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A B S T R A C T

Hydrogen leakage through abandoned wells represents a critical risk for underground hydrogen storage (UHS) in depleted gas reservoirs, potentially leading to safety 
hazards and economic losses. Although reservoir-scale numerical simulations can capture leakage processes in detail, their computational cost limits their use in rapid 
scenario screening and early-stage design assessment. In this work, a probabilistic surrogate framework is developed to evaluate leakage likelihood under varying 
geological and operational conditions. The framework is intended as an early-stage screening tool to identify configurations that may pose a leakage risk and 
therefore warrant further detailed investigation. The surrogate is constructed using multiphase reservoir simulation results and incorporates six continuous variables 
together with ten families of H2-water relative permeability curves spanning a range of low to high mobility that collectively represent structural uncertainty in 
gas–water flow. Validation against an independent simulation dataset shows that the surrogate achieves an overall prediction accuracy of 0.967 with an area under 
the ROC curve (AUC) of 0.995. Results indicate that, within the investigated ranges and under homogeneous reservoir conditions, well spacing and injection rate are 
the principal controls on leakage probability. Formation permeability does not show a stable directional influence under relatively high-permeability conditions 
(100–1000 mD), while reservoir depth and porosity are negatively associated with leakage probability. In addition, variability in relative permeability significantly 
affects predicted risk, with high-mobility curve families increasing leakage likelihood relative to intermediate conditions. This framework provides an efficient basis 
for leakage-aware screening and supports risk-informed evaluation during the early design stage of UHS deployment.

1. Introduction

Hydrogen is increasingly recognised as an important energy carrier 
for decarbonisation, including the replacement of fossil-derived 
hydrogen in chemical industries, energy system balancing, and stra
tegic reserve applications [1]. With growing targets for hydrogen pro
duction and use, the demand for hydrogen is expected to rise in the 
coming decades [2]. In this context, the development of large-scale 
hydrogen storage technologies supports the scaling of a hydrogen 
economy [3,4]. Hydrogen can be stored in several forms, including 
compressed gas, liquid hydrogen storage, as well as solid-state storage 
technologies such as metal hydrides, where recent studies have explored 
advanced thermal management and reaction-driven heating strategies 
to improve performance [5,6]. Among various options, underground 
hydrogen storage (UHS) has attracted increasing attention due to its 
ability to accommodate high volumes at relatively low levelized cost 
while leveraging existing subsurface infrastructure [7,8]. By storing 

hydrogen in geological formations such as salt caverns, aquifers, or 
depleted hydrocarbon reservoirs, UHS offers a technically feasible and 
secure pathway for balancing production and consumption at the system 
level [8,9]. Compared to salt caverns and aquifers, depleted hydrocar
bon reservoirs offer significant advantages such as well-characterized 
geology, existing infrastructure, and reliable sealing performance, 
making them a potential option for large-scale hydrogen storage 
[10,11].

Despite these advantages, implementing UHS in depleted hydrocar
bon reservoirs raises several concerns regarding potential hydrogen 
leakage. Possible migration pathways include diffusion or advection 
through caprock formations, lateral or vertical flow through faults and 
fractures, and leakage through existing wells, particularly abandoned or 
improperly sealed ones. To date, several studies have primarily focused 
on H2 migration through caprock at the molecular scale. For example, 
using molecular simulation techniques such as Molecular Dynamics and 
Monte Carlo methods, Xie et al. [12], Zhang et al. [13], Liu et al. [14], 
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Chang et al. [15], and Kahzadvand et al. [16] have investigated how 
factors such as pressure, temperature, gas composition, and pore aper
ture influence H2 diffusion and adsorption in nanopores, exploring the 
fundamental mechanisms of confined H2 transport within caprock. In 
addition, Li et al. [17] observed that residual pore water can seal the 
nano cracks in the caprock reducing H2 leakage. Compared to methane 
(CH4), carbon dioxide (CO2) as a cushion gas more effectively promotes 
water-assisted sealing of H2 leakage through cracks. Talukdar et al. [18]
demonstrated that dynamic pressure from hydrogen injection can 
trigger caprock fracturing and fault reactivation, with coupled leakage 
pathways influencing gas migration.

Due to hydrogen’s small molecular size and high diffusivity, even 
minor defects in wellbore cement or casing could lead to sustained 
leakage. This risk is particularly pronounced for abandoned wells, where 
incomplete plugging, legacy materials, or long-term degradation may 
significantly weaken sealing performance. Consequently, leakage asso
ciated with abandoned wells is a credible failure mode in UHS systems 
deserving close scrutiny. Similar leakage pathways have been observed 
in other subsurface storage contexts. For example, at the Decatur CO2 
storage project in the United States, gas migration occurred through a 
monitoring well and was subsequently detected [19]. In another case at 
Lake Boehmer, corrosion in an old oil and gas well led to uncontrolled 
upward migration of pressurised groundwater [20]. Several studies have 
been conducted that systematically investigate leakage through aban
doned wells in the context of CO2 subsurface storage. Kopp et al. [21]
developed a probabilistic framework for assessing CO2 leakage risk 
through abandoned wells and showed that leakage is primarily 
controlled by buoyancy driven migration. Qiao et al. [22] presented a 
semi-analytical pressure-transient model to evaluate CO2 leakage 
through abandoned wells, indicating that well spacing controls leakage 
primarily by delaying pressure propagation and the onset of leakage. 
Postma et al. [23] demonstrated that CO2 leakage through abandoned 
wells is primarily dominated by the spatial extent of the CO2 plume and 
the density of nearby wells. These studies provide a reference for un
derstanding the operational and geological controls on gas leakage 
through abandoned wells in subsurface gas storage.

Drawing on insights from studies of CO2 leakage through abandoned 
wells in CO2 subsurface storage, recent studies have investigated H2 
leakage in UHS with attention to migration through wells. For example, 
Shoushtari et al. [24] developed a semi-analytical model to detect H2 
leakage in multi-layered reservoirs, where gas migrates from a target to 
a non-target layer through wellbore crossflow, and demonstrated that 
leakage rates can reach up to 3.5 million standard cubic feet (MMSCF)/ 
day, primarily governed by interlayer pressure differences and flow 
capacities. Guo et al. [25] conducted numerical reservoir simulations of 
H2 leakage through an abandoned well in a depleted gas reservoir, 
incorporating geological and operational variables such as wellbore 
integrity, reservoir permeability, and shut-in time, and demonstrated 
that wellbore integrity is the dominant control on leakage, with worst- 
case scenarios yielding hydrogen losses up to 1.06 × 105 kg after 10 
years of operation. Current studies primarily rely on reservoir-scale 
numerical simulations to assess H2 leakage through abandoned wells. 
While these simulations capture complex subsurface flow and geological 
features, they are computationally expensive and unsuitable for rapid 
scenario screening or early-stage planning. This limitation motivates the 
development of computationally efficient surrogate models for proba
bilistic leakage assessment.

Surrogate modelling has been explored in subsurface gas storage, 
particularly in CCUS applications, to enable rapid evaluation of leakage 
risk. For example, He et al. [26] combined deep learning-based surro
gate models with Bayesian inversion to identify potential CO2 leakage 
locations from pressure response data, achieving good accuracy while 
substantially reducing computational cost. Baek et al. [27] developed a 
deep learning-based surrogate model to predict time dependent CO2 
leakage rates through abandoned wells for well scale risk assessment, 
covering a range of reservoir and operational parameters as inputs 

including reservoir permeability, porosity, well length, and injection 
rate. Allan et al. [28] proposed a statistical surrogate model based on 
survival analysis to predict the time to CO2 leakage under uncertainty, 
showing that probabilistic frameworks can effectively capture long-term 
leakage risks in CO2 sequestration systems. Chen et al. [29] built 
reduced-order surrogate models to predict CO2 and oil component 
leakage through abandoned wells in CO2-EOR systems, with sensitivity 
analysis showing that leakage increases with reservoir permeability and 
oil composition, while decreases with net-to-gross ratio and residual oil 
saturation. Despite these advances, surrogate modelling studies for 
leakage risk assessment have largely focused on subsurface CO2 systems, 
and comparable work addressing UHS remains limited. In addition, 
uncertainty in multiphase flow behaviour is typically simplified, with 
relative permeability represented by a single set of fixed parameters, 
despite the need for different curve shapes to describe varying reservoir 
conditions. This simplification may overlook an important source of 
uncertainty in gas migration and leakage prediction.

In this study, we develop a logistic surrogate model to predict the 
likelihood of H2 leakage from abandoned wells in depleted gas reser
voirs, paying specific attention to the issue of uncertainty in relative 
permeability behavior. This is addressed through a categorical repre
sentation of relative permeability using multiple physically consistent 
curve families, which allows variability in multiphase flow behaviour to 
be efficiently represented within the surrogate modelling framework. 
The model is trained on outputs from a physics-based reservoir simu
lator that cover not only typical geological and operational conditions, 
but also variations in relative permeability, and predicts whether 
injected H2 will migrate through an abandoned well into overlying 
formations. The model is intended to support early-stage screening, 
where the objective is to identify UHS configurations that may be 
associated with a plausible leakage risk rather than to quantify leakage 
rate or volume. At the screening stage, reservoir-scale parameters are 
generally available, whereas detailed well integrity information 
required for quantitative leakage prediction might only be obtained 
once a leakage risk is identified. Hence, leakage rate and volume are 
comparatively difficult to assess outside of direct investigation. This is 
the first surrogate model developed to predict leakage risk from aban
doned wells at the reservoir scale in the context of UHS, providing direct 
support for leakage-aware site selection and operational planning. The 
rest of the paper is organized as follows. The reservoir simulation 
framework is introduced in Section 2, followed by the development of 
the surrogate model in Section 3. The results and key insights are dis
cussed in Section 4, and the conclusions are presented in Section 5.

2. Reservoir simulation framework

All simulations in this study were performed using the reservoir 
simulator Cirrus (formerly known as PFLOTRAN-OGS), developed by 
OpenGoSim. Cirrus is designed to model multiphase, multicomponent 
flow and transport processes in porous media and is built upon the open- 
source PFLOTRAN framework. Previous benchmarking studies have 
demonstrated close agreement between Cirrus and commercial simula
tors such as CMG in compositional simulations of gas–water flow in 
depleted reservoirs, confirming its robustness and reliability [30,31]. To 
date, Cirrus has been widely used in studies investigating UHS under 
diverse reservoir conditions [32–39]. Therefore, in this study, Cirrus 
serves as the reference model for generating the simulation dataset used 
for surrogate training and validation.

A conceptual model was developed to simulate hydrogen flow within 
a reservoir, as well as its leakage from an abandoned well into an 
overlying aquifer, as illustrated in Fig. 1. The model comprises a reser
voir, an impermeable caprock, an overlying aquifer, one injection well 
(which also functions as a production well), and an abandoned well. The 
model domain is discretized into 100 × 100 × 100 grid blocks, resulting 
in overall dimensions of 5000 m × 5000 m × 2000 m along the x, y, and 
z directions, respectively. This discretization scheme is adopted based on 
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previous studies, ensuring simulation accuracy [25,29,40]. The over
lying aquifer and the caprock each have a thickness of 500 m, while the 
reservoir has a thickness of 1000 m.

The numerical simulations were performed by solving the governing 
equations for mass conservation, as shown below [40]: 

∂
∂t

(

∅
∑np

j=1
xi,jSjηj

)

− ∇ •
∑np

j=1

(
xi,jujηj + ∅SjDjηj∇xi,j

)
+Qi = 0 (2.1) 

Where ∅ represents the porosity, np is the number of phases, j de
notes the phase index, and nc is the number of components. The quantity 
xi,j represents the mole fraction of component i in phase j, and S is the 
saturation of phase j. The term ηj is the molar density of phase j, while uj 

denotes the flow velocity of phase j. The parameter Dj is the diffusion 
coefficient of phase j, and Qi represents the source/sink term of 
component i. The velocity of phase j in the reservoir is described by 
Darcy’s law:

uj = −
kkrj
μj
(∇Pj − ρjg ẑ ) (2.2).

Where k is the absolute permeability, krj is the relative permeability 
of phase j, μj represents the viscosity of phase j, ρj is the mass density of 
phase j, g is the gravitational acceleration, and ẑ is a unit vector in the 
direction of gravity.

Phase densities and viscosities were computed using the GERG 2008 
equation of state. In line with the methodologies reported by Smith et al. 
[41] and Mahdi et al. [42], H2 was adopted as the cushion gas to 
maintain reservoir pressure during the initial stage of storage. After this 
pressure establishment phase, the system was operated under cyclic H2 
injection and production. The analysis therefore centers on the behavior 
of H2-water two-phase flow in porous media. For model tractability, 
several simplifying assumptions were made. The reservoir was consid
ered homogeneous, with properties that do not vary spatially or 
temporally. This is a deliberate design choice aligned with the role of the 
framework as an early-stage screening tool, rather than an attempt to 
reproduce site-specific geological complexity. Reservoir heterogeneity is 
highly site-specific and requires detailed characterisation, which is 
typically not available at the screening stage considered in this study. 
Incorporating such information would require site-specific calibration 
and would reduce the general applicability of the model. Such a 
modelling strategy is consistent with common practice in surrogate- 
based reservoir simulation studies, where simplified or homogeneous 
representations are often adopted to enable efficient exploration of 
parameter space, uncertainty analysis, and rapid decision support 
[43–47].

In addition, bio-chemical reactions and geo-mechanical processes 
were not included, as capturing their effects would expand the param
eter space in a way that makes the surrogate problem intractable. 

Instead, these issues should be addressed in follow-up simulations if a 
project moves to developed design. The system was treated strictly as a 
gas–water two-phase system, with no oil phase involved. As H2 disso
lution in water is very small [48], previous studies indicate that the 
associated hydrogen loss due to dissolution and diffusion is typically on 
the order of 0.1 ~ 1% over the lifetime of UHS [49]. Even at the upper 
bound of this range, such a small reduction in hydrogen volume would 
not meaningfully affect the spatial extent of the gas plume. Conse
quently, plume migration behaviour and its potential to reach and 
interact with abandoned wells would remain effectively unchanged. On 
this basis, H2 dissolution is not expected to influence the prediction of 
leakage occurrence in the present framework, and was therefore not 
included in the simulations.

The influencing variables considered in this study and subsequently 
used for surrogate model development include the reservoir depth (Hr), 
formation permeability (K), porosity (∅), H2 injection rate (Q), the 
distance between injection and abandoned wells (L), and the number of 
injection-production cycles (Nc). Each cycle consists of six months of H2 
injection followed by six months of production, a configuration that has 
been widely adopted in previous studies [50–54]. In addition, the 
selected variable ranges were informed by published studies 
[33,34,50–57] and were intentionally defined to span a wide range of 
conditions that may be encountered in future UHS applications. The 
corresponding ranges are summarized in Table 1. Both the reservoir and 
aquifer formations were assumed to exhibit permeability anisotropy, a 
common feature of natural geological media [25]. A typical anisotropy 
ratio of 1:10 was adopted in this study, with vertical permeability 
defined as one-tenth of the horizontal permeability [25,58]. An aban
doned wellbore was not modelled explicitly with cement and casing 
components due to the complexity of fluid transport within such 
systems.

Instead, consistent with previous studies that treat leaky wells as 
high-permeability vertical pathways [23,25,29,59–61], the abandoned 
well is modelled as a high-permeability channel. A fixed permeability 
value of 4000 mD is adopted and this value is not intended to represent 
any specific abandoned well. Instead, it is used as a screening 

Fig. 1. (a) Schematic illustration of H2 leakage from a depleted reservoir into an overlying aquifer through a leaking well. (b) Corresponding reservoir model 
constructed in this study, with the impermeable caprock hidden for clarity. Leakage occurrence is defined as the presence of H2 in the overlying aquifer.

Table 1 
Variation ranges of the six continuous variables.

variable Lower bound Upper bound

Hr, (m) 1000 3000
∅ 0.1 0.5
K, ( md ) 100 1000
Q, ( Sm3/d ) 104 106

L, ( m ) 70 700
Nc 1 10
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assumption to represent a degraded well condition [23,25,62]. In 
practice, well integrity will depend on cement and casing conditions, 
and is generally not known in advance for candidate wells. The purpose 
of this assumption is to assess whether leakage could occur under a 
conservative degraded-well scenario, and to identify configurations that 
may require further investigation. The model is therefore designed to 
address a screening question, rather than to predict leakage behaviour 
for a specific well. For this reason, the abandoned-well permeability is 
kept constant and is not treated as an uncertain variable in the surrogate 
model. This assumption has been further assessed through additional 
simulations to evaluate its impact on leakage prediction, as presented in 
the Results and discussion section. Prior to model fitting, several 
continuous variables were rescaled to reduce differences in numerical 
magnitude. Reservoir depth, well spacing, and formation permeability 
were divided by 103, while the hydrogen injection rate was divided by 
106. Porosity and the number of cycles were retained in their original 
forms. These transformations were introduced solely to facilitate model 
fitting and did not affect the physical interpretation of the variables.

In addition to the six continuous variables, the H2-water relative 
permeability was treated as a categorical variable in the surrogate model 
to account for uncertainty in the H2-water relative permeability curves. 
Ten distinct sets of H2-water relative permeability (Kr) curves, together 
with the corresponding capillary pressure (Pc) curves, were considered. 
In the numerical simulations, each set of relative permeability curves 
was described using a modified Brooks Corey (BC) model, as adopted in 
previous studies for UHS [40,63,64]. Table 2 lists the parameters used to 
determine the ten Kr curves based on the modified BC model, which is 
expressed as follows. 

krw = krw,Max

(
Sw − Swr

1 − Swr − Sgr

)n

(2.3) 

krg = krg,Max

(

1 −
Sw − Swr

1 − Swr − Sgr

)m

(2.4) 

Pc =
1
α

(
Sw − Swr

1 − Swr

)− 1/λ

(2.5) 

krw denotes the relative permeability of water, and krw,max represents the 
maximum relative permeability of water. Sw is the water saturation, and 
Swr is the residual water saturation. Similarly, krg denotes the relative 
permeability of gas, and krg,max is the maximum relative permeability of 
gas. Sg represents the gas saturation, and Sgr is the residual gas satura
tion. The parameters n and m are the exponents associated with the 
water and gas phases, respectively. The capillary pressure is capped to a 
maximum pressure value, PcMax, as water saturation approaches the 
residual water saturation. The term of 1α represents the critical capillary 
pressure, while λ characterizes the shape of the Pc curve.

The parameters of these Kr curves were derived from published 

H2–water relative permeability functions [65–71], which report 
considerable variability in both relative permeability and capillary 
pressure characteristics. The parameters defining relative permeability 
functions are typically correlated and constrained by experimental ob
servations, reflecting underlying rock properties. As a result, treating 
these parameters as independent continuous inputs may generate curve 
shapes that are physically unrealistic. To address this, relative perme
ability is represented using discrete curve sets derived from the litera
ture, where each set corresponds to a complete and internally consistent 
relative permeability and capillary pressure relationship. This ensures 
that all sampled cases represent physically plausible multiphase flow 
behaviour, while remaining consistent with the objective of the surro
gate model, which focuses on predicting leakage occurrence rather than 
reconstructing detailed flow functions. This representation also differs 
from conventional reservoir simulation studies, where a single relative 
permeability curve is typically adopted for a given reservoir scenario. 
While this is appropriate for site-specific analysis, it does not capture the 
variability reported in experimental measurements when exploring a 
broader parameter space. The present approach therefore enables this 
variability to be incorporated while maintaining physical consistency 
across all simulated cases.

Ten Kr-curve families were selected to provide representative 
coverage of the variability reported in published studies while main
taining a manageable model complexity for surrogate training and 
analysis. Using fewer curves would compress the range of flow behav
iours, while a substantially larger set would reduce the number of sim
ulations available per curve family and limit the ability of the surrogate 
model to resolve curve-specific effects. For ease of discussion, the curves 
are grouped into three categories: low, intermediate, and high mobility. 
However, noticeable differences still exist within each group, and using 
only three categories would not adequately capture this variability. 
Therefore, all ten curves are retained as separate inputs in the surrogate 
model. As shown in Table 2, high mobility curves (1, 5, and 9) corre
spond to higher gas mobility, characterized by low residual gas satura
tion and relatively high gas endpoint permeability. Intermediate 
mobility curves (2, 3, 4, and 8) exhibit intermediate mobility with 
moderate residual gas effects. Low mobility curves (6, 7, and 10) reflect 
lower gas mobility, associated with higher residual gas saturation and 
stronger capillary resistance. The ten Kr curves are shown in Fig. 2.

Based on the above combinations of continuous variables and curve 
classifications, a total of 800 cases were generated using Latin hyper
cube sampling (LHS) within the predefined parameter ranges to ensure 
representative coverage of the multi-dimensional parameter space [53]. 
For each simulation case, the output variable is defined as a binary in
dicator of leakage occurrence. Leakage is considered to have occurred 
when injected hydrogen migrates through the abandoned well and en
ters the overlying layer within the simulation period. Each case is 
therefore assigned a value of 1 (leakage occurred) or 0 (no leakage). This 
binary formulation is adopted to support the screening objective of the 

Table 2 
Parameters of the ten Kr curves based on the modified BC model. The mobility classification corresponding to each curve is listed in the first column. The curves are 
constructed to reflect H2-water relative permeability behaviour reported in the literature, rather than reproducing individual datasets. Each curve represents a 
consistent set of relative permeability and capillary pressure functions, and together they cover a range of gas mobility conditions from high mobility to strong 
trapping.

Curve_ID m Sgr Krg,Max n Swr Krw,Max α λ PcMax Source

1 (High) 2 0.02 0.95 2 0.2 0.98 0.12 0.6 0.3 [66]
2 (Intermediate) 3.5 0.03 0.9 3 0.25 0.95 0.14 0.65 0.5 [66]
3 (Intermediate) 5 0.04 0.85 4 0.3 0.93 0.16 0.7 0.7 [65]
4 (Intermediate) 7 0.06 0.78 5.5 0.35 0.9 0.18 0.75 0.9 [65]
5 (High) 3 0.02 0.98 7 0.18 0.99 0.13 0.62 0.4 [66]
6 (Low) 6 0.08 0.7 2.5 0.5 0.88 0.2 0.8 1.2 [65]
7 (Low) 9 0.1 0.6 6 0.6 0.85 0.24 0.85 1.5 [67]
8 (Intermediate) 5.5 0.07 0.75 8.5 0.4 0.92 0.22 0.78 1 [69]
9 (High) 1.6 0.01 0.9 1.6 0.15 1 0.15 0.72 0.6 [70]
10 (Low) 9.5 0.09 0.55 9 0.7 0.8 0.3 0.9 2 [67]
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model, where the primary question is whether a given configuration 
represents a plausible leakage risk. The resulting dataset was used for 
surrogate model training.

3. Surrogate model development

To investigate the factors contributing to the occurrence of H2 
leakage, logistic regression was adopted in this study. It was selected to 
provide an interpretable relationship between input variables and 
leakage probability, enabling direct analysis of how variations in input 
variables influence predicted outcomes for screening applications. In 
addition, logistic regression offers a high level of portability, as the 
model can be expressed as a closed-form equation consisting of a linear 
combination of inputs followed by a logistic transformation. This allows 
the model to be implemented directly in a spreadsheet environment 
without requiring specialised software or machine learning frameworks. 
This is particularly important for the intended users of the model, 
including reservoir engineers and regulators, who may not have access 
to or familiarity with detailed modelling pipelines. Given the high pre
dictive performance achieved in this study, logistic regression represents 
a suitable and practical choice for the intended purpose.

As a discrete outcome analysis method, logistic regression has been 
widely used by previous studies for the treatment of category dependent 
variables [72–75]. However, in the traditional logistic model, all 
regression coefficients are assumed to be constant across all observa
tions. This assumption in the standard logistic model cannot represent 
situations where the influence of a variable varies between cases 
[74,76–78]. To account for unobserved case-level heterogeneity, that is, 
situations where the effect of a variable may differ between cases, this 
study proposed two Bayesian logistic regression models: Random effect 
logistic model (RELM) and Random parameter logistic model (RPLM). 
RELM introduces a random effect term to capture unobserved hetero
geneity, i.e., variability in how variables influence leakage across 
different cases, while RPLM allows all parameters to vary across 
observed cases for improving modelling accuracy. In all model specifi
cations, the continuous parameters were included in the transformed 
forms defined earlier to ensure comparable scales across variables. The 
categorical parameter, Kr-curve (Curve_ID), was introduced through 
one-hot encoding, with Curve 3 taken as the reference category, as it 
represents an intermediate mobility condition, so that the effects of 
other curve families are interpreted relative to it. These three logistic 
models are introduced as follows:

3.1. Standard logistic model

In the standard logistic model, the H2 leakage outcome is marked as 
yi = 1 and yi = 0 indicates no leakage for the i th observed case. Then 

yi Bernoulli(pi)

logit(pi) = ln
[

pi

1 − pi

]

= β0 +X⋅β = β0 + β1xi,1 + β2xi,2 +⋯+ βkxi,k

(3.1) 

where Y =
[
y1, y2,⋯, yn

]
denotes outcomes in all observed cases; pi 

denotes the probability of H2 leakage occurring for i th observed case 
(i = 1, 2, ⋯, n); β0 is the model constant; β = [β1, β2,⋯, βk] is the 
parameter vector and X =

[
xi,1, xi,2,⋯, xi,k

]
is a vector of explanatory 

variables; k is the number of explanatory variables. Eq.(3.1) can be used 
to link the relationship between probability of H2 leakage and contrib
uting factors (explanatory variables).

Through the Eq.(3.1), pi can be written by 

pi =
exp
(
β0 + β1xi,1 + β2xi,2 + ⋯ + βkxi,k

)

1 + exp
(
β0 + β1xi,1 + β2xi,2 + ⋯ + βkxi,k

) (3.2) 

Then the likelihood function can be given as 

f(Y|β) =
∏n

i=1

[
pyi

i (1 − pi)
1− yi

]

=
∏n

i=1

⎡

⎣

(
exp
(
β0 + β1xi,1 + β2xi,2 + ⋯ + βkxi,k

)

1 + exp
(
β0 + β1xi,1 + β2xi,2 + ⋯ + βkxi,k

)

)yi

(
1

1 + exp
(
β0 + β1xi,1 + β2xi,2 + ⋯ + βkxi,k

)

)1− yi
⎤

⎦

(3.3) 

To estimate parameters in Eq.(3.3), this study employs the Bayesian 
inference approach. The Markov Chain Monte Carlo (MCMC) method is 
adopted to determine the posterior distribution of the model parame
ters. Based on Bayes’ theorem, these posterior distributions can be 
estimated by providing prior distribution, which is shown as 

f(β|Y)∝f(Y|β)π(β) (3.4) 

where f(β|Y) is the joint posterior distribution of estimated parameters β 
based on dataset Y. f(Y|β) denotes the likelihood function of Y condi

Fig. 2. Gas (H2) and water relative permeability curves (Krg and Krw) for the ten Kr curve families. Colours indicate mobility class: black (high), green (inter
mediate), and red (low). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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tional on parameters β. π(β) is the prior distribution of the estimated 
parameters β. The priors are specified as normal distributions with large 
variances and are therefore effectively non-informative: 

β N
(
0k,106Ik

)
(3.5) 

where 0k is the zero vector with dimension of k. Ik is the identity matrix 
with dimension of k × k. Then joint posterior distribution can be derived 
by 

f(β|Y)∝f(Y|β)π(β) =
∏n

i=1

⎡

⎣

(
exp
(
β0 + β1xi,1 + β2xi,2 + ⋯ + βkxi,k

)

1 + exp
(
β0 + β1xi,1 + β2xi,2 + ⋯ + βkxi,k

)

)yi

(
1

1 + exp
(
β0 + β1xi,1 + β2xi,2 + ⋯ + βkxi,k

)

)1− yi
⎤

⎦

×
∏n

i=1

[
1
̅̅̅
2

√
π103

exp

(

−
1
2
(βk)

2

106

)]

(3.6) 

The joint posterior distribution of f(β|Y) in Eq.(3.6) can be generated 
through Metropolis–Hastings sampling method. It should be noted that 
the inference is derived from the remaining draws after burning some 
previous samples.

3.2. Random effect logistic model (RELM)

To account for the unobserved heterogeneity in the standard logistic 
model, RELM allows one error term to vary across cases. Compared to 
standard logistic in Eq.(3.1), RELM can be denoted by

logit(pi)=ln
[

pi
1− pi

]

=β0 +Xβ+εi = β0 +β1xi,1 +β2xi,2 +⋯+βkxi,k +εi 

(3.7).
where εi is an unstructured error term, assumed to follow an inde

pendent normal distribution with zero mean and variance σ2
ε , which can 

be written as 

εi N
(
0, σ2

ε
)
, i = 1, 2,⋯, n 

εi is a varying distribution instead of a certain value so RELM in Eq.(3.7) 
can capture potential heterogeneity more flexibly.

3.3. Random parameter logistic model (RPLM)

Another way to accommodate the unobserved heterogeneity is to 
allow some or all parameters to vary across observed cases. This type of 
logistic model is defined as the RPLM, which is given as

logit(pi)=ln
[

pi
1− pi

]

=β0 +βi,1xi,1 +βi,2xi,2 +⋯+βi,kxi,k +εi (3.8).

where β =
[
βi,1, βi,2,⋯, βi,k

]
indicates a variable random parameter 

vector across cases. These random parameters are assumed to follow the 
independent and normal distribution as 

βi,j N
(

βj, σ2
j

)
, j = 1, 2,⋯, k 

For prediction of new samples, the leakage probability was calcu
lated using the posterior mean parameter estimates obtained from the 
MCMC chains.

3.4. Model comparison

In the Bayesian inference framework, the deviance information cri
terion (DIC) is a commonly used index to compare candidate models 
[79–82]. This index is an Akaike’s information criteria, considering 
complexity and fitting of models, which is defined as 

DIC = D̂ +2(D − D̂) (3.9) 

where the deviance is defined as − 2 times the log-likelihood of the 
model, D denotes the mean deviance over posterior distribution, and D̂ 
is the deviance derived from a model that uses the posterior mean pa
rameters. According to Spiegelhalter et al. [83], a difference of more 
than 5 in DIC is considered to indicate a meaningful improvement in 
model fit.

A schematic overview of the probabilistic surrogate framework 
developed in this study is provided in Fig. S1 in the Supplementary 
Material to illustrate the overall workflow, from input characterization 
to model utilization.

4. Results and discussion

4.1. Reservoir simulation analysis and validation

In this section, a case study is presented as an example to illustrate 
the character of the reservoir simulation and the cyclic operation pro
cess. This case allows the full leakage pathway to be clearly observed, 
from gas flow within the reservoir, upward through the abandoned well, 
and into the overlying formation. The continuous variables for this case 
are set as follows: a depth of 2000 m, a porosity of 0.29, a formation 
permeability of 570 mD, an injection rate of 106 sm3/day, a spacing of 
283 m between injection and leaking well, and 10 operation cycles. 
Relative permeability curve 5 is selected for this case.

Fig. 3 shows the evolution of H2 saturation obtained from the 
reservoir simulations under different storage cycles (the 1st and 5th 
cycles shown as representative examples). During the injection period, 
H2 spreads outward from the well due to the pressure gradient. At the 
same time, it moves upward under buoyancy and accumulates near the 
top of the reservoir. As a result, a high saturation region forms in the 
upper part of the formation and extends laterally along the top. This 
distribution reflects the density difference between H2 and water and 
shows that the numerical model is capturing gravity-driven migration. 
During the production period, the gas saturation region recedes toward 
the well. Gas flows into the well, and the pressure near the well drops. 
This reduces the driving force for outward expansion. The alternating 
expansion and recession of the gas plume during injection and produc
tion agrees with the H2-water flow behavior previously simulated [53].

As the storage cycles increase, the leakage plume grows and the gas 
saturation in the upper formation increases and expands. This trend 
appears in both injection and production periods. The main reason is 
that more H2 remains in the reservoir after each cycle. The average gas 
saturation increases over time, which maintains a vertical pressure dif
ference along the leakage pathway. Even during production, the pres
sure does not fully recover and some gas remains trapped. As a result, 
upward migration continues. The predicted leakage behavior is consis
tent with the results reported by Guo et al [25].

4.2. Surrogate model analysis

The MultiBUGS software was used to conduct Full Bayesian (FB) 
inference for model estimation. Based on simulated data and prior in
formation, FB inference will generate the posterior distribution of the 
estimated parameters. All variances were given a prior distribution of 
gamma(0.001, 0.001). It should be noted that the variances will be 
discussed when the estimated means are statistically significant in 95% 
confidential level. Markov Chain Monte Carlo (MCMC) simulation was 
performed in MultiBUGS for Bayesian inference. Convergence was 
assessed using the Brooks-Gelman-Rubin (BGR) diagnostic. Two chains 
with different starting points were run for 20,000 iterations, of which 
the first 5,000 were discarded as burn-in. Convergence was considered 
to be achieved when the BGR statistic was less than 1.2. The trace plots 
of posterior samples for all parameters in the RPLM model (as an 
example) exhibit stable behaviour without noticeable trends, indicating 
satisfactory mixing and convergence. These plots are provided in the 
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Fig. S2 and S3 in the Supplementary Material.
The model estimation results are shown in Table 3-Table 5. Among 

the three models, the RPLM yields the lowest DIC value (330.5), 
compared to 382.4 for the standard logistic model and 335.7 for the 
RELM. The difference exceeds the threshold of 5, indicating a substan
tially better fit. This improvement reflects the ability of the RPLM to 
account for unobserved heterogeneity by allowing model parameters to 
vary across cases. It is also noted that the signs and relative magnitudes 
of the key coefficients are consistent across the three models, which 
provides additional confidence in the robustness of the results. 
Accordingly, the subsequent analysis is based on the RPLM.

For RPLM, an independent validation set comprising 60 additional 
cases was generated within the predefined variable ranges using LHS to 
ensure representative coverage of the multi-dimensional parameter 
space. These cases were not involved in the surrogate model training 

(out-of-sample). For each case, leakage occurrence was determined 
through reservoir simulation, and the predicted leakage probability was 
obtained from the surrogate model. The reported performance metrics 
therefore reflect agreement between the surrogate model and the un
derlying reservoir simulator, rather than direct comparison with 
experimental or field observations. Using a probability threshold of 0.5, 
the surrogate model achieved an overall accuracy of 0.967 (95% Wilson 
confidence interval: 0.886–0.991), while the recall for leakage events 
was 0.889 (95% Wilson confidence interval: 0.672–0.969). The corre
sponding confusion matrix contained 16 true positives, 2 false negatives, 
0 false positives, and 42 true negatives. These confidence intervals were 
included to reflect the statistical uncertainty associated with the limited 
number of leakage cases in the validation dataset. With a validation set 
of 60 cases, this corresponds to a small number of missed leakage events, 
which is an important consideration in safety-oriented applications. The 

Fig. 3. Evolution of H2 saturation during cyclic underground hydrogen storage. The first row presents the plan-view distribution in the reservoir, and the second row 
shows the cross-section through the injection well plane. In addition, the third row shows the plan-view of H2 leakage into the overlying layer. The red dots in the first 
and third rows highlight the location of the abandoned well. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)

Table 3 
Results of the standard logistic model.

Variables Parameter mean sd Val_2.5pc Val_97.5pc

​ β0 0.2776 0.5108 − 0.731 1.27
Depth β1 − 0.4836 0.163 − 0.8087 − 0.1712
Distance β2 − 6.737 0.5785 − 7.892 − 5.635
Permeability β3 0.3167 0.4365 − 0.5397 1.158
Porosity β4 − 1.745 0.711 − 3.14 − 0.3427
Injection rate β5 3.598 0.4473 2.727 4.472
Number of 

cycles
β6 0.01884 0.04674 − 0.07294 0.11

Curve-1 β7 1.814 0.3735 1.087 2.548
Curve-2 β8 0.905 0.4629 − 0.01706 1.793
Curve-4 β9 0.2677 0.403 − 0.5298 1.047
Curve-5 β10 1.663 0.3843 0.9072 2.403
Curve-6 β11 − 0.1428 0.5209 − 1.206 0.8579
Curve-7 β12 − 2.764 0.6028 − 3.987 − 1.618
Curve-8 β13 − 0.00323 0.4226 − 0.8448 0.8034
Curve-9 β14 1.978 0.4308 1.133 2.819
Curve-10 β15 − 2.699 0.6012 − 3.921 − 1.555
​ DIC 382.4 ​ ​ ​

Table 4 
Results of the RELM, with variables defined as in Table 3.

Parameter mean sd Val_2.5pc Val_97.5pc

β0 0.2493 0.5182 − 0.776 1.273
β1 − 0.4841 0.1658 − 0.808 − 0.1628
β2 − 6.75 0.5867 − 7.912 − 5.624
β3 0.3256 0.447 − 0.5566 1.208
β4 − 1.748 0.7179 − 3.151 − 0.3458
β5 3.621 0.453 2.754 4.514
β6 0.01894 0.04722 − 0.07353 0.1112
β7 1.826 0.3751 1.086 2.546
β8 0.8963 0.4658 − 0.03772 1.786
β9 0.2604 0.4092 − 0.561 1.034
β10 1.67 0.3818 0.9263 2.413
β11 − 0.1513 0.521 − 1.203 0.8464
β12 − 2.773 0.6045 − 4.004 − 1.64
β13 − 0.01856 0.4267 − 0.8786 0.8114
β14 1.995 0.4314 1.159 2.833
β15 − 2.699 0.6017 − 3.918 − 1.564
σε 0.09755 0.06207 0.02418 0.2531
DIC 335.7 ​ ​ ​
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receiver operating characteristic (ROC) curve for the validation dataset 
is presented in Fig. 4. The curve illustrates the discrimination capability 
of the surrogate across varying probability thresholds. The corre
sponding area under the curve (AUC) is 0.995, with a 95% stratified 
bootstrap confidence interval of 0.980–1.000 based on 10,000 resam
ples, indicating clear separation between leakage and non-leakage 
conditions across the investigated scenarios. To further examine this 
aspect, the effect of adjusting the classification threshold was evaluated. 
Reducing the threshold from 0.5 to 0.3 allows all leakage cases in the 
validation set to be correctly identified (Recall = 1.0), at the expense of 

an increase in false positives (Precision = 0.783). This reduction in 
precision is an expected consequence of adopting a more conservative 
threshold. The performance of the model under different classification 
thresholds is summarised in Table S1 in the Supplementary Material.

In addition to the DIC comparison presented earlier, the predictive 
performance of the standard logistic model, the RELM, and the RPLM 
was also evaluated using the independent validation dataset. The com
parison results are summarised in Table S2 in the Supplementary 
Material. Among the three models, the RPLM achieved the highest ac
curacy and AUC values, supporting its selection as the final surrogate 
model. Overall, the close agreement between predicted probabilities and 
simulation outcomes suggests that the surrogate captures the dominant 
trends governing leakage occurrence within the explored parameter 
domain. While a small number of leakage cases are not identified at the 
default threshold, this can be mitigated in practical applications by 
adopting a more conservative classification threshold, or by subjecting 
identified high-risk configurations to further detailed analysis. The 
model is therefore intended as a screening tool, where threshold selec
tion can be adapted to reflect the relative cost of false negatives and false 
positives.

4.3. Regression-based analysis of variables

In this section, we analyze the posterior means of the regression 
coefficients along with their 95% credible intervals to assess how each 
variable influences leakage probability. In addition, the results are 
interpreted alongside the distributions shown in Fig. 5, which provide 
additional insight into how each variable differentiates between leakage 
and non-leakage cases. By considering both the estimated effect and its 
associated uncertainty, we determine whether a given variable tends to 
increase or decrease leakage within the explored parameter range. The 
results offer a clearer interpretation of the model behavior and provide 
further evidence that the surrogate model is exploiting physically real
istic parameter relationships in the synthetic training data.

The mean coefficient for injection rate is 3.863, with a 95% credible 
interval from 3.036 to 4.736, entirely above zero, indicating a strong 
positive effect. Leakage probability rises consistently with increasing 
injection rate, as higher rates generate stronger pressure buildup near 
the well and strengthen the driving force for gas migration. As a result, 
the plume expands more rapidly and can reach the abandoned well 
earlier in the storage cycle. Fig. 5 shows that leakage cases are associated 
with higher injection rates, with a clear upward shift in both median and 
interquartile range. Although some overlap persists, the separation is 
pronounced, indicating that injection rate is a dominant operational 
control. A similarly strong but opposite trend is observed for well dis
tance. The mean coefficient for distance is − 7.234, with a 95% credible 
interval from − 8.352 to − 6.124. Leakage probability declines mark
edly as the spacing between the injection and abandoned wells in
creases, which is expected. Fig. 5 shows a clear separation between 
leakage and non-leakage cases, with leakage predominantly occurring at 
shorter distances. The limited overlap indicates that well spacing pro
vides strong discriminatory power, reflecting its direct control on the 
migration pathway.

The mean coefficient for depth is − 0.586, with a 95% credible in
terval from − 0.977 to − 0.226, indicating a consistent negative effect. 
Leakage probability decreases as reservoir depth increases. Deeper for
mations are subject to higher in-situ pressure, under which H2 is more 
compressed and occupies less volume. For example, with a hydrostatic 
pressure gradient of approximately 10 MPa/km and a geothermal 
gradient of about 30 ◦C/km, reservoir conditions are on the order of 10 
MPa and 323 K at 1 km depth and 30 MPa and 383 K at 3 km depth. 
Under these conditions, the density of H2 increases from about 7.1 kg/ 
m3 to 16.5 kg/m3, corresponding to a reduction in volume of roughly 
57% for the same injected mass. This limits plume expansion and re
duces the likelihood of the gas reaching the abandoned well. A similar 
tendency has been reported in previous studies for CO2 subsurface 

Table 5 
Results of the RPLM, with variables defined as in Table 3.

Parameter mean sd Val_2.5pc Val_97.5pc

β0 0.2525 0.5516 − 0.911 1.273
β1 − 0.5862 0.193 − 0.9771 − 0.2256
β2 − 7.234 0.5653 − 8.352 − 6.124
β3 0.4168 0.5949 − 0.5584 1.581
β4 − 1.653 0.6104 − 2.844 − 0.4886
β5 3.863 0.439 3.036 4.736
β6 − 0.01438 0.05411 − 0.1156 0.09415
β7 2.037 0.42 1.263 2.866
β8 0.8356 0.5623 − 0.3162 1.922
β9 0.2266 0.4641 − 0.6867 1.115
β10 1.961 0.406 1.135 2.771
β11 − 0.2915 0.6452 − 1.61 0.9294
β12 − 2.868 0.6403 − 4.204 − 1.672
β13 − 0.09476 0.4905 − 1.131 0.8041
β14 2.14 0.5143 1.107 3.106
β15 − 2.841 0.6293 − 4.114 − 1.612
σ1 0.05763 0.03073 0.02104 0.1416
σ2 0.3459 0.3869 0.03543 1.442
σ3 0.2664 0.2294 0.04101 0.8455
σ4 0.5088 0.6785 0.04738 2.569
σ5 0.2776 0.3174 0.04105 1.229
σ6 0.01748 0.005369 0.00936 0.03054
σ7 0.3406 0.4039 0.03943 1.44
σ8 0.9922 1.744 0.04621 5.187
σ9 0.5385 0.6922 0.04168 2.429
σ10 0.3355 0.3697 0.03766 1.349
σ11 1.039 1.619 0.04991 5.575
σ12 0.6355 0.7736 0.04226 2.927
σ13 0.7029 0.934 0.04948 3.383
σ14 1.066 2.258 0.04718 5.874
σ15 0.5594 0.6606 0.04845 2.439
σε 0.1183 0.0905 0.02728 0.355
DIC 330.5 ​ ​ ​

Fig. 4. ROC curve for the independent validation dataset of the RPLM surro
gate model.
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storage, where shallower reservoirs exhibit earlier leakage [21]. 
Consistent with Fig. 5, leakage cases tend to extend toward lower depth 
values, although substantial overlap exists between the two groups, 
indicating a consistent but moderate effect.

The mean coefficient for formation permeability is 0.417, while its 
95% credible interval extends from − 0.558 to 1.581 and crosses zero. 
This indicates that formation permeability does not exert a consistent 
directional effect under the modelled conditions. Although permeability 
governs gas flow capacity in porous media, its effect on leakage occur
rence is limited within the range considered in this study (100–1000 

mD). It may be that the tested range, which is based on the character
istics of prospective storage sites, is simply too small to produce a large 
model effect. As illustrated in Fig. 5, the permeability distributions of 
leakage and non-leakage cases largely overlap, with no distinct sepa
ration between the two groups. Both outcomes span nearly the full 
sampled interval, and their median values are comparable. This pattern 
suggests that, under these relatively high-permeability conditions, var
iations in permeability are insufficient to alter whether gas break
through occurs during the modelled operational period. Instead, 
permeability mainly influences migration rate, whereas leakage 

Fig. 5. Distributions of the six continuous variables for leakage and non-leakage cases. The box represents the interquartile range (25th–75th percentiles), and the 
central line denotes the median value. Variables showing clearer separation between the two groups correspond to stronger effects in the surrogate model, whereas 
substantial overlap indicates weaker or non-significant influence.
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occurrence within the investigated ranges and under homogeneous 
reservoir conditions is more strongly associated with geometric spacing 
and injection intensity. Accordingly, its contribution in probability 
space appears weak and statistically non-significant, and this observa
tion may not generalise to more heterogeneous or lower-permeability 
reservoirs.

The mean coefficient for porosity is − 1.653, and its 95% credible 
interval ranges from − 2.844 to − 0.489, indicating a negative effect. 
Increasing porosity is associated with a reduction in leakage probability, 
as larger pore volume allows gas to be accommodated more gradually 
along the migration pathway. This delays the formation of a continuous 
gas phase near the abandoned well. In Fig. 5, leakage cases are slightly 
shifted toward lower porosity values, although substantial overlap re
mains. This indicates a secondary influence rather than a dominant 
control. The mean coefficient for cycle number is − 0.014, and its 95% 
credible interval ranges from − 0.116 to 0.094, spanning zero. This in
dicates that cycle number does not have a statistically stable effect 
within the examined range. While repeated cycling may gradually in
crease residual gas saturation and promote connectivity, production 
phases reduce reservoir pressure and draw gas back toward the injection 
well. These competing effects offset each other, resulting in no clear 
trend. Fig. 5 confirms this result, as the distributions for leakage and 
non-leakage cases are nearly identical across the entire range. The 
opposing effects of gas accumulation and pressure depletion during 
cyclic operation likely offset each other, resulting in no consistent trend. 
In conclusion, the variables that display clear separation between 
leakage and non-leakage cases (well spacing and injection rate) corre
spond to the strongest regression effects within the investigated ranges 
and modelling assumptions, whereas variables with substantial or 
complete overlap (permeability, porosity and cycle number) show 
limited influence under these conditions. Depth occupies an interme
diate role, contributing consistent but less discriminative effects.

The relative permeability curves are treated as a categorical variable 
and are interpreted based on regression coefficients rather than distri
butional comparison. Curves 1, 5, and 9 show consistently positive co
efficients, with 95% credible intervals entirely above zero, indicating a 
statistically robust increase in leakage probability relative to the refer
ence curve (Curve 3). This pattern is consistent with their higher gas 
mobility characteristics. In contrast, Curves 7 and 10 exhibit negative 
coefficients with credible intervals fully below zero, indicating a stable 
reduction in leakage probability. These curves correspond to lower gas 
mobility and stronger capillary restraint, which limit gas connectivity 
toward the abandoned well. The remaining curves (2, 4, 6, and 8) show 
credible intervals that overlap zero, suggesting that their influence is 
conditional and depends on operating conditions and interactions with 
other variables. Overall, the directional trends align with the predefined 
mobility classification of the curve families, indicating that the surrogate 
model captures the underlying physical differences embedded in the 
relative permeability design. Compared with some of the continuous 
variables, whose effects are weak within the tested ranges, the differ
ences between curve families are more distinct. This suggests that the 
representation of relative permeability can influence the predicted 
leakage outcome even when other conditions are held constant.

In addition to the posterior mean coefficients (β), the estimated 
standard deviations (σ) of the random parameters quantify the extent to 
which the corresponding effects vary across the investigated cases. Non- 
zero σ values indicate the presence of coefficient heterogeneity, 
implying that the influence of a given variable on leakage probability is 
not identical across all investigated cases, but varies depending on the 
geological and operational conditions considered. From a physical 
perspective, such variability is expected because leakage is governed by 
the interaction of multiple reservoir properties and operational param
eters. Variables such as well spacing, permeability, porosity, injection 
rate, and relative permeability influence different aspects of plume 
development, migration, and plume–well interaction, and their effects 
may therefore vary under different reservoir conditions. Consequently, 

the sensitivity of leakage probability to a given variable is not fixed, but 
may change under different combinations of geological and operational 
conditions. For the Kr curves, which were introduced as categorical 
variables using Curve 3 as the reference condition, the corresponding σ 
values describe the extent to which the differences between a given Kr 
realisation and the reference curve vary across the investigated cases.

However, the interpretation of this heterogeneity should be consid
ered together with the corresponding β values. Within the random 
parameter logistic model, each random coefficient is assumed to follow a 
normal distribution, 

βi N
(
βi, σ2

i
)

where β determines the location of the coefficient distribution and σ 
controls its spread. To illustrate this concept, Fig. S4 in the 
Supplementary Material presents the estimated coefficient distributions 
for distance and permeability as representative examples. As shown in 
Fig. S4, the β for distance is − 7.234 with a σ of 0.346, whereas 
permeability has a β value of 0.417 and a σ of 0.266. Although the σ for 
distance is slightly larger, the substantially greater magnitude of its β 
results in a coefficient distribution that remains entirely within the 
negative region and well separated from zero. In contrast, the perme
ability coefficient distribution extends much closer to the zero-effect 
region. This comparison also provides insight into the relative impor
tance of the estimated heterogeneity. While non-zero σ values indicate 
that the effects of both variables vary across the investigated cases, the 
practical significance of this variability depends on its magnitude rela
tive to the corresponding mean coefficient. For distance, the estimated 
coefficient distribution remains concentrated around a strongly negative 
mean coefficient, indicating that the overall effect is dominated by the 
average relationship captured by the model. Although some variability 
exists across cases, it is unlikely to substantially alter the predicted in
fluence of distance on leakage probability. In contrast, permeability 
exhibits a much weaker average effect while retaining a comparable 
level of variability. As a result, the estimated coefficient distribution 
extends much closer to the zero-effect region, suggesting that the in
fluence of permeability is more strongly affected by interactions among 
geological and operational variables that are not explicitly represented 
within the linear predictor. Consequently, the effect of permeability on 
leakage probability is more condition-dependent, and a single average 
coefficient provides a less complete description of its influence across 
the investigated scenarios.

4.4. Practical influence on leakage probability

To further compare the relative influence of the continuous vari
ables, the calibrated surrogate model was used to evaluate how leakage 
probability varies across the investigated range of each variable. 
Although the regression coefficients provide information on the direc
tion and statistical significance of each effect as discussed in Sec 4.3, 
they are defined in log-odds space and are therefore not directly com
parable across variables with different units and ranges. To obtain a 
more interpretable measure, each variable was varied from its lower to 
upper bound, while all other variables were fixed at representative 

Table 6 
Change in predicted leakage probability across 
the investigated range of each continuous 
variable.

Variable ΔP

Distance − 0.53
Injection rate 0.44
Depth − 0.12
Porosity − 0.06
Permeability 0.04
Cycle number − 0.01
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midpoint values to provide a consistent reference condition. The 
resulting change in predicted leakage probability was used as an indi
cator of practical influence, defined as 

ΔPi = P
(
xmax

i
)
− P
(
xmin

i
)

(4.1) 

Where P denotes the leakage probability predicted by the surrogate 
model, and xmin

i and xmax
i are the lower and upper bounds of variable i, 

respectively. The corresponding results are summarized in Table 6.
Consistent with the analysis presented in Sec 4.3, the results show 

that well spacing and injection rate produce the largest changes in 
leakage probability across their respective ranges. Increasing well 
spacing leads to a substantial reduction in leakage likelihood, whereas 
increasing injection rate results in a pronounced increase. In compari
son, depth has a moderate effect, while porosity, formation perme
ability, and cycle number induce relatively small changes within the 
investigated ranges. These results suggest that, within the investigated 
ranges and modelling assumptions, operational variables have a more 
pronounced influence on leakage occurrence than intrinsic reservoir 
properties.

In addition to the continuous variables, the influence of relative 
permeability was evaluated by varying the Kr-curve family while 
keeping all continuous variables fixed at their midpoint values. The 
predicted leakage probabilities are shown in Fig. 6, with Curve 3 taken 
as the reference case. A clear difference is observed among the curve 
families. Curves associated with higher mobility (1, 5, and 9) produce 
leakage probabilities of approximately 0.47–0.51, compared with 0.11 
for the reference case. In contrast, Curves 7 and 10 yield very small 
leakage probabilities. The remaining curves fall within an intermediate 
range. Although Curve 6 is also classified as low mobility, it shows a 
weaker reduction in leakage probability and lies closer to the interme
diate range. This reflects that the mobility classification represents a 
continuum rather than discrete levels. At the same time, the predicted 
probability for Curve 6 remains lower than all intermediate curves, 
indicating that the overall ordering across mobility classes is preserved. 
These results show that changing only the relative permeability repre
sentation can lead to substantial differences in predicted leakage prob
ability under otherwise identical conditions. This effect is therefore 
relevant for practical screening and should be considered alongside the 
continuous geological and operational variables.

The analysis presented above is based on a simplified representation 
of the abandoned well as a high-permeability pathway with a fixed 

permeability value of 4000 mD. To further examine the influence of this 
assumption on leakage prediction, 18 additional simulations were per
formed by varying the abandoned-well permeability over three orders of 
magnitude (400, 4000, and 40,000 mD), while keeping all other vari
ables unchanged. As shown in Table S3 in supplementary material, 
Cases 1–6 represent clear leakage cases, Cases 7–9 represent a near- 
threshold leakage case, Cases 10–12 represent a near-threshold non- 
leakage case, and Cases 13–18 represent clear non-leakage cases. The 
results show that the leakage classification remains unchanged for the 
clear leakage and clear non-leakage cases. The near-threshold non- 
leakage case also remains non-leaking even at 40,000 mD, whereas the 
near-threshold leakage case changes to non-leakage only at the lowest 
permeability value of 400 mD. This suggests that abandoned-well 
permeability affects the binary leakage outcome only under marginal 
near-threshold conditions and when the well conductivity approaches 
the permeability level of the surrounding formation. Since 400 mD is 
already within the same order of magnitude as the formation perme
ability range considered in this study, it is better regarded as a low- 
permeability sensitivity case rather than a representative degraded 
abandoned-well condition. The timing of leakage varies, with higher 
permeability leading to earlier arrival of gas in the overlying aquifer. 
Overall, the results support the interpretation that leakage occurrence is 
primarily controlled by plume migration at the reservoir scale, while 
abandoned-well permeability mainly influences the rate and completion 
of vertical transport after plume arrival.

5. Conclusions

This study presents a reservoir-scale probabilistic framework for 
assessing hydrogen leakage through abandoned wells in depleted gas 
reservoirs. A logistic surrogate model was developed based on multi
phase reservoir simulations, enabling rapid evaluation of leakage like
lihood across a broad range of geological and operational conditions.

Within the investigated variable ranges and under homogeneous 
reservoir conditions, well spacing and injection rate emerge as the pri
mary controls on leakage probability. In contrast, formation perme
ability does not exhibit a consistent directional effect under the 
relatively high-permeability conditions considered (100–1000 mD). 
Reservoir depth and porosity are negatively associated with leakage 
probability, reflecting their influence on in-situ pressure conditions and 
storage capacity.

Fig. 6. Predicted leakage probability for the ten Kr curves, with all continuous variables fixed at their midpoint values. Colors indicate mobility class: black (high), 
green (intermediate), and red (low). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Uncertainty in H2-water relative permeability also affects leakage 
predictions. Kr-curve families characterized by higher gas mobility in
crease leakage likelihood relative to the reference condition, whereas 
lower-mobility curves reduce it. These trends are consistent with the 
underlying physical-based flow behavior represented in the reservoir 
simulations and the surrogate model successfully captures these struc
tural flow differences. The proposed framework provides an efficient 
approach for leakage-aware screening and operational planning in UHS 
projects. By integrating reservoir-scale physics with probabilistic 
modelling, this work supports risk-informed evaluation during the early 
design stage of UHS deployment.

It should be noted that the present framework adopts a simplified 
representation of multiphase flow behaviour by treating relative 
permeability as discrete curve sets, which enables efficient handling of 
uncertainty but does not capture continuous variability. Furthermore, 
field-scale datasets for hydrogen leakage through abandoned wells in 
UHS are not yet available, reflecting a limitation of the current state of 
the field. In addition, the reservoir is represented as homogeneous in this 
study. While real subsurface systems are inherently heterogeneous, such 
heterogeneity is typically site-specific and requires detailed characteri
sation. Incorporating these features into a general screening framework 
would require site-specific information that is not available at the stage 
considered in this study. These simplifications are consistent with the 
role of the framework as a screening tool, where the objective is to 
provide a first-order assessment of leakage risk across a wide range of 
conditions. Within this framework, the present model represents the first 
stage of a two-stage workflow, in which the objective is to screen a wide 
range of configurations and identify those that may pose a plausible 
leakage risk.

In the second stage, configurations identified as high-risk should be 
analysed in greater detail using more advanced simulations that incor
porate reservoir heterogeneity and well-specific characteristics. This 
would enable more precise quantification of leakage behaviour, 
including leakage rate, timing and cumulative volume, as part of future 
work. In addition, the simulation dataset generated in this study can also 
be used to develop conditional surrogate models that predict these 
quantities specifically for configurations classified as leakage prone.
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