure. As shown in Figs. 11 and 12.
Fig. 11 compares the predicted and experimental phase equilib-
rium temperatures, while Fig. 12 presents a similar comparison for
phase equilibrium pressures. In both plots, the x-axis represents
experimental values and the y-axis denotes predicted values.
Ideally, data points should lie along the diagonal line y = x, indi-
cating perfect prediction. The SELM-DCC model shows strong
alignment with experimental results in both subfigures, reflecting
its superior performance and generalization ability.

To validate the model's applicability and predictive perfor-
mance, the equilibrium temperature of methane hydrate in the
MgBr, brine system was predicted using the SELM-DCC model,
with phase equilibrium pressure and salt concentration as input
variables, based on the findings from Hosseini and Leonenko
(2023). To assess the predictive performance of the model, the
results were compared with those obtained from Extreme Ran-
domized Trees (ET), Multilayer Perceptron (MLP), and Decision
Tree (DT) models developed in the referenced study. The cross-
plots of these comparisons are shown in Fig. 13. As seen in
Fig. 13, the SELM-DCC model outperforms the Decision Tree and
Extreme Randomized Tree models in predicting the equilibrium
temperature of methane hydrate in the MgBr, brine system, and
significantly surpasses the Multilayer Perceptron model in terms
of prediction accuracy.
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5. Conclusions

This study systematically investigated the hydrate phase
equilibrium of natural gas under different oil contents and gas
components based on the actual conditions of oil and gas fields in
the South China Sea. The aim was to provide theoretical support
for optimizing the injection dosage of thermodynamic inhibitors
in oil and gas fields. The experimental results showed that the
presence of the oil phase shifted the hydrate phase equilibrium
curve toward lower temperatures and higher pressures, with the
most significant suppression observed at an oil content of 50 vol%.
This was attributed to the strong van der Waals forces between oil
and gas, which increased the difficulty of gas molecules and water
molecules forming a clathrate structure, thereby narrowing the
thermodynamic stability zone. Additionally, at 50 vol% oil content,
the system approached the critical point of phase inversion, with a
dynamic mixed structure that reduced interface stability, leading
to a stronger inhibition effect. The experiments also revealed that
the oil phase had a more pronounced inhibition effect on the hy-
drate phase equilibrium of natural gas containing heavier hydro-
carbons (such as butane and pentane). This was likely due to the
stronger nonpolar interactions between the heavy hydrocarbons
and the oil phase, which increased the difficulty of gas molecules
and water molecules forming hydrates. Moreover, further experi-
ments in the low-to high-pressure range (2-8 MPa) confirmed that
these inhibition effects were more pronounced at higher pres-
sures. These results indicated that using simplified natural gas
components or neglecting the influence of the oil phase in hydrate
phase equilibrium predictions and thermodynamic inhibitor
dosage calculations could lead to inhibitor overuse, increasing
production costs. Therefore, fully considering these factors when
optimizing inhibitor dosage could not only improve economic ef-
ficiency but also reduce environmental impact.

Furthermore, based on the experimental data, this study pro-
posed a stacked ensemble learning model (SELM-DCC) composed
of multiple POD-RBF base learners and decision coefficients for
predicting hydrate phase equilibrium in oil-containing systems.
This model was compared with six other prediction methods,
including RBF neural networks, independent POD-RBF models,
Stacked Ensemble Learning Models (SELM) based on POD-RBF
learners, Least Squares Support Vector Machines (LSSVM),
Wavelet Neural Networks (WNN), and Fully Connected Neural
Networks (FCNN). The results showed that the SELM-DCC model
demonstrated lower maximum relative error, stronger stability,
and superior denoising performance when predicting hydrate
phase equilibrium temperature and pressure. Future research will
focus on refining phase equilibrium testing under different con-
ditions, expanding the model's applicability, and combining
physical models with ensemble learning models to develop a
“mathematical-physical” dual-driven ensemble learning model,
thereby improving the model's generalization ability.
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