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ABSTRACT: Injecting CO2 into depleted oil and gas reservoirs is a cost-effective method for geological CO2 seques-
tration as these reservoirs commonly possess proven capacity and sealing structures, and require lower exploration
costs. The extracted brine can also be utilized for various thermal purposes. The presence of both natural and induced
fractures in depleted oil and gas reservoirs can significantly impact their capacity for CO2 sequestration and thermal
exploitation. Accurate simulation of the multi-phase transport and heat transfer resulting from CO2 injection requires
a clear definition of properties for both the fracture and porous media. However, estimation of these properties,
especially those of fractures, can be challenging and subject to significant uncertainty. This paper evaluates the extent
to which uncertainty in fracture and matrix parameters affects simulated flow and transport results and the associated
CO2 sequestration and geothermal energy extraction metrics. This is done through Monte Carlo-based uncertainty
propagation analysis and Sobol-based global sensitivity analysis. Polynomial chaos expansions are used to analyze
continuous changes of response variables with variations in the input parameters within a reasonable computational
time. The effect of uncertainty in fracture length, aperture and rotation angle, longitudinal and transverse dispersivity,
reservoir permeability and anisotropy, and the van Genuchten-Mualem parameters are assessed. Based on the results,
these parameters are ranked according to their influence on the mass of stored CO2, reservoir heat loss, brine-based
heat flux in the production well, and a measure of the CO2 travel time.

KEYWORDS: Depleted oil reservoir; geological CO2 sequestration; fractured reservoir; heat transfer; numerical
simulation; Sobol’ indices

1 Introduction
Geological CO2 sequestration (GCS) is a promising approach to offset rising carbon dioxide levels

in the atmosphere to mitigate global warming [1]. An economically attractive option for GCS is to inject
CO2 into depleted oil/gas reservoirs [2]. Such depleted reservoirs commonly possess proven capacity and
sealing structures, requiring fewer exploration costs than many other formations, as they often already have
significant exploration history [3]. Further cost-saving can be achieved using existing oil/gas production
infrastructure and deep-drilled wells [4,5]. Many of the previously discovered oil and gas reservoirs in the
world are now either depleted or at the tail-end of their production life [6], providing a substantial potential
capacity for GCS [5,7]. In addition, a considerable percentage of these depleted oil/gas reservoirs have
thermal energy production potentials and thermal energy can be extracted from the produced hot brine [8],
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and the reservoir can also be used for CO2-circulated geothermal energy production after the end of the
sequestration phase [3]. The latter is often referred to as a CO2 plume geothermal system. This concept, gener-
ally referred to as CO2 plume geothermal (CPG), has been explored through dedicated techno-economic and
numerical studies of CO2-based heat and electricity generation [9], safety- and cost-oriented reviews of CO2
storage [10], applications to fault-bounded and heterogeneous geothermal reservoirs [11,12], well-scale CPG
production optimization [13], and multistage-stimulated CO2-EGS performance [14]; fractured CO2-based
geothermal reservoirs have also been modeled using coupled thermo-hydro-mechanical simulation com-
bined with machine-learning surrogates [15]. Fault- and fracture-zone properties are similarly recognized as
first-order controls on both containment and pressurization risk in carbonate and other reservoirs [16], while
conceptual-model uncertainty [17], regional-scale storage workflows [18], dual-porosity representations of
fractured storage reservoirs [19], cross-scale characterization of CO2 capture and storage [20], and enhanced-
oil-recovery practice in challenging carbonate settings [21] further motivate the fracture-focused treatment
adopted here; related fractured-reservoir sequestration and trapping studies [22,23] round out this body
of work.

It is estimated that more than half of the world`s conventional oil and gas is stored in naturally fractured
reservoirs [24]. The Middle East, for example, is dominated by such reservoirs [25]. Oil and gas reservoirs
may also become artificially fractured during their lifespan to enhance hydrocarbon recovery [26,27].
Depleted hydrocarbon reservoirs of this type have received little attention as potential candidates for
GCS systems [28]. This is partly because natural or induced fractures in such reservoirs are commonly
regarded primarily as a geomechanical and containment risk—raising concerns over induced seismicity,
fault reactivation, and preferential CO2 leakage pathways toward shallower formations—rather than as a
resource to be characterized and exploited, and partly because the coupled multiphase-flow, heat-transfer
and geomechanical behavior of fractured reservoirs is more complex to simulate than that of the more
homogeneous saline aquifers that have received the bulk of attention in the GCS literature. This perceived
risk must nonetheless be weighed against the practical advantages of depleted hydrocarbon reservoirs noted
above (proven containment history, existing site characterization, and reusable infrastructure), and a more
quantitative, physics-based understanding of how fractures affect both CO2 containment and the exploitable
geothermal resource is needed to support this risk-benefit assessment; the present study aims to contribute to
that understanding [29]. The permeability provided by fractures is often several orders of magnitude higher
than the primary permeability of the porous rock matrix, resulting in preferential flow paths for the invading
fluid [30]. The high permeability of fractures may result in a fast flow of CO2 without significant storage in the
reservoir, which may lead to increased spatial spreading, escaping, and leaking of CO2 [31]. Hence, fractures
are generally regarded as potential escape routes for the injected CO2, which can negatively impact the storage
capacity of a specific reservoir [32]. Field- and laboratory-informed evaluations of CO2 leakage through
fracture zones [33] and of fault reactivation via fracture-network connectivity [34] reinforce this concern;
complementary core-scale NMR studies of residual CO2 trapping [35] and recent reviews of leakage-risk
assessment, monitoring, and control across GCS sites [36] provide additional context for the risk-benefit
framing adopted here. This fracture-leakage risk is not purely a mass-transport problem, however: because
CO2 injection also imposes a strong thermal perturbation on the reservoir (cold CO2 displacing hot brine),
the resulting thermal contraction and pressure changes can themselves affect fracture aperture, effective
permeability and, in turn, the leakage risk, while the same fracture network that controls leakage also controls
how much of the geothermal resource can be recovered. Despite this coupling, the impact of fractures on
the coupled phase transport and heat transfer for GCS is not well studied, and existing risk assessments of
fractured GCS systems rarely incorporate the thermal response explicitly, despite recent calls in the broader
fractured-rock literature for more integrated treatments of coupled flow, heat and geomechanical processes.



Energy Eng. 2027;124(1):13 3

One way to study this problem fast and economically justifiable as a preliminary study is through numerical
modelling and global sensitivity analysis [37].

Numerical models have been applied to GCS across various formation types, spanning from carbon-
ate reservoirs [38] to sedimentary aquifers [29]. More recently, embedded- and explicit-discrete-fracture
formulations have been used to simulate coupled CO2-EOR and storage in fractured shale and tight
reservoirs [39–42], multiscale CO2 hydrate and hydrate-cap storage [43,44], CO2-N2 mixture dissolution
with cross-diffusion effects in saturated porous media [45], and large-scale parallel compositional simulation
of CO2 storage [46], while coupled multigrid solvers have targeted the numerical stiffness introduced by
fractured porous media more broadly [47]. Predictions made by these models are commonly affected by
input parameters and structural uncertainties caused by data inadequacy, simplifying assumptions, and
natural stochasticity [48,49]. Managing the resulting negative effects on model reliability has two interrelated
tasks [50]: (1) uncertainty propagation analysis (UPA) to quantify model output uncertainties and (2)
global sensitivity analysis (GSA) to gain insight into the most significant contributors of model output
uncertainty [51]. The majority of studies on GCS modeling employ discrete model scenarios to analyze
the impact of input variations on model outputs [52]. However fewer studies have addressed formal UPA
and GSA for various types of CO2 sequestration problems [53–55]. In these studies, UPA is commonly
done through Monte Carlo simulations (MCSs) by directly incorporating the numerical model, or using
data-driven surrogate models such as neural networks [56], polynomial chaos expansion (PCE) [57], and
support vector machines [5] to reduce the computational time. More recent workflows further combine
Bayesian-optimized machine-learning surrogates with Monte Carlo-based UPA and Sobol-based GSA for
CO2 storage prediction [58,59]. Uncertainty in the numerical/geological model itself has also been shown
to be a significant contributor to prediction spread in field-scale CCS case studies [60]. The most used
GSA measure in previous studies is the variance-based Sobol Sobol indices, largely because, unlike local
or one-at-a-time sensitivity measures, Sobol indices decompose the output variance into contributions
from individual parameters and their interactions without assuming linearity or monotonicity of the input-
output relationship, which is essential for the strongly nonlinear, multiphase and thermally coupled response
addressed here [53,61–63].

Some specific features of depleted oil/gas reservoirs have been less explored in the past GCS modeling
studies. In the context of both UPA and GSA, uncertain input parameters of interest are mostly reservoir
permeability [53,64–66], reservoir porosity [62,64,65], van Genuchten-Mualem (VGM) parameter [61],
fracture/fault angle [67], and CO2 injection rate [54,66,68]. The output quantities of interest (QoIs) are CO2
saturation, pressure buildup at a particular time and location [53,61], net CO2 storage rate [65], and CO2
leakage rate [53,66,69]. Few studies have addressed small/moderate-scale closed-boundary systems [38],
typical of depleted oil/gas reservoirs, in which the thermal capacity and the uncertainty analysis of the
extracted brine at the same time as the uncertainty associated with the injected CO2 (i.e., coupled CO2
sequestration and heat transfer for thermal extraction of hot brine) in an explicitly fractured domain with a
single or multiple considerable conduits existing in the domain.

Stochastic techno-economic analysis of CO2-circulated geothermal energy production in closed reser-
voir systems has already been addressed by [3], including UPA and GSA of the coupled process. The present
study builds directly on that framework but focuses specifically on the role of an explicit fracture: rather
than treating the reservoir as an equivalent homogeneous medium, the fracture is represented geometrically
(with its own length, aperture and orientation as uncertain parameters), and the GSA is used to rank fracture
properties against matrix properties for each output metric. The novelty of the present work therefore lies
not in the general UPA/GSA framework, which follows established practice, but in this explicit fracture-
vs-matrix Sobol ranking for the coupled CO2 sequestration and geothermal heat extraction problem in a
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closed, depleted-reservoir setting. The objective of this paper is to systematically evaluate how uncertainty in
fracture and matrix parameters affects simulated results of coupled phase transport (i.e., CO2 sequestration)
heat transfer (i.e., brine-based geothermal energy extraction) metrics in an explicitly fractured domain. PCE
meta-models are developed and used to analyze continuous changes in the response variables with variations
in the input parameters within a reasonable computational time. The structure of the paper is as follows: the
GCS problem and the governing equations of the mathematical model used in its simulations are described,
the UPA and GSA methodology is explained, the results of UPA and GSA are presented concerning each
of the output metrics, and physical insight is provided. The paper is wrapped up with a summary of the
key findings.

2 Methodology

2.1 Problem Statement and the Simulation Domain
Flow in a reservoir can be dominated by flow in a single fracture or fault [70–72], or by an interconnected

network of fractures [73]. In both situations, the temporal and spatial characteristics of flow and heat
exchange between the fluid flow in a single fracture and the surrounding rock matrix play a key role in
reservoir performance [74]. Hence, in line with the purpose of this study, a simplified single-fracture closed-
boundary system is assumed, as illustrated in Fig. 1a. The problem consists of a 500 m × 500 m × 150 m
reservoir sector including a CO2 injection well in one corner, and a production well at the opposite corner
(i.e., diagonally) in a single explicitly fractured porous media. For the sake of simplicity and reducing the
calculation effort, the solution domain is assumed only in the x-y plane, and the phase saturation and
temperature in the z-direction are assumed constant (i.e., the dimension of the solution is reduced from three
dimensions to two). Because the 2D domain represents a horizontal (x-y) slice of the reservoir, the gravity
term (ρg∇z) in Eq. (1) acts out of plane and is effectively absent from the simulated flow field; buoyancy-
driven CO2 override and vertical gravity segregation are therefore not captured. This is an acceptable
simplification for the purpose of this preliminary, sensitivity-oriented study, which focuses on the horizontal,
fracture-controlled component of plume migration, but it is a limitation that should be considered when
extending the conclusions to full 3D reservoir behavior, where gravity override typically promotes upward
CO2 migration and can alter the sweep efficiency and the fracture-vs-matrix balance reported here. The
simulation domain and boundary conditions, as well as the position of the injection and production wells,
are illustrated in Fig. 1b. The porous matrix is homogeneous but anisotropic (i.e., with different permeability
in the and directions). The fracture has an inclination angle of, length of, and an aperture of.

Figure 1: (a) 3D schematics of the problem, (b) 2D schematics of the reservoir sector with its boundary conditions.
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All boundaries are impermeable and thermally insulated. These closed, no-flow/no-flux boundaries
are chosen to represent a depleted, structurally bounded reservoir compartment isolated by sealing faults
or stratigraphic pinch-outs, which is the target setting motivating this study (small/moderate-scale closed-
boundary systems typical of depleted oil/gas reservoirs); this idealization allows the mass and energy balance
of the system to be tracked exactly, which is convenient for the UPA/GSA framework, at the cost of
neglecting any residual connectivity to the surrounding formation that a real, imperfectly sealed reservoir
might have. The matrix is treated as homogeneous but anisotropic, rather than heterogeneous, so that the
parametric uncertainty explored here can be attributed unambiguously to the fracture and to a small set of
matrix/anisotropy/VGM parameters, isolating the specific research question of fracture-vs-matrix influence
from the confounding effect of matrix heterogeneity; introducing matrix heterogeneity is a natural extension
of this framework, left for future work. Likewise, the reservoir is initialized brine-saturated at native pressure-
temperature conditions, and CO2 is injected cold and supercritical, in line with the depleted-oil/gas-reservoir
GCS scenario adopted from prior closed-reservoir studies [3,38] The reservoir is initially saturated with
brine, and an initial pressure of 36.7 MPa and temperature of 420 K (i.e., 147○C) are specified as the initial
conditions for every element in the domain. The temperature of the injected CO2 is specified as 350 K (i.e.,
77○C), and CO2 is kept at a supercritical state by maintaining a pressure above that of critical pressure of
7.38 MPa at the injection well. The injection well is operated under a 36 MPa bottom-hole pressure control
which is considstent with the 2 km depth assumption of the reservoirthe production well is operated such
that, in this closed, no-flow-boundary domain, the produced brine (and later CO2) mass balances the injected
CO2 mass over the simulated period. The injected CO2 gradually displaces brine, and spreads from the
injection well to the production well [38], slowly creating a CO2-dominated media.

2.2 Governing Equations and Numerical Discretization
The problem described in the previous sub-section is numerically simulated using the finite element-

based software COMSOL Multiphysics R©. The two-phase flow of CO2 and brine in fractured porous media
is governed by the multiphase Darcy’s law and mass balance equation [75,76]:

uβ
α = ρα

ks kβ
rα

μα
⋅ (∇Pβ

α − ρβ
αg∇z) (1)

φβ ∂(ρα Sβ
α)

∂t
−∇ ⋅ uβ

α = 0 (2)

Sβ
w + Sβ

g = 1 (3)

where, Pβ
α (Pa) is the pressure of the phase α and medium β. α can have the subscript w for brine as the

wetting phase, or the subscript g for CO2 as the non-wetting phase. The superscript β is associated with
fracture (F) and the porous matrix (M) and indicates that Darcy’s law was applied to simulate the multiphase
flow in both the porous matrix and the fracture. uβ

α (m/s) denotes the Darcy velocity vector of phase α in the
media β. μα (Pa⋅s) is the dynamic viscosity of the fluid, and kβ

rα (-) is the relative permeability. ks (m/s) is
the absolute permeability, g (m/s2) is the acceleration of gravity, φβ (-) is the porosity, and ρα (kg/m3) is the
density of phase α.
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CO2 and brine densities and viscosities are treated as functions of local pressure and temperature rather
than held constant, using COMSOL’s built-in real-fluid property libraries for CO2 and brine; this is important
given that pressure and temperature vary over roughly 350–420 K and up to ≈36 MPa in this problem. In
this study, the VGM equations [77,78] are used to relate the phase saturations to capillary pressure (Pβ

c ) (Pa)
and relative permeabilities:

Pβ
c = Pβ

d [(S
β
ew)
−1/mβ

− 1]
1/nβ

(4)

where Pd (Pa) is the non-wetting fluid entry pressure, and nβ (-) and mβ (-) are the VGM parameters, defined
as [77]:

mβ = 1 − 1
nβ (5)

Sβ
ew (-) in Eq. (4) is the effective water saturation defined as [77]:

Sβ
ew =

Sβ
w − Sβ

rw

1 − Sβ
rw − Sβ

r g
(6)

where Sβ
rw (-) and Sβ

r g (-) are the residual saturations of the wetting phase (i.e., brine) and the non-wetting
phase (i.e., CO2), respectively. The relative permeabilities kβ

rw (-) and kβ
r g (-) are defined in the VGM model

as follows: [77]:

kβ
rw =
√

Sβ
ew

⎡⎢⎢⎢⎢⎣
1 − (1 − Sβ

ew
mβ−1

)
mβ⎤⎥⎥⎥⎥⎦

2

(7)

kβ
r g =
√

1 − Sβ
ew (1 − Sew

β mβ−1

)
2mβ

(8)

The heat transfer in the fractured porous media is governed by the following partial differential
equation [76]:

dz (ρβCβ)eff
∂T β

∂t
+ dz ρβCβuβ ⋅ ∇∂T β +∇ ⋅ qβ = f β (9)

where T β (K) is the temperature (i.e., the state variable for heat transfer), dz (m) is the reservoir thickness,
and f β (W/m2) is the heat flux source-sink term. ρβ (kg/m3) as the bulk density of the media β, Cβ (J/kg⋅K)
as the bulk specific heat of the media β, in addition to uβ (m/s) (i.e., the total phase transport flux) and qβ

(W/m) (i.e., the dispersive heat flux), are given as following [76]:

ρβ = φβ Sβ
w ρw + φβ Sβ

g ρg + (1 − φβ) ρs (10)

Cβ = φβ Sβ
w Cw + φβ Sβ

g Cg + (1 − φβ)Cs (11)

uβ = φβ Sβ
w uβ

w + φβ Sβ
g uβ

g (12)

qβ = −dz Dβ∇∂T β (13)
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where ρw (kg/m3), ρg (kg/m3) and ρs (kg/m3) are the brine, CO2, and grain densities, respectively. Moreover,
Cw (J/kg⋅K), Cg (JI/kg⋅K) and Cs (J/kg⋅K) are the specific heat of brine, CO2, and the porous grains,
respectively. Dβ (W/mK) is the bulk thermal conductivity, defined as:

Dβ = φβ Sβ
w Dw I + φβ Sβ

g Dg I + (1 − θp)DS I + Dβ
disp (14)

Dβ
disp = (α

β
L − αβ

T)
uβ × uβ

∣uβ ∣ + αβ
T ∣u

β ∣ (15)

where Dw (W/mK), Dg (W/mK) and Ds (W/mK) are the conductivity of brine, CO2, and grains, respectively.
Dβ

disp (W/m⋅K) is the dispersive heat conductivity of the fluid and αβ
L (m) and αβ

T (m) are the longitudinal
and transverse dispersivity coefficients of the β medium, respectively.

COMSOL, as mentioned earlier, has been used for the spatial and temporal discretization and the
simulation process. In recent years, geoscientists have increasingly shown interest in COMSOL. One of
the primary benefits of COMSOL is its versatility, as it offers a variety of physical modules and the ability
to couple them with different physics and geometries. The abilities of COMSOL has been evaluated and
highlighted by the authors of this work previously on coupled transport processes in porous media and
fractured porous media [79–81]. The COMSOL model of our case study is created by coupling the ‘Phase
Transport in Porous Media’ and the ‘Heat Transfer in Porous Media’ modules. The ‘Multiphase Flow in Porous
Media’ interface combines ‘Darcy’s Law interface’ with the ‘Phase Transport in Porous Media interface’ to
model the flow and transport of multiple immiscible phases in a fractured porous medium. Consistent with
this immiscible two-phase formulation, CO2 dissolution into brine, solubility (dissolution) trapping, residual
(capillary) trapping beyond that captured by the VGM relative permeability curves, mineral trapping and
associated geochemical reactions, and leakage through the caprock or bounding faults are not represented in
the present model, although these mechanisms can be important where fault zones bound the reservoir and
are themselves a source of uncertainty. This is a reasonable simplification for a first, sensitivity-oriented study
focused on the free-phase CO2 and heat transport controlled by the explicit fracture, but it implies that the
reported stored-CO2-mass metrics correspond to free-phase (structural/hydrodynamic) trapping only, and
the absolute stored-mass values would be expected to increase, and the associated uncertainty to change, once
dissolution and mineral trapping are accounted for in future extensions of this work [82]. The ‘Heat Transfer
in Porous Media’ interface is used to model heat transfer by both conduction and convection mechanisms.
The temperature equation in porous media corresponds to the advection-conduction/dispersion equation
with thermodynamic averaging model properties to account for both solid matrix and fluid properties. The
simulations are done using the ‘Time Domain’ module of COMSOL for delivering the temporal response
of phase transport and heat transfer. Numerical simulations are carried out with a triangular irregular
mesh generated by the COMSOL meshing tool. The domain is discretized into approximately 20,000 to
23,000 elements (i.e., depending on the fracture geometry the number of elements vary) (Fig. 2a), of which
approximately half belong to the discretization of the fracture (Fig. 2b). The mesh is highly refined inside
and in the vicinity of the fracture. The reason for this mesh grid distribution is that the phase transport and
heat transfer produce a highly variable gradient near the fracture. The simulation period is considered 10,000
days (approximately 27 years). The time steps are adapted by COMSOL for better convergence and faster
simulation (i.e., less computation effort). The values of fixed model input parameters are presented in Table 1.
A brief mesh sensitivity analysis is given in the Appendix A which shows that the results are not sensitive to
the grid size and element number in the range that we have considered for our simulations. Fig. A1 shows
that the point-wise saturation and temperature time series, and the mass/heat-loss/heat-flux metrics, are
stable and effectively independent of grid size over the tested range. Fig. A2 confirms this at the spatial level,
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showing that the 50% CO2 saturation and 400 K temperature contour lines are essentially unchanged across
mesh refinements from approximately 4000 to 40,000 elements.

Figure 2: Numerical discretization of the problem: (a) The whole domain and (b) a zoomed square near the fracture.

Table 1: Fixed input parameter values in the simulation of the reservoir.

Parameter Value Unit
Formation

Reservoir dimensions* 500 × 500 × 150 m
Reservoir thickness** 150 m
Rock grain density* 2650 kg/m3

Rock specific heat* 1000 J/kg/K
Rock thermal conductivity* 2.1 W/m/K
Porous matrix porosity** 0.2 –

Initial conditions*
Average reservoir pressure (Pin)** 36.7 MPa
Reservoir temperature*** 420.15 K

Production/injection
Injector–producer distance* 707.1 m
Injection temperature (Tinj)* 350 K

Fracture***
Fracture porosity*** 1.0 –
Well radius* 0.1 m

Note: *[83]; **[84]; ***[85].

The fixed parameter values in Table 1 are not all drawn from a single field: the reservoir/rock properties
and initial conditions follow and, two widely used reference case studies for CO2-based geothermal systems
in generic sedimentary reservoirs, while the fracture porosity follows the discrete-fracture modeling study
of. These sources were chosen because they provide an internally consistent, previously validated parameter
set for the type of CO2-brine-heat problem addressed here, rather than because they describe one specific
field site; the resulting reservoir is therefore best regarded as a realistic but generic depleted reservoir
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analogue, consistent with the preliminary, sensitivity-oriented scope of this study rather than a site-specific
assessment [83–85].

2.3 Uncertain Input Parameters and Output Metrics
Eight input parameters are assumed to be uncertain. These parameters can be classified into three

groups: (1) selected fracture properties, including fracture angle (θF), length (LF), and aperture (ωF), (2)
porous matrix properties, including permeability (kM), anisotropy (rK = kM

y /kM
x ), and the VGM parameter

nM (see Eqs. (3) and (4)) the thermal transfer-based parameters including: longitudinal (αL) and transverse
(αT ) dispersivities. The uncertainty of these parameters is characterized by either uniform or log-uniform
distributions, as described in Table 2.

Table 2: Characteristics of the hypothetical PDFs of the uncertain input parameters.

Parameter PDF Type Min Max Value in Deterministic
Simulation Unit

Longitudinal dispersivity (αM
L ) Log-uniform 0.1 1 0.55 m

Transverse dispersivity (αM
T ) Log-uniform 0.1 1 0.55 m

Reservoir permeability (kM) Log-uniform 10−14 10−11 10−12.5 m2

Reservoir anisotropy (rK)* Log-uniform 0.1 10 5.05 –
Fracture aperture (wF) Log-uniform 10−4 3.16 × 10−3 1.63 × 10−3 m
Fracture length (LF) Uniform 100 400 250 m

VGM parameter (nM) Uniform 2 5 3.5 –
Fracture rotation angle (θF) Uniform 10 80 45 degree

Note: *This is the ratio between kM in the x and y directions = kM
y /kM

x .

The model output QoIs (a.k.a. metrics) for this problem are chosen as follows:

• The non-dimensional mass of stored CO2 in the reservoir after 2000 and 10,000 days, which are denoted
by M2000d

C O2
(-) and M10000d

C O2
(-), respectively. This QoI is normalized by dividing by the mass of the

reservoir pores filled with CO2 (i.e., assuming CO2 fills the reservoir pore volume). M2000d
C O2

is chosen to
represent the early stages of CO2 sequestration, and M10000d

C O2
pertains to the final state of CO2 storage in

the reservoir.
• The non-dimensional heat loss of the reservoir after 2000 and 10,000 days, denoted by V 2000d

T (-) and
V 10000d

T (-), respectively. The non-dimensional heat loss is calculated by dividing the volume of the
reservoir with temperature reduced to below 127○C, by the total reservoir volume, and represents the
fraction of the reservoir cooled down during a given period.

• Brine-based heat flux in the production well (Wm−2) after 2000 and 10,000 days, denoted by QT
2000d

(Wm−2) and QT
10000d (Wm−2), respectively. These QoIs represent the amount of heat that can be

produced from hot brine during a given period of CO2 sequestration.
• Time (d) (after the start of CO2 injection) for which the CO2 cut in the produced fluid reaches 0.8. This

is denoted by T80% (d) and marks approximately the end of the sequestration phase.

For the minority of realizations in which the 0.8 CO2-cut threshold is not reached within the 10,000-day
simulated window, T80% is obtained by extrapolating the simulated CO2-cut-vs-time curve using a fitted
logistic/exponential trend beyond t = 10,000 days. This metric therefore carries added uncertainty for the
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slowest-breakthrough realizations, consistent with it showing the highest coefficient of variation among all
output metrics (Table 3); this caveat is noted when interpreting the T80% results.

Table 3: Statistical characteristics of the metrics.

Range Minimum Maximum Mean Standard
Deviation

Coefficient
of Variation Skewness

M2000d
C O2

(-) 0.0024 0.1664 0.1688 0.1687 0.00052 0.0031 −0.4220

M10000d
C O2

(-) 0.0717 0.3664 0.4381 0.4277 0.011234 0.0262 −2.2571

V 2000d
T (-) 0.0272 0.0260 0.0532 0.0345 0.0045323 0.1312 0.8955

V 10000d
T (-) 0.2596 0.1180 0.3776 0.1802 0.0431018 0.2391 1.1000

QT
2000d (Wm−2) 176.9866 84.4670 261.4537 182.3486 32.8690 0.1802 −0.2691

QT
10000d (Wm−2) 120.6208 42.8311 163.4519 101.7982 20.4874 0.2012 0.0772

T80% (d) 13,298 172 13,470 4972 2528 0.5054 0.3943

3 Global Sensitivity Analysis Based on Polynomial Chaos Expansion
In this study, the variance-based Sobol indices are employed to assess the sensitivity of the output QoIs

described in Section 2.3 to the uncertain model inputs explained in Section 2.2. Assuming that y = f (x)
is a square-integrable function with mutually independent inputs x = {x1 , . . . , xn}, the variation of y
(represented by V(y)) can be broken down into [86]:

V(y) =
n
∑
i=1

Vi +
n
∑
i1=1

n
∑

i2=i1+1
Vi1 i2 +

n
∑
i1=1

n
∑

i2=i1+1

n
∑

i3=i2+1
Vi1 i2 i3 + Vi1 . . . in (16)

where Vi is the variance of y with respect to each single input xi , and Vi1 . . . ik denotes the y’s variance with
respect to the interaction of {x1 , . . . , xk}. Eq. (16) can be normalized by dividing by V(y). The resulting
first-order main-effect Sobol sensitivity index of an input x is defined as [63]:

Si =
Vxi (Ex−i (yxi))

V(y) (17)

And the total Sobol sensitivity of index of an input x is defined as [63]:

ST
i = 1 − Vx−i (Exi (yx−i))

V(y) (18)

where x−i denotes all model inputs except for xi , S1
i is the sole contribution of xi to the variance of y

neglecting its interactions with other inputs, and E() denotes the expected value. Higher order sensitivity
indices to input interactions are represented by the remainder of terms in Eq. (16) divided by V(y). The total-
order or total-effect Sobol sensitivity index describes the overall contribution of a parameter xi to the output
variance, which includes both its individual effect and its interactions with the other input parameters. It is
defined by [87].

In this study, the SALib python package [88] is employed for the calculation of the Sobol indices.
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Estimation of the first-order and total Sobol sensitivity indices in Eqs. (17) and (18) are often carried out
via the Monte Carlo method [89], which requires repeated evaluations of the numerical model. The resulting
high, sometimes intractable computational computation time can be reduced through data-driven surrogate
models [90] such as the non-intrusive PCEs. The PCE surrogate model expresses the stochastic simulation
output y as [91]:

y =
∞

∑
i=0

αiψi(ζ) (19)

The elements of the above series include the deterministic coefficient and the stochastic orthogonal
polynomial, where is a random variable with a predefined probability distribution. The choice of the type of
orthogonal polynomial used in constructing PCEs is dictated by the probability distribution of [92]. Based on
the assumption that the probability distributions describing the unknown inputs are uniform, the ‘Legendre
polynomials’ are used in this study. Five of the eight uncertain parameters (αL, αT, kM, rK and ωF, see Table 2)
are characterized by log-uniform distributions; for these parameters, the input is first transformed to, and
sampled in, log-space, in which the distribution is uniform, before the Legendre-based PCE is constructed.
The remaining parameters (LF, nM and θF) are directly uniform and require no transformation.

Non-intrusive PCEs consider the physics of the system as a black box and use known input-output
pairs as a training dataset for the estimation of αi e.g., the regression approach. The steps in this procedure
are as follows: (1) deterministic or random sampling methods are used to select a set of nr regression
points (each indicated by εk) from the probability space of the random input variable(s). (2) The same
numerical simulations are carried out using these regression points. The model outputs are presented for
these nrsimulations as y (εk). (3) The following least square optimization problem is solved to estimate the
PCE coefficients αi [90]:

min
nr

∑
k=1
[y (εk) −

g

∑
k=0

αiψi (εk)]
2

(20)

The python package ‘ChaosPy’ [93] is employed to construct the PCE surrogate models in this study.
The PCE surrogate for each output metric is built as a 4th-order full PCE (where all possible terms are

taken into account), following the approach of Koohbor et al. (2019). These models are constructed using
regression (collocation) points drawn from the same 1000-realization Monte Carlo ensemble used for the
UPA. The fit quality and predictive accuracy of each surrogate are assessed through the PCE-vs-COMSOL
diagrams shown in Appendix B in Fig. A3. Excellent fit results (R2 values greater than 0.9) were obtained
for all seven output metrics, supporting the reliability of the Sobol sensitivity rankings derived from the
surrogate models.

4 Results and Discussion

4.1 Deterministic Simulation
As an example and for minor representation of the spatial simulation by using mean values of the

uncertain input parameters (i.e., geometric mean for the reservoir permeability, and arithmetic mean for the
rest, as presented in Table 2), CO2 sequestration in the reservoir is simulated for 10,000 days. Fig. 3 shows
the CO2 phase saturation distribution at 1000, 2000, 3000, 5000, 7000, and 10,000 days, respectively, after the
onset of CO2 injection. As demonstrated, the CO2 plume expands over time and occupies an increasingly
larger portion of the reservoir volume. The CO2 plume tends to move in the direction of the fracture faster
and further than the surrounding porous matrix due to the significantly higher permeability of the fracture;
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therefore, the plume is elongated towards the production well in the direction of the fracture as can be seen.
When the CO2 plume front passes the fracture region, it is dispersed proportionally to its advancement path.
This can be attributed to the significantly lowered fluid velocity, decreased phase gradient, and higher VGM
parameter (nM) value in the porous matrix compared to the fracture.

Figure 3: CO2 phase saturation distribution at: (a) 1000, (b) 2000, (c) 3000, (d) 5000, (e) 7000, and (f) 10,000 days.

Fig. 4 shows the temperature distribution at 1000, 2000, 3000, 5000, 7000, and 10,000 days, respectively,
after the onset of CO2 injection. The thermal loss plume along with the distribution of temperature variation
can be seen in Fig. 4 during the simulation period. The thermal loss (i.e., the heat lost due to the replacement
of hot brine with cold CO2) has the highest gradient along the fracture orientation. A dispersivity depends
on the Darcy velocity and is hence directly proportional to permeability [94,95], high permeability and high
dispersivity in the fracture complement each other in causing a high heat dispersion, and it is observed that
the cold plume is elongated along the fracture. The elliptical shape of the cold plume inside the porous matrix
is related to the effect of anisotropy and its impact on the thermal dispersion in the and directions.

Figure 4: Temperature distribution at: (a) 1000, (b) 2000, (c) 3000, (d) 5000, (e) 7000, and (f) 10,000 days.

Figs. 5 and 6 show temporal variations of CO2 saturation and temperature at three observation points,
namely: (a) the starting point of the fracture that is closest to the injection well (), which is denoted by, (2) at
the other end point of the fracture () denoted by, and (c) the production well location () denoted by. In Fig. 5a,
a breaking point in the CO2 saturation curve at point is observed at approximately days, indicating that at
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this point, the CO2 plume front has passed. As the breaking point in is seen at approximately 5000 days
(see Fig. 5b), it can be inferred that the CO2 plume transition in the fracture happens mainly between the
breaking points of the two ends of the fracture corresponding to 3000 and 5000 days, and the full length of
the fracture serves as a conduit for CO2 transport after t = 5000 days. The rate of change in CO2 saturation at
is lower than that of, which is related to the high flow velocity in the fracture compared to the porous matrix.
The temporal change of CO2 saturation at the production well (Fig. 5c) resembles that of, because the long
time it takes for CO2 to travel between the fracture and the production well diminishes the local effect of
the fracture, and flow in the porous matrix becomes dominant. Comparing Fig. 6a,b shows that temperature
tends to decrease faster in than, because due to higher heat dispersion in the fracture compared to the porous
matrix, the temperature variation in the cold front becomes more dispersed in the fracture. At the production
well, the temperature breakthrough curve (Fig. 6c) shows a delayed and more gradual decline than at either
fracture endpoint, reflecting the combined travel time and dispersion accumulated along the full flow path
from the injection well.

Figure 5: CO2 saturation vs. time at (a) the end of the fracture that is closest to the injection well, (b) the other end of
the fracture, and (c) the production well.

Figure 6: Temperature breakthrough curve at (a) the end of the fracture that is closest to the injection well, (b) the
other end of the fracture, and (c) the production well.

4.2 Uncertainty Quantification
The results of Monte Carlo-based UPA are presented as probability density functions (PDFs) of the

output QoI in Fig. 7. Key statistical attributes of these PDFs are given in Table 3. Based on Table 3, the QoIs
with the least uncertainty are related to the mass of stored CO2, namely (Fig. 7a,b), both of which have a
right-skewed PDF. Fig. 7c has a moderate CV, with a PDF skewed to the left. Fig. 7d has the second highest
uncertainty among all metrics, with a PDF notably skewed to the left. Fig. 7e has a CV comparable to that
of Fig. 7c, with a nearly symmetric PDF that is slightly skewed to the right. Fig. 7f comes in third place
in terms of uncertainty, and has a rather symmetric PDF. The metric (Fig. 7g) has the highest value of the
coefficient of variation (CV), and hence the highest uncertainty; its PDF is slightly skewed to the left.
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Figure 7: The probability distribution of (a) M2000d
C O2

(b) M10000d
C O2

(c) V 2000d
T (d) V 10000d

T (e) QT
2000d (f) QT

10000d

(g) T80%, obtained from MCS-based UPA.

4.3 Sensitivity Analysis Results
In this subsection, the GSA results are presented and analyzed to better understand how the model’s

output values can be assigned to model inputs. Fig. 7 shows the distribution of the metrics in respect to the
values calculated and Fig. 8 shows the stacked bars of first-order and total Sobol indices for all the metrics in
respect to the input parameters. The values are given in Tables 4 and 5. As shown, stacked bars of the first-
order and total-order show indices are similar for most parameters and metrics. Values of the total indices are
higher than those of the first-order indices, indicating some interaction effects between the uncertain input
parameters. These trends are visualized in Fig. 8, which compares the first-order and total Sobol indices of
all eight uncertain parameters across the seven output metrics.
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Figure 8: Sobol indices for different parameters: (a) First order Sobol’ index and (b) total Sobol’ index.

Table 4: First-order Sobol indices for the output QoIs.

Column1 αM
L αM

T kM rK wF LF nM θF

M2000d
C O2

(-) 0.00022 0.00003 8.40 × 10−4 0.110731 0.00042 0.00051 0.88034 0.0002

M10000d
C O2

(-) 0.00005 0.00042 1.06 × 10−1 0.015842 0.10263 0.24120 0.12515 0.0149

V 2000d
T (-) 0.13615 0.00350 1.84 × 10−1 0.018856 0.17252 0.17592 0.12052 0.0009

V 10000d
T (-) 0.00736 0.00042 1.63 × 10−1 0.025079 0.16198 0.35824 0.02648 0.0140

QT
2000d (Wm−2) 0.00126 0.00264 3.83 × 10−3 0.82369 0.00646 0.00149 0.01568 0.0213

QT
10000d (Wm−2) 0.00005 0.00069 1.24 × 10−1 0.286867 0.12972 0.10581 0.00697 0.0833
T80%, (d) 0.00031 0.00044 1.73 × 10−1 0.120888 0.16984 0.20451 0.05365 0.0314
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Table 5: Total order Sobol indices for the output QoIs.

αM
L αM

T kM rK wF LF nM θF

M2000d
C O2

(-) 1.59 × 10−3 0.00169 0.00293 0.113604 0.00171 0.00270 0.88281 0.0016

M10000d
C O2

(-) 6.86 × 10−3 0.00623 0.25345 0.174228 0.24472 0.48524 0.13843 0.1824

V 2000d
T (-) 0.1709594 0.03484 0.25068 0.083861 0.24633 0.24576 0.15578 0.0397

V 10000d
T (-) 0.0123626 0.00361 0.25766 0.126455 0.25315 0.48609 0.03241 0.1069

QT
2000d (Wm−2) 3.67 × 10−2 0.03830 0.04894 0.855514 0.04360 5.29 × 10−2 0.04575 0.0637

QT
10000d (Wm−2) 2.63 × 10−2 0.02106 0.21933 0.414516 0.21622 0.19877 0.04581 0.1792

T80% (d) 0.0168475 0.01394 0.269785 0.225565 0.26456 0.31034 0.09052 0.1028

The most influential parameter on M2000d
C O2

is nM followed by fracture length, reservoir permeability, and
fracture aperture. The CO2 plume travels faster along the fracture, and the advancement depends directly on
the length of the fracture. A longer fracture means the plume travels mainly along the fracture and occupies
less volume in the porous matrix until it reaches the production well and exits.

The most influential parameters on heat loss after 2000 and 10,000 days are kM and LF , respectively. This
shows that the flow of the cold CO2 is dominated by matrix porosity before and around the time the CO2 front
reaches the fracture, and by fracture porosity later on. QT

2000d is most sensitive to reservoir anisotropy. Flow
near the production well is significantly affected by anisotropy of the porous matrix before the effect of the
fracture is observed. As time passes, flow direction and cold plume migration become more affected by the
fracture properties (most notably, fracture length and aperture). Hence, though QT

10,000d is still dominated
by the affected of anisotropy, its sensitivity to geometric fracture parameters is significant. The sensitivity of
T80% is not dominated by a single input parameter, and LF , kM , tF , and rK have a significant influence on
T80%.

5 Conclusion
Depleted oil and gas reservoirs are viable targets for coupled CO2 sequestration, and many also hold

potential for geothermal energy extraction from the co-produced hot brine. This work presents a theoretical
analysis of CO2 sequestration in an explicitly defined, single-fractured reservoir with closed boundaries.
The goal was to systematically assess how uncertainty in fracture and matrix parameters affects the key
metrics of this coupled phase-transport and heat-transfer problem, namely CO2 sequestration and brine-
based geothermal energy extraction. The governing equations were first formulated and discretized in a
two-dimensional, explicitly fractured domain using the finite-element software COMSOL Multiphysics

R©
.

One thousand simulations were then performed across eight uncertain input parameters, from which seven
output metrics were computed. Polynomial chaos expansion (PCE) was used to build a surrogate meta-model
for each metric, enabling efficient post-processing sensitivity analysis. Sobol’ indices ( first-order and total-
order) were then calculated for each metric with respect to the eight uncertain parameters, and the results
were used to assess the relative importance of each parameter.

The simulation results show that the presence of a fracture significantly affects both the phase and
temperature distributions within the reservoir. The CO2 plume propagates markedly faster along the fracture
than through the surrounding porous matrix and becomes elongated toward the production well, with the
fracture acting as a preferential flow conduit. This conduit behavior accelerates both CO2 sequestration and
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geothermal production. It is, however, a double-edged effect: rapid CO2 migration is undesirable from a
containment standpoint, whereas it is advantageous when the objective is efficient extraction of the hot
brine’s thermal energy. In either case, the presence of a fracture shortens the operational timescale and
can substantially affect reservoir efficiency and productivity, depending on the application. The results
further show that predictive uncertainty in key metrics, namely the mass of stored CO2, reservoir heat loss,
production-well heat flux, and the duration of the sequestration phase, is strongly influenced (and in some
cases dominated) by uncertainty in fracture properties, underscoring the importance of accurate fracture
characterization when modeling coupled sequestration and geothermal energy production. This finding,
however, is derived from a single, straight fracture of prescribed length, aperture, and orientation, and should
therefore not be over-generalized: in a setting with a connected fracture network rather than a single conduit,
the relative influence of fracture vs. matrix parameters on these metrics would likely differ, and quantifying
that difference remains an important direction for future work.

The present study should be regarded as a preliminary investigation of coupled phase-transport and
heat-transfer simulation for hot-brine extraction during CO2 sequestration in depleted oil and gas reservoirs.
It nonetheless demonstrates the value of PCE-based GSA for characterizing multiple sources of uncertainty
in highly nonlinear, coupled physical processes, and the proposed methodology can be readily extended
to more complex problems that more closely reflect real-world reservoir engineering and geothermal
energy production settings. Regarding the deterministic solver used here, COMSOL proved effective for
this preliminary coupled study; for larger or more complex problems, however, more advanced numerical
tools and discretization techniques would likely be required for efficient and accurate modelling. Beyond
the polynomial-chaos-based approach adopted here, deep-learning and other data-driven surrogate models
are increasingly used to accelerate uncertainty quantification and data assimilation in coupled subsurface
flow and geomechanics problems [96–99], and coupling such surrogates with the present fracture-explicit
framework is a promising direction for extending this work toward field-scale, network-fractured reservoirs.
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Appendix A
A mesh sensitivity analysis of the results was performed over one order of magnitude of element

numbering (i.e., from approximately 4000 to 40,000 elements); the element numbering used for the
simulations (i.e., 20,000 to 23,000) lies in the middle of this range, and the results are presented below:
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Figure A1: The sensitivity of certain outputs to the number of elements in the simulations: (a) The saturation of carbon
dioxide in the mid-point of domain (250 m, 250 m), (b) temperature of the mid-point in the domain (250 m, 250 m),
(c) M2000d

C O2
(-), (d) M10000d

C O2
, (e) V 2000d

T (-), (f) V 10000d
T , (g) production point heat flux after 2000d QT

2000d (Wm−2),
(h) production point heat flux after 10,000 days QT

10000d (Wm−2) and (i) time of 80% reach T80% (d).
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Figure A2: Spatial representation of carbon dioxide saturation and temperature in function of certain mesh number:
(a) 50% carbon dioxide saturation contourlines for approximately 4000, 10,000, 20,000 and 40,000 elements and
(b) 400K (127○C) temperature contourlines for approximately 4000, 10,000, 20,000 and 40,000 elements.

Appendix B

Figure A3: The comparative results of PCE-vs-COMSOL for the seven metrics (normalized).
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