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Multiscale simulations of gas hydrates: from
molecular mechanisms to mesoscale growth and
macroscale flow and production predictions

Miguel Pineda, *a Anh Phan,*b Michail Stamatakis a and Alberto Striolo cd

Gas hydrates—crystalline hydrogen-bonded water cages encapsulating gas molecules—are of major

scientific and industrial interest for energy systems, safety and flow assurance, as well as for several

emerging technologies. Predicting and controlling their formation, dissociation, and growth remains

challenging due to coupled physical and chemical processes across multiple scales. This highlight article

reviews recent advances in multiscale simulations of gas hydrates, from microscale mechanistic methods

to mesoscale growth models and macroscale predictive simulators, and discusses how these approaches

improve our ability to predict hydrate behaviour in natural and industrial settings. Current challenges are

also discussed, together with suggestions for future research.

1. Introduction

Gas (clathrate) hydrates are non-stoichiometric crystalline
structures in which water molecules form hydrogen-bonds to
yield cages encapsulating gas molecules.1–6 These structures
form under low-temperature and high-pressure conditions
typically found in permafrost regions and in deep marine
sediments along continental margins.7,8

Due to their wide distribution and structural diversity,9

gas hydrates are considered a potential unconventional
energy resource10,11 and play key roles in marine
geohazards12 and climate processes.13 In industrial settings,
hydrate formation can obstruct pipelines and equipment,
posing significant flow-assurance challenges.14,15

Simultaneously, gas hydrates offer opportunities for gas
storage and transport, including carbon dioxide (CO2)
sequestration16,17 and hydrate-based hydrogen storage,18 and
applications in wastewater treatment, seawater
desalination,19,20 separations, and cold thermal energy
storage and refrigeration technologies.21 Nevertheless, the
practical deployment of applications based on hydrates
remains limited because of an interplay of fundamental and
technical challenges.

Toward overcoming these challenges, computational
studies of gas hydrates provide an essential complement to
experimental investigations because laboratory
measurements are often limited by the pressure–temperature
conditions required to form and stabilise hydrates, the
difficulty of observing processes in buried marine sediments
in the presence of various compounds, and the challenges of
capturing nucleation and growth phenomena. The
phenomena of interest evolve on diverse length- and time-
scales, and various approaches focusing on specific aspects
have been adopted: atomistic/molecular (micro)-scale models
that describe cage formation and guest–host interactions,22,23

mesoscale approaches that explore hydrate growth and
agglomeration,24,25 as well as macroscale models that address
reservoir and flow assurance.14,26–28 Gas hydrate phenomena
are inherently multiscale, and a holistic integration and
interpretation of these three levels of description are
necessary to fully understand these systems.25,29–32

This article highlights recent advances in modelling
hydrate nucleation, growth, transport, and reservoir
behaviour, and stresses the need for cross-scale integration.
Accordingly, the reviewed efforts toward achieving such
integration are based on using molecular insights to inform
mesoscale models and applying mesoscale results to guide
reservoir simulations. Overall, these efforts strive toward
coherent and predictive hydrate modelling that advances
fundamental understanding and guides technology
development.

While progress has been made across quantum,
molecular, and continuum modelling in recent years, these
advances remain partially fragmented across scales. Bridging
these scales through multiscale computational tools,
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achieving predictive accuracy under realistic conditions, and
obtaining comprehensive experimental validation is
necessary to leverage fundamental understanding to
overcome practical technological challenges.

The rest of the article is structured as follows: section 2
reviews microscale computational approaches; in Sec. 3,
mesoscale modelling strategies are discussed; and in Sec. 4,
macroscale simulators for reservoir and flow assurance
applications are examined. Finally, in Sec. 5, conclusions and
an outlook are presented.

2. Microscale molecular simulations

Microscale molecular simulations resolve guest–host
interactions and water hydrogen-bond networks at the atomic
level, providing fundamental insight into hydrate structure,
cage occupancy, nucleation, and early growth. Guest–host

van der Waals (vdW) interactions36–40 stabilise the three main
cage-based structures (see Fig. 1)—sI, sII, and sH—whose
behaviour depends on cage geometry, connectivity, and guest
occupancy.33 Density functional theory (DFT), grand
canonical Monte Carlo (GCMC), and molecular dynamics
(MD) simulations provide complementary perspectives on
these processes, spanning electronic structure,
thermodynamic stability, equilibrium cage occupancy, and
non-equilibrium nucleation pathways.

2.1. Density functional theory applications

DFT studies have advanced our understanding of the
molecular and structural stability of gas hydrates. As a
quantum-mechanical electronic-structure method, DFT
determines the ground-state electron density and total energy
of hydrate systems within the framework pioneered by

Fig. 1 Three main hydrate structures—sI (A), sII (B), and sH (C) with different host water cages. Adapted from Hassanpouryouzband et al.2

Copyright © 2020 Royal Society of Chemistry.
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Hohenberg and Kohn,41 enabling quantitative evaluation of
hydrogen bonding, dispersion-driven guest–host interactions,
cage-occupancy effects, and pressure-dependent lattice
stability.

By fitting equations of state to DFT energy–volume
relations computed using the revised Perdew–Burke–
Ernzerhof (revPBE) generalised-gradient approximation (GGA)
exchange–correlation (XC) functional, Vlasic et al.42 showed
that the bulk modulus of sII hydrates scales linearly with
hydrogen-bond density and that larger guest molecules
increase lattice volumes through van der Waals (vdW)-driven
cage expansion. Daghash et al.43 performed extensive DFT
calculations on sH hydrates using the revPBE GGA
functional, complemented by vdW-DRSLL to assess
dispersion effects, linking vibrational behaviour to elastic
properties such as Young's modulus. The results highlighted
an approximately linear dependence of elastic constants on
pressure. Mathews et al.44 found that SCAN-based DFT with
rVV10 dispersion corrections predicts the thermodynamic
properties of sI hydrates more accurately at low temperatures

than classical MD. Jendi et al.45 quantified the
compressive and tensile strengths of sI methane
(CH4) hydrates using the revPBE functional without
an explicit vdW correction, while Zhu et al.46,47 used the
revPBE functional with DFT-D2 dispersion corrections to
confirm pressure-dependent elastic constants and the validity
of the law of mixtures for sI CH4 hydrates. These studies
commonly assume uniform force distribution within stable
lattices, though hydrate mechanics depend on interactions
among the hydrogen-bond network and the connectivity
between large and small cages.

Zhu et al.33 combined DFT calculations (revPBE GGA with
DFT-D2 vdW corrections) with a polyhedral composite
framework to assess how cage occupancy governs pressure-
induced failure of the hydrogen-bonded water lattice.
Fig. 2A(left panel) shows lattice-volume changes from 0–7.6
GPa for four models: SELE (no cage occupancy), SOLE (small
cages filled), SELO (large cages filled) and SOLO (all cages
filled). At 0–4.5 GPa, all systems show similar, gradual
volume reductions (<5%), indicating dominance of

Fig. 2 A) Lattice volume versus hydrostatic pressure for four occupancy configurations: blue, orange, yellow, and purple lines correspond to
SOLO, SELO, SOLE, and SELE hydrates (left). The 3D surface shows compressive stability limits versus phase occupancy; Ql and Qs denote large-
and small-cage occupancies (right). Adapted from Zhu et al.33 Copyright © 2023 Springer Nature. B) Methane C–H bending (left) and stretching
(right) frequencies for different cage occupancies. Adapted from Schmidt et al.34 Copyright © 2025 American Chemical Society.

CrystEngComm Highlight



CrystEngComm This journal is © The Royal Society of Chemistry 2026

hydrogen-bond forces over guest-host interactions. The unit
lattice volumes agree well with previous DFT work (e.g., SOLO
with ∼1620 Å3 vs. 1685 Å3 in Jendi et al.45). The SELE system
fails at 4.6 GPa, marking the minimum compressive stability
of the hydrogen-bonded lattice. Above 4.5 GPa, occupancy
effects become pronounced. SOLO and SELO undergo major
collapses at 7.3 and 6.4 GPa, respectively. SOLO is
mechanically stronger than SELO, consistent with its fully
occupied small cages. SELE and SOLE collapse earlier (4.6
and 4.9 GPa), indicating loss of structural integrity. The SOLO
compressive limit (7.3 GPa) aligns with prior reports46,47

(∼7.5 GPa), supporting the accuracy of these results.33 By
analogy with the law of mixtures—replacing volumetric
fractions with small- and large-cage occupancies, Zhu et al.
expressed compressive stability S (GPa) as: S (GPa) = 4.6 +
0.3Qs + 1.7Ql + 0.7QsQl, where Qs and Ql denote the fractional
occupancies of small and large cages, respectively. The
models predict stability limits to be in the pressure range 4.6
to 7.3 GPa, with SOLO being the most stable and SELE the
least (see Fig. 2A, right panel).33

Among experiments useful to validate the computational
predictions, infrared (IR) spectroscopy has been widely used
to probe CH4 hydrates properties. For example, the hydrogen-
bond stretching frequency provides estimates of Young's
modulus, while the number and frequencies of C–H
stretching peaks reveal whether CH4 occupies small cages,
large cages, or both.34,48,49 Computational work using VASP,
SIESTA (Vibra), and CASTEP has reproduced hydrate
vibrational spectra using either harmonic DFT-based
calculations or classical MD simulations.50–53 Schmidt et al.34

used DFT with the rev-PBE-XC functional and DFT-D2
dispersion corrections to examine IR spectra of sI CH4

hydrates at different occupancies. CH4 exhibits two IR-active
modes: C–H bending and asymmetric C–H stretching.
Simulations reproduced these modes for both isolated CH4

and CH4 confined in hydrate cages. For isolated CH4, the
modes appear at 1306 (bending) and 3048 (stretching) cm−1

(see Fig. 2B), matching experiments at 1306 and 3019 cm−1.34

The bending mode occurs at lower frequency than the bond
stretching because angular deformation requires less energy
than bond stretching. When encaged, both modes shift to
higher frequencies, 1310 cm−1 for bending and 3074 and
3089 cm−1 for stretching, reflecting dispersion interactions
with the surrounding water lattice. Splitting of each spectral
band into several small peaks (10–15 cm−1 apart) likely arises
from slight differences in degenerate vibrational modes.
Distinct C–H stretching peaks correspond to CH4 in large
(∼3074 cm−1) and small (∼3089 cm−1) cages, aligning with
Raman results from Hansen and Berg.48 The higher
frequency and lower intensity of the small-cage peak indicate
stronger confinement and fewer molecules per cage.
Changing occupancy primarily alters peak intensities rather
than positions, making the relative intensity of the C–H
bending mode a useful indicator of overall occupancy.34

Cabrera-Ramírez et al.35 investigated stability and
occupancy patterns of sI CO2 hydrates using dispersion-

corrected DFT-D methods, aimed at clarifying the transition
from clathrate-like clusters to periodic crystals. They found
that CO2 binds more strongly within the large T (51262) cage
than the small D (512) cage (see Fig. 3A). This finding aligns
with earlier studies based on both finite clathrate-like cluster
models and periodic boundary simulations.54–59 Estimated
binding energies were −6.740 kcal mol−1 in T cages and
−4.835 kcal mol−1 in D cages, giving an ∼1.9 kcal mol−1

preference for large cages. Full occupancy of all eight cages
stabilises the hydrate by ∼−51 kcal mol−1 relative to the
empty lattice. Large-cage preference stems from the linear
geometry of CO2: D cages impose more pronounced
confinement and therefore stronger repulsive forces.
Structurally, the D cage has twelve pentagons, while the T
cage includes two hexagons and twelve pentagons, offering
greater free volume. Single-crystal X-ray diffraction
experiments at 173 K support these findings, showing full
occupancy of T cages but partial filling of D cages.60

Recent experimental and theoretical studies54,55,57,59–62

show that CO2 molecules in sI clathrate cages adopt
orientations allowing rotation. Cabrera-Ramírez et al.35 also
analysed the relaxed sI CO2 structure and determined spatial
orientations of guest CO2 molecules (see Fig. 3B, top panel).
They identified eight unique CO2 positions: two in D cages
and six in T cages (see Fig. 3B, bottom panel). In D cages,
CO2 aligns near the cage centre, consistent with experimental
observations from single-crystal X-ray diffraction and neutron
scattering, as well as with theoretical data by
others.54,55,57,59–62 In T cages, CO2 orientations display
broader angular variation, with θ ranging between 75° to
100° and wide ϕ distributions, with small positional
shifts.60,61 Cage connectivity governs intermolecular CO2–CO2

separations in the sI hydrate: distances are shortest in TT(6)
(5.77–6.14 Å), intermediate in DT (6.39–6.82 Å), and longest
in TT(5) (6.95–7.44 Å) (see Fig. 3B). Short TT(6) separations
suggest stronger guest–guest interactions mediated by the
host lattice, whereas TT(5) distances indicate predominantly
dispersion-driven CO2–CO2 coupling. These results
emphasise the combined role of cage geometry, guest
orientation, and cage adjacency in stabilizing CO2-filled
hydrates.

Valdés et al.72 analysed translational-rotational states of
CO2 within sI hydrates using the multiconfiguration time-
dependent Hartree method. They compared semiempirical
and ab initio CO2–water potentials against DFT-D results and
evaluated many-body influences on guest–host interactions.72

Distinct excitation patterns were found to depend on the
interaction model, reflecting subtle changes in CO2 local
structure within D and T cages. These results agree with
neutron diffraction and 13C NMR data60,61,73 and predict
previously unmeasured spectroscopic transitions, providing a
benchmark for future studies.

The formation and stability of hydrates depend on
fundamental guest–host and host–host interactions. Progress
in this field requires a detailed understanding of these
interactions and how they evolve under varying system
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conditions. From a theoretical standpoint, accurately
capturing guest–host interactions is computationally
demanding, as it necessitates a consistent treatment of
both the covalent and extended hydrogen-bond networks of
the water framework and the noncovalent interactions
between guest species and the host lattice. Although DFT
can effectively describe guest–host interactions and predict
equilibrium structures and pressure responses with
reasonable computational efficiency,33–35,55,72 the accuracy
of both conventional and dispersion-corrected functionals
in simultaneously representing hydrogen bonding and
dispersion forces in gas hydrates must be carefully
assessed. Consequently, systematic evaluations of key
interaction effects, including cooperative guest–host
interactions and guest–guest or cage–cage correlations, are
necessary. Such understanding could help us better
understand the thermal effects connected to the formation
and dissolution of hydrates, one of the main challenges for
the technological deployment of these systems. Capturing
the full thermodynamic behaviour of clathrate hydrates
requires explicit treatment of temperature- and pressure-
dependent effects through molecular-scale simulations
capable of resolving cavity occupancy and cooperative
interactions.

2.2. Grand canonical Monte Carlo simulations

GCMC simulations are widely used to investigate guest
adsorption and cage occupancy in gas hydrates under fixed
temperature, volume, and chemical potential conditions.74–78

In this framework, particle insertion, deletion, translation,
and rotation moves are performed to sample equilibrium
configurations of guest molecules within a pre-defined (often
rigid) hydrate lattice. GCMC calculations enable the efficient
study of adsorption thermodynamics and cage occupancy
distributions on much shorter timescales than MD, where
evaluating occupancy requires guest diffusion through
hydrate cages, a notoriously slow process. When combined
with van der Waals–Platteeuw (vdWP) theory,6,79 GCMC
enables the evaluation of hydrate phase equilibria across
diverse compositions.

To provide a fundamental underpinning for developing
new processes that, for example, replace CH4 in natural
hydrates with CO2, it is essential to understand hydrate
stability as a function of guest type and occupancy.62,80–86

Phase-equilibria and composition-evolution studies,80,87,88

supported by spectroscopic evidence,62,82,84,86,89 show that
CO2 preferentially replaces CH4 in the large sI cages due to
size compatibility. However, the behaviour of mixed CO2–CH4

hydrates remains debated.
Qiu et al.63 combined GCMC with MD simulations to

investigate the adsorption isotherms of pure and mixed CH4–

CO2 hydrates using different guest and host models. Their
CH4 cage occupancy results for sI and sII hydrates were
compared with earlier stand-alone Monte Carlo (MC)
simulation conducted at 270 K64–67 and with experiments at
268–271 K68–71 (see Fig. 4A). Simulations employing the
TIP4P/Ice water model produced higher occupancies than
those using TIP4P/Ew, owing to stronger host–guest
interactions—overestimating small-cage occupancy but

Fig. 3 A) Progressive CO2 occupancy in sI hydrate, with red (T) and yellow (D) cavities marking cages filled at each step. Binding energies (in kcal
mol−1 per added CO2) give the stabilization gained (negative) relative to the partially occupied structure and a free CO2. B) Top: sI CO2 unit cell
with D (yellow) and T (pink) cages and the DFT coordinate sites. Bottom: fully occupied sI CO2 unit cell from periodic DFT showing DT (D–T), TT(6)
(hexagon-sharing T–T), and TT(5) (pentagon-sharing T–T) connectivities. Cages a and b (D) connect to c–h (T) as DT pairs (solid); c–d, e–f, and g–h
form TT(6) (dotted); other T–T pairs form TT(5) (dashed). Panels A) and B) adapted from Cabrera-Ramírez et al.35 Copyright © 2021 John Wiley and
Sons.
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accurately capturing large-cage occupancy in the sI hydrate.63

Flexible hydrate models yield lower occupancies than rigid
ones because cage distortion hindered guest entry. With
flexible hydrate and united atoms (UA) CH4 models, Qiu
et al.63 closely replicated the experimentally observed
small-cage occupancies (Fig. 4A, right panel), though large-
cage (Fig. 4A, left panel) values were slightly
underestimated. Similar trends were observed with UA0.88
and all-atom (AA) CH4 models, which matched small-cage
data from Klapproth et al.70 but underestimated total
occupancies. These results highlight the strong dependence
of hydrate occupancy on lattice and water models, with
greater accuracy expected from rigid lattices and TIP4P/Ice
model. The total occupancy obtained using TIP4PEw and
DACNIS-UA90 models aligned more closely with
experimental data than earlier TraPPE-UA predictions.
Overall, both experimental and GCMC simulation
results63–71 confirm that CH4 preferentially occupies large
cages, consistent with DFT predictions linking cage
occupancy to the stability of sI CH4 hydrates.33

Qiu et al.63 reported that in sI and sII hydrates, the
occupancy ratio of CO2 and CH4 between large and small
cages (θL/θS) decreases under higher pressures but increases
with temperature (see Fig. 4B), consistent with both
experiments91 and earlier simulations.65,92 The θL/θS ratio is
higher in sII than in sI due to the greater size contrast
between their cages. At sufficiently high pressures, θL/θS
approaches 1.0 from above, indicating that small cages fill
after large ones. For sI CH4 hydrate at 270 K and 6 MPa,
calculated θL/θS values (1.40 and 1.16 for the AA and UA
model, respectively) (see Fig. 4B, left panel) align well with
experimental data (∼1.26 at 270 K84 and 1.13–1.15 at 268
K).68–71 For CO2, θL/θS is significantly larger at low pressures
—about 3.13 and 5.13 for sI and sII at 270 K and 1.5 MPa
(see Fig. 4B, right panel)—implying that large cages are
preferentially occupied. These results agree reasonably with
experimental (8.33 at 1.2 MPa and 273 K)93 and vdW–

Platteeuw thermodynamic values (1.91 and 1.35),94

confirming that the GCMC + MD simulations reliably capture
CO2 and CH4 adsorption behaviour in hydrates, while

Fig. 4 A) Pressure dependence of CH4 occupancy in large (left) and small (right) sI cages at ∼270 K. Red, blue, and black symbols correspond to
Qiu et al.,63 previous simulations,64–67 and experiments.68–71 B) Temperature- and pressure-dependent occupancy ratios θL/θS for CH4 (left) and
CO2 (right) in sI and sII hydrates; θL and θS denote fractions of large and small cages filled. Panels A) and B) adapted from Qiu et al.63 Copyright ©
2018 American Chemical Society.
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additionally resolving cage-specific occupancy, local
heterogeneity, and molecular-scale adsorption mechanisms
that are not directly accessible experimentally.

Unlike the classical vdWP theory, GCMC does not require
assumptions regarding the number of guest molecules per
cavity. In GCMC simulations, cavity occupancies emerge
naturally from the calculations. In addition, GCMC explicitly
accounts for guest–guest interactions, alongside guest–host
interactions with the water lattice. Despite these advantages,
GCMC cannot assess the thermodynamic stability of hydrate
crystals, which must be assumed a priori. Moreover, predicted
phase equilibria are highly sensitive to the choice of force
fields, necessitating careful validation against experimental
data. Finally, as a MC technique, GCMC provides not insight
into hydrate nucleation and growth kinetics.

2.3. Molecular studies of hydrates nucleation and growth

By tracking the position over time of individual atoms and
molecules, MD simulations reveal their assembly into hydrate

structures, providing a powerful framework for
understanding inhibitor effects and hydrate growth across
environments. In classical MD, forces are described by
empirical force fields, enabling nanosecond to microsecond
simulations, whereas ab initio MD (AIMD) derives forces from
DFT calculations, offering higher accuracy at substantially
greater computational cost. Coarse-grained MD (CGMD)
reduces molecular detail to access longer time and length
scales. MD simulations provide insights into nucleation
mechanisms,95,98–100 growth dynamics,97,101,102 and the
influence of additives22,103–105 and confinement106,107—often
beyond experimental reach.

Several conceptual scenarios had been proposed to explain
the nucleation mechanism. In 1991, Sloan and Fleyfel
introduced the labile cluster hypothesis (LCH), which
suggested that water molecules form transient, cage-like
structures around guest molecules that subsequently merge
to form hydrate crystals.108 Later classical MD and MC
simulations demonstrated that isolated clathrate cages are
rare, extremely short-lived, and energetically unstable in

Fig. 5 A) Simulation snapshots and cage-type evolution during induction, nucleation, and growth; inset shows early nucleation. Violet, green,
black, and yellow denote 512, 51262, 51263, 51264 cages. Adapted from Walsh et al.95 Copyright © 2009 AAAS. B) Interaction energy (Eint) of adsorbed
water versus water count in small (blue) and large (red) cages. Adapted from Liu et al.96 Copyright © 2016 Elsevier. C) Temporal evolution of 512

(blue) and 51262 (red) cages in sI CH4 hydrate without additives (left) and with two SDS molecules (middle), and free-energy profiles (right) for CH4

transfer from hydrocarbon to aqueous phase. Systems: SDS at low (green) and high (red) coverages and without SDS (blue). Adapted from Phan
et al.97 Copyright © 2023 Elsevier.
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solution.109,110 Further studies showed that guest-filled
cages are more likely to disintegrate than aggregate, and
that fully enclosed polyhedral cages form only at very high
guest concentrations with very low probability.109,110

Although cage stability can increase in the presence of
multiple guest molecules, these findings indicate that
hydrate nucleation does not proceed via isolated cages.
Consequently, the local structuring hypothesis was
proposed, suggesting that hydrate nucleation is governed by
local concentration fluctuations that organise guest
molecules into hydrate-like configurations. Achieving these
configurations is the rate-limiting step in crystal formation.
A historical overview of hydrate nucleation studies is
provided in the work of Zhang et al.111

A pioneering MD simulation study of hydrate nucleation
was conducted by Walsh et al.,95 who found that five water
molecules and two CH4 molecules jointly organise into a
stable pentagonal water ring that persists during transient
cavity formation. This CH4–water cooperation facilitates
further ordering and CH4 adsorption, in line with earlier
works showing that CH4 stabilises hydrate faces.112,113 Under
the super-saturated conditions considered in these
simulations, a small (512) cage emerged at 1.225 μs (Fig. 5A),
surrounded by a CH4 layer. Steric constraints prevent
extended growth of face-sharing 512 cages until the central
cage opens after ∼30 ns, enabling rearrangement and rapid
expansion. Over ∼240 ns, the 512 cage evolved into a 51263

cage—a transitional motif connecting sI and sII hydrates.
Similar rearrangements appear elsewhere, producing mixed
sI–sII networks. Walsh et al.95 showed that 512 cages
dominate early nucleation, followed by 51262 (sI) cages after
∼100 ns, consistent with the thermodynamic stability of sI
hydrates. Larger 51264 (sII) cages remain rare,1 forming
transiently due to adjacent small-cage patterns. The 51263

cages act as structural links, promoting sI formation from
sII-like clusters (see Fig. 5A). The final hydrate contains
mixed sI/sII motifs, consistent with experimental114–116 and
simulation results117,118 showing that early nucleation
generates heterogeneous structures stabilised by shared 512

cages. The apparent discrepancy with DFT studies
highlighting large-cage occupancy as the primary stability
factor33,35 likely reflects the non-equilibrium nature of MD
simulations, which capture early-stage nucleation under
highly supersaturated conditions.95

Liu et al.96 used AIMD to examine the assembly of
hydrogen-bonded cages in sI CH4 hydrates. They found that
small cages originate from pentagonal water rings hosting
one CH4 molecule, whereas large-cage precursors form from
hexagonal water rings—consistent with results reported by
Walsh et al.95 However, the formation mechanisms differ:
small cages grow through ring expansion (ternary →

quaternary → pentagonal), while large cages assemble
through a layer-separated process, as surrounding water
molecules are more strongly attracted to the large-cage
precursor and experience less CH4 repulsion. These findings
support a two-step formation process: (1) local water ordering

forms precursors, and (2) CH4-driven restructuring produces
hydrate cages. Small 512 cages preferentially form in early
nucleation due to stronger interactions between adsorbed
water and the cage structure (Fig. 5B). Large 51262 cages later
dominate sI hydrates because of their higher energetic
favourability.96

AIMD simulations are typically limited to short
trajectories. It is therefore encouraging that, using non-
equilibrium MD simulations, Phan et al.97 found that the
formation rate of 51262 cages (∼43–51 cages per ns) is nearly
three times higher than that of 512 cages (∼15 cages per ns).
This corresponds to a 1 : 3 ratio of 512 to 51262 cages,
indicating domination of the 51262 cages in the sI hydrate
structure, in good agreement with the AIMD study conducted
by Liu et al.96 Phan et al. demonstrated that it is possible to
quantify the effect of chemical additives on hydrate growth,
reporting that the introduction of two sodium dodecyl sulfate
(SDS) molecules (0.06 molecules per nm2) significantly
accelerates sI hydrate growth (Fig. 5C, left panel). This
observation is consistent with experiments showing that low
SDS concentrations enhance CH4 hydrate growth at CH4–

water interfaces, increasing growth rates from 1.18 to 1.55
mm s−1 at 4 MPa and 273 K.119 Both simulations105 and
experiments119 identify SDS as an efficient promoter at
hydrocarbon–water boundaries. However, increasing SDS to
twelve molecules (0.36 molecules per nm2) yields little
additional acceleration.97 These results indicate that
additives in curved interfaces influence CH4 solubility and
thereby growth rates.22,100 Through thermodynamic analysis,
Phan et al.97 proposed that combining potential-of-mean-
force metrics—binding free energy (ΔGbind) and adsorption
barrier (ΔGbarrier)—with interfacial deformation energy (ΔGdef)
(Fig. 5C, right panel) enables prediction of additive
performance, supporting the design of hydrate-based CH4

storage systems. Cai et al.120 further showed that SDS can
form micellar aggregates with other chemicals, such as
tetrahydrofuran (THF), leading to antagonistic effects on
hydrate growth kinetics, in agreement with calorimetry
experiments.

MD simulations with a hydrate seed enable the
identification of the mechanisms of action of thermodynamic
promoters. Using this approach, Economou and co-workers
reproduced experimental properties of CH4 hydrates,121,122

while Phan et al.101 showed that THF promotes CO2 hydrates.
Cai et al.123 further demonstrated that dioxane stabilizes sII
hydrates in which CH4 can occupy both small and large
cages, which grow via direct and indirect mechanisms and
some cages remaining empty. These findings inform the
potential of hydrate-based natural gas storage because sII
hydrates offer larger cage where CH4 can be stored, compared
to sI hydrates, reducing the amount of water necessary to
store a given amount of CH4. However, CH4 alone does not
stabilize sII hydrates - other guests are needed, and it is
imperative to prevent those guests from occupying the large
cages, which would defeat the purpose of enhancing CH4

storage capacity.

CrystEngCommHighlight



CrystEngCommThis journal is © The Royal Society of Chemistry 2026

Returning to nucleation, previous simulations show that
512 cages form early in nucleation only for small
guests.95,118,124–126 Larger species such as THF, propane, and
ethane cannot enter these cages and form hydrates with only
large cages filled. Jacobson et al.98 used CGMD to show that
guest size governs nucleation pathways: small (S), medium
(M), large (L), and extra-large (XL) guests stabilize sII, sI, psI,
and psII structures, respectively (where the p designates a
partially filled structure with empty 512 cages). Without
guests, sII is more stable than sI due to reduced structural
strain.127 Small guests occupy both cage types in sII;
medium-sized guests favour sI, filling both 512 and 51262

cages; large guests occupy only the large cages of sI or sII;
and XL guests occupy only the largest cages. Fig. 6A shows
how guest size governs stabilization: S and M favour 512

cages, whereas M-sized (CH4-like) guests preferentially
stabilize 51262 cages, in line with DFT calculations33–35 and
AIMD simulations.96

Jacobson et al.98,128 proposed an innovative method to
compare the stability of various hydrate structures. As a first-
order estimate of their free energies, the enthalpies of
formation of sI, sII, psI, and psII hydrates were evaluated,
and a stability phase diagram was obtained (see Fig. 6B).98

Direct melting simulations were then employed to refine
these predictions. At approximately 50.7 MPa, the stable

phases were identified as sII for S guests, sI for M guests, psI
for L guests, and psII for XL guests. Only the latter two cases
differ from the phase stability diagram predictions.128 S
guests (e.g., Ar) fill both cages in sII; M guests (CH4, CO2)
form sI with both cages filled;126,128 L guests such as
trimethylene oxide occupy only large 51262 cages in sI;1 and
XL guests like THF form sII with only large 51264 cages
occupied.98 These results confirm that guest size is a key
descriptor for hydrates stability. Guest size is also a key
descriptor for the nucleation pathways. In fact, Jacobson
et al.98 identified multiple competing nucleation pathways
involving filled or empty 512 cages and various 5126n cages.
For CH4, nucleation is dominated by filled 512 cages,95,124

whereas empty 512 cages provide secondary channels. When
guests are too large to occupy the 512 cages, nucleation
proceeds through combinations of vacant 512 cages and
occupied 5126n cages; medium-sized guests mainly fill the
large cages, while XL guests occupy only the largest ones (see
Fig. 6C).98 Empty 512 cages are stabilized by nearby solvating
guest molecules, requiring at least three; filled cages can
form with minimal solvation. The abundance of guest-filled
large cages in the critical nuclei arises from kinetic
(hydration similarity) rather than thermodynamic
preference.98 This highlights the central role of water
reorganization in the first hydration shell. It should be noted
that, to accelerate nucleation, gas hydrate MD simulations
are often conducted under supercooled and/or
supersaturated conditions, under which critical nuclei may
differ in structure and composition from stable or metastable
hydrate phases.98

Many hydrate-based technologies are limited by slow
growth and dissolution kinetics, motivating the development
of kinetic promoters. Among them, environmentally friendly
compounds such as tryptophan significantly enhance CH4

hydrate growth by thickening the quasi-liquid water layer at
the hydrate–liquid interface, thereby facilitating guest
transport and incorporation,129 consistent with mechanisms
proposed by Phan et al.130 One question to be addressed here
is how to identify new effective promoters that are effective at
low concentrations while being environmentally benign and
economically affordable.

MD simulations can help address this quest, but their
practical application remains limited by time- and length-
scale constraints. As a result, many phenomena bridging
microscopic and meso- or macro-scopic scales cannot be
directly captured. In addition, simulations differ
fundamentally from experiments in how temperature and
pressure are controlled: thermostats and barostats rapidly
remove the heat released during hydrate nucleation and
growth, unlike experimental systems. Although
microcanonical simulations can account for heat transfer,
they cannot simultaneously control pressure and often suffer
from excessive temperature rises due to small system sizes.
Consequently, faithfully reproducing experimental hydrate
formation via MD remains challenging. Furthermore, current
force fields have limitations and reproduce only selected

Fig. 6 A) Normalized per–water–guest interaction energy versus the
guest–water size parameter σws. Colours indicate 512 (green), 51262

(blue), 51263 (red), and 51264 (orange) cages. Vertical dashed lines mark
the σws of the four model guests and their favoured cages. B) Stability
domains of sI, sII, psI, and psII as functions of σwm (same as σws in A)
and εwm (same as εws in A); nw is the water count per cage. C)
Representative nuclei for S, M, and XL guests: S fills all cages, M mainly
large, XL only large. Panels A), B), and C) adapted from Jacobson
et al.98 Copyright © 2010 American Chemical Society.
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molecular properties; for example, while TIP4P/Ice accurately
describes the triple point for water and hydrate phases,
TIP4P/2005 better represents condensed water phases. While
the discussion so far considered hydrates growth, to release
the guests once trapped in the hydrate cages, it is necessary
to dissolve the hydrates. The relevant mechanisms are
different than those responsible for growth, and must be
understood to facilitate practical applications.

Collectively, DFT, GCMC, and MD simulations form a
coherent framework for understanding hydrate formation
and stability. However, their predictive capability remains
constrained by the accuracy of XC functionals in DFT and the
fidelity of classical force fields in GCMC and MD simulations,
as well as by the intrinsic difficulty of sampling rare events.
Recent advances in machine learning (ML)-based force fields

offer promising routes to improved accuracy at a reasonable
computational cost. Parallel developments in ML-assisted
DFT, particularly the construction of data-driven XC
functionals, provide a promising route to improving the
accuracy of DFT predictions for gas hydrate energetics, host–
guest interactions, and phase stability.

3. Mesoscale gas-hydrate phenomena

Microscale processes control hydrate nucleation and early
growth,4,22,23 whereas subsequent growth and environmental
interactions are governed by mesoscale heat and mass
transfer coupled with pore-scale dynamics.25 The mesoscale
domain—typically spanning ∼100 nm to 100 μm and
timescales from ms to s—bridges molecular phenomena with

Fig. 7 A) CA lattice of Pineda et al.24 composed of cubic voxels (V = l3): hydrate-crystal (diagonally hashed cells), hydrate–water interface (red
dashed), and other voxels (black). The interface advances as voxels switch between liquid-like (water + dissolved CO2) and solid (CO2 hydrate). B)
Spatiotemporal evolution of sI CO2 hydrate grown from a seeded thin film into CO2-saturated water at various subcoolings ΔT, all at t = 24 μs
(common colour bars). Panels A) and B) adapted from Pineda et al.24 Copyright © 2023 The Authors. Published by the American Chemical Society
under CC-BY 4.0.
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field-scale behaviour. At this scale, hydrate systems exhibit
emergent behaviour arising from coupled transport and
phase-change processes, necessitating spatially resolved
continuum or stochastic modelling approaches. Mesoscale
frameworks capture morphology evolution, transport
behaviour, and particle-size dynamics. Cellular automata
(CA), lattice Boltzmann modelling (LBM), phase-field (PF),
and population balance (PB) methods each address
complementary aspects of mesoscale hydrate behaviour.

3.1. Cellular automata modelling

The CA method was one of the first spatially resolved
simulation approaches developed to study solidification (e.g.,
dendritic growth and grain evolution).131 It represents
complex systems as networks of cells whose state variables
evolve according to deterministic or probabilistic rules and
effectively captures emergent behaviour arising from local
interactions and molecular phenomena such as those
described above for hydrates.132

Buanes et al.133,134 developed a probabilistic CA that was a
hybrid between MC and CA methods to simulate the growth
of CO2 hydrates, where cells switch between liquid and solid
states based on minimization of free energy and probabilistic
rules, with the diffusion of CO2 and heat treated explicitly.
Their results showed that hydrate growth is primarily
diffusion-limited, producing compact crystals at low
supersaturation and dendritic structures at high
supersaturation. The temperature effects were minor, except
under large supersaturation conditions.

Pineda et al.24 extended the MC-CA framework to model sI
CO2 hydrate growth from an already formed thin film into
stagnant CO2-saturated water. Phase transitions, interfacial
attachment kinetics, and diffusion are incorporated in the
model (see Fig. 7A). The model predicts that low subcooling
leads to planar fronts, while higher subcooling destabilizes
growth through the Mullins–Sekerka instability135 and
produces needle-like and dendritic morphologies (see
Fig. 7B). These results are consistent with experiments.136

The framework by Pineda et al. was designed with
computational efficiency in mind, making it well-suited for
future integration into multiscale applications. This level of
analysis seems very promising, and it would benefit from the
direct inclusion of molecular phenomena - for example, what
is the fate of the additives used to promote hydrate growth?
Can this fate affect the macroscopic performance?

Jahangiri and Varaminian137 recently introduced a hybrid
CA-finite difference (FD) model for THF hydrate formation at
atmospheric pressure. The FD scheme captures transient
heat transfer, while probabilistic CA rules govern local phase
change. The model reproduces experimental temperature
fields and growth kinetics and underscores the influence of
surface cooling and initial solution temperature on hydrate
growth.

The above examples show that CA modeling for gas
hydrates is a promising and versatile approach, yet it faces

important challenges. Its dependence on probabilistic
transition rules based on free-energy differences or empirical
acceptance functions may limit the accurate description of
crystallization kinetics. Moreover, although CA models can
reproduce key morphologies—such as planar growth fronts,
needle-like structures, and dendritic instabilities—the
validation of these predictions remains limited by the scarcity
of well-controlled experimental data.136,138

3.2. Lattice Boltzmann modelling

The LBM approach was developed as a mesoscopic approach
for simulating fluid flow and has since been extended to
model multiphase phenomena. It recovers macroscopic
hydrodynamic behaviour from simplified kinetic equations
defined on a lattice, making it particularly well-suited
systems in which the geometry, albeit complex, is well
defined, as is the case for hydrates. LBM is especially
advantageous for porous media applications, where pore-
scale geometry controls multiphase flow and permeability
evolution in hydrate-bearing sediments. The inherently local
structure of the LBM enables efficient parallel
implementation, offering significant computational
benefits.140

Back in 2004, Kang et al.141 first modelled crystal growth
in supersaturated pure water as a first step towards
simulating hydrate formation and decomposition. Although
not applied to gas hydrates, the proposed two-dimensional
(2D) LBM framework showed that the interaction between
diffusion, surface reaction, and nucleation density governs
the morphology and growth kinetics of crystals. Specifically,
diffusion-controlled growth resulted in open dendritic
(cluster-like) structures, while reaction-controlled growth
produced compact, circular crystals.

Wang et al.142 applied a similar LBM framework directly to
the formation of cyclopentane hydrates in brine. Cyclopenta-
ne offers promising applications in hydrate-based
desalination because it can readily form hydrates in brine at
atmospheric pressure and at temperatures above the freezing
point of water.143 Their 2D-LBM kinetic model incorporated
convection and diffusion of both guest molecules and salt
ions, plus the salt exclusion effects and salinity-dependent
kinetics, and predicted that hydrate morphology strongly
depends on the diffusion length of the guest molecule, but
only weakly on salinity. The predicted water conversion under
a wide range of salinity conditions was found to be in good
agreement with the experimental measurements.144

The evolution of permeability in hydrate-bearing
sediments, which likely depends on the formation of
hydrates within the pore network, is critically important for
assessing natural gas production potential from hydrate
deposits, as the presence, distribution, and dissociation of
gas hydrates directly control gas and water flow through
porous media, thereby governing reservoir productivity and
stability. LBM studies have demonstrated that permeability is
not solely determined by hydrate saturation, but depends
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also on the growth habit of the hydrate,145,146 wettability and
microscale blocking effects,147 and the type of sediment.148

LBM simulations on microcomputed tomography images
have confirmed that hydrate distribution can drastically alter
flow pathways.149,150

Li et al.139 developed a coupled hydrodynamic-thermal
LBM framework and showed that the evolution of
permeability in hydrate-bearing sediments during the
dissociation of hydrates strongly depends both on the
hydrate morphology and the dissociation conditions. Their
results, illustrated in Fig. 8, demonstrate that thermal
stimulation enhances pore connectivity and leads to a nearly
linear increase in permeability in heterogeneous sediments.
This finding is relevant because hydrate dissociation is
endothermic:139 thermal stimulation supplies the additional
heat required to accelerate dissociation and to promote the
early formation of interconnected flow pathways, which drive
the changes in permeability.

LBM simulations have demonstrated that hydrate
dissociation can be limited by either mass transfer or heat
transfer, depending on local conditions.151–154 LBM
investigations have also been extended to explicitly account
for ice formation at sub-freezing temperatures,155 the
dissociation of CO2 hydrates for energy storage

applications,156 the impact of thermal fluid injection and
multi-field coupling,157 as well as realistic hydrate
dissociation pathways in rock matrices.158

The LBM is a powerful tool for hydrate research. However,
it is inherently restricted to the pore scale and does not
directly yield Darcy's law.159 Therefore, the development of
robust and generic LBM frameworks to connect pore-scale
insights with reservoir-scale predictions is crucial.

3.3. Phase-field modelling

The PF method is a leading computational approach for
complex solidification and phase-transition phenomena.
Based on a free-energy functional, it represents phase
boundaries as diffuse interfaces of finite thickness and
naturally captures their evolution when coupled to heat and
mass transport, making it particularly suitable for modelling
hydrate nucleation, growth, and dissociation processes.160

In 2004 Kvamme et al.,161 implemented the PF method to
investigate CO2 hydrate nucleation. An order parameter
distinguishing solid hydrate from liquid water and a
conserved field for the concentration of CO2 were introduced
and coupled through a Helmholtz free-energy functional to
represent a diffuse hydrate–liquid interface. Using

Fig. 8 A) Grain-coating (left), pore-filling (middle), and dispersed (right) hydrate morphologies with sand grains (red), hydrate (green), and pore
space (blue), all starting at 50.72% hydrate saturation in a 2.24 mm × 2.06 mm sample on a 224 × 206 lattice. B) LBM-predicted normalized
permeability (Khyd,g) versus hydrate saturation (Shyd) for isothermal (left), depressurization (middle), and depressurization with thermal stimulation
(right), with simulations run to full dissociation; each point shows saturation and corresponding permeability. Panels A) and B) adapted from Li
et al.139 Copyright © 2024 Elsevier.
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thermodynamic and interfacial data from experiments and
MD, the PF model allowed the calculation of the nucleation
barrier and steady-state nucleation rates without adjustable
parameters. The critical nuclei were found to be comparable
in size to the thickness of the hydrate–liquid interface,
indicating that the assumptions underlying classical droplet
model, namely a sharp interface and bulk solid properties
within the nucleus, break down at this scale, thereby
rendering such models inconsistent for describing nucleation
under these conditions.

Kvamme and co-authors published several other
applications of PF to investigate CO2 and CH4 hydrates.162

These works demonstrated that the solute transport in water
is the rate-limiting step for hydrate growth. It should be
noted, however, that heat transport effects are not explicitly
accounted for in these models, which assume isothermal
conditions; consequently, the potential role of latent heat
removal as a rate-limiting factor is not captured. At the same
time, homogeneous nucleation was found to be unlikely
because of large kinetic barriers in the formation of the
complex crystal lattice. This observation suggests that
homogeneous nucleation may be of limited relevance for
practical applications, where heterogeneous nucleation is
expected to dominate. In this context, identifying chemical
structures or molecules that can act as nucleation sites may
be more impactful for controlling hydrate formation. The
conversion rates of CH4 hydrates to CO2 hydrates in the
presence of liquid CO2 in typical underwater gas hydrate
reservoirs were also estimated using PF simulations.163 Later
extensions incorporated hydrodynamics and heat transport,
showing that the rapid formation of new CO2 hydrates
releases heat that accelerates CH4 dissociation.164

Furthermore, pore-scale modelling demonstrated that the
thickness of water films around the hydrate strongly controls
conversion rates.165 Finally, extensions incorporating
hydrodynamics and gravity effects in PF descriptions
addressed hydrate dissociation, reformation, and CH4

venting risks in natural reservoirs.166

Recently, Fu et al.167 developed a PF model to study the
formation of CH4 hydrates at gas–liquid interfaces under
non-equilibrium conditions. They constructed a Gibbs free
energy functional for CH4–water mixtures that recovers the
equilibrium phase diagram and incorporates it into a PF
framework to simulate hydrate growth. Their simulations
reveal that the direction of growth depends on the initial
concentration of CH4 in water: supersaturated water leads to
the growth of hydrate mainly in the liquid, while
undersaturated water leads to the growth of hydrate in both
the liquid and gas, which consumes a significant quantity of
gas (see Fig. 9). Fu et al.170 demonstrated that xenon (Xe) and
CH4 hydrates exhibit the same gas-to-liquid compositional
gradient across their hydrate layers, providing evidence that
Xe functions as a practical laboratory analogue for CH4

hydrate. This finding is important because Xe hydrate forms
under milder pressure and temperature conditions, making
it easier to study experimentally.

PF–LBM simulations of hydrate nucleation and growth in
sand sediments reproduce realistic hydrate patterns and
show how porosity, water saturation, two-phase CO2–water
flow, and contact angle govern hydrate distribution and
permeability. These studies also provide pore-scale
mechanistic insight into hydrate-induced permeability
reduction and multiphase transport.171–173

The PF method is accurate but it can become
computationally cumbersome when it is used to address the
challenges typically encountered when investigating hydrates.
These challenges include non-equilibrium multiphase
thermodynamics, coupled mass–heat–momentum transport,
nanoscale interfacial dynamics and nucleation, ensuring
consistency with experimental data. Because the model can
be applied to large systems, it is natural to expect that
eventually it should be adapted to describe the impact of
reservoir heterogeneity. Furthermore, in principle, the free
energy functional could be formulated to incorporate, in an
effective manner, insights obtained from the methods
discussed above (e.g., DFT, MD, and GCMC). Achieving such
multiscale consistency remains challenging, but represents a
promising direction for future research.

3.4. Population balance modelling

Understanding hydrate particle agglomeration is critical for
flow assurance, where agglomeration must be

Fig. 9 A) Schematic of hydrate growth on a liquid–gas interface. 1D
simulations (coordinate x is normalized) show hydrate phase-fraction
profiles ϕs (gray) over time and the initial CH4 mass fraction χ = mCH4

/
(mCH4

+ mH2O) (red) for B) supersaturated and C) undersaturated liquid.
The black arrow marks the growth direction; the black dot the initial
gas–liquid interface. Adapted from Fu et al.167 Copyright © 2018
American Physical Society.
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prevented,14,174,175 as well as for emerging hydrate-based
technologies, where agglomeration may be beneficial.2 It is
not only important to understand how hydrates adhere to
each other, but also how they adhere to metal surfaces, or
the surfaces of other materials used in the various
technologies of interest. To describe the dynamic evolution
of hydrate particle populations, PB approaches are widely
employed. At the core of these approaches lies the population
balance equation (PBE), which describes the time evolution
of the particle-size distribution by incorporating nucleation,
growth, agglomeration, and breakage. The PBE is typically
solved using the sectional method (SM), kinetic Monte Carlo
(kMC), the direct quadrature method of moments (DQMoM),
or moment-based methods (MM).176,177

The first PBE applications to gas hydrates were carried out
by Englezos et al.,178,179 who modelled nucleation and growth
of hydrates formed from CH4, C2H6, or their mixtures in
water under controlled, laboratory conditions. Using the MM
to solve the PBE, they showed that the overall hydrate
formation rate is governed by the total surface area available
for gas incorporation. This framework linked microscopic
events (nucleation and growth) to macroscopic behaviour
such as gas consumption. Subsequent studies have also
adopted PBE-based nucleation-and-growth models to
describe hydrate formation kinetics.180,181

Herri et al.182 explicitly considered agglomeration and
breakage in the PBE. Agglomeration was introduced to
explain the experimentally observed crystallization behaviour
of CH4 hydrate at low stirring rates. At the same time,
mechanical erosion and breakage were included at high
stirring rates, and the simulations with erosion achieved the
best agreement with the experiments.

Balakin and co-authors applied the PBE formalism to
study gas hydrate particles in pipelines.183–185 In 2010, they
developed a PBE model to describe hydrate particle
nucleation, growth, agglomeration, and breakage in
turbulent flow, demonstrating that agglomeration and
breakage have a strong influence on particle size.183 In
2011, they coupled the PBE with computational fluid
dynamics (CFD), demonstrating that particle dynamics
determines the behaviour of the deposition and that the
coupled CFD–PBE model yields realistic predictions.184 In
2016, they presented a fully integrated CFD–PBM
framework in which the particle size distribution and flow
field evolved simultaneously, offering a realistic description
of the hydrate agglomeration kinetics.185 The coupling of
PBE with CFD or CFD-like approaches is a current open
research area.186–189

The DQMoM was implemented by Sampaio et al.190 to
solve a non-isothermal PBE for the formation and
dissociation of gas hydrates. The modelling approach
considered the mass and energy of the hydrate particles in
conjunction with the gas–liquid balances and capture
nucleation, growth, breakage, and agglomeration. The results
showed that changes in the bulk suspension temperature,
driven by slow heat transfer, strongly affect the kinetics.

Except for a few studies,185,189 most of the works
mentioned above focus on hydrate–water systems. Fidel-
Dufour et al.191 introduced the first PBE-based model for
hydrate–oil–water systems. By tracking water droplets,
hydrate particles, and agglomerates as number
concentrations, their framework captured the characteristic
rise and plateau of slurry viscosity during hydrate formation.
Colombel et al.192 followed a similar approach to explore
different agglomeration mechanisms in water-in-oil
emulsions, comparing contact-induced agglomeration versus
shear-limited agglomeration. They concluded that porous
agglomerates are responsible for an increase in viscosity and
for moving the system toward the plugging zone. Moreover,
they found that contact-induced models explain the
experimentally observed onset of viscosity rise, but shear-
limited models better predict the experimentally reported
final viscosity plateau.

Most recently, Bassani et al.31 presented a PBE framework
to model the evolution of the hydrate particle/agglomerate
size in a continuous flow of oil that includes nucleation,
growth, and agglomeration processes simultaneously. A key
aspect of the Bassani et al.'s model is the explicit
representation of disruption and consolidation via a liquid-
bridge mechanism, in which hydrate particles alternate
between wet and dry states in response to water permeation
and surface crystallisation. This wet/dry transition governs
agglomeration efficiency and is itself controlled by
subcooling: low subcooling favours wet, strongly
agglomerating particles, while higher subcooling yields
predominantly dry, weakly agglomerating particles. The

Fig. 10 Evolution of particle/agglomerate radius during hydrate
formation from the two theoretical cases of the Bassani et al. PBE
model (solved via MM31), compared with experiments by Kakitani
et al.168,169 solid lines indicate the full model; dashed lines indicate
simplified versions. Experiments (circles) involve hydrate formation and
agglomeration in oil-continuous systems with water and CH4 or CH4–

C3H8 gas. Three subcooling-dependent behaviours occur: Trend 1
(low), Trend 2 (moderate), Trend 3 (high). Adapted with permission
from Bassani et al.31 Copyright © 2020 American Chemical Society.
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model was found to be robust and predictive, offering
quantitative predictions of stable agglomerate size (see
Fig. 10).

PBE accuracy depends heavily on the agglomeration
kernels, yet hydrate particle porosity, liquid coatings, and
inhibitors often make standard kernels inadequate. Coupling
PBEs with CFD is computationally costly, so PBE solutions
must balance accuracy and tractability.

Taken together, CA, LBM, PF, and PBE frameworks
establish the mesoscale link within a multiscale
description of gas-hydrate systems, connecting molecular
mechanisms to field-scale behaviour through morphology
evolution, multiphase transport, and particle dynamics.
Their predictive capability remains constrained by
computational cost, parameter uncertainty, and the
difficulty of consistently coupling heat transfer, mass
transport, and phase change across scales. Advancing
robust multiscale integration strategies and improving
parameter calibration against molecular simulations and
experiments are therefore essential for translating
molecular-level insights from simulations to promote
technological advancements.

4. Macroscale reservoir and flow
assurance simulators

Macroscale gas hydrate models treat hydrates as a distributed
phase within continuum frameworks, solving coupled
multiphase flow, heat transfer, reaction kinetics, and
geomechanics at the field scale.193 The goal is to predict
hydrate formation, dissociation, and transport under
geological and operating conditions. These simulations are
crucial for (i) reservoir modelling, assessing hydrate-bearing
sediments for gas production or storage,10,194–198 and (ii) flow
assurance, evaluating and mitigating hydrate plugging in
subsea piping systems.

4.1. Reservoir production modelling

At the reservoir scale, hydrate-bearing sediments are treated
as coupled thermal, hydraulic, chemical, and mechanical
(THCM) systems.199,200 Numerous simulators predict gas
production from hydrate dissociation under recovery
strategies such as depressurization, thermal stimulation,
chemical inhibition, and guest-molecule exchange.10 Tools
for gas production include TOUGH + HYDRATE,201–205

HydrateResSim,206–209 and CMG STARS,210–212 while STOMP-
HYDT-KE supports gas exchange and storage.26–28 Because
comparisons with experimental data remain limited, several
international efforts have benchmarked hydrate simulation
codes.213,214 Reservoir-scale hydrate simulators solve
continuum-scale partial differential equations using
constitutive laws (e.g., Darcy and Fourier) and empirical
correlations. Incorporating micro- and meso-scale insights
remains difficult due to upscaling challenges, high
computational cost, and limited experimental validation.

Overcoming these barriers is crucial for achieving more
predictive, physically consistent THCM models for gas
hydrates.

4.2. Flow assurance modelling

Flow assurance modelling predicts hydrate onset, growth,
and transport in multiphase systems. It couples hydrate
growth kinetics with multiphase flow simulators such as
OLGA223 and LedaFlow.224

OLGA applies the Colorado School of Mines Hydrate
Kinetics (CSMHyK) model,225 where hydrate formation rates
vary exponentially with temperature, together with the
Camargo–Palermo model for agglomeration and slurry
formation.226 LedaFlow uses a CSMHyK-like reaction model
with a simplified subcooling-based kinetics and the SoFA
viscosity model.227 Both simulators were developed and
validated primarily for oil-dominated, water-in-oil systems,
and require calibration for water- or gas-dominated
conditions.228–230 Qu et al. showed that, with appropriate
parameter tuning, the two simulators yield comparable
predictions of hydrate transport behaviour.231

Since its integration into OLGA, CSMHyK has become a
widely used hydrate model and has motivated newer
transient simulators. Wang et al.215 developed a transient tool
for predicting hydrate formation, growth, and plugging—
similar to OLGA–CSMHyK but extended to oil- and water-
dominated regimes, antiagglomerants (AAs)/thermodynamic
hydrate inhibitors (THIs) tracking, and hydrate slurry
viscosity and cohesion—and successfully reproduced
plugging in a real subsea pipeline (see Fig. 11). CSMHyK
describes hydrate nucleation as a deterministic event once a
given subcooling condition is reached. Its predictions could
become more realistic if the stochasticity typical of hydrate
growth and the molecular-scale features of hydrate formation
observed in MD simulations were incorporated, potentially
through appropriate mesoscale models. Because hydrate
plugging and slurry rheology are governed by particle

Fig. 11 Predicted transient hydrate slurry relative viscosity along a
subsea pipeline at 49 vol% water cut with AAs, showing a sharp rise
and plug formation between 3–8 km, matching field observations.
Reproduced from Wang et al.215 Copyright © 2019 Elsevier.
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agglomeration, consolidation, and breakage processes,
further advances in flow assurance modelling are closely
linked to improvements in the mechanistic description of
hydrate particle properties.232 In particular, enhanced PB and
mesoscale models that capture agglomeration kinetics and
particle-scale interactions could significantly improve
predictive reliability.

5. Conclusions and outlook

Computational approaches are essential for understanding
gas hydrate behaviour across scales. This highlight article
has reviewed key micro-, meso-, and macro-scale approaches
and the distinct insights each offers at its characteristic
length and timescales. As summarised in Table 1, modelling
approaches at each scale face distinct yet interconnected
challenges, ranging from rare-event sampling at the
molecular level to reliable upscaling at larger scales.
Advances in molecular simulations, mesoscale computational
methods, and coupled continuum frameworks are
progressively addressing these limitations.

At the microscale, DFT captures atomistic-level guest-host
interactions and relative stability but is computationally
expensive and essentially static, with accuracy strongly
dependent on the chosen XC functional, including any
applied dispersion corrections.233 GCMC and MD operate
under realistic pressure–temperature conditions: GCMC
yields equilibrium properties from the chosen interaction
potential, whereas MD resolves dynamics but is constrained
by timescale and force-field limitations. ML interatomic

potentials provide a promising route to address these
issues.234

At the mesoscale, CA provides fast heuristic descriptions
of growth, while PF yields similar behaviour at much higher
computational cost; PF can calibrate CA for large-scale
studies.134 LBM resolves pore-scale flow but remains costly,
and PBE predicts particle-size distributions and
agglomeration while relying on empirical kernels.
Interestingly, kMC—usually employed to solve PBEs—can
also capture long-time guest diffusion in hydrate lattices via
coarse-grained cage-to-cage hopping.235,236

Macroscale tools depend on simplified, highly upscaled
models. CSMHyK, for instance, uses empirically tuned 1D
formulations for oil-dominated systems with approximate
chemistry, inhibitor, and plug-mechanics treatments
requiring case-specific calibration. Thus, multiscale strategies
are essential: micro- and meso-scale processes govern
reservoir and pipeline behaviour, and macroscale simulators
cannot be reliably predictive without them.

Ultimately, integrating multiscale simulation insights with
molecular-scale experiments is crucial for controlling hydrate
formation and growth, and ML techniques are likely to play
an increasingly important role in future hydrate
research.237–252
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Table 1 Summary of multiscale advances and challenges in computational modelling of gas hydrates

Scale Method Key progress Main challenges Ref.

Quantum DFT Guest–host energetics; structural stability; cage occupancy;
vibrational and elastic properties; spatial orientation of
guest molecules

Functional accuracy (including
dispersion)

33–35, 42–44,
55, 216

Molecular GCMC Adsorption isotherms; guest occupancy; spatial
distributions; phase equilibria

Force-field sensitivity; limited
transport properties; thermodynamic
consistency limitations

63, 74–78

MD Nucleation pathways; growth mechanisms; additive effects;
confinement effects

Time/length-scale limitations;
force-field limitations; ensemble and
thermodynamic control constraints

95, 96, 98,
101, 102, 110,
113, 217–221

Mesoscale CA Diffusion-limited growth; morphology evolution; MC-CA
hybrid models; instability-driven growth; hybrid CA-FD
thermal coupling

Empirical probabilistic rules; limited
kinetic fidelity; scarce experimental
validation

24, 131–138

LBM Pore-scale multiphase flow; morphology-dependent
permeability; coupled thermal–hydrodynamic dissociation;
realistic pore geometry

Limited applicability to pore-scale;
lack of direct Darcy-scale formulation;
upscaling to reservoir scale

139, 141, 142,
145, 149, 159

PF Diffuse-interface nucleation; non-classical barriers;
transport-limited growth; thermal coupling

Computational cost; thermodynamic
complexity; parameter uncertainty

161, 162, 164,
167, 222

PBE Particle-size evolution; agglomeration and breakage
modelling; CFD-PBE coupling; slurry rheology prediction

Kernel uncertainty; CFD coupling cost;
accuracy-tractability trade-off

31, 178, 184,
185

Macroscale Reservoir
modelling

THCM reservoir modelling; depressurization and thermal
stimulation; guest-molecule exchange; benchmarked
hydrate simulators

Empirical kinetics; upscaling limits;
computational cost

10, 26, 201,
206, 213

Flow
assurance
modelling

Hydrate onset and growth prediction; OLGA/LedaFlow
integration; CSMHyK kinetics; transient plugging modelling

Deterministic nucleation; empirical
agglomeration; parameter calibration

215, 223–225
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