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Abstract. Clathrate hydrates enable the storage of hydrocarbons in
solid form with considerably lower energy requirements than conven-
tional methods. In this study, we use Machine Learning (ML) techniques
to develop and validate a model that describes clathrate formation, draw-
ing on laboratory data from propane, ethane, methane, and carbon diox-
ide. The ML-based framework augments traditional analytical and theo-
retical approaches by predicting equilibrium points of gas compounds and
guiding the process parameters to meet scientific and engineering needs.
In addition, we address critical challenges in framing the problem for ML
modeling, including selecting pertinent input and output variables and
incorporating ML outputs into the physical-chemical equations, thereby
providing a physics-informed estimate of the stored gas volume.

Keywords: Hydrocarbon Storage · Clathrate · Partial Knowledge · Ma-
chine Learning

1 Introduction

The increasing economic efforts and investments in sustainable energy produc-
tion make it urgent to define new competitive and environmentally friendly en-
ergy storage methods. With increasing consumption of methane, the storage and
transportation of energy gases is gaining growing attention from researchers and
industrialists [23]. Gas hydrates, or clathrates, have been drawing attention in
relation to waste and energy gas storage [21]. These ice-like solid crystalline com-
pounds are formed when water molecules create hydrogen bonds with surround-
ing molecules, building a solid structure, while gaseous molecules fill the cavities
in the lattice. The interaction between water and gases is exclusively physical,
so gas recovery exclusively needs the dissociation of the water cages [8]. For this
reason, these compounds have the promising property of making hydrocarbons
more efficiently storable; for instance, methane can be liquefied at −83◦C and
at least 5MPa [10], while the production of methane hydrates would be feasi-
ble at milder thermodynamic conditions, resulting in lower costs and yielding
comparable results in terms of stored quantities. It could be possible to achieve
temperatures above the freezing point of water (2− 3◦C) and at pressures lower
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than 6MPa, where one cubic meter of hydrates can contain up to 172m3 of
methane [10]. Solid-form storage also allows us to easily reach the standards in
terms of safety, avoiding pressure loss and, in case of an accident, the release of
gas would be drastically smaller and more manageable. Regarding the possibility
of storing hydrocarbons, it should be noted that in addition to the identification
of new and potentially carbon neutral energy sources, the capture and storage
of carbon dioxide is currently the most effective strategy to preserve economic
development without neglecting the environmental issue [15]. In fact, since 1997,
the disposal of CO2 in deep ocean sediments has been considered one of the most
effective solutions [13], and since then numerous researchers have focused their
attention on the production of CO2 hydrates in porous media, with particular
attention to the formation rate and the storage efficiency of CO2 under different
operating conditions. The amount of gas per volume unit stored via gas hydrates
is affected by the type of crystalline structure that can be obtained. Moreover,
the size of gas molecules, the presence of one or more different gas species, the
diffusion of gas within the hydrate lattice, the specific growth of crystals - and
so on - can significantly affect the amount of gas that can be stored [14].

This article deals with the study of clathrate formation when composed of
ethane, propane, carbon dioxide and/or methane, adopting Machine Learning
(ML) to enhance the prediction of its temperature-pressure equilibrium. In this
context, modeling the stochastic process of clathrate hydrates formation using
ML can be beneficial; ML algorithms are inherently well-suited for modeling
complex systems, such as clathrate hydrate production in suitable refrigerated
and sensorized storage reactors (SR-H2). Existing methods can be found in
the literature about predicting the phase equilibrium of clathrate hydrates as
a function of a set of parameters and starting conditions. Some more tradi-
tional approaches are based upon using chemical-physical constants and param-
eters, interpolations from tables of known values, thermodynamic equations and
statistical-thermodynamic modeling under specific conditions, including working
with small masses, low temperatures and confined environments [1]. A few other
approaches employ ML algorithms, either relying upon more classical algorithms,
such as linear regression and Support Vector Machines (SVM) [5, 7], Random
Forests (RF) and boosting algorithms, or more advanced algorithms, like Artifi-
cial Neural Networks (ANNs) [22]. Many variables operate in the whole process
and influence its outcomes, for example, but not limited to, pressure (typically
high), temperature (typically low), some porous or permeable material acting
as a medium, water purity, impurities and electrolyte activity. We may as well
include the presence of inhibitory (or promoter) chemical compounds, which,
like sodium chloride, can be naturally found in gas hydrate reservoirs. Stud-
ies in the literature tackle the analysis of both the formation and equilibrium
phase of pure hydrates in the presence of a single gas compound, and mixtures
of gases and salts in different concentrations, which may include different gases,
such as methane, ethane, propane, carbon dioxide, nitrogen, xenon, krypton and
argon [19]. In addition to this, laboratory test results have also shown that the
geometry and mechanics of the reactor used for the experiments can strongly in-
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fluence the results in terms of hydrate formation and stability conditions. It was
experimentally observed that the dissociation, or equilibrium, phase, produces
simple temperature-pressure curves from a qualitative point of view, showing a
pseudo-exponential trend for several observed gases. Conversely, the formation
phase experimentally produces more complex curves, characterized by greater
variance and irregularity, making it harder to model with respect to the former.

Since the adoption of ML has gained widespread popularity across multiple
disciplines in recent years, mainly thanks to the capacity of efficiently and quickly
deriving laws and nonlinear relationships from complex data [20], we propose a
combination of two data-driven models to accurately describe and govern the
formation process, to which we add a traditional thermodynamic equation in a
Partial Knowledge fashion. Partial Knowledge allows ML to leverage incomplete
or fragmented domain knowledge for solving complex problems [12]. Instead
of relying solely on data-driven methods, these approaches incorporate insights
from theoretical principles, empirical rules, or expert intuition to constrain or
enhance the learning process. This hybrid approach is particularly useful in those
scientific domains where acquiring complete data is impractical, but partial un-
derstanding can provide valuable guidance [17]. In this study, different types of
ML models were trained, such as ANN, RF, and eXtreme Gradient Boosting
(XGBoost), in order to learn different physical quantities of the system studied
and combine them in a governing physical-chemical equation. By embedding a
thermodynamic equation into the learning process, the difficulty of translating a
problem into closed-form mathematical representations typical of the physical-
chemical sector can be overcome. The data used for model training are the
result of an industrial-scale accumulation system based on gas hydrate tech-
nologies that stages preliminary laboratory experiments and their subsequent
application and validation in practical use cases.

In the following, Section 2 contains a state-of-the-art review of relevant ML
methods and a description of the clathrate experimental setting for data acqui-
sition. In Section 3, we present the validation tests of our ML models and a full
discussion and analysis of the results. Finally, Section 4 concludes the paper.

2 Methodologies

2.1 Data acquisition

Experimental data for model creation was acquired from the system shown in
Figure 1 and composed of:

– a reactor capable of operating, if required, at high pressures, whose details
are reported in Figure 2;

– an internal temperature control system;
– devices to monitor pressure and its variation during hydrate formation;
– devices to directly observe the process evolution.

The shape and surface-volume ratio of the reactor were designed in order to favor
an accurate monitoring of the internal temperature and reduce the formation of
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Fig. 1: The reactor is placed on a cart and directly connected to the gas cylinders.
The whole apparatus is placed inside a cooling room, except for the acquisition
device placed outside. The two pictures on the left show the upper flange, opened
above and closed below, with sensors and connections clearly visible.

gradients. Downstream of the design of an industrial-scale reactor (easily scalable
for higher storage volume usage) and having an adequate flow and pressure
control system for gases, together with the required internal control systems for
temperature and pressure variations, a 1000 liter basic module will be realized
in the future and installed in a mobile handling system which guarantees ease
of use for tests and end users. Currently used data were acquired for several
tests exploring different combinations of carbon dioxide (CO2), methane (CH4),
ethane (C2H6) and propane (C3H8). The number of tests performed with their
relative gas combination is reported in Table 1. For each test, the following
features were acquired:

– Time [s]: counting from the experiment start;
– Pressure [bar]: measured with a digital manometer model MAN-SD with an

accuracy of ±0.5% of full scale, supplied by Kobold;
– Temperature [◦C]: measured with type K thermocouples at different depths

inside the reactor (5, 10, and 15cm from the flange), with accuracy class 1,
supplied by TC Direct.

For each series of repeated experiments, the test number (ordinal) was also
registered since the memory effect of water can influence and shift the equilibrium
position [18]. An example of the relationship between Temperature and Pressure
during the clathrate’s formation and dissociation phases can be found in Figure 3.
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Fig. 2: Technical details of the reactor.

Table 1: Number of tests performed in each experimental setting and resulting
number of samples (data points).

Test ID Gas Combination Number of Tests Number of Samples
1 CH4 (100%) 2 27354
2 CO2 (100%) 7 40670
3 CO2 (75%)+C3H8 (25%) 5 34662
4 C2H6 (100%) 14 72957
5 CH4 (85%)+C3H8 (15%) 2 16567
6 C2H6 (75%)+ CH4 (25%) 3 20082
7 C2H6 (50%)+ CH4 (50%) 3 21170
8 C2H6 (25%)+ CH4 (75%) 3 12582

2.2 Model Structure

ML models and algorithms define ways for artificial systems to extract patterns
from raw data and gain knowledge on their own. For this reason, the perfor-
mance of ML algorithms largely depends on the availability of data and how
data is represented [24]. The main objective of all ML algorithms is learning a
mapping function y = f(x) to connect an input feature vector x, i.e., a sequence
of numbers or categorical attributes, to an output prediction of some form y with
some degree of uncertainty, governed by a probability distribution p(y|x) [20].
How the mapping function is created is what distinguishes the different families
of ML methods. One particular category of ML models is ANNs, computational
models inspired by the structure of the human brain, consisting of intercon-
nected layers of nodes (neurons) that process and transform data to recognize
patterns or make predictions [11]. A different type of ML ensemble method is
RF, which operates by constructing a collection of decision trees during training
and outputting the majority vote for classification or the average prediction for
regression [6]. Each tree is trained on a random subset of the data and features,
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Fig. 3: The relationship between pressure and temperature in a Carbon Dioxide
(75%) and Propane (25%) experiment.

introducing diversity and reducing overfitting compared to individual decision
trees. Another tested ensemble method is XGBoost, which is based on gradient
boosting and therefore, unlike RF, creates trees sequentially, where each new
tree focuses on correcting the mistakes of the previous ones. XGBoost typically
outperforms RF in structured data tasks due to its ability to minimize bias and
variance more effectively through gradient-based optimization and regularization
techniques.

Modeling the formation phase is relevant for storage purposes while the equi-
librium/dissociation phase can determine how the hosted gas can be extracted
and separated from additives included in the clathrate structure. These three
categories of ML models were all considered as time-efficient and state-of-the-
art models [22] in the Partial Knowledge architecture in order to predict the
formation and phase equilibrium conditions of multiple hydrates in the presence
of salts and organic substances while also considering technical features of the
tools used in the experiments, wherever possible. Other state-of-the-art meth-
ods such as SVM and other ML Kernel methods were preliminarily evaluated
for the proposed task but due to the available number of training samples, these
methods resulted inefficient in terms of time and computational resources.

Two ML models with different input and output variables were created adopt-
ing the techniques proposed for this study. The global architecture showing how
these two models are adopted together with the physical knowledge of hydrate
formation is reported in Figure 4, based on the availability and selection of a
subset of features described in Section 2.1. The first model (Model I) takes the
initial fractional gas composition of the compound as input, together with the
sample number (representing the timestamp), the initial temperature and pres-
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Fig. 4: Model structure.

sure values (known or set before the experiment starts) and the test number
within a series of subsequent experiments (to account for the memory effect of
water [18]). The data flows through a multi-layer perceptron neural network
that outputs the experiment’s predicted temperature at the given timestamp.
By concatenating predicted samples in a given time range, we can reconstruct
the entire time-temperature curve of the experiment as a result (Figure 5). The
two-dimensional output curve is represented by pairs of time-temperature val-
ues, simulating the temporal evolution of the clathrate formation or dissociation
process. For this model to learn how to satisfactorily associate time with tem-
perature, several experiments with specific initial conditions are required. The

Fig. 5: Model I’s schema.

second model (Model II) incorporates the experimental temperature profile into
the set of input variables, one sample at a time, whose measurements are avail-
able at training time. Additionally, it includes the compound’s fractional gas
composition, the initial temperature and pressure values, the test number, and
the sample number (acting again as a timestamp) (Figure 6). Similarly to Model
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I, Model II’s combined output is the entire pressure curve of the experiment
throughout the selected time range, predicted one sample at a time. Adding the
whole temperature profile to the input of the model is especially useful to predict
the pressure profile. Firstly, the initial temperature can be set in advance, during
laboratory setup, and then manually adjusted while the experiment is running.
Secondly, it makes the learning process easier since, as observed experimentally
and in the literature, temperature strongly correlates with pressure. The two

Fig. 6: Model II’s schema.

models outlined above only partially address our ultimate task in which they
cannot predict the amount of gas which is stored within the clathrate during
the process. In a Partial Knowledge fashion, we include a third step in which
the target stored gas moles are computed with Equation 1, as shown in [9], as
follows:

molHYD =
VPORE(PiZf − PfZi)

Zf (RT − Pf

ρHY D
)

(1)

In this equation, VPORE represents the volume of sand pores available for gas
hydrate formation (set to 253 cm3 for all experiments); R and Z respectively
describe the gas constant and the compressibility factor, calculated with the
Peng-Robinson equation (8.314472 J/(Kmol) and 0.87 (dimensionless) for all
experiments, respectively); P (MPa, converted from bar) and T (K, converted
from ◦C) describe pressure and temperature, while subscripts “i” and “f ” were
used to describe values measured at the beginning and the end of hydrate for-
mation. Finally, ρHYD is the ideal molar density of hydrates and was defined
according to [3, 25], and assumed to be 0.007339 mol/cm3 in our experimental
setting.

Estimating the amount of gas stored by solving an equation, as opposed to
developing a proper third ML model, was a more viable option due to the limited
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Fig. 7: An example of hydrate mole formation using Equation 1 for the same
experiment shown in Figure 3 (Carbon Dioxide 75% and Propane 25%). It can
be seen that the maximum value occurs at the end of the formation phase, before
the dissociation phase starts.

availability of training experiments. Contrary to Model I and II scenarios, where
each single time-temperature-pressure triplet point can be used for training, ac-
quiring gas mole formation data would require pausing the experiment, opening
the reactor and removing the clathrate for inspection, at small and possibly reg-
ular intervals. This is in contrast with what we can reasonably expect to have,
i.e., one single measurement per test at the end of the formation phase - when
the laboratory operator terminates the experiment - which would result in too
few data points to train a ML model.

By plotting the mole formation profiles, as computed with Equation 1, it can
be seen that the maximum yield of hydrate moles is obtained near the switching
point between the formation and dissociation phase, i.e., near the end of the
clathrate formation phase, as shown in Figure 7. Therefore, that neighborhood
of points is the one we are most interested in correctly estimating.

3 Results and discussion

To validate the effectiveness of model training and assess which model type
among ANN, RF, and XGBoost has the best performance, we employed two
methods:

– the K-Fold Cross-Validation method is adopted in order to assess the learning
capabilities of the different models [2];

– the Leave-One-Out (L-O-O) approach, to assess the models’ extrapolation
capabilities [4].

K-Fold Cross-Validation involves repeating the training and testing phases on
different partitions of the original dataset. In this process, the dataset is split
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into 10 equally-sized subsets (K = 10). Among these, 9 are combined to form
the training set, while the remaining one is used as the test set. This procedure is
repeated 10 times, each time removing a different subset from the training set, to
be used as the test set. At the end of each iteration, the model’s performance is
computed on the test set. Upon completing the process, the overall performance
of the model is calculated by averaging the results obtained over 10 iterations,
while the standard deviation multiplied by two is used to compute the 95%
confidence interval of the error.

Differently from K-Fold, the L-O-O approach not only evaluates the robust-
ness of the model but also highlights its ability to generalize to unseen scenarios,
which is the specific purpose of our application. Extrapolation ensures that the
model can reliably predict outcomes for data points outside the range of the
training set. By testing this capability, we can verify a model’s potential to
maintain performance in live settings, adapting effectively to new and unfore-
seen conditions while avoiding overfitting to the training data. This ensures that
the ML solution is not only accurate but also versatile and operationally viable.
For this purpose, since the global dataset includes N types of experiment data,
each representing a different composition and/or concentration of gases used in
experiments conducted in the reactor, N L-O-O scenarios can be simulated in
order to compute model performances. In each scenario, a training set is created
using data from all categories but one (N − 1), while data from the remaining
category (the N -th) are moved to the test set. Model training and testing are
performed for each scenario by leaving a different category out each time.

It is important to note that for both evaluation methods, the test set does
not directly participate in the iterative estimation process of model parameters
and is set aside during the training phase. Since test data are never used by the
models’ optimization algorithm, they effectively simulate a set of new and unseen
data. Their purpose is to validate the models’ ability to generalize, as much as
possible, the salient characteristics of the entire process, thereby avoiding model
overfitting on the training set.

We compared methods under scrutiny (ANN, RF, and XGBoost) with re-
spect to state-of-the-art metrics, namely MAE, MSE, MAPE, sMAPE, and the
coefficient of determination (R2) [16]. All models were developed in Python, a
programming language that hosts a wide range of specialized libraries for Arti-
ficial Intelligence and Machine Learning. Specifically, this includes NumPy and
Pandas for data reading and processing, Matplotlib and Seaborn for data and
result visualization and, finally, TensorFlow, XGBoost and Scikit-Learn for ML
model development. The best hyperparameters for ANN and XGBoost were se-
lected by adopting a grid-search procedure on a separate validation set extracted
from the training set where the metrics were computed. In particular, for ANN
models the ranges of values for each hyperparameter tested for both Model I
and Model II were:

– number of layers in the neural network: 1 separate layer for each input vari-
able (as seen in Figure 5 and Figure 6), 1 concatenation layer, 1 or 2 fully-
connected layers and 1 output layer;
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– number of neurons per layer in the neural network: 8, 16, 32;
– number of training epochs, i.e., the number of times the neural network

analyzes the entire training set: 400 with early stopping at around 30 (10
epochs of patience);

– batch size, i.e., the number of samples which the model analyzes before
updating its internal parameters, during the training loop: 8, 16, 32, 64;

– learning rate, i.e., used by the Adam algorithm during the optimization
process: 1E-2, 1E-3;

– λ term used to weigh the loss function’s regularization term: 1E-8, 1E-6, 1E-4.

For XGBoost, a grid-search procedure was performed on the following set of
hyperparameters:

– number of trees: 50, 100, 500;
– λ term, i.e., L2 regularization term on weights: 0, 0.1, 1;
– α term, i.e., L1 regularization term on weights: 1, 5, 10;

For RF models, 100 trees were used without making any hyperparameter tuning.
Table 2 reports the described error metrics computed on ANN, RF, and

XGBoost methods for K-Fold Validation (with K=10) while Table 3 and Ta-
ble 4 report results of the L-O-O Validation, respectively for Model I and II.

Table 2: Results of K-fold Cross Validation, K=10
Model Method MAE sMAPE MSE R2

I ANN 6.6E-1±1.5E-1 6.7E-2±1.4E-2 3.2E-2±1.8E-2 9.7E-1±1.8E-2
RF 1.0E-2±2.2E-4 2.9E-3±2.2E-4 4.0E-6±1.9E-6 1.0E0±1.9E-6

XGBoost 3.6E-1±5.8E-1 4.9E-2±7.2E-2 5.0E-3±1.0E-2 1.0E0±1.0E-2
II ANN 3.9E-1±2.1E-1 8.0E-3±4.3E-3 5.4E-3±7.8E-3 9.9E-1±7.8E-3

RF 3.3E-2±8.6E-4 5.8E-4±1.5E-5 3.5E-5±2.6E-5 1.0E0±2.6E-5
XGBoost 3.5E-1±3.2E-1 7.0E-3±6.0E-3 3.0E-3±4.0E-3 1.0E0±4.0E-3

In Figure 8, Figure 9, and Figure 10 sample profile predictions are reported to
show the results obtained by Model I, Model II and Equation 1 for the different
methods, respectively. Although our models can globally achieve high scores for
all metrics in K-Fold Validation (Table 2), some gas combinations are predicted
worse than others as shown in the L-O-O results in Table 3 and Table 4. In
Table 3 and Table 4, some compounds achieve low R2 scores – some below zero.
This means that if we remove a certain gas combination from the training set,
the model may have a hard time predicting it at test time. Among the tested
algorithms, while RF proved to be the best model during K-Fold Validation,
the different models have similar behaviours in extrapolation scenarios for both
Model I and Model II. These performances may benefit from having a more ac-
curate experimental design, where one carefully selects all the gas combinations
that are worth exploring in the lab to describe the temperature-pressure rela-
tionship in the most generalized way. This would allow us to train a model on
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Table 3: Results of L-O-O Validation for Model I
ML method L-O-O Gas MAE sMAPE MSE R2

ANN CH4(100%) 4.8E0 3.7E-1 2.8E-1 5.0E-2
CO2(100%) 4.4E0 4.3E-1 3.9E-1 5.0E-1

CO2(75%)+C3H8 (25%) 3.6E0 3.6E-1 1.9E-1 7.7E-1
C2H6(100%) 5.1E0 2.0E-1 1.1E0 2.4E-1

CH4(85%)+C3H8(15%) 1.3E1 6.8E-1 2.6E0 -1.3E0
C2H6(75%)+ CH4(25%) 3.5E0 1.4E-1 2.2E-1 8.4E-1
C2H6(50%)+ CH4(50%) 7.4E0 3.4E-1 1.2E0 -6.9E-1
C2H6(25%)+ CH4(75%) 2.8E0 1.8E-1 2.3E-1 6.2E-1

RF CH4(100%) 4.4E0 4.1E-1 3.0E-1 -3.3E-4
CO2(100%) 4.7E0 3.5E-1 3.4E-1 5.6E-1

CO2(75%)+C3H8 (25%) 5.3E0 2.9E-1 4.2E-1 4.9E-1
C2H6(100%) 2.9E0 1.6E-1 2.4E-1 8.3E-1

CH4(85%)+C3H8(15%) 8.5E0 5.4E-1 1.2E0 -9.5E-2
C2H6(75%)+ CH4(25%) 4.6E0 2.2E-1 3.2E-1 7.7E-1
C2H6(50%)+ CH4(50%) 4.0E0 3.1E-1 2.9E-1 5.8E-1
C2H6(25%)+ CH4(75%) 2.7E0 2.1E-1 1.9E-1 6.9E-1

XGboost CH4(100%) 4.1E0 2.4E-1 2.6E-1 1.2E-1
CO2(100%) 6.4E0 3.8E-1 6.6E-1 1.4E-1

CO2(75%)+C3H8 (25%) 7.6E0 5.1E-1 9.5E-1 -1.5E-1
C2H6(100%) 2.4E0 1.1E-1 1.9E-1 8.7E-1

CH4(85%)+C3H8(15%) 8.4E0 4.3E-1 1.1E0 -7.5E-3
C2H6(75%)+ CH4(25%) 4.4E0 1.4E-1 2.8E-1 8.0E-1
C2H6(50%)+ CH4(50%) 7.5E0 3.3E-1 1.2E-1 -7.5E-1
C2H6(25%)+ CH4(75%) 2.4E0 1.6E-1 1.2E-1 8.0E-1

Fig. 8: An example of temperature profile predictions using Model I showing a
good approximation of the true profile for the experiment reported in Figure 3
with Carbon Dioxide (75%) and Propane (25%).
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Table 4: Results of L-O-O Validation for Model II
ML method L-O-O Gas MAE sMAPE MSE R2

ANN CH4(100%) 6.7E0 9.0E-2 5.2E-1 -2.1E-1
CO2(100%) 5.2E0 1.1E-1 3.6E-1 3.0E-1

CO2(75%)+C3H8(25%) 4.8E0 9.0E-2 3.3E-1 6.1E-1
C2H6(100%) 1.1E1 2.2E-1 1.4E0 -1.0E0

CH4(85%)+C3H8(15%) 3.3E0 4.0E-2 1.4E-1 8.0E-1
C2H6(75%)+ CH4(25%) 3.6E0 5.0E-2 1.4E-1 7.0E-1
C2H6(50%)+ CH4(50%) 4.1E0 6.0E-2 2.0E-1 2.3E-1
C2H6(25%)+ CH4(75%) 3.0E0 4.0E-2 1.0E-1 7.9E-1

RF CH4(100%) 5.3E0 4.4E-1 2.8E-1 3.5E-1
CO2(100%) 2.7E0 3.6E-1 8.0E-2 8.4E-1

CO2(75%)+C3H8 (25%) 3.2E0 2.2E-1 1.2E-1 8.5E-1
C2H6(100%) 1.2E1 6.1E-1 1.6E0 -1.3E0

CH4(85%)+C3H8(15%) 4.4E0 3.7E-1 1.6E-1 7.6E-1
C2H6(75%)+ CH4(25%) 3.3E0 3.4E-1 1.0E-1 7.8E-1
C2H6(50%)+ CH4(50%) 2.9E0 4.0E-1 8.2E-2 6.8E-1
C2H6(25%)+ CH4(75%) 2.9E0 4.3E-1 8.5E-2 8.2E-1

XGboost CH4(100%) 5.6E0 7.2E-2 3.2E-1 2.7E-1
CO2(100%) 3.7E0 6.5E-2 1.9E-1 6.3E-1

CO2(75%)+C3H8 (25%) 3.4E0 6.9E-2 1.2E-1 8.5E-1
C2H6(100%) 9.9E0 2.0E-1 1.2E-0 -6.8E-1

CH4(85%)+C3H8(15%) 3.6E0 4.4E-2 1.1E-1 8.4E-3
C2H6(75%)+ CH4(25%) 2.3E0 2.9E-2 5.6E-2 8.8E-1
C2H6(50%)+ CH4(50%) 6.2E0 1.1E-1 4.7E-1 -8.3E-1
C2H6(25%)+ CH4(75%) 2.6E0 3.5E-2 7.5E-2 8.4E-1

Fig. 9: An example of pressure profile predictions using Model II showing a good
approximation of the true profile for the experiment reported in Figure 3 with
Carbon Dioxide (75%) and Propane (25%).
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Fig. 10: An example of encapsulated mole profile predictions using Equation 1
showing a good approximation of the true profile for the experiment reported in
Figure 3 with Carbon Dioxide (75%) and Propane (25%).

a wider-purpose training dataset and use it to accurately predict any combina-
tion of gases, either seen or unseen by the model. However, for the purpose of
our study, we have seen that both models can predict well the temperature and
pressure values around the switching point between formation and dissociation
(when the curve abruptly starts growing, as seen in Figure 8 and Figure 9),
which typically yields the maximum hydrate moles across the whole process.
This is extremely important from the viewpoint of the researcher conducting
the simulation as it is the core outcome of the whole experiment. More precisely,
this result lets the researcher know whether a specific experimental setting is
worth exploring in a hydrate storage production scenario and is a quantitative
comparison metrics among different experimental settings.

4 Conclusions

Using clathrate hydrates to store hydrocarbon gases in solid form offers a new
promising alternative to current storage technologies by significantly reducing
the energy required for storage. This study addressed the potential of data-driven
machine learning approaches to describe and predict the clathrate formation pro-
cess, providing valuable support to laboratory experiments and highlighting the
need for an accurate experimental design phase to identify the best gas combina-
tion for model training. Moreover, we addressed the key challenges in translating
the problem into a Partial Knowledge framework, carefully selecting input and
output variables and selecting the model to best meet the problem’s demands.
In this way, data-driven modeling can be a powerful complement to traditional
analytical-theoretical descriptions, enabling accurate predictions and control of
process characteristics in response to scientific and engineering requirements.
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The best performing model, namely Random Forest, will be adopted in fu-
ture studies to investigate the use of clathrate hydrates of hydrogen as an ef-
ficient storage system. In fact, hydrogen storage via clathrate hydrates offers
a promising, energy-efficient alternative to traditional high-pressure and liquid
hydrogen storage methods, using water as the storage medium and requiring
relatively mild thermodynamic conditions. While requiring lower energy density
per volume and mass unit than other methods, it achieves competitive results at
comparable pressures, making it a viable option for safe, low-impact, and low-
pressure storage. However, challenges include scaling the technology to ensure
consistent hydrogen supply, achieving high hydrogen purity, and maintaining
environmental and economic sustainability. We aim to address these issues by
validating the scalability of clathrate-based hydrogen storage in real-world indus-
trial applications, particularly in sectors like mobility and continuous industrial
consumption, where hydrogen could replace natural gas and reduce CO2 emis-
sions.
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