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ABSTRACT
Accurate prediction of thermal conductivity in methane (CH4)-based binary gas mixtures is essential for enhancing the efficiency and

safety of energy systems, gas separation processes, and the design of industrial equipment. Conventional empirical and theoretical

models often lack sufficient accuracy when dealing with complex, nonlinear molecular interactions and require extensive experimen-

tal data. In this study, a novel framework based on one-dimensional convolutional neural networks (1D-CNNs) was developed to

predict the thermal conductivity of CH4 mixtures with seven gases (CO2, CO, CF4, H2, N2, Ne, and Ar) using fundamental input

parameters such as temperature, pressure, andmole fractions. Themodel architecturewas optimized through hyperparameter tuning,

root mean square propagation (RMSprop) optimization, and dropout regularization to minimize overfitting while maintaining strong

generalization capability. Quantitative evaluation demonstrated that the proposed model significantly outperformed traditional

approaches, including random forest regression, feed-forward neural network (FFNN), support vector regression (SVR), and linear

regression (LR), achieving R2= 0.995, mean absolute percentage error (MAPE)= 2.02%, mean absolute error (MAE)= 0.94mW/m·K,
and rootmean square error (RMSE)= 1.59mW/m·K. Residual analyses confirmed themodel’s excellent agreement with experimental

data andminimal prediction bias. The results establish the proposedmodel as a powerful, scalable, and extensible tool for a wide range

of industrial applications, including combustionmodeling, thermalmanagement inmembrane technologies, cryogenic process design

for liquefied natural gas (LNG) systems, and safety analysis of natural gas transmission pipelines.

1 | Introduction

1.1 | Background

Driven by the simultaneous rise in the global population and

economic development, the demand for natural resources, partic-

ularly fossil fuels, has increased significantly. This growing reli-

ance on fossil fuels, combined with their finite availability, has

raised pressing concerns about energy security and environmental
sustainability [1]. Among these fuels, methane stands out as one of
the most abundant and essential hydrocarbons, playing a vital role
in various engineering processes and contributing to global eco-
nomic growth. As the primary component of natural gas, methane
is extensively used across multiple sectors, including electricity
generation in thermal power plants, compressed natural gas

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited.

Copyright © 2026 Sadegh Motahar et al. International Journal of Energy Research published by John Wiley & Sons Ltd.

International Journal of Energy Research, 2026; 2026:4247377 1 of 21
https://doi.org/10.1155/er/4247377

 International Journal of Energy Research 

https://doi.org/10.1155/er/4247377
https://orcid.org/0000-0003-3708-3156
https://orcid.org/0000-0001-6846-4838
https://orcid.org/0000-0002-0589-9946
https://orcid.org/0000-0002-4677-316X
mailto:4Department of Chemical Engineering and SustainabilityInternational Islamic University MalaysiaKuala Lumpur50728Malaysiaiium.edu.my
mailto:4Department of Chemical Engineering and SustainabilityInternational Islamic University MalaysiaKuala Lumpur50728Malaysiaiium.edu.my
mailto:4Department of Chemical Engineering and SustainabilityInternational Islamic University MalaysiaKuala Lumpur50728Malaysiaiium.edu.my
mailto:4Department of Chemical Engineering and SustainabilityInternational Islamic University MalaysiaKuala Lumpur50728Malaysiaiium.edu.my
mailto:4Department of Chemical Engineering and SustainabilityInternational Islamic University MalaysiaKuala Lumpur50728Malaysiaiium.edu.my
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/er/4247377
https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1155%2Fer%2F4247377&domain=pdf&date_stamp=2026-07-20


(CNG) vehicles, and residential heating systems [2]. Furthermore,
it serves as a key feedstock in the production of ammonia, hydro-
gen, and numerous petrochemical products [3, 4]. However,
despite its benefits, methane presents a significant environmental
challenge: as the second most prevalent greenhouse gas after car-
bon dioxide, its emissions can contribute substantially to global
warming, resulting in severe ecological consequences. Therefore,
the effective control and reduction of methane emissions have
become critical priorities in the pursuit of sustainable environmen-
tal management and climate change mitigation [5]. This necessity
extends beyond environmental considerations; in large-scale
industries such as gas transportation systems, liquefied natural
gas (LNG) units, and combustion chambers, accurate prediction
of methane’s thermophysical properties directly influences safety,
cost, and operational efficiency.

Accurate prediction and modeling of methane’s thermophysical
properties are essential for the design, optimization, and simula-
tion of processes involving its production, processing, storage,
transportation, and combustion, as well as for climate change
mitigation and a wide range of industrial applications. Among
these properties, thermal conductivity is particularly critical, as it
supports both experimental measurements and computational
analyses required for efficient heat transfer and combustion per-
formance [6–8]. Due to its broad utility as an engineeringmaterial,
methane is frequently combined with other gases in advanced
industrial and chemical processes. Notable examples include
methane–carbon dioxide (CO2) mixtures in biogas combustion
[9], methane–carbon monoxide (CO) mixtures for the synthesis
of valuable chemicals such as acetic acid [10],
methane–tetrafluoromethane (CF4) mixtures in plasma-enhanced
chemical vapor deposition [11], methane–hydrogen (H2) blends in
underground gas storage applications [12], methane–nitrogen (N2)
mixtures in gas separation technologies [13], methane–neon (Ne)
mixtures in thick gaseous electron multipliers (THGEM) for radi-
ation detection [14], and methane–argon plasmas used in materi-
als processing [15].

Experimental techniques using specialized instruments and lab-
oratory setups can determine the thermal conductivity of gases
and gas mixtures [16]. However, these methods are often com-
plex, time-consuming, and expensive. Additionally, accurate
thermal conductivity measurements are typically restricted to
specific pressure and temperature ranges. Furthermore, the ther-
mal conductivity of gas mixtures often deviates from a simple

linear relationship with the mole fractions of its constituent
gases, that is, λm ≠ ∑xiλi, making it challenging to calculate
directly. For gas mixtures composed of molecules with signifi-
cantly differing polarities, the thermal conductivity of the mix-
ture can exceed the value predicted by a simple mole fraction
average [17]. The thermal conductivity of gas mixtures can be
significantly influenced by variations in gas density, molecular
interactions, and collision frequencies. Estimating and modeling
the thermal conductivity of gas mixtures often involve incorpo-
rating experimental correlations or theoretical models that
account for the influence of gas density, molecular interactions,
and collision frequencies. Accurately estimating and modeling
the thermal conductivity of gas mixtures often involves incorpo-
rating experimental correlations or theoretical models that
account for the complex interplay of the aforementioned factors.
For low-density gas mixtures, approaches like kinetic theory of
gases may be suitable for estimating thermal conductivity. How-
ever, dense gas mixtures can exhibit behavior that deviates from
ideal gas behavior, necessitating more sophisticated models for
accurate thermal conductivity prediction [18]. However, experi-
mental thermal conductivity measurements are crucial for vali-
dating theoretical models and correlations. These measurements
enhance prediction accuracy and provide valuable insights into
the behavior of gas mixtures.

In recent years, such limitations have led to the emergence of
data-driven approaches and machine learning (ML) algorithms
as powerful alternatives for simulating thermal conductivity.

Table 1 summarizes recent studies [19–22] on modeling and pre-
dicting the thermal conductivity of binary methane-based gas mix-
tures under varying temperatures, pressures, and mole fractions.

1.2 | Advances in Data-Driven Modeling

The development of predictive models for estimating the thermal
conductivity of various materials using neural networks has
attracted considerable attention in recent years. These data-
driven approaches have significantly improved the accuracy
and reliability of thermophysical property predictions, while
also reducing the time, cost, and resources typically required
for experimental measurements [23]. Eslamloueyan and Kha-
demi [24] proposed a three-layer feed-forward neural network
(FFNN) to estimate the thermal conductivity of pure gases at
atmospheric pressure and a wide range of temperatures based

TABLE 1 | Previous research for predicting the thermal conductivity of methane-based binary gas mixtures.

Ref Method xCH4
P (MPa) T (K) Binary mixture

[19] SAFT-VR Mie equation of state alongside
molecular dynamics

0.2413, 0.2592, 0.3043 0.1 300–350 CH4–CO2

[20] Extended corresponding states principle 0.14, 0.25, 0.37 0.7–12 300–425 CH4–H2

CH4–CO2

[21] GERG-2008 equation of state (EoS) and Super
TRAPP model

0.1–0.9 0.01–100 200–500 CH4–H2

[22] The classical trajectory method using
intermolecular potential energy surfaces for the
CH4–CH4, N2–N2, and CH4–N2 interactions

0–1 — 70–1200K CH4–N2
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on the critical temperature, critical pressure, and molecular
weight. The findings of the study indicate that the proposed
FFNN outperforms alternative methods in terms of both accu-
racy and extrapolation capabilities. Conventional conductivity
correlations are typically valid for a limited range of temperatures
and substances, whereas the FFNN approach can encompass a
broader range of temperatures and materials. In [25], the same
authors proposed a neural network architecture consisting of two
sequential multilayer perceptrons (MLPs) for predicting the ther-
mal conductivity of binary gas mixtures. The first MLP estimates
the thermal conductivity of pure gases based on the critical tem-
perature, critical pressure, molecular weight, and gas tempera-
ture. This estimated pure gas thermal conductivity is then used in
the second MLP, along with the molecular weights and mole
fraction of the lighter component, to predict the thermal conduc-
tivity of the binary mixture. Both MLPs exhibit good generaliza-
tion capabilities, with mean relative error (MRE) and mean
squared error (MSE) values of 5.4% and 3.8× 10−6, respectively,
for the pure gas MLP and 2.2% and 3.3× 10−6, respectively, for
the binary gas mixture MLP. Farzaneh-Gord et al. [26] developed
an MLP neural network to predict the properties of biogas, a
mixture of methane and other gases. The network was trained
using thermodynamic properties of biogas based on ISO 20765-2
and experimental data. The predictions of the MLP model were
compared with those of the equations of state and experimental
values. The results demonstrated that theMLPmodel could accu-
rately calculate output properties such as density, compressibility
factor, isochoric heat capacity, isobaric heat capacity, isentropic
exponent, internal energy, enthalpy, entropy, Joule–Thomson
coefficient, and speed of sound based on a wide range of biogas
mixtures and input properties. Naghizadeh et al. [27] presented
four advanced intelligent models for thermal conductivity pre-
diction of hydrogen-based binary gas mixtures, including CO,
CH4, and CO2, based on pressure, temperature, and mole frac-
tions of these components. These algorithms included radial
basis function (RBF), cascade forward neural network (CFNN),
MLP, and generalized regression neural network (GRNN).
Graphical and statistical error analyses demonstrated that the
proposed models exhibited strong agreement with the experi-
mental values. Among the proposed models, the GRNN method
was identified as the most accurate prediction technique with an
root mean square error (RMSE) of 0.00129 and the highest R2 of
0.9987.

In recent years, convolutional neural networks (CNNs) have
emerged as powerful tools for predicting material properties
and transport phenomena because of their strong capability of
extracting hierarchical and spatially correlated features from
structured datasets. Initially, CNN-based approaches were exten-
sively applied in materials science to establish structure property
relationships. For instance, Yang et al. [28] employed deep learn-
ing (DL) to identify structure property linkages in high-contrast
composite materials and demonstrated accurate prediction of
effective stiffness directly from simulated microstructural data-
sets. Similarly, Cecen et al. [29] developed a three-dimensional
CNN framework to connect material microstructures with effec-
tive material properties, showing that CNN-extracted features
significantly improved predictive performance while reducing
computational cost. Beyond structural property analysis, CNN
models have also been successfully used in transport property
prediction. Wu et al. [30] applied DL to predict the effective

diffusivity of porous media from structural images and reported
significantly lower computational cost compared with conven-
tional lattice Boltzmann simulations. In thermal engineering
applications, Wei et al. [31] demonstrated that CNN-based mod-
els can accurately predict the effective thermal conductivity of
composite materials and porous media, outperforming tradi-
tional theoretical correlations. Likewise, Zhu et al. [32] used
ML techniques to investigate the relationship between polymer
molecular structure and thermal conductivity, enabling efficient
screening of high thermal conductivity polymer candidates. More
recently, Adam et al. [33] proposed a CNN-based framework
inspired by VGG networks for effective thermal conductivity
estimation and showed that the model achieved high predictive
accuracy while reducing computation time by several orders of
magnitude compared with numerical simulations. Additional
recent studies by Shen et al. [34] and Liu et al. [35] further
confirmed the capability of CNN architectures in accurately esti-
mating effective thermal conductivity in fibrous, particulate, and
porous materials with complex microstructures. In addition, Ni
et al. [36] demonstrated the effectiveness of DL approaches in
predicting thermophysical properties of carbon dioxide under
challenging thermodynamic conditions. These studies collec-
tively demonstrate that CNN-based models are highly effective
for learning nonlinear relationships between the physical struc-
ture and thermophysical behavior. Motivated by these advances,
the present work extends the application of CNNmodeling to the
thermal conductivity prediction of methane binary mixtures.

Unlike previous studies primarily focused on image-based porous
or solid material systems, the proposed one-dimensional CNN
(1D-CNN) model is designed to capture complex interactions
among thermodynamic variables, such as temperature, pressure,
and composition, enabling accurate prediction across a wide
range of operating conditions relevant to natural gas and energy
applications.

1.3 | Research Gap and Novelty of This Study

Existing approaches for predicting the thermal conductivity of
CH4-based binary gas mixtures are mainly based on empirical
correlations and theoretical models. Although these methods
have been widely applied, they generally require extensive exper-
imental datasets and still struggle to capture the inherently com-
plex and nonlinear interactions among gas components. In
recent years, ML techniques have shown promising results across
diverse scientific and engineering applications. However, in the
field of thermophysical property prediction, most studies have
focused on relatively simple MLmodels, such as linear regression
(LR), random forests, or support vector machines (SVMs), while
the potential of DL frameworks remains underexplored.

While CNN-based approaches have been increasingly employed for
predicting a range of thermophysical properties, their application to
the prediction of thermal conductivity inmethane-based binarymix-
tures has received limited attention and remains insufficiently inves-
tigated. This represents a clear gap in the literature, as CNN
architectures could offer significant advantages in extracting complex
features from input parameters such as temperature, pressure, and
mole fractions. Specifically, the available data in this field are typi-
cally represented as one-dimensional vectors, where the extraction of
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local patterns and correlations can be achieved far more effectively
through the filtering capability of one-dimensional convolutional
layers than with conventional ML techniques.

To bridge this gap, the present study develops and validates a
novel DL framework based on 1D-CNNs for the accurate predic-
tion of thermal conductivity in CH4-based binary gas mixtures.
The proposed approach aims to enhance predictive accuracy,
reduce reliance on extensive empirical datasets, and provide a
robust alternative to conventional ML and theoretical models.

1.4 | Objectives and Scope

The present study is designed to address the challenges of pre-
dicting thermal conductivity in methane-based binary gas mix-
tures by pursuing the following objectives:

1. Data preparation: to collect and preprocess a comprehensive
dataset comprising thermal conductivity measurements,
temperature, pressure, and mole fractions of CH4–based
binary mixtures and to restructure the data into a one-
dimensional format suitable for CNN input.

2. CNN model development: To design and implement a 1D-
CNN capable of extracting local feature interactions from
the input variables and to optimize its architecture through
systematic experimentation with layer configurations and
hyperparameters.

3. Training and optimization: to train the CNN using advanced
optimization techniques such as root mean square propaga-
tion (RMSprop), dropout regularization, and hyperpara-
meter tuning, thereby improving accuracy and reducing
overfitting.

4. Model evaluation and benchmarking: to evaluate the predic-
tive performance of the CNN using standard metrics (RMSE,
mean absolute error [MAE], mean absolute percentage error
[MAPE], and R2) and to benchmark its accuracy against con-
ventional ML models, including random forest regressor
(RFR), support vector regression (SVR) with RBF and linear
kernels (SVR-RBF and SVR-linear), LR, and FFNN.

5. Application and validation: to demonstrate the capability of
the proposed model in accurately predicting thermal con-
ductivity across a wide range of thermodynamic conditions
and compositions for methane-based binary gas mixtures.

Achieving these objectives not only enhances predictive accuracy
but also paves the way for implementing the model within indus-
trial design and simulation systems, ranging from gas transmis-
sion networks to cryogenic processes.

To provide a comprehensive overview of the methodological
steps, the schematic workflow of the present study is illustrated
in Figure 1.

1.5 | Organization of the Paper

The remainder of this paper is organized as follows: Section 2
introduces the dataset, outlining the thermophysical variables
considered and the preprocessing procedures applied. Section 3

presents the methodology, detailing both the benchmark ML
models and the proposed 1D-CNN framework, together with
the employed normalization strategies, loss function and optimi-
zation scheme, hyperparameter tuning, and architectural design.
Section 4 reports and discusses the results, including the perfor-
mance evaluation of the models and their comparison with ref-
erence data available in the literature. Section 5 highlights
representative industrial applications where an accurate predic-
tion of thermal conductivity is of critical importance. Finally,
Section 6 concludes the study by summarizing the main findings
and suggesting possible directions for future research.

2 | Data and Preprocessing

2.1 | Dataset Description

The collected dataset includes thermal conductivity measure-
ments for binary mixtures of CH4 with seven distinct gases:
CO2, CO, CF4, H2, N2, Ne, and Ar. These measurements are
designated as the target output for our neural network model.
For the input parameters, the dataset included variables such as
temperature, pressure, and mole fractions of the gas mixtures.
Table 2 lists the physical and thermodynamic properties of gases
used in the present study [37–39].

A comprehensive dataset comprising 1050 data points was gath-
ered from a range of peer-reviewed publications and experimental
reports [40–50]. These data points encompass thermal conductiv-
ity measurements for various CH4-based binary gas mixtures
under different thermodynamic conditions. A detailed summary
of the compiled dataset is presented in Table 3.

It is noteworthy that a rigorous data quality assessment and
standardization process were performed to ensure the consis-
tency and compatibility of the data collected from various
sources. To this end, all thermodynamic parameters, including
temperature (T), pressure (P), and thermal conductivity (λ), were
initially converted to SI standards; for instance, temperatures
were uniformly standardized to Kelvin (K) and pressures to
megapascals (MPa). In cases where experimental conditions
required correction for a reference temperature, standard corre-
lations were utilized to verify the data, ensuring that the values
were comparable to reference conditions. Furthermore, the com-
piled data points from different papers and reports were cross
compared to identify potential deviations stemming from varying
measurement techniques. For this purpose, suspicious values
were assessed against the reported error range or uncertainty
within their respective sources. Any data points found to be out-
side the accepted limits of uncertainty were either removed or
corrected. This meticulous approach ensured that the final data-
set possessed high quality, statistical stability, and reliability for
training predictive models.

2.2 | Data Range and Distribution

Table 4 presents the range of key parameters used in this study,
including temperature, pressure, mole fraction of components,
and the resulting thermal conductivity values of CH4-based
binary gas mixtures. These values range from cryogenic to
near-critical conditions (221.32–436.70K for temperature and
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0.10–71.14MPa for pressure). This wide range ensures that the
model is trained on diverse conditions, enhancing its robustness
and predictive accuracy. The mole fraction varies from pure
methane to a pure second component (0.0–1.0), reflecting the

full compositional spectrum. The thermal conductivity values
range from 19.00 to 151.70mW/m·K, demonstrating the dataset’s
broad coverage of heat-transfer behavior across different gas
combinations and conditions.
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FIGURE 1 | Schematic diagram of the research workflow in the present study.

TABLE 2 | Physical and thermodynamic properties of gases used in CH4-based binary mixtures.

Gas
formula

Molecular
weight (g/mol)

Critical
temperature (K)

Critical
pressure (MPa) Density (g/L)

Specific heat
(Cp, J/mol·K)

Thermal conductivity
@300 K (mW/m·K)

CH4 16.04 190.6 4.6 0.656 35.7 34.4

CO2 44.01 304.2 7.38 1.977 37.1 16.8

CO 28.01 132.9 3.5 1.25 29.1 25.0

CF4 88.0 227.6 3.76 3.72 85.0 16.0

H2 2.02 33.0 1.3 0.0899 28.8 186.6

N2 28.01 126.2 3.39 1.251 29.1 26.0

Ne 20.18 44.4 2.76 0.9002 27.1 49.4

Ar 39.95 150.9 4.86 1.784 20.8 17.7
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A histogram, as shown in Figure 2, was constructed using 20 bins
to visualize the distribution of thermal conductivity (in
mW/m·K) for the 1050 samples in the dataset. Each bin repre-
sents a subrange of λ values and the height of each bar indicates
the number of observations within that subrange.

The bin width was approximately 6.64mW/m·K, calculated as
follows:

Binwidth¼ λmax − λmin

Number of bins
: ð1Þ

Most data points were concentrated in the lower and mid ranges,
particularly between 20 and 50mW/m·K. The bin with the high-
est frequency was centered approximately around 30–36.6mW/
m·K, indicating that this is the most common range of thermal
conductivity in the dataset. The distribution exhibited a positive
skew, with a long tail extending toward higher values (above 80
mW/m·K). This suggests that while most gas mixtures have rela-
tively low thermal conductivity, certain compositions or thermo-
dynamic conditions can lead to substantially higher values. This
histogram analysis reveals the nonuniform and skewed nature of
the thermal conductivity distribution, which should be consid-
ered when selecting modeling or regression approaches. This
histogram suggests that thermal conductivity values in the gas
mixtures tend to cluster around lower values, with relatively
fewer instances of high thermal conductivities. The skewness
indicates the presence of some gas compositions or thermody-
namic conditions that yield an unusually high conductivity.

Figure 3a illustrates the relationship between thermal conductiv-
ity and temperature for binary gas mixtures of CH4 with seven
distinct partner gases: CO2, CO, CF4, H2, N2, Ne, and Ar. In this
2D scatter plot, each data point represents a measured sample,
and the color coding distinguishes the gas partner with the high-
est mole fraction in the mixture. Figure 3a reveals clear tempera-
ture-dependent trends for each binary system. Notably, mixtures
involving lighter gases such as H2 tend to exhibit higher thermal
conductivity values, especially at elevated temperatures, consis-
tent with their high intrinsic thermal transport properties. Con-
versely, mixtures with heavier gases, like CF4 or CO2, display a
comparatively lower thermal conductivity. This visualization

TABLE 3 | CH4-based binary gas mixture data used for the development of the DL model.

Reference No. of data λ (mW/m·K) xCH4
P (MPa) T (K) Gas mixture

[40] 180 20.96–53.48 0.2493–0.7496 0.724–11.97 300–425 CH4–CO2

[41] 62 19–42 0.122–0.902 0.1–9 298.15–308.55

[42] 48 20.54–35.59 0.2577–0.7861 0.852–6.3 299.55

[43] 14 19.14–24.45 0.5061 0.217–1.79 228.13–272.07

[44] 128 25.77–103.9 0.243–0.755 3.38–70.64 335.4–435.6

[45] 41 28.03–43.32 0.2524–0.7686 0.867–12.2 300.8 CH4–CO

[46] 153 22.94–82.21 0.267–0.75 0.31–71.14 335.7–436.7 CH4–CF4

[47] 50 53.48–151.7 0.1413–0.7733 0.858–8.4 300.65 CH4–H2

[48] 171 28.58–52.17 0.2507–0.7494 0.73–15.45 300–425 CH4–N2

[49] 11 24.63–36.39 0.5102 0.293–8.73 221.32–271.76

[43] 55 28.77–38.46 0.2564–0.7707 0.834–8.28 299.5

[50] 72 37.35–50.65 0.2508–0.7592 1.44–21.68 300.6 CH4–Ne

[50] 65 21.53–40.71 0.2473–0.7818 0.852–17.57 300.6 CH4–Ar

TABLE 4 | Range of key parameters used in this study.

Parameter T (K) P (MPa) xCO2
xCO xCF4

xH2
xN2

xNe xAr λ (mW/m·K)

Min 221.32 0.10 0.000 0.00 0.000 0.00 0.00 0.00 0.00 19.00

Max 436.70 71.14 0.878 0.75 0.733 0.86 0.75 0.75 0.75 151.70

Thermal conductivity (mW/m.K)
14012010080604020

Fr
eq

ue
nc

y

0

50

100

150

200

250
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FIGURE 2 | Histogram of target variable (thermal conductivity of

CH4 binary gas mixtures).
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underscores the nonlinear influence of both temperature and
molecular composition on thermal conductivity, highlighting
the complexity of modeling such thermophysical properties and
the need for robust predictive approaches like CNNs.

Figure 3b illustrates the variation of thermal conductivity with
pressure. Each point in the scatter plot represents a unique experi-
mental condition, with color coding corresponding to the dominant
gas partner in the mixture. Overall, the trends show that while
pressure does influence thermal conductivity, the extent and direc-
tion of this effect vary significantly depending on the interacting gas
species. For example, mixtures with lighter gases such as H2 tend to
maintain higher thermal conductivity values across a broader pres-
sure range, whereas heavier gases, like CF4 or CO2, often exhibit a
less pronounced or even decreasing conductivity trendwith increas-
ing pressure. These diverse behaviors highlight the complex inter-
play between molecular interactions, pressure, and thermal
transport properties, further justifying the application of nonlinear
data-driven models such as CNNs for accurate prediction.

2.3 | Data Normalization and Scaling

To ensure the integrity and reliability of the dataset prior to
analysis, a comprehensive preprocessing procedure is carried
out. Initially, a thorough examination of the data to identify
any potential noise and outliers that could adversely affect sub-
sequent analyses is conducted.

Following the identification of noise and outliers, z-score normal-
ization technique rescales the data based on the mean and stan-
dard deviation of each feature. This method transforms the data
into a standard normal distribution with a mean of zero and a
standard deviation of one. The normalization process is executed
according to the following equation [51]:

zv ¼
v − μv
σv

; v 2 xAr; xNe; xN2
; xH2

; xCO; xCO2
; xCF4

; T; P
È É

; ð2Þ

where zv represents the normalized variable. μv and σv are the
mean and standard deviation of the variable in the training data-
set, respectively. They are calculated by:

μv ¼
1
N

∑
N

i¼1
vi; ð3Þ

σv ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

∑
N

i¼1
vi − μvð Þ2

s
: ð4Þ

In addition to z-score standardization, which was primarily
adopted in this study for scaling the input features, another widely
used and effective approach in regression tasks is min–max nor-
malization. This method maps the values of each feature into a
predefined interval, typically [0,1], thereby facilitating comparabil-
ity across variables and often improving interpretability in ML
models. The general equation is expressed as [51]:

zv ¼
v − vmin

vmax − vmin
; ð5Þ

where zv is the normalized value in interval of [0,1], v is the
original value, and vmin and vmax denote the minimum and maxi-
mum values of the feature across the dataset, respectively.

In this study, z-score normalization was employed as the primary
preprocessing approach for the CNN training data. The min–max
normalization method was used solely in comparative experiments,
as discussed in Section 4, to assess its influence on the model
performance. The combined use of z-score and min–max normali-
zation at different stages of preprocessing allows for a fair compari-
son of model performance under distinct scaling strategies.
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FIGURE 3 | (a) Thermal conductivity vs. temperature. (b) Thermal conductivity vs. pressure for each gas pair.
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2.4 | Train–Validation–Test Split Strategy

In this study, the dataset was divided into three subsets to ensure
robust model development and fair evaluation. Specifically, 80%
of the data were allocated for training, enabling the model to
learn the underlying functional relationships between tempera-
ture, pressure, mole fractions, and thermal conductivity. To pre-
vent overfitting and to guide hyperparameter tuning, 10% of the
dataset was used as a validation set, which allowed monitoring of
the model’s performance during training and the application of
techniques such as early stopping and dropout adjustment.
Finally, the remaining 10% was reserved as a test set, serving
as an entirely unseen dataset for evaluating the generalization
ability of the trained models.

This partitioning strategy ensures that model evaluation is unbi-
ased and reflects real-world predictive capability. By employing
separate validation and test subsets, the risk of data leakage is
minimized, which is crucial for reliable benchmarking of the
CNN against conventional ML models. The chosen 80–10–10
split ratio is widely adopted in ML applications, especially
when datasets are of moderate size, as it balances the need for
sufficient training data with the requirement of maintaining ade-
quate validation and testing samples for robust performance
assessment [52].

3 | Methodology

This study utilizes existing experimental data on the thermal con-
ductivity of CH4-based gas mixtures as the foundation for model
development. Based on these measurements, input sequences
were generated to construct structured datasets incorporating tem-
perature, pressure, and the mole fractions of seven gases mixed
with CH4.A 1D-CNNmodel was then developed and validated for
the prediction of thermal conductivity. The model architecture
and hyperparameters were systematically optimized to enhance
the predictive performance. To further investigate the model’s
behavior, additional analyses were conducted to evaluate the influ-
ence of individual input parameters on prediction accuracy.

All models in this study, including the proposed CNN and con-
ventional ML regressors, were developed and implemented using
Python. The flexibility and extensive ecosystem of Python libraries,
such as TensorFlow and Keras for DL and Scikit-learn for conven-
tional models, enabled efficient model development, training,
evaluation, and comparison within a unified programming
environment.

3.1 | 1D-CNN Model

In this study, the input variables are organized as a one-dimen-
sional feature vector comprising mole fractions, temperature, and
pressure. Although these variables do not form a temporal
sequence, 1D-CNN is advantageous because convolutional filters
can learn local nonlinear interactions among input features
through weight sharing and localized receptive fields. This enables
the model to extract compact and informative representations
from the thermodynamic input space [53]. Therefore, the proposed
1D-CNN provides an effective framework for capturing localized
nonlinear interactions among thermodynamic variables.

Generally, the output of the j-th filter in the l-th convolutional
layer, denoted as yðlÞj , is calculated as follows:

y lð Þ
j pð Þ ¼ ∑

fl

i¼1
w l;jð Þ

i : z l−1ð Þ
iþp þ b l;jð Þ; ð6Þ

where z(l − 1) is the input feature map from the previous layer, fl is
the kernel (filter) size of l-th layer, wði; jÞ

i represents the learnable
weights of the j-th filter, p is the stride or position index of the
input sequence, and bði; jÞ is the bias term associated with the j-th
filter. This relationship is the basis of the 1D convolution opera-
tion and determines how each input feature, T, P, and xi, is
combined to extract relevant patterns.

To introduce nonlinearity and prevent the model from being
constrained to linear relationships, the rectified linear unit
(ReLU) activation function (ϕð⋅Þ:) was employed after each con-
volution [54]:

z lð Þ
j pð Þ ¼ ϕ y lð Þ

j pð Þ
� �

¼max 0; y lð Þ
j pð Þ

� �
: ð7Þ

This function allows only positive values to pass while setting all
negative values to zero. This behavior is crucial as it enables the
model to effectively learn the complex, nonlinear interactions
present between the thermodynamic variables.

3.2 | Regularization and Overfitting Prevention

To stabilize training and accelerate convergence, batch normali-
zation is applied after each convolutional block. This technique
normalizes the intermediate activations by re-centering and re-
scaling them according to the statistics of each mini-batch. In
each convolutional layer, the pre-activation output (yðlÞj ðpÞ :) is
normalized across the current mini-batch before applying the
nonlinear activation function. The batch normalization opera-
tion is defined as [55]:

by lð Þ
j pð Þ ¼ y lð Þ

j pð Þ − μbatch
σbatch

; ð8Þ

ey lð Þ
j pð Þ ¼ γby lð Þ

j pð Þ þ β; ð9Þ

z lð Þ
j pð Þ ¼ ϕ ey lð Þ

j pð Þ
� �

; ð10Þ

where yðlÞj ðpÞ: is linear output of the j-th filter in layer l before
normalization, μbatch and σbatch are mean and standard deviation
of the mini-batch activations, respectively, byðlÞj ðpÞ: is normalized
activation, γ and β are learnable scale and shift parameters,eyðlÞj ðpÞ: is re-scaled activation after normalization, and zðlÞj ðpÞ: is
final output after the nonlinear activation function ϕð⋅Þ:.

Dropout randomly deactivates a subset of neurons during train-
ing to prevent overfitting and improve generalization [56]. For a
given neuron activation, dropout is defined as:

ehi ¼ hi with probability 1 − pdrop
À Á

0 with probability pdrop

(
; ð11Þ

where ehi is activation after applying dropout, hi is activation of
the i-th neuron before dropout. This encourages the model to
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learn diverse combinations of features rather than rely exces-
sively on a limited subset of them.

After feature extraction through the convolutional layers, the
resulting three-dimensional output is flattened into a one-dimen-
sional feature vector:

V ¼ reshape H; 1;nfeatures½ �ð Þ; ð12Þ

where H denotes the feature matrix and nfeatures represents the
total number of extracted features. The final stage is a fully con-
nected (dense) layer that produces the predicted thermal conduc-
tivity (bλ), as follows:

bλ ¼WTV þ b: ð13Þ

Equation (13) indicates how all extracted features are linearly
combined through the learnable weight matrix W and bias
term b to generate the final prediction of thermal conductivity.

In practical terms, the proposed 1D-CNN model processes the
input variables, temperature, pressure, and mole fractions of
the mixture components, as a one-dimensional signal. As this
signal passes through multiple convolutional layers and is fil-
tered at different scales, hidden patterns and dependencies
among the variables are extracted. The final dense output layer
transforms these learned representations into accurate thermal
conductivity predictions. This approach enables the identifica-
tion of complex, nonlinear relationships without the need for
empirical correlations or simplifying assumptions, making it par-
ticularly suitable for industrial applications where the system
behavior is strongly influenced by variations in composition
and pressure.

3.3 | Loss Function and Optimization

The training of the proposed model was performed by minimiz-
ing the MSE loss function [53, 54], expressed as:

L¼ 1
N

∑
N

i¼1
λi − bλ i� �

2
; ð14Þ

where N is the total number of training samples, λi is the experi-
mental (observed) thermal conductivity of the i-th sample, bλi is
the predicted thermal conductivity for the i-th sample, and L is
the average squared error across all samples. This loss function
provides the error signal required for updating the network
parameters.

In this study, RMSprop was chosen as the optimizer due to its
ability to maintain a balance between fast convergence and effec-
tive handling of complex feature interactions in the dataset.
RMSprop has demonstrated an effective and practical optimiza-
tion algorithm for training deep neural networks like CNNs [52].
It works by adapting the learning rate for each parameter indi-
vidually using a moving average of the squared gradients, which
helps stabilize and accelerate convergence. This prevents oscilla-
tions and ensures more stable convergence. For a given parame-
ter vector θ¼fw; bg: in the CNN (including convolutional and
dense layer weights and biases), the gradient of the loss function
L with respect to θ at iteration t is denoted as:

gt ¼
∂L
∂θt

: ð15Þ

The core update mechanism involves calculating the moving
average of the squared gradients, ωt , and then using this average
to scale the learning rate [57]:

ωt ¼ ρωt−1 þ 1 − ρð Þg2
t ; ð16Þ

θtþ1 ¼ θt −
ηffiffiffiffi

ω
p þ ε

gt: ð17Þ

In Equations (16) and (17), ρ2 ½0; 1�: is the decay rate, η denotes
as the global learning rate, and ε is a small constant for stability.
In the present study, learning rate and decay rate were set to 10−3

and 5× 10−6, respectively.

3.4 | Model Architecture

The proposed model in the present study comprises three conse-
cutive Conv1D blocks that incorporate MaxPool1D and dropout
layers for robust feature extraction and regularization. This
robust convolutional section is then followed by a flattening
operation and culminates in a final dense output layer. Figure 4
provides a comprehensive overview, clearly presenting the input
feature domain (temperature, pressure, and gas mole fractions),
along with the specific hyperparameter configurations for each
block, including the number of filters, kernel size, and pooling
strides. This schematic is essential for a complete understanding
of the model’s structure, illustrating how relevant features are
progressively extracted and transformed across the network to
yield the final predicted value of thermal conductivity (λ).

The final CNN architecture was selected based on a comparative
hyperparameter optimization study involving different optimi-
zers, kernel sizes, and dense-layer configurations. Details of the
hyperparameter search procedure and the performance of the
candidate architectures are provided in Appendix A.

3.5 | Conventional ML Models

To evaluate the effectiveness and superiority of the proposed 1D-
CNN framework, a set of conventional ML algorithms were
employed as benchmark models. The inclusion of these
approaches enables a systematic comparison of the predictive per-
formance of the CNN against well-established techniques fre-
quently applied in thermophysical property prediction. Each
algorithm, with its distinct structure and underlying principles,
can capture both linear and nonlinear patterns within the dataset.
Therefore, benchmarking their results with those of the CNN pro-
vides a clearer perspective on the accuracy, generalization capabil-
ity, and effectiveness of the proposed architecture in extracting
complex relationships in methane-based binary gas mixtures. A
brief overview of each comparative model and its operating prin-
ciples is provided in the following sections.

3.5.1 | RFR

RFR is an ensemble learning technique that constructs many
independent decision trees during training and outputs the
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average of their predictions. Each decision tree is trained on a
bootstrapped sample of the dataset, and at each split, a random
subset of input features is considered. This combination of bag-
ging (bootstrap aggregation) and random feature selection
improves generalization by reducing variance and mitigating
overfitting.

For a given normalized input vector of features in this study, z¼
fxAr; xNe; xN2

; xH2
; xCO; xCO2

; xCF4
; T; Pg :, the prediction of the m-

th decision tree is denoted as Tm(z). The final prediction of the
forest, corresponding to the estimated thermal conductivity, bλ, is
obtained by averaging across all M trees, as follows:

bλ zð Þ ¼ 1
M

∑
M

m¼1
Tm zð Þ; ð18Þ

where M is the number of decision trees in the forest, Tm(z)
predicts the m-th decision tree, and bλðzÞ: denotes the final RFR
prediction for thermal conductivity.

The robustness of RFR against overfitting stems from its inherent
randomness in both data sampling (bootstrapping) and feature
selection, combined with the aggregation of multiple uncorre-
lated trees, which helps reduce variance while maintaining pre-
dictive accuracy [58].

3.5.2 | SVR

SVR extends the classical SVM framework to regression pro-
blems using an ε-insensitive loss function, which allows small
prediction errors to be ignored while maintaining model robust-
ness [59]. The objective of SVR is to determine a regression func-
tion with maximum generalization capability by balancing
prediction accuracy and model complexity.

For a normalized input vector in this study, that is, z¼fxAr; xNe;
xN2

; xH2
; xCO; xCO2

; xCF4
; T; Pg:, the SVR prediction is expressed as:

bλ zð Þ ¼ ∑
N

i¼1
αiK zi; zð Þ þ b; ð19Þ

where αi is learned coefficients and b is the bias term. Kðzi; zÞ:

indicates the kernel function.

In this study, two kernel functions were investigated:

Linear kernel:

K zi; zð Þ ¼ zTi z; ð20Þ

which leads to the regression function, as follows:

bλ zð Þ ¼ wTzþ b: ð21Þ

The linear kernel is computationally efficient and suitable when
the relationship between inputs and outputs can be approxi-
mated by a linear function.

RBF:

K zi; zð Þ ¼ exp −γ z − zij jj j2ð Þ; ð22Þ

with γ> 0 controlling the width of the kernel and thereby the
flexibility of the regression function. This kernel enables the
model to effectively capture complex, nonlinear relationships
by transforming the input space into a higher-dimensional fea-
ture space, where a LR fit becomes feasible [60]. The flexibility of
the RBF kernel makes SVR-RBF particularly suitable for model-
ing intricate patterns in scientific and engineering datasets.

3.5.3 | LR

LR is one of the most fundamental statistical learning methods
used to model the relationship between input variables and a
continuous output variable by fitting a linear equation. Its

T (K)
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FIGURE 4 | Detailed architecture of the proposed 1D-CNN model.
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main advantage lies in its simplicity and interpretability, as the
contribution of each input feature to the output can be directly
quantified through its regression coefficient. However, LR
assumes linear dependence between inputs and the target vari-
able, which limits its applicability in modeling nonlinear rela-
tionships. Additionally, it is sensitive to multicollinearity among
features and to the presence of outliers [59].

The predicted thermal conductivity can be determined by
Equation (21), The model parameters (w and b) are obtained by
minimizing the residual sum of squares (RSS) between the
observed conductivity values λi and the predicted values bλðziÞ::

min
w;b

L w; bð Þ ¼ ∑
N

i¼1
λi − wTzi þ bð Þð Þ2; ð23Þ

where N is the number of training samples.

3.5.4 | FFNN

A FFNN is a class of artificial neural networks in which informa-
tion flows in one direction only, from the input layer, through
one or more hidden layers, to the output layer, without feedback
or recurrent connections. FFNNs are universal function approx-
imators and are widely used for modeling complex nonlinear
relationships between input features and a continuous target
variable. Each neuron in a layer computes a weighted sum of
its inputs, adds a bias term, and applies a nonlinear activation
function, enabling the network to capture higher-order and non-
linear dependencies that linear models cannot represent.

Compared to LR, FFNNs offer substantially greater flexibility and
predictive power for complex systems such as thermophysical
property estimation, where interactions between composition,
temperature, and pressure are inherently nonlinear. However,
this flexibility comes at the cost of increased computational com-
plexity and reduced interpretability, as the learned weights no
longer correspond directly to simple physical coefficients. More-
over, FFNNs require careful hyperparameter tuning (e.g., number
of layers, number of neurons, and learning rate) and appropriate
regularization to avoid overfitting, particularly when training data
are limited [61].

In this work, the FFNN maps the input feature vector zi to the
predicted thermal conductivity bλðziÞ: through a sequence of
affine transformations and nonlinear activations. For a network
with L layers (excluding the input layer), the forward propagation
can be expressed as:

For the first hidden layer:

h 1ð Þ ¼ ϕ  W 1ð Þzi þ b 1ð ÞÀ Á
: ð24Þ

For the subsequent hidden layers:

h ℓð Þ ¼ ϕ  W ℓð Þh ℓ−1ð Þ þ b ℓð ÞÀ Á
;ℓ¼ 2;…;L − 1: ð25Þ

The final output layer predicts the thermal conductivity as:

bλ zið Þ ¼W Lð Þh L−1ð Þ þ b Lð Þ; ð26Þ

where WðℓÞ and bðℓÞ denote the weight matrix and bias vector of
the ℓ-th layer, respectively, and hðℓÞ is the hidden representation
at layer ℓ; ϕð⋅Þ: is a nonlinear activation function (e.g., ReLU and
tanh). bλðziÞ: represents the predicted thermal conductivity corre-
sponding to the input vector.

The model parameters are determined by minimizing the MSE
(Equation (14)) between the experimental thermal conductivity
values λi and the predicted values bλðziÞ: over all N training
samples.

4 | Results and Discussions

4.1 | Model Evaluation Metrics

To evaluate the performance of the regression models, several
standard metrics were employed: MSE, RMSE, MAE, MAPE,
and the R2. These metrics collectively offer a comprehensive
assessment of model accuracy and generalization.

MSE and RMSE quantify the average squared and root-squared
differences between predicted and actual values, reflecting the
overall prediction error [58]:

MSE¼
∑N

i¼1 λi − bλi� �
2

N
; ð27Þ

RMSE¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑N

i¼1 λi − bλ i� �
2

N

s
: ð28Þ

MAEmeasures the average magnitude of absolute errors, provid-
ing an intuitive sense of prediction accuracy [53]:

MAE¼
∑N

i¼1 λi − bλi��� ���
N

: ð29Þ

MAPE expresses the average prediction error as a percentage of
the actual value, providing a scale-independent measure that
facilitates comparison across different operating conditions and
ranges of thermal conductivity values [53]:

MAPE¼ 100
N

∑
N

i¼1

λi − bλi
λi

�����
�����: ð30Þ

R2 indicates the proportion of variance in the target variable
explained by the model, with values closer to 1 denoting better
predictive performance [27]:

R2 ¼ 1 −
∑N

i¼1 λi − bλ i� �
2

∑N
i¼1 λi − λ i

À Á
2 :

ð31Þ

The selection of evaluationmetrics, includingMSE, RMSE, MAE,
MAPE, and R2, was motivated by their ability to assess different
aspects of model accuracy and performance. In this study, MSE
and RMSE were employed due to their high sensitivity to large
deviations and their direct connection to error energy as a physi-
cally meaningful quantity. RMSE is particularly useful because it
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retains the same units as the target variable (λ), enabling direct
physical interpretation. MAE reflects the average magnitude of
prediction errors, while MAPE provides a relative percentage-
based measure of accuracy that is independent of the scale of
the target variable. Finally, the R2 quantifies the proportion of
variance explained by the model and is useful for assessing how
effectively the model captures the underlying thermophysical
behavior. Together, these metrics provide a comprehensive eval-
uation of the model performance from both statistical and physi-
cal perspectives.

To prevent overfitting and ensure stable model training, an early
stopping strategy was employed based on the validation loss. The
validation loss was monitored at the end of each epoch using a
patience value of 20 epochs and a minimum improvement
threshold of 1× 10−4. In addition, the model was configured to
automatically restore the weights corresponding to the epoch
with the lowest validation loss.

The training history showed that the validation loss decreased
rapidly during the initial training stage and reached its minimum
value of 0.00704 at approximately epoch 18. Beyond this point,
only minor fluctuations were observed without any meaningful
improvement in the validation performance, indicating that the
model had effectively converged. Although early stopping was
employed throughout the training process, the stopping criterion
was not triggered before reaching the maximum epoch limit (400
epochs) because small validation-loss fluctuations persisted. Nev-
ertheless, the weights associated with the minimum validation
loss were automatically restored and used for all subsequent
evaluations.

Figure 5 presents the complete training history over 400 epochs,
illustrating the rapid convergence of both training and validation
losses during the early stages of training, followed by a stable
plateau with only minor oscillations.

Figure 6a–d presents a comparative evaluation of six regression
models, that is, CNN, FFNN, RFR, SVR-RBF, LR, and SVR-
Linear, using MAE, RMSE, R2, and MAPE metric across the
training and test datasets. Among these models, CNN achieved

the best overall balance between prediction accuracy and gener-
alization performance across all metrics (train: RMSE= 1.25,
MAE= 0.70, R2= 0.9963, and MAPE= 1.58%; test: RMSE= 1.59,
MAE= 0.94, R2= 0.9950, andMAPE= 2.02%). These results dem-
onstrate the model’s strong generalization ability and its effec-
tiveness in capturing nonlinear relationships within the input
features.

The FFNN baseline performs moderately well but remains infe-
rior to the CNN, with slightly higher prediction errors and
reduced generalization accuracy (train: RMSE= 1.30, MAE=
0.78, R2= 0.9959, and MAPE= 2.02%; test: RMSE= 1.64, MAE
= 1.12, R2= 0.9938, and MAPE= 2.55%). This performance gap
confirms that the convolutional layer provides a more effective
local pattern extraction mechanism for this dataset.

The RFR also demonstrates strong predictive capability with lim-
ited overfitting (train: RMSE= 1.39, MAE= 0.90, R2= 0.9954, and
MAPE= 2.21%; test: RMSE= 1.75, MAE= 1.31, R2= 0.994, and
MAPE= 2.79%), placing it as the second-best traditional ML
model.

The SVR-RBF model performs reasonably well but shows notice-
ably higher errors on the test set (train: RMSE= 1.49, MAE=
1.10, R2= 0.9948, and MAPE= 2.32%; test: RMSE= 2.13, MAE
= 1.64, R2= 0.9911, and MAPE= 3.32%), indicating a weaker
ability to generalize fine-scale variations in the data.

In contrast, the linear models, LR and SVR-linear, exhibit the
poorest performance, with the highest errors and lowest R2 scores
across both datasets (test LR: RMSE= 4.78, MAE= 2.88,
R2= 0.955, and MAPE= 6.53%; test SVR-linear: RMSE= 5.53,
MAE= 2.96, R2= 0.940, and MAPE= 5.40%), clearly indicating
underfitting and limited suitability for capturing nonlinear
behavior.

Overall, these results highlight the advantage of nonlinear
approaches, particularly CNN, in accurately capturing the com-
plex physical relationships governing thermal conductivity in
methane-based binary mixtures.

It is important to clarify the role of the convolutional layers
within the proposed 1D-CNN architecture. Unlike image-proces-
sing CNNs, where convolutional and pooling operations are
often employed primarily for dimensionality reduction, the
main objective of the CNN in the present study is feature extrac-
tion. The convolutional filters act as learnable local operators
that capture nonlinear interactions among groups of thermody-
namic variables, including temperature, pressure, and mixture
composition. Through weight sharing and localized receptive
fields, the network learns informative feature representations
that emphasize physically relevant relationships while using sub-
stantially fewer trainable parameters than a fully connected
architecture. Consequently, the benefit of the CNN does not arise
from aggressive dimensionality reduction but from its ability to
extract structured nonlinear feature interactions before the final
regression stage. This interpretation is supported by the compar-
ative results presented in Figure 6, where the CNN consistently
outperforms the FFNN baseline despite the modest reduction in
feature dimensionality.
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FIGURE 5 | Learning curve of CNN (loss vs. epoch).
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4.2 | Comparative Performance of Models

Figure 7 presents a comparative visualization of predicted versus
observed thermal conductivity values for four regression models.
Each subplot includes a reference line representing the ideal
prediction line (y= x), allowing for a direct visual assessment of
each model’s accuracy. The CNN model demonstrates the best
performance, with predictions tightly clustered around the diag-
onal and an R2 score of 0.995, MAE of 0.94mW/m·K, and RMSE
of 1.59mW/m·K. RFR also performs well, with an R2 of 0.994,
MAE of 1.31, and RMSE of 1.75, indicating strong consistency.
The SVR-RBF model shows moderate alignment, achieving an R2

of 0.991, but with increased error (MAE= 1.64 and RMSE= 2.13).
In contrast, the LR model yields a much lower R2 of 0.955, with
significantly higher MAE (2.88) and RMSE (4.78), reflecting its
inability to capture the nonlinear interactions in the data.
Figure 7 not only supports the numerical performance results
but also visually confirms that CNN and RFR outperform classi-
cal models in accurately predicting thermal conductivity in CH4-
based binary gas mixtures.

The superior performance of the CNN model can be explained
both from the perspective of thermodynamic data physics and
the computational capacity of this architecture to extract nonlin-
ear features.

The model’s capability to recognize and reproduce nonlinear
dependencies among temperature, pressure, and composition is
industrially critical, especially in real systems such as gas trans-
mission networks or LNG cryogenic units, where operational
conditions often vary within nonlinear regimes. Having a stable
and accurate predictive model in these ranges reduces the need
for large safety factors, thereby lowering design costs and
enabling more efficient equipment and system optimization
while maintaining the desired safety margins.

The dataset in this study comprises variables, such as tempera-
ture, pressure, and mole fractions of mixture components, whose
relationship with thermal conductivity is often nonlinear, multi-
dimensional, and influenced by intermolecular interactions. The
convolutional layers of the CNN enable effective extraction of
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FIGURE 6 | Compare model metrics on train and test data. (a) RMSE, (b) MAE, (c) R2, and (d) MAPE (%).
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complex feature interactions from the input vector, allowing the
model to learn nonlinear relationships among temperature, com-
position, and thermal conductivity without requiring explicitly
defined physical equations. This enables the model to capture the
simultaneous effects of competing factors. For instance, rising
temperature decreases density while increasing molecular
kinetic energy within a unified framework. Furthermore, nonlin-
ear activation functions (e.g., ReLU) combined with deeper layers
allow for hierarchical feature separation and recombination
across multiple abstraction levels, a capability that traditional
models lack. The outcome of this capacity is a model that
achieves very high accuracy and low error in predicting thermal
conductivity over a wide range of thermodynamic conditions.

This high level of predictive accuracy also carries a substantial
industrial value. For instance, reducing thermal conductivity

prediction error led to more precise heat-load estimations and
optimal selection of refrigeration capacity in LNG cryogenic equip-
ment, ultimately resulting in energy savings and reduced operat-
ing costs. Similarly, in the design of insulation for natural gas
pipelines, higher predictive precision minimizes the need for con-
servative design margins, reducing the insulation weight and
material cost. Moreover, by replacing a significant portion of costly
laboratory measurements required for λ under various operating
conditions, the proposed model can substantially shorten project
development timelines and decrease experimental expenses.

4.3 | Error and Residual Analysis

Figure 8 displays the residual plot for the CNNmodel, illustrating
the difference between observed and predicted thermal conduc-
tivity values across the test dataset. The residuals are plotted
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against the predicted values to assess the model’s bias and vari-
ance. The CNN model exhibits a highly favorable residual distri-
bution. Residuals are tightly clustered around the zero-error line,
with no clear systematic trend or heteroscedasticity. The maxi-
mum residual error observed is approximately Æ5.6mW/m·K,
while over 95% of the predictions fall within a narrow error
band of Æ3mW/m·K, indicating high consistency. The MAE
for the CNN model is 0.94mW/m·K, and the RMSE is 1.59
mW/m·K, confirming the accuracy reflected in the plot. This
uniform residual distribution further validates that the CNN
model does not suffer from significant underfitting or overfitting
and can generalize well across a diverse range of gas mixture
compositions and thermodynamic conditions.

Figure 9 presents a histogram of prediction errors (residuals) for
the CNN and RFR models, illustrating the frequency distribution

of the differences between the observed and predicted thermal
conductivity values. Using 20 bins, Figure 9 clearly shows that
the CNN model’s residuals are more sharply centered around
zero, indicating higher prediction accuracy and less deviation.
Specifically, over 80% of CNN’s residuals fall within the narrow
range of Æ2mW/m·K, and the overall error distribution is sym-
metric with a peak around 0mW/m·K. In contrast, the RFR
model displays a broader distribution, with a wider spread of
residuals and a slightly flatter peak, reflecting greater variability.
The CNN model achieved a lower MAE (0.94mW/m·K) and
RMSE (1.59mW/m·K) compared to RFR (MAE= 1.31 and
RMSE= 1.75), and these values are reflected in the relative con-
centration of the histogram. The visual contrast in error distribu-
tions highlights the greater robustness and consistency of the
CNN model in capturing the nonlinear relationships within the
thermophysical data.

Figure 10 shows the MAE of five predictive models, CNN, RFR,
SVR-RBF, SVR-linear, and LR, evaluated across different CH4-
based binary gas mixtures. The chart reveals that the RFR con-
sistently achieves the lowest MAE values for most gas pairs,
including CF4, where it attains an MAE of 1.22mW/m·K, out-
performing even the CNN model, which records an MAE of 1.52
mW/m·K. The SVR-RBF model also performs well, with moder-
ate error values across gases. In contrast, both linear models
(SVR-linear and LR) show significantly higher MAEs, indicating
their limitations in capturing the nonlinear behavior of thermal
conductivity as influenced by molecular composition and ther-
modynamic conditions. For example, in the CF4 mixture, LR
exhibits a high MAE of 4.32mW/m·K, more than double that
of the top-performing models. This comparison highlights the
importance of model selection based on the complexity of the
gas interactions and suggests that while DL models like CNN
perform strongly overall, ensemble methods such as RFR may
offer superior accuracy for specific gas systems.
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Figure 11 presents a series of scatter plots comparing observed
and CNN-predicted thermal conductivity values for each CH4-
based binary gas mixture, specifically CO2, CF4, N2, and Ar. Each
subplot includes a reference line (y= x) to indicate the perfect
agreement between predictions and actual measurements.
Across all gas mixtures, CNN predictions are tightly clustered
around this diagonal line, indicating strong predictive accuracy
and minimal systematic bias. Notably, the model achieves excep-
tionally high R2 scores of 0.991 for CO2 and 0.984 for Ar mixtures,
underscoring its precise modeling capabilities. Even for CF4 and
N2 mixtures, where slight dispersion is observed, the CNN main-
tains high accuracy with R2 values of 0.978 and 0.960, respec-
tively. This consistent performance across chemically diverse
binary systems demonstrates the model’s ability to generalize
and capture complex thermophysical behavior.

4.4 | Feature Importance and Sensitivity Analysis

Pearson correlation coefficient (r) is a statistical measure that
quantifies the strength and direction of the linear relationship
between two continuous variables. In the context of this study, it
was used to assess the correlation between the predicted thermal
conductivity values from the CNN model and the various influ-
encing factors, such as temperature, pressure, and mole fractions
of the gases, are involved (CO2, CO, CF4, H2, N2, Ne, and Ar) [62]:

r ¼ ∑N
i¼1 λi − λ

À Á
zi − zð Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑N
i¼1 λi − λ

À Á
2

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑N

i¼1 zi − zð Þ2
p ; ð32Þ

where zi is the influencing parameter for the i-sample.

The coefficient ranges from −1 to 1, where +1 indicates a perfect
positive linear correlation, 0 indicates no linear correlation, and
–1 indicates a perfect negative linear correlation [62].

A Pearson coefficient close to +1 in this study suggests that the
CNN model’s predictions strongly align with the influencing
parameters, confirming its effectiveness in capturing the under-
lying physical trends in CH4-based gas mixtures.

Figure 12 presents the Pearson correlation coefficients between
each input variable and the target variable, thermal conductivity,
using the complete dataset of CH4-based binary gas mixtures.
Among the input features, temperature (T) shows the strongest
positive correlation with thermal conductivity (r≈+0.85), reaf-
firming its dominant role in governing the heat transport behav-
ior in gases. The mole fraction of hydrogen (xH2

) also displays a
high positive correlation (r≈+0.77), which is consistent with the
well-known high thermal conductivity of hydrogen. On the other
hand, heavier gas components such as CF4 and CO2 exhibit mod-
erate negative correlations with thermal conductivity (r≈−0.49
and −0.40, respectively), likely due to their larger molecular
weights and lower vibrational mobility, which reduce heat trans-
fer. Other gases, such as N2, Ne, and Ar, show weak to moderate
correlations, both positive and negative. Pressure exhibits only a
mild positive correlation (r≈+0.14), indicating a limited direct
influence under the studied conditions. These insights not only
highlight the physical importance of individual features but also
justify the need for complex models capable of capturing their
nonlinear and interacting effects such as CNNs.

4.5 | External Validation Against Literature Data

To further evaluate the reliability, physical consistency, and gener-
alization capability of the proposed CNN model, its predictions for
thermal conductivity were compared with independent literature-
reported data for three representative CH4-based binary mixtures:
CH4–CO2, CH4–H2, and CH4–N2. These systems were selected as
external validation cases due to the availability of independent
experimental and computational results reported in the literature,
thereby providing a robust benchmark for model assessment.

Unlike the training and testing datasets, which originate from the
same compiled database, the reference data used in this compar-
ison were obtained from independent studies employing different
experimental setups and theoretical approaches [19, 20, 22]. In
addition, these datasets include thermodynamic conditions that
are not fully identical to those in the training domain, thereby
enabling an assessment of the model’s extrapolation capability.

The thermal conductivity values were predicted using the trained
CNN model under the corresponding thermodynamic conditions
of temperature, pressure, andmole fraction andwere subsequently
compared with literature values digitized from published figures
using the PlotDigitizer tool (https://plotdigitizer.com/app).

The comparative results summarized in Table 5 demonstrate
strong agreement between the predicted and reference values.
The average absolute relative deviation (AARD) across all vali-
dation cases is approximately 6.6%, confirming the model’s pre-
dictive reliability and robustness. This quantitative agreement
further indicates that the CNNmodel can capture the underlying
nonlinear thermophysical behavior of methane-based binary
mixtures and is not limited to interpolation within the training
dataset but also exhibits satisfactory extrapolation performance.

5 | Industrial Applications of Proposed CNN Model

Accurate prediction of the thermal conductivity of methane-based
binary gas mixtures has significant industrial implications, as it

Ar

M
A

E

0

2

4

6

8

10

12

14

CNN
RFR
SVR-RBF

CF4 CO CO2 H2 N2 Ne

LR
SVR-linear

FIGURE 10 | MAE of five predictive models: CNN, RFR, SVR-RBF,
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directly affects the design, safety, and efficiency of various ther-
mofluid systems. One of the major challenges in industries is
the high cost and time-consuming nature of direct thermal con-
ductivity measurements of gases across a wide range of compo-
sitions and operating conditions [20, 21]. The proposed 1D-CNN
model addresses this limitation by enabling rapid and accurate
predictions of mixture thermal conductivity using only funda-
mental input data, such as temperature, pressure, and mole
fractions, without the need for advanced experimental equip-
ment. This capability significantly reduces laboratory costs,
shortens design timelines, and facilitates scenario-based simula-
tions for diverse industrial applications. The representative
cases are subsequently discussed briefly, with emphasis on the

governing equations in which the role of thermal conductivity
(λ) is explicitly highlighted.

• Combustion modeling:

In combustion chambers fueled with methane mixtures, thermal
conductivity controls temperature distribution within reactive
zones, influencing flame stability and NOx emissions. The gov-
erning energy equation in reactive flow is [63]:

Q̇00 ¼ −λ∇T þ ∑ṁi;diffhi; ð33Þ

where Q̇ 00 is the heat flux vector and ṁi;diff shows the diffusional
heat flux of i-th species. Accurate λ values are needed to simulate
flame propagation and optimize burner design.
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In this study, the predictive accuracy of the model (MAE= 0.94
mW/m·K) corresponds to an almost complete reproduction of
thermal conductivity behavior under real combustion chamber
conditions, enabling precise simulation of temperature profiles
and flame stability in industrial design.

• Gas separation and membrane technology:

In membrane-based gas separation processes, thermal conductiv-
ity impacts temperature gradients within membranes and mod-
ules, which in turn affect transport properties and efficiency. The
heat transfer equation for methane reforming through a mem-
brane reactor is given by Lee et al. [64]:

ρCp
∂T
∂t

þ ∇ ⋅ −λ∇Tð Þ þ ρCpu ⋅ ∇T ¼ Q: ð34Þ

In Equation (34), ρCp is volumetric heat capacity, u is gas veloc-
ity, and Q is heat source coming from the reaction. Precise λ
values of gas mixtures help in designing efficient thermal man-
agement for membrane modules used in CO2, N2, and H2

removal from the gas.

• LNG cryogenic processes:

In cryogenic liquefaction of natural gas, thermal conductivity
controls the rate of heat leakage and efficiency of refrigeration
cycles. An accurate prediction of the gas mixture’s λ is crucial for
precisely calculating energy losses and the boil-off rate and
selecting appropriate insulation materials to minimize the heat
flux [65].

• Natural gas pipeline design and safety:

Gas hydrate formation poses a major operational challenge in
natural gas production and transportation, especially in deep-
sea pipelines, where low temperatures and high pressures pre-
vail. The stability and growth of hydrates are strongly influenced
by thermal conductivity (λ) of methane-based mixtures, since
heat transfer governs the local temperature distribution that
determines hydrate equilibrium conditions. Inaccurate estima-
tion of λ may lead to erroneous predictions of hydrate onset,
which in turn can result in either unnecessary heating and insu-
lation costs or increased risks of flow blockages. Reliable predic-
tion of thermal conductivity, as achieved in this study, provides a
powerful tool for improving hydrate management strategies,
reducing operational risks, and enhancing both the safety and
economic efficiency of pipeline operations [66].

6 | Conclusion

This study presents a novel DL approach utilizing 1D-CNNs for pre-
dicting the thermal conductivity of CH4-based binary gas mixtures.
Addressing a critical research gap, the proposed model effectively
captures the complex nonlinear interactions between temperature,
pressure, andmolecular composition, factors that traditional theoret-
ical and empirical models struggle to handle accurately.

A comprehensive dataset comprising 1050 data points from
binary mixtures of methane with seven partner gases (CO2,
CO, CF4, H2, N2, Ne, and Ar) was collected and rigorously pre-
processed to support robust model training and evaluation. The
CNN model demonstrated superior performance compared to
conventional ML regressors, including RFR, FFNN, SVR (RBF
and linear kernels), and LR. It achieved outstanding predictive
accuracy with R2= 0.995, MAPE= 2.02%, MAE= 0.94mW/m·K,
and RMSE= 1.59mW/m·K, outperforming all benchmark mod-
els on both training and test datasets. Residual analyses and
histogram distributions further confirmed the model’s generali-
zation capability, consistency, and low bias across a wide range of
thermodynamic conditions.

Correlation analysis indicated temperature and hydrogen mole
fraction as dominant influencing factors on thermal conductivity,
while heavier gases—such as CF4 and CO2—had a dampening
effect. The model’s capacity to learn from such feature interac-
tions underscores the advantage of CNNs in data-driven predic-
tion of thermophysical properties.

In conclusion, this research confirms the effectiveness of CNNs
in accurately modeling thermal conductivity in methane-based

Pearson correlation coefffĳicients 
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FIGURE 12 | Pearson correlation coefficients between each input var-

iable (mole fractions, temperature, and pressure) and the target variable

(thermal conductivity).

TABLE 5 | Comparison of thermal conductivity predictions by the proposed CNN model and literature-reported values for selected CH4-based

binary gas mixtures.

Gas mixture xCH4
T (K) P (MPa)

λ (mW/m·K)

Proposed CNN Literature AARD (%) Reference

CH4–CO2 0.696 300 0.1 21.18 22.86 7.35 [19]

CH4–H2 0.372 300 1.85 105.55 103.2 2.28 [20]

CH4–N2 0.5 325 1.324 34.81 31.61 10.12 [22]
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binary gas systems. The proposed framework holds strong poten-
tial for integration into simulation tools and design workflows in
chemical engineering and energy systems.

Furthermore, the industrial applications of the proposed model,
discussed in detail in Section 5, demonstrate the readiness of this
framework for practical deployment in the design and optimiza-
tion of thermal processes and energy transfer systems across
various industrial sectors.

Future studies may explore model generalization to multicompo-
nent mixtures, extend to other transport properties, and explore
alternative architectures to further enhance the predictive capa-
bilities and industrial applicability.

Owing to its exceptional accuracy and wide operational coverage
across temperature, pressure, and composition domains, the pro-
posed framework is ready for integration into industrial simula-
tion platforms, where it can be directly applied for process design,
optimization, and performance evaluation in real-world
applications.
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Appendix A. Hyperparameter Optimization

To determine an appropriate CNN architecture, a series of hyperpara-
meter optimization experiments were conducted using the validation
dataset. The investigated hyperparameters included the optimizer type,
convolution kernel size, and network depth. The objective was to identify
a model that achieved high predictive accuracy while maintaining archi-
tectural simplicity and minimizing overfitting.

Two widely used optimizers, Adam and RMSprop, were evaluated.
Although Adam is commonly employed in DL applications, RMSprop
consistently yielded lower validation errors for the present dataset. The
convolution kernel size was varied among 2, 3, and 5. A kernel size of 3
provided the most favorable balance between feature extraction capabil-
ity and model complexity, whereas smaller kernels were unable to ade-
quately capture local feature interactions and larger kernels did not
produce additional accuracy gains.

The effect of network depth was also examined by comparing architec-
tures with one and two dense layers. The results indicated that a single
dense layer was sufficient for mapping the extracted convolutional fea-
tures to thermal conductivity. Increasing the number of dense layers led
to only marginal performance changes while introducing additional
trainable parameters and a greater risk of overfitting.

Based on the validation results summarized in Table A1, the final CNN
architecture employing RMSprop, a kernel size of 3, and one dense layer
was selected for subsequent training and testing. The selected architec-
ture subsequently achieved a test RMSE of 1.59mW/m·K.

TABLE A1 | Hyperparameter optimization results for the evaluated CNN configurations.

Configuration Optimizer Kernel size Dense layers Validation RMSE

Selected CNN RMSprop 3 1 1.33

Alternative 1 Adam 3 1 1.46

Alternative 2 RMSprop 2 1 1.55

Alternative 3 RMSprop 5 2 1.40
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