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A B S T R A C T

Geological carbon sequestration (GCS) and gas energy storage in water-bearing formations, one of the most 
promising methods of Carbon Capture, Utilization, and Storage (CCUS), offers a permanent and reliable solution 
for mitigating climate change. Although reservoir simulation is widely employed to evaluate GCS projects, its 
high computational cost, driven by the complexity of phase equilibrium calculations, poses a challenge to obtain 
timely assessments. To address this, we propose an innovative Adaptive Saturated Composition (ASC) algorithm 
to bypass unnecessary stability analyses, therefore reducing the computational expenses of gases-brine phase 
equilibrium calculations in GCS simulation. The ASC algorithm relies on pre-calculated binary gas-brine data and 
is extended to multicomponent systems (CH4, N2, H2S, CO2) through a mixing rule. We performed extensive tests 
under varying underground conditions, demonstrating that the proposed ASC algorithm offers superior effi
ciency, accuracy and scalability compared to existing algorithms. It eliminates over 99.9 % of unnecessary 
stability analyses in binary systems and reduces their frequency by over 93 % in multicomponent gas systems. 
Remarkably, the ASC algorithm achieves accurate detection of phase transitions across all tested scenarios. 
Moreover, it is widely applicable in most of water-bearing geological gas storage scenarios, including natural gas 
storage, geological CO2/air energy storage, and CO2-based geothermal systems.

1. Introduction

Rising concerns about climate change have elevated geological car
bon storage to an urgent global priority for reducing greenhouse gas 
emissions [1]. Geological CO2 storage (GCS) involves injecting CO2 into 
deep saline aquifers [2], depleted oil reservoirs [3], gas reservoirs [4], 
geothermal reservoirs [5], and coal seams [6], where it is stored securely 
over geological timescales. Fig. 1 illustrates the schematic of geological 
CO2 sequestration and CO2 energy storage within a deep saline aquifer. 
Deep saline aquifers are widely regarded as the most promising storage 
sites due to their vast capacity and widespread distribution [7]. Nu
merical simulation of GCS is crucial for understanding long-term storage 
stability [8] and environmental impact [9]. In GCS simulations, 
compositional fluid models [10] are widely used to predict the complex 

interactions between multi-component gas, brine, and underground 
formations [11]. However, these models are computationally intensive, 
owing to the considerable computational power required for phase 
equilibrium calculations [12]. The growing demand for large-scale 
carbon storage modeling highlights the importance of improving the 
speed and stability of these calculations to reduce computational 
resource expenditure. This study focuses on accelerating the phase 
equilibrium calculations during the GCS simulations. Specifically, we 
propose a simple, effective, and accurate pre-assessment algorithm to 
skip unnecessary stability analyses, which is a key component of phase 
equilibrium calculations (see Fig. 2).

In CO2 storage simulations, the fluid phase equilibrium algorithm is 
always time-consuming due to its complexity and frequently repeated 
calculations [13]. For example, a large-scale carbon storage simulation 
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may require millions or even billions of phase equilibrium calculations, 
primarily including stability analysis and phase splitting [14]. These 
calculations consume significant computation resources [15], often ac
counting for 20 %–50 % of the total Central Processing Unit (CPU) time 
[12]. For equilibrium calculations, a standard workflow performs sta
bility analysis first, followed by phase splitting calculations [16] only if 
the result of the stability analysis is unstable [17]. When natural primary 
variables (pressure, temperature, phase saturations, and component 
mole fractions) are applied in numerical simulations [18], phase split 
calculations are typically performed once per block or skipped if grids 
remain in a single-phase state throughout the simulations. However, the 
stability analysis is performed for every iteration step until all other 
phases have appeared in this grid. In this condition, stability analysis 
takes up nearly all the time required for phase equilibrium calculations, 
as the number of iteration steps can range from thousands to hundreds of 
thousands [19]. Consequently, minimizing the frequency of stability 
analysis is key to accelerating phase equilibrium calculations for 
large-scale CO2 storage simulations. It improves simulation speed, 
enabling higher grid resolution and more detailed simulations. On the 
other hand, a higher simulation speed allows the exploration of addi
tional CO2 storage scenarios and optimizes storage strategies more 
effectively within a limited timeframe. These advancements contribute 
to the comprehensive simulations of storage strategies, which maximize 
storage capacity while minimizing the risk of leakage.

Previous studies on underground phase equilibrium calculations 
have contributed significantly to the understanding and modeling of 
complex phase behaviors among various reservoir fluid systems. Early 
research focused on developing accurate thermodynamic models for a 
hydrocarbon fluid to predict its phase behavior at subsurface conditions 
[20]. Key contributions include the application of the Peng-Robinson 
(PR) [21] and Soave-Redlich-Kwong (SRK) [22] equations of state 
(EOSs) in Pressure-Volume-Temperature (PVT) modeling, which are 
widely used in petroleum reservoir simulations. However, these tradi
tional methods introduce significant errors when predicting gas-brine 
systems and are unable to accurately capture gas solubility in brine 
[10]. To address these limitations, new approaches have been developed 
for gas-brine two-phase systems. A γ − ϕ approach calculates the 
fugacity of the gas and liquid phases using EOSs and Henry’s law 
respectively, to improve accuracy [23]. This approach has shown ad
vantages in stability and speed for binary gas-brine systems. Neverthe
less, extending this approach to multicomponent systems remains 

problematic, as the fugacity calculations of each component in the liquid 
phase are independent of other gas components. Another commonly 
used method is the ϕ − ϕ approach, which predicts both gas and aqueous 
phase fugacity by adapting PR EOS to better represent gas-brine phase 
behavior. A widely applied model in this approach is the PR EOS 
modified by Søride and Whitson, generally referred to as the PR-SW EOS 
[10]. It requires binary interaction parameters (BIP) correlations 
derived from experimental data to capture the effects of variations in 
temperature, pressure, and salinity. The component number in this 
model has no limitations when the correlations of BIP for each gas 
component have been derived from sufficient experimental data. Other 
advanced models, including the Cubic-Plus-Association (CPA) [24] and 
Perturbed-Chain Statistical Associating Fluid Theory (PC-SAFT) [25] 
equations of state, have been employed to address the limitations of 
conventional cubic EOS in predicting the phase behavior of 

Fig. 1. Geological CO2 sequestration (GCS) and CO2 energy storage within deep saline aquifers.

Fig. 2. Phase equilibrium calculation workflow when using the ASC algorithm.
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multicomponent gas-brine systems. Although CPA and SAFT models 
provide improved accuracy in gas-brine fluid modeling, their high 
computational demands significantly restrict their practical use in 
large-scale simulations. In contrast, a simpler tabular method simulates 
the phase equilibrium of gas-brine systems using equilibrium constant or 
solubility tables [26]. Although this method offers high speed and good 
stability, it requires recalculating the tables for different gas composi
tions. Additionally, the accuracy of this approach is often limited, 
making it less reliable for accurate phase equilibrium predictions.

Numerical reservoir simulation is essential for understanding com
plex subsurface fluid flow in CO2 storage [27], enhanced gas recovery 
[4], and natural gas storage processes [28]. It simulates the interactions 
between various fluid phases and reservoir rock over a long period under 
varying pressure, temperature and salinity conditions. Phase equilib
rium models are crucial for CO2 storage simulations, as they determine 
the composition of gas and aqueous phases, which directly affects pre
dictions of storage capacity [29], injectivity [30], and potential leakage 
[31]. The complexity of CPA and PC-SAFT results in significantly longer 
computation time compared to a simpler cubic EOS. Therefore, their 
application in large-scale reservoir simulations remains limited [32]. In 
commercial reservoir simulators, γ − ϕ [26] and ϕ − ϕ approaches [33] 
are commonly applied to achieve a balance between accuracy and effi
ciency in gas-brine phase equilibrium calculations. The tabular method 
is often employed as a compromise to reduce computational load, 
although it sacrifices accuracy in phase behavior predictions [34]. All 
phase equilibrium models except the tabular approach require stability 
analysis, which can add substantial computational costs. Consequently, 
stability analysis bypass algorithms are crucial in improving simulation 
efficiency. The neighborhood bypassing (NB) algorithm reduces com
putations by only performing the stability analysis for well grid blocks 
and the single-phase grid blocks adjacent to two-phase grid blocks [12]. 
While effective in reducing computational load, it carries risks. It arbi
trarily overlooks the stability analysis for a large number of single-phase 
grid blocks, potentially leading to inaccuracies if phase conditions 
change unexpectedly [35]. Another approach is shadow region 
bypassing, which excludes grid blocks unlikely to undergo phase 
changes by defining a shadow region between the two-phase region and 
the single-phase region in a phase envelope diagram [36]. The original 
scaling factor used in this algorithm is not suitable for gas-brine fluid 
systems. Although subsequent modifications have been made to adapt 
the scaling factor for greenhouse gas storage simulations, its efficiency is 
very poor when the component number is increased [14]. The compo
sitional space adaptive tabulation (CSAT) approach stores and reuses 
tie-lines, which are calculated in advance, to avoid redundant compu
tations [37]. This algorithm demonstrates good applicability across 
different fluid systems as well as thermal and isothermal conditions. 
Nonetheless, for different simulation cases, tie-line tables for the CSAT 
method must be recalculated and its bypassing criteria are varied for 
different fluid systems. These characteristics of the CSAT method will 
increase setup time and algorithm complexity.

In this study, we propose an adaptive saturated composition (ASC) 
algorithm to skip unnecessary stability analyses in carbon storage sim
ulations. This novel algorithm is based on the unique characteristics of 
gas-brine systems and is independent of existing bypassing algorithms. It 
requires precomputing binary gas-brine data for various gas compo
nents, which can then be applied to multicomponent gas-brine systems 
using an appropriate mixing rule. Additionally, the data tables can be 
directly reused in other studies if the same EOS parameters are used, 
demonstrating better portability and practicality than the CSAT method. 
Through extensive case studies under a wide range of temperature, 
pressure, and salinity conditions, our new algorithm demonstrates 
substantial improvements in computational efficiency and accuracy. For 
binary systems, it bypasses over 99 % of stability analyses, eliminating 
nearly all redundant computations. When applied to multicomponent 
systems, this algorithm avoids at least 93 % of stability analyses, 
maintaining notable computational savings. These results indicate that 

our algorithm offers better efficiency compared to the previous Shadow- 
region Bypassing (SB) approach, especially in binary systems. Further
more, our algorithm demonstrates a remarkable level of accuracy. 
Across all test simulation cases, the ASC algorithm achieves 100 % 
correct detection of phase transitions, successfully eliminating the po
tential impact of stability analysis bypassing algorithms on simulation 
stability and reliability. Moreover, our algorithm has broad applicability 
in geological engineering scenarios involving gas-brine systems, 
including geological natural gas storage, compressed air [38] and CO2 
energy storage [39] in subsurface formation, and CO2-based geothermal 
energy exploitation [40]. By improving computational efficiency, it al
lows scientists and engineers to examine a wider range of carbon storage 
scenarios, contributing to the optimization of storage strategies.

2. Methodology and theory

This section outlines the methodologies and theoretical foundations 
applied in this study. It is divided into two subsections. The first sub
section describes the mathematical model for geological carbon storage 
(GCS) and gas-brine fluid modeling, including the mole conservation 
equations and phase equilibrium calculation algorithms. The second 
subsection introduces the adaptive saturated composition (ASC) algo
rithm for stability analyses bypassing, detailing its development and 
implementation in a GCS simulator.

2.1. Mathematical model of GCS and phase equilibrium calculation

Geological carbon storage (GCS) involves injecting CO2 into sub
surface formations such as deep saline aquifers or depleted reservoirs, 
where thermodynamic equilibrium plays a critical role in accurately 
simulating fluid phase behavior. The selection of an appropriate fluid 
model depends on the storage environment. For CO2 stored in saline 
aquifers, a black-oil formulation is often preferred due to its low 
computational demands. However, when CO2 contains impurities or is 
stored in depleted gas reservoirs, the black-oil approach is inadequate as 
it cannot accurately capture the solubility of different gas components in 
brine. In these scenarios, compositional models are employed to 
describe the complex multi-component gas-brine phase behavior. We 
assume the coexistence of aqueous and gas phases in the underground 
formation. Gas components can dissolve in the aqueous phase, and 
water can volatilize into the CO2-rich phase. The unified molar conser
vation equation for gas and water components is expressed as [14]: 

∇⋅
(
ciwρwvw + cigρgvg

)
+

∂
(
ϕ
[
ciwρwSw + cigρgSg

])

∂t
= qi, i = 1,…, ng, a

(1) 

where ci is the mole fraction of i-th component, v denotes the phase 
volumetric velocity, ρ represents the molar density, ϕ denotes rock 
porosity, S refers to phase saturation, t is time, q represents molar flux, ng 

is the gas component number, a denotes the water component. The 
subscripts g,w indicate the CO2-rich and aqueous phases, respectively. v 
(volumetric velocity) is described using Darcy’s law: 

vα = −
kkrα

μα
∇(Pα − ραgZ),α = g,w (2) 

where k refers to the absolute rock permeability, krα is the phase relative 
permeability, μα denotes phase viscosity, P is the phase pressure, g 
represents gravity acceleration and Z indicates the grid depth.

Phase equilibrium calculations are a crucial part of GCS simulations, 
as many parameters in the mass conservation equations—such as phase 
saturation (S), phase composition (ci), and fluid properties (density and 
viscosity)—are directly obtained from these calculations. To accurately 
model the interactions between CO2 and brine, we employ the PR-SW 
EOS method (ϕ − ϕ approach) in our fluid model. It is based on PR 
EOS whose PVT relation is given by Ref. [21]: 
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P =
RT

v − bm
−

(aα)m

v(v + bm) + bm(v − bm)
. (3) 

b represents dimensional repulsion parameters and v is phase molar 
volume. The PR-SW EOS introduces a dimensional attraction parameter 
(aiαi) for water which is different from PR EOS [10]: 

(aiαi)=Ωai
[
1+0.453

[
1 − Tri

(
1 − 0.0103c1.1

s
)]
+0.0034

(
T− 3

ri − 1
)]2(RTci)

2

Pci
.

(4) 

In Eqns. (3) and (4), cs indicates the molality of the dissolved salt; Tr 

is the reduced temperature; R represents the universal gas constant; Pc is 
the critical pressure; Ωa refer to the attraction parameter constant. A full 
formalism of the PR-SW EOS method is detailed in Appendix A. Unlike 
traditional EOS models, the PR-SW EOS uses different binary interaction 
parameters (BIPs) for gas and aqueous phases, significantly improving 
the accuracy of gas solubility predictions. In this study, we focus on the 
phase equilibrium calculations of CO2, H2S, CH4, N2 and H2O mixture 
using the PR-SW EOS. Other hydrocarbon gases reported in the original 
literature were excluded from this study because their solubility in brine 
is very low. The required BIPs for the above gases in the aqueous phase 
can be calculated using the following equations [10]. 

kAQ
H2S,H2O = − 0.20441 + 0.23426Tr; (5) 

kAQ
N2 ,H2O = − 1.70235

(
1 + 2.5587 × 10− 2c0.75

s
)

+0.44338
(
1 + 0.08126c0.75

s
)
Tr;

(6) 

kAQ
CO2 ,H2O = − 0.31092

(
1 + 0.15587c0.7505

s
)

+0.2358
(
1 + 0.17837c0.979

s
)
Tr − 21.2566 exp(− 6.7222Tr − cs);

(7) 

In the non-aqueous phase, the BIPs for CO2, CH4 and N2 are constants 
which are kNA

CO2 ,H2O = 0.1896, kNA
CH4 ,H2O = 0.485 and kNA

N2 ,H2O = 0.4778, 
respectively. For H2S, the BIP is given by Ref. [10]: 

kNA
H2S,H2O = 0.19031 + 0.05965Tr. (9) 

Standard phase equilibrium calculations involve a sequential process 
of stability analysis and phase split calculations to determine fluid phase 
behavior under given temperature, pressure, salinity and composition 
conditions. This process is repeated for each grid block during every 
iteration step, with phase split calculations only conducted for unstable 
blocks. The detailed algorithms for stability analysis and phase split 
calculations used in this study are provided in Appendices B and C, 
respectively.

2.2. Adaptive saturated composition (ASC) algorithm

Stability analysis is conducted to determine whether a grid block is in 
a single-phase state. If instability is detected, flash calculations are 
performed to compute phase transitions and obtain the phase compo
sitions. For two-phase blocks, the disappearance of a phase is deter
mined by checking whether the gas or aqueous phase saturation 
becomes zero during nonlinear iterations. The ASC algorithm is a novel 
approach developed in this study to bypass unnecessary stability ana
lyses during carbon storage simulations. It is based on the observation 

that the saturation mole fractions of gases in binary gas-brine systems 
provide a reliable criterion for assessing the phase identification of 
multicomponent gas-brine systems. By comparing the current gas mole 
fractions (MF) in the grid block with the pre-calculated saturated gas 
mole fractions (SMF) in the binary systems, the algorithm can accurately 
identify whether the second phase will appear, allowing skip unnec
essary stability analyses. The phase equilibrium simulations are con
ducted under various temperature, pressure, and salinity conditions 
using the algorithms discussed in Section 2.1. Through the above cal
culations, saturated mole fraction tables for binary gas-brine systems are 
obtained from numerical experiments. These data tables only need to be 
computed once and can be stored for repeated usage. Appendix D pro
vides a Pseudocode for generating a gas SMF table for gas-brine systems. 
To calculate the SMF data, we iterate over all temperature, pressure, and 
salinity points specified in the table. Based on our understanding, the 
mole fractions of the gases in this research (CO2, CH4, H2S, and N2) in 
brine under reservoir conditions do not exceed 0.2 [41]. Therefore, for 
each phase equilibrium calculation, the mixture composition is initial
ized as [0.2, 0.8], where the mixture is guaranteed to exist in a 
two-phase state. As a result, stability analysis is bypassed, and flash 
calculations are performed directly to determine the saturated gas mole 
fraction at the given temperature, pressure, and salinity. This approach 
ensures efficient and accurate generation of the SMF tables.

The SMF tables generated in this study can directly replace phase 
equilibrium calculations of a binary system. The SMF for a specific grid 
block under its current temperature, pressure, and salinity conditions 
can be obtained through interpolation. If the MF exceeds the SMF, the 
fluid is expected to exist as two phases, and the phase fractions and 
compositions can then be computed using EOS. This approach is similar 
to the black-oil model algorithm and the K-value tables method used in 
the compositional model, neither of which is novel. In this study, we do 
not intend to use these SMF tables for phase split calculations, as 

interpolation-based methods inevitably introduce errors. Instead, the 
SMF tables are solely utilized to determine if stability analysis calcula
tions are necessary. If the MF is larger than the SMF, stability analysis is 
required; otherwise, it will be skipped. This approach avoids interpo
lation errors, as the phase compositions are still obtained through a 
standard phase split calculation. However, when the number of com
ponents increases, SMF tables must be recalculated for every component 
at different fluid compositions, similar to the K-value table and CSAT 
methods. This would increase the algorithm’s complexity and add setup 
time. To address this, we propose a new approach to extend our ASC 
algorithm to multicomponent systems without the need for recalculating 
mixture tables. The binary system SMF tables were used to determine 
whether the gas components in a mixture are oversaturated. In our al
gorithm, the system is determined to be single-phase when the following 
criteria are satisfied: 

MFi < SMFi(P,T, cs)
zi

1 − zi,brine
, i = 1,…, ng; (10) 

where zi is the feed mole fraction for i-th component. If the above criteria 
are not satisfied, indicating that some components are oversaturated, 
stability analysis is conducted to accurately assess the phase state. If the 
system is found to be unstable, phase split calculations are then used to 
precisely determine the phase fractions and compositions. The following 
diagram illustrates the phase equilibrium calculation workflow when 
using the ASC algorithm.

kAQ
CH4 ,H2O =

(
1.112 − 1.7369ω− 0.1)( 1+4.7863× 10− 13ω4cs

)
+(1.1001+0.836ω)

(
1+1.438×10− 2cs

)
Tr

− (0.15742+1.0988ω)
(
1+2.1547×10− 3cs

)
T2

r . (8) 
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The ASC algorithm offers several key advantages over existing sta
bility analysis bypassing algorithms, making it a practical and effective 
option for gas-brine phase equilibrium modeling in geological carbon 
storage (GCS) simulations. These advantages include enhanced scal
ability, improved accuracy, and significant computational efficiency, as 
detailed below: 1. The ASC algorithm shows high scalability and setup 
efficiency for multicomponent gases-brine systems. Unlike the K-value 
table approach or the CSAT algorithm, which require precomputing 
extensive tie-line or equilibrium constant tables for specific fluid com
positions, the ASC algorithm relies solely on pre-calculated SMF tables 
for binary systems. These binary SMF tables are computed only once and 
can be reused across different fluid compositions with a straightforward 
judgment shown in Eqn. (10). This approach avoids recalculating tables 
for every new simulation scenario, reducing setup time and simplifying 
the implementation process. 2. The ASC approach avoids interpolation 
errors by utilizing a flash calculation procedure when phase transition 
occurs, ensuring high accuracy even in complex multicomponent sys
tems. 3. The ASC algorithm effectively reduces the computation load of 
gases-brine phase equilibrium modeling in GCS simulation while 
maintaining high reliability. This will be further demonstrated in the 
next Section. Furthermore, the algorithm presented in Section 2.2 has 
broad applicability in geological engineering scenarios involving gas- 
brine systems, including geological natural gas storage, compressed air 
energy storage in subsurface formations, and CO2-based geothermal 
energy exploitation. It enables accurate modeling of fluid flow and phase 
behavior in these subsurface applications, ensuring reliable simulation 
of complex processes in geological reservoirs.

3. Results and discussions

This Section evaluates the performance of the Adaptive Saturated 
Composition (ASC) algorithm in geological carbon storage simulations. 
The results are presented in three sections. First, saturated mole fraction 
(SMF) obtained from phase equilibrium calculations is analyzed to 
demonstrate the accuracy and physical consistency of the precomputed 
SMF tables. Second, based on the computed SMF tables, we discuss the 
theoretical superiority of the ASC algorithm over the shadow region 
bypassing (SB) algorithm in modeling gas-brine phase behavior. Finally, 
the advantages of the ASC algorithm are demonstrated through its 

application in reservoir simulation cases, showcasing its computational 
efficiency and reliability compared to the SB algorithm. These findings 
highlight the capability of the ASC algorithm to enhance both the ac
curacy and efficiency of phase equilibrium calculations in GCS 
simulations.

3.1. Saturated mole fraction for gas-brine binary systems

The saturated mole fraction (SMF) tables for binary gas-brine sys
tems were generated using the methodology described in Section 2.1. 
These tables represent the maximum solubility of gas components in 
brine under various conditions, including temperature (293.15 
K–473.15 K), pressure (5 MPa–65 MPa), and salinity (0–6 mol/kg). The 
dimension of SMF tables for different gases is 241 × 145 × 7, where 241 
points for pressure, 145 points for temperature and 7 points for salinity. 
The SMF tables form the foundation of the ASC algorithm, providing 
precomputed reference values for stability analysis bypassing. Fig. 3
illustrates the SMF in pure water (at zero salinity), showing how solu
bility varies with temperature and pressure. The results highlight the 
strong dependence of gas solubility on temperature and pressure. The 
solubilities of CO2, CH4 and N2 increase significantly with pressure, as 
compression enhances gas-liquid interactions. The effect of temperature 
on solubility, however, is non-monotonic. At lower pressures, solubility 
decreases with increasing temperature, which can be attributed to the 
exothermic nature of the dissolution process. However, at higher pres
sures, this temperature dependence weakens and even reverses in some 
cases, leading to relatively high solubility at elevated temperatures and 
pressures. This complex interplay between pressure and temperature is 
evident in the upper-right region of the figure, where solubility remains 
substantial despite high temperatures. For H2S, at lower temperatures, 
its solubility shows minimal variation with pressure, only increasing 
significantly with both temperature and pressure once a certain tem
perature threshold is reached. The above results confirm the physical 
consistency of the SMF tables and underscore their importance for the 
Adaptive Saturated Composition (ASC) algorithm. The precomputed 
SMF values enable the ASC algorithm to accurately capture the phase 
transitions in gas-brine systems, providing a reliable foundation for 
stability analysis bypassing in GCS simulations. Additionally, the 
observed patterns provide valuable insights for optimizing carbon 

Fig. 3. Saturated gas mole fraction in gas-brine binary systems across a wide range of temperatures and pressures (salinity = 0.0).
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storage strategies, suggesting that conditions of high pressure and 
moderate-to-high temperatures can effectively enhance CO2 dissolution 
in brine.

To enable a direct comparison of solubility differences among the 
four gases, Fig. 4 plots the solubility tables at salinity = 3.0 with a 
uniform scale (0.0001–0.17). This uniform scaling allows for a direct 
comparison of the solubility of CO2, H2S, CH4, and N2 under identical 
conditions, providing a clearer understanding of their differences. H2S 
demonstrates the highest solubility across all conditions, particularly at 
lower temperatures, where it is significantly more soluble than the other 
gases. In contrast, CH4 and N2 exhibit much lower solubility, with N2 
being the least soluble gas. CO2 falls between H2S and the other gases, 
showing moderate solubility that increases with pressure and tempera
ture. These differences highlight the varying solubility between gas 
components and brine, emphasizing the importance of accurate phase 
equilibrium modeling for multi-component systems in carbon storage 

simulations.
The effect of salinity on the SMF of CO2 is clearly illustrated in Fig. 5. 

As salinity increases, a notable decrease in the SMF can be observed 
across the entire temperature and pressure range. This behavior is pri
marily attributed to the salting-out effect, where the presence of dis
solved salts reduces the solubility of CO2 in brine by decreasing the free 
volume of the aqueous phase and competing for molecular interactions. 
At lower salinity levels, the SMF of CO2 remains relatively high, with 
values exceeding 0.05 in high pressure and temperature regions (P > 50 
MPa and T > 433 K). However, as salinity increases, the SMF decreases 
significantly. The reduction trend is consistent across the temperature- 
pressure domain, with an average relative reduction in SMF of approx
imately 80 % in high-salinity cases compared to pure water. For 
instance, at 55 MPa and 453 K, the SMF decreases from 0.0426 at 0 mol/ 
kg salinity to 0.0081 at 6 mol/kg salinity. This quantified reduction 
highlights the strong salting-out effect, where higher ionic 

Fig. 4. Saturated gas mole fraction in gas-brine binary systems at salinity = 3.0 with a scale (0.0001–0.17).

Fig. 5. Saturated gas mole fraction in CO2-brine binary systems at different salinity (1.0–6.0).
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concentrations suppress CO2 solubility in brine. These findings empha
size the critical role of salinity in accurately predicting phase behavior in 
geological carbon storage scenarios.

3.2. Theoretical insights of ASC and SB algorithm

In this section, we will utilize SMF tables to reveal the limitations of 
the existing shadow region bypassing (SB) algorithm in gases-brine 
phase equilibrium calculations. During carbon storage simulations, the 
initial fluid composition is typically pure brine, and the smallest 
eigenvalue (b) in the SB algorithm is usually determined under this 
composition. Numerical experiments reveal that, regardless of temper
ature, pressure and salinity, the value of b under pure brine conditions 
consistently equals 1. Consequently, for carbon storage in brine, the 
mole fraction for the bypassing criterion of the SB algorithm is simplified 
to: 

zi ≥
1
η (11) 

where η is the scaling factor which is typically determined empirically 
and zi refers to feed mole fraction. If Eqn. (11) is satisfied, a stability 
analysis will be performed to determine whether the fluid is in two- 
phase zones; otherwise, the fluid is directly assumed to be in single- 
phase zones. To ensure the efficiency of the bypassing algorithm, the 
scaling factor should be as small as possible. To avoid misclassifying 
two-phase grid blocks as single-phase grid, 1/η should not exceed the 
saturated mole fraction (SMF). The optimal scaling factor (ηopt) can thus 
be obtained from SMF = 1/ηopt , leading to: 

ηopt =
1

SMF(P,T, cs)
(12) 

The application of the SB algorithm in gas-brine phase equilibrium 
calculations is limited. It employs a constant scaling factor (ηcon) and 
does not consider the effect of pressure, temperature and salinity. For 
different gases, the scaling factors are: ηCO2

= 100, ηH2S = 50, ηCH4
=

1000 and ηN2
= 1500 [14]. These constant values often fail to reflect the 

actual behavior of gases in the brine, resulting in poor efficiency or bad 
bypassing. Fig. 6 illustrates the ratio of the optimal scaling factor (OSF) 
to the constant scaling factor (CSF) for CO2 under varying temperature, 
pressure, and salinity conditions. A ratio greater than one indicates that 
the CSF is too small, which may lead to wrong bypassing in phase 
equilibrium modeling. Conversely, a ratio of less than one suggests that 

the CSF is too large, which reduces the efficiency of the bypass algo
rithm. Maintaining this ratio within the range of 0.8–1.2 strikes a bal
ance between algorithm accuracy and efficiency, ensuring optimal 
performance for stability analysis bypassing in phase equilibrium cal
culations. For the CSF to be considered optimal, the OSF/CSF ratio 
should predominantly lie within the transition region (around 0.8–1.2) 
in Fig. 6. At lower salinities (1–2 mol/kg), the ratio is primarily in the 
blue region, indicating that the CSF is overly conservative and leads to 
reduced efficiency. As salinity increases (3–4 mol/kg), the ratio gradu
ally shifts, with more areas falling into the transition region. However, at 
low pressures and moderate temperatures, the ratio often exceeds 1.2, 
suggesting that the CSF becomes too small and leads to more wrong 
bypassing. As salinity increases to 5–6 mol/kg, the red regions dominate 
the plot, indicating that the CSF is too small and cannot meet the ac
curacy requirements. These patterns demonstrate that the CSF is sub
optimal for varied formation conditions and further illustrate the 
demands for a more adaptive approach like the ASC algorithm to ach
ieve better performance across different salinity levels.

Fig. 7 illustrates the OSF/CSF ratio for four gas species at salinity = 3 
mol/kg, aiming to evaluate the adaptability and accuracy of the SB al
gorithm across different gases and conditions. The OSF/CSF ratio map 
shows that CO2 has the largest suitable region, where the ratio falls 
within the ideal range (0.8–1.2), compared to the other gases. CH4 and 
N2 exhibit similar distribution patterns and region sizes. For CO2, CH4 
and N2, the suitable regions are limited, with most areas dominated by 
either blue or red zones. In contrast, H2S is almost entirely in the blue 
zone, indicating that the SB algorithm is highly inefficient for H2S, with 
significant potential for further optimization. Overall, this comparative 
analysis reveals that the performance of the SB algorithm heavily de
pends on the gas species, as the fixed CSF values fail to adapt to the 
varying phase behavior of different gases.

The analysis of the OSF/CSF ratio for gas-brine binary systems 
highlights the limitations of using a constant scaling factor in the SB 
algorithm for gas-brine systems. The ideal regions where the ratio falls 
within the acceptable range are relatively small, with most areas either 
undersized (red) or oversized (blue), leading to accuracy compromises 
or inefficiency. The situation is even more pronounced for H2S, where 
the predominantly blue regions indicate that the CSF fails to achieve the 
necessary efficiency. Furthermore, for multi-component systems, η is 
determined by the largest CSF among the gas components, which un
doubtedly reduces the efficiency of the algorithm [14]. These results 
underscore the inadequacy of CSF in adapting to varying temperature, 
pressure, and fluid composition conditions, emphasizing the need for 

Fig. 6. OSF/CSF ratio for a CO2-brine system under varying temperature, pressure and salinity.
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more flexible and adaptive approaches. The ASC algorithm employs the 
criterion outlined in Eqn. (10) for multicomponent gas-brine systems. 
This approach ensures that the ASC algorithm maintains high efficiency 
even when applied to complex fluid compositions, significantly 
enhancing its applicability and performance in real-world scenarios.

3.3. Application of bypassing algorithm in GCS

This section evaluates the efficiency and accuracy of stability anal
ysis bypassing algorithms in geological carbon storage (GCS) simula
tions using two key indices: residual stability analysis ratio (RSAR) and 
bad bypassing number (BBN). RSAR represents the ratio of stability 
analysis number (SAN) after using a bypassing algorithm to the total 
number required without bypassing, where lower values indicate 
greater efficiency. BBN is the number of incorrectly bypassing in cases 
where phase transitions occur, reflecting the algorithm’s accuracy. The 

SMF tables in Section 2 are used in the following GCS simulation cases. 
Two GCS simulation models were analyzed: GMGHG005M and SPE11C. 
GMGHG005M is a homogeneous model with simpler geological condi
tions and injection operations. It was selected to test the performance 
improvement of our algorithm under idealized laboratory conditions for 
a mechanistic study. SPE11C is a more complex model that better rep
resents realistic subsurface conditions, allowing us to confirm the 
practical value of our algorithm in real-world engineering applications. 
These evaluations highlight the advantages of the ASC algorithm in 
enhancing computational efficiency while maintaining reliability in GCS 
simulations.

3.3.1. GMGHG005M cases
The GMGHG005M case is a benchmark model derived from the 

CMG-GEM template cases, specifically designed for geological CO2 
storage in a deep saline aquifer. The model is a Cartesian grid system 

Fig. 7. OSF/CSF ratio for gas-brine systems at salinity = 3.0.

Fig. 8. Distribution of CO2 in gas and aqueous phases for the first 100 years in a plane of GMGHG005M (at x = 5). Note: The results are modified based on our 
previous work [14].
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with dimensions of 9 × 9 × 24, where 9 grid cells are in the x and y 
directions and 24 grid cells are in the z direction. An injection well is 
located at the center bottom (x = 5, y = 5, z = 24) of a homogeneous 
aquifer formation. CO2 will be injected in the first 25 years, followed by 
a long-term simulation over 250 years to evaluate CO2 migration in the 
underground formation. Further details about the model setup can be 
found in the CMG template case library [26] or literature [14]. Fig. 8
presents a cross-sectional view of the GMGHG005M model at x = 5, 
showing the spatial distribution of gas saturation (right) and CO2 mole 
fraction in brine (left) for the first 100 years. The results illustrate the 
upward migration of CO2 due to buoyancy, creating a CO2 plume that 
spreads vertically and horizontally. The gas phase accumulates near the 
top of the formation, while the dissolved CO2 in brine disperses in a 
broader area beneath the gas cap. The CO2 plume occupies a significant 
portion of the grid cells in this model, leading to a higher frequency of 
required stability analyses. This requires a high-accuracy bypassing al
gorithm to ensure that simulation reliability is not compromised. The 
large sweep area of the CO2 plume underscores the challenges in 
balancing the efficiency and accuracy of stability analysis bypassing 
algorithm in GCS simulations.

We conducted extensive simulations to evaluate the efficiency and 
accuracy of the ASC algorithm using the GMGHG005M case. Four 
different injection gases were selected to analyze the impact of gas 
composition on the algorithm’s performance: 100 % CO2, 95 % CO2 + 5 
% H2S, 90 % CO2 + 5 % H2S + 5 % CH4, and 85 % CO2 + 5 % H2S + 5 % 

CH4 + 5 % N2. For convenience, these fluid systems are referred to as 2C, 
3C, 4C, and 5C, based on their component number (gas + water) in the 
rest part of this paper. To study the effects of temperature and pressure, 
the aquifer depth was varied across three scenarios: 1000 m, 2000 m, 
and 3000 m, corresponding to initial temperature and pressure condi
tions of (318 K, 10 MPa), (348 K, 20 MPa), and (378 K, 30 MPa), 
respectively. Additionally, salinity levels were tested at 0.00, 2.75, and 
5.50 mol/kg. By combining these varied settings, a total of 4 × 3 × 3 =
36 scenarios were evaluated, providing a comprehensive analysis of the 
ASC algorithm’s performance under a wide range of geological and 
operational conditions.

Fig. 9 shows the RSAR values after applying stability analysis 
bypassing algorithms. The panels on the left illustrate RSAR under three 
different temperature conditions (318 K, 348 K, and 378 K), while the 
panels on the right depict RSAR under three salinity levels (0.00, 2.75, 
and 5.50 mol/kg). Each panel further categorizes RSAR by component 
numbers (2C, 3C, 4C, and 5C), allowing an in-depth evaluation of how 
these parameters influence the efficiency of stability analysis bypassing 
algorithms. This figure includes RSAR for both the Adaptive Saturated 
Composition (ASC) algorithm and the shadow region bypassing (SB) 
algorithm, enabling a direct comparison of their performances for 
GMGHG005M cases. From the left-side panels, it is evident that RSAR 
for the SB algorithm decreases with rising temperature, while the ASC 
algorithm remains relatively stable across different temperatures. The 
right-side panels reveal that increasing salinity slightly reduces RSAR for 

Fig. 9. Residual stability analysis ratio (RSAR) of GMGHG005M cases after using ASC or SB algorithms.
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both algorithms, but its impact is quite limited. For the influence of 
component number, it is notable that the ASC algorithm performs 
exceptionally well in cases with fewer components (e.g., 2C and 3C), 
where it almost skips all unnecessary stability analyses. This highlights 
the superior efficiency of the ASC algorithm in simpler gas compositions 
compared to the SB algorithm. As the component number increases from 
3C to 5C, reflecting the growing complexity of phase equilibrium cal
culations in multicomponent systems, RSAR increases for both algo
rithms. However, the ASC algorithm demonstrates better scalability, 
with RSAR values consistently lower than those of the SB algorithm, 
regardless of component number. This suggests that the ASC algorithm is 
more effective at handling complex fluid systems. The results presented 
in Fig. 9 emphasize the significant computation savings achieved by 
stability analysis bypassing algorithms in phase equilibrium calcula
tions. While both algorithms reduce the frequency of stability analyses, 
the ASC algorithm outperforms the SB algorithm in terms of efficiency 
across all tested conditions.

The accuracy of bypassing algorithms is evaluated for the 
GMGHG005 cases by analyzing the BBN. The ASC algorithm demon
strates remarkable accuracy, with no bad bypassing observed in any of 
the tested scenarios. In contrast, the SB algorithm shows varying degrees 
of bad bypassing across different cases. Table 1 provides a detailed 
breakdown of bad bypassing numbers (BBN) for the SB algorithm under 
different reservoir and operational conditions. The table reveals that bad 
bypassing is more likely to occur in scenarios with fewer component 
numbers, moderate temperatures, and higher salinity levels. The results 
highlight the superior accuracy of the ASC algorithm, avoiding bad 
bypassing and ensuring the reliability of simulation results. This 
advantage makes the ASC algorithm highly reliable for geological car
bon storage simulations, addressing a critical limitation of traditional 
stability analysis bypassing algorithms.

To further demonstrate the computational advantages of the ASC 
method, we present a comparative analysis of simulation time using the 
SB method and the proposed ASC method at a temperature of 318 K, as 
shown in Fig. 10. The vertical axis represents the residual simulation 
time as a percentage of the baseline full-stability-analysis simulation 
across different component numbers (2C–5C) and salinities (0.00, 2.75 
and 5.50 wt%). Overall, the ASC method significantly reduces the 
simulation time across all cases. The time saved by the ASC method 
typically falls in the range of 20 %–50 %, which is better than that of the 
SB method. It should be noted, however, that the extent of time reduc
tion may vary across different reservoir simulators, as the proportions of 
phase equilibrium calculations and the numerical implementation de
tails can differ from one simulator to another. The superior performance 
of the ASC method can be attributed to two main factors: skipping more 
unnecessary stability analysis calculations and fewer misjudgments. The 
SB method tends to provide a wrong phase number in some cases, as 
described in Table 1, which leads to numerical instability. This, in turn, 
causes smaller time steps and an increase in the total number of simu
lation steps (N), directly increasing simulation time. This phenomenon is 
clearly observed in the 2C-(5.50) and 5C-(0.00) scenarios, where the SB 
method resulted in 33 and 6 additional time steps, respectively. In these 
cases, the SB method even increased the overall simulation time 
compared to the full-stability-analysis baseline, leading to efficiency 
losses. In contrast, the ASC method maintained its high accuracy and did 

not suffer from such issues, demonstrating better performance across all 
test scenarios. These results further validate the ASC method’s advan
tages in accelerating GCS simulations.

3.3.2. SPE11C case
The SPE11C case is one of the well-known SPE comparative solution 

projects, which provides benchmark models for evaluating reservoir 
simulation methods. This case has been widely adapted and modified in 
studies focusing on CO2 geological storage due to its realistic represen
tation of the heterogeneity of subsurface formation and long-term 
simulation requirements. In this study, it uses a corner-point grid sys
tem with dimensions of 168 × 120 × 20 = 403200, designed to simulate 
CO2 injection into a deep saline aquifer. Two injection wells are posi
tioned at the center of two high-permeability layers within the reservoir. 
CO2 was injected at a constant rate for 50 years and 25 years respec
tively, followed by a post-injection simulation for 1000 years. The 
geological setup includes heterogeneous permeability and porosity 
fields, representing realistic subsurface conditions. This is an ideal 
model for testing the robustness of stability analysis bypassing algo
rithms in handling heterogeneous and long-term storage simulations. 
Fig. 11 is a sketch of the benchmark geometry for SPE11C in the refer
ence configuration and its detailed setup information can be found in the 
literature [42].

Fig. 12 provides a cross-sectional view of the SPE11C model at y =
10, illustrating the spatial distribution of gas saturation (right) and CO2 
mole fraction in brine (left) over the simulation period. The simulation 
captures the injection process from two wells: the first well operates 
continuously for 50 years, while the second well begins injection at the 
25th year and operates until the 50th year. The results reveal distinct 
migration patterns for CO2, primarily influenced by buoyancy and the 
heterogeneous permeability of the reservoir. The CO2 plume expands 
vertically and laterally from the injection points, with gas saturation 
accumulating at the top of the high-permeability layers. Meanwhile, 
dissolved CO2 exhibits a broader distribution within the brine phase, 
spreading over a broader area beneath the gas phase. Compared to the 
GMGHG005M model, the SPE11C case shows a much lower proportion 
of grid cells swept by the CO2 plume. This aligns more closely with 

Table 1 
Bad bypassing number (BBN) of GMGHG005M cases after using the SB algorithm.

2 Components 3 Components 4 Components 5 Components

Salinity (mol/kg) Salinity (mol/kg) Salinity (mol/kg) Salinity (mol/kg)

0 2.75 5.5 0 2.75 5.5 0 2.75 5.5 0 2.75 5.5

T (K) 318 0 0 1197 0 2 719 0 0 48 5 8 12
348 0 2152 6358 0 360 5583 0 72 107 20 472 84
378 0 670 2741 0 675 1693 0 52 100 20 52 228

Fig. 10. Residual time percent across different compositions and salinity con
ditions at T = 318 K.
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realistic geological storage scenarios, where CO2 injection impacts are 
generally localized to specific regions. The lower fraction of affected grid 
cells suggests fewer stability analyses are necessary, making this case 
particularly useful for assessing the efficiency of ASC bypassing 
algorithms.

Fig. 13 illustrates the RSAR values for the SPE11C model under four 
different injection gas compositions: 100 % CO2 (2C), 95 % CO2 + 5 % 
H2S (3C), 90 % CO2 + 5 % H2S + 5 % CH4 (4C), and 85 % CO2 + 5 % H2S 
+ 5 % CH4 + 5 % N2 (5C). The initial salinity, temperature, and pressure 
were kept consistent with the original SPE11C setup. The ASC algorithm 
demonstrates a small increase in RSAR as the gas composition becomes 

more complex. Despite this increase, the results highlight the significant 
computational efficiency of the ASC algorithm, with stability analysis 
reduced to less than 2.7 % of the original required stability analysis 
number. This substantial reduction in stability analysis is attributed to 
the relatively small proportion of grid cells swept by the CO2 plume in 
the SPE11C model. The lower RSAR observed for the SPE11C model 
compared to the GMGHG005M cases suggests that the ASC algorithm is 
more effective in handling realistic geological storage models. Realistic 
models often include extensive regions where CO2 does not reach, 
thereby requiring fewer necessary stability analyses. Notably, the ASC 
algorithm did not encounter any bad bypassing during the SPE11C 
simulations, further confirming its high accuracy and reliability. This 
eliminates concerns that stability analysis bypassing algorithms might 
compromise simulation accuracy, making the ASC algorithm a robust 
choice for geological carbon storage simulations. These findings rein
force the advantages of the ASC algorithm in handling both efficiency 
and accuracy, particularly in complex and real-world storage scenarios.

4. Conclusions

In this study, we proposed a novel stability analysis bypassing 
method for geological carbon storage simulations. Through extensive 
testing on a benchmark model (GMGHG005M) and a more realistic 
model (SPE11C), we evaluated the performance of the Adaptive Satu
rated Composition (ASC) algorithm. Our results show that stability 
analysis bypassing algorithms can substantially reduce the CPU time 
required for phase equilibrium calculations by minimizing the frequency 
of stability analyses, thus accelerating large-scale GCS simulations. The 

Fig. 11. Sketch of the benchmark geometry for SPE11C in the reference configuration [42].

Fig. 12. Distribution of CO2 in gas and aqueous phases in a plane of the SPE11C model (at y = 10).

Fig. 13. Residual Stability Analysis Ratio (RSAR) of ASC algorithm for the 
SPE11C model.
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ASC method achieved impressive bypassing efficiency, successfully 
skipping 93 %–99.9 % of unnecessary stability analyses across various 
scenarios, with the Residual Stability Analysis Ratio (RSAR) dropping 
below 0.1 % in simpler composition cases. Moreover, the ASC algorithm 
maintained excellent accuracy, as evidenced by a zero Binary Block 
Number (BBN) in all test cases, indicating no misclassification of two- 
phase conditions and eliminating concerns about accuracy loss due to 
bypassing. It also showed strong scalability, consistently delivering high 
performance across different gas compositions, which highlights its 
robustness in handling complex fluid systems in GCS applications. 
Compared to the shadow region bypassing (SB) method, the ASC algo
rithm exhibited superior performance by more effectively reducing 
RSAR and avoiding the misclassification issues commonly observed with 
SB, thereby offering a more reliable and efficient solution for phase 
equilibrium modeling in GCS simulations. Given its robust performance 
and broad applicability, the ASC algorithm holds great potential for 
integration into commercial reservoir simulators, enabling faster and 
more accurate modelling of large-scale GCS projects in practical engi
neering settings.
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List of Symbols, Abbreviations and Nomenclature

aα Dimensional attraction parameter
b Dimensional repulsion parameters
ci Mole fraction of i-th component
cs Brine salinity
g Gravity acceleration
k Absolute permeability
kr Relative permeability
kij Binary interaction parameter (BIP)
N Time step number
n Component number
Pc Critical pressure
q Molar well flux
R Universal gas constant
S Phase saturation
Tr Reduced temperature
v Phase volumetric velocity
v Molar volume
Z Grid depth
zi Feed mole fraction for i-th component
ρ Molar density
ϕ Rock porosity
η Scaling factor in the SB method
Ωa Attraction parameter constant
ASC Adaptive Saturated Composition
BBN Bad Bypassing Number
BIP Binary Interaction Parameters
CCUS Carbon Capture, Utilization, and Storage
CPA Cubic-Plus-Association
CPU Central Processing Unit
CSAT Compositional Space Adaptive Tabulation
CSF Constant scaling factor
EOS Equations of State
PR EOS Peng-Robinson EOS
PR-SW EOS PR EOS modified by Søride and Whitson
SRK EOS Soave-Redlich-Kwong EOS
GCS Geological Carbon Storage
MF Mole Fraction
NB Neighborhood Bypassing
OSF Optimal Scaling Factor
PC-SAFT Perturbed-Chain Statistical Associating Fluid Theory
PVT Pressure-Volume-Temperature
RSAR Residual Stability Analysis Ratio
SAN Stability Analysis Number
SB Shadow-region Bypassing
SMF Saturated Mole Fractions
subscript ​
g Gas phase
w Water phase
i i-th component
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Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.renene.2025.123545.
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