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A B S T R A C T

Open Porous Media (OPM) Flow is an open-source reservoir simulator used for solving subsurface 
porous media flow problems. Focus is placed here on carbon sequestration and the modeling of 
fluid flow within underground porous reservoirs. In this study, a sensitivity analysis of some input 
parameters for carbon sequestration is performed using six different uncertain parameters. An 
ensemble of model realizations is simulated using OPM Flow, and the model output is then 
calculated based on the values of the six input parameters mentioned above. CO2 injection is 
simulated for a period of 15 years, while the post-injection migration of CO2 in the saline storage 
aquifer is simulated for a subsequent period of 200 years, leading to a final analysis after 215 
years. The input parameter values are generated using the quasi-Monte Carlo (QMC) method in 
the region of interest, following specified patterns suitable for analysis. The optimal convergence 
rate for quasi-Monte Carlo is observed. The aim of this study is to identify important input pa
rameters contributing significantly to the model output, which is accomplished using sensitivity 
analysis and verified through symbolic regression modeling based on machine learning. Global 
sensitivity analysis using the Sobol sequence identifies input parameter 3, ’Permeability of shale 
between sand layers,’ as having the most influence on the model output ’Secondary Trapped 
CO2.’ All regression models, including the simplest and least accurate ones, incorporate param
eter 3, confirming its significance. These approximations are valid within the designated area of 
interest for the input parameters and are easily interpretable for human experts. Sensitivity 
analysis of the developed time-dependent carbon sequestration model shows that the significance 
of each physical parameter changes over time: Sand porosity is more significant than shale 
permeability for roughly the first 120 years. Consequently, the presented results show that 
simulation timescales of at least 200 years are necessary for carbon sequestration evaluation.
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martinovic@vsb.cz (J. Martinovič), renata.praksova@vsb.cz (R. Praksová), Francesca.Watson@sintef.no (F. Watson), dejan.brkic@vsb.cz (D. Brkić). 
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1. Introduction

Simulations are crucial in various fields of petroleum engineering, hydrogeology, and environmental science, helping researchers 
and engineers understand phenomena like groundwater flow, oil reservoir behavior, and contaminant transport. In this study we 
consider the simulation of CO2 sequestration and perform a sensitivity analysis of a range of input parameters defining an ensemble of 
models. Using the input parameters of influence, symbolic regression models are established based on simulations done with the Open 
Porous Media (OPM) Flow reservoir simulator [1]. OPM Flow used in this study is an open-source software tool for simulation of fluid 
flow through porous materials like rocks or soil, which is extensively used in petroleum engineering but also for other purposes such as 
hydrogen storage [2]. It has been developed by a consortium including both research institutes and industry actors. This tool is freely 
available for anyone to modify and use. OPM is implemented using a flexible automatic differentiation (AD) approach to allow for easy 
extension with new fluid models. Existing fluid models include black-oil, polymer, solvent, and CO2 capabilities.

CO2 is a greenhouse gas which has influence on climate and global temperature in complex cause and effect relationships [3–7]. For 
this motivation, CO2 is injected into subsurface porous formations - Geological Carbon Sequestration (including marine geological 
sequestration [8,9]), effectively reducing the amount that would otherwise be emitted into the atmosphere [10–12]. CO2 can be 
injected in salt caverns and saline domes and aquifers [13–15], underground coal deposits [16,17] (including fractured coal deposits 
[18]), depleted oil and gas reservoirs [19–21], sandstones [8], etc. The efficiency of sequestration in former underground porous 
reservoirs of oil and gas with finished exploitation or in saline aquifers depends on various factors, such as relative permeability [22], 
capillary pressure, well orientation, etc. [21,23]. CO2 can also be biologically sequestered in the soil as a result of agricultural practices 
[24], in forests and biomass [25,26], etc. Further, it can be sequestered in gas hydrates [27,28], into ocean water forming bicarbonates 
[29], concrete [30,31], in soils enriched by biochar remains from pyrolysis of waste [32], fly coal ash [33], etc. New CO2 capture 
methods based on oxy-fuel combustion and chemical looping combustion are also available [34]. CO2 has favorable thermal properties 
and can be efficiently used in subsurface geothermal energy storages [35]. It can be also used simultaneously for sequestration and 
enhanced oil recovery [36,37].

This paper is organized as follows. 

1. Section 1 explains why we have chosen to use OPM flow for simulation of CO2 sequestration in underground saline aquifers [38,
39]. Explanation of types of CO2 sequestration and rationalities for choosing between them are also given in Section 1.

2. Various studies explored numerous input parameters for CO2 sequestration; for example Pavan and Govindarajan [40] examined 
the impact of porosity, permeability, injection velocity, permeability anisotropy, residual water saturation, and residual gas 
saturation; while Chen et al [41] explored the uncertainty of where the optimal location to place the monitoring well(s) is and what 
type of data (pressure, temperature, CO2 saturation, etc.) are of influence for sequestration in geological formations, etc. [42]. In a 
similar way, carefully selected input parameters for this study are shown in Section 2 of this paper and will be further analyzed. The 
evaluated dataset has 1024 combinations of each parameter in the range of interest, all selected using Sobol’s quasi-random 
sequence [43–46]. Using these inputs, an ensemble of reservoir models based on the Sleipner Benchmark model [47] was 
created; these were simulated by the OPM Flow software tool, then in post-processing a single output parameter was calculated that 
represents the most stable part of the trapped CO2. The simulation involved injecting CO2 over a 15-year period, with subsequent 
analysis extending over 200 years to model its behavior within the porous media of underground storage. The final analysis 
assessed the conditions after a total period of 215 years.

3. The data set of input parameters chosen for this study and the model output provided by OPM Flow were analyzed by a robust 
global sensitivity analysis method to evaluate which of the input parameters has the largest influence on the output [48–52]. The 
sensitivity analysis is shown in Section 3.

4. The same data set of inputs and output was used to feed a machine learning (ML) model [53] to provide a fast symbolic regression 
approximation of the OPM Flow results of this use case. The obtained symbolic regression formulas are shown in Section 4 of this 
paper. Symbolic regression is a computational technique based on machine learning that aims to find mathematical expressions or 
formulas that best fit a given dataset, typically without any prior knowledge of the underlying equations [54,55] with various 
applications [56–61].

5. Finally, conclusions are given in Section 5.

The data analysis within OPM Flow and post-processing of output was conducted by SINTEF in Oslo, Norway, utilizing patterns of 
data supplied by IT4Innovations, the National Center for Supercomputing of the Czech Republic in Ostrava, where sensitivity analysis 
and regression modeling were also further carried out. The ensemble of models was simulated on the Karolina cluster of the National 
Center for Supercomputing. The post-processing scripts, including the calculation of the secondary trapped CO2 quantity, is available 
at https://github.com/kjetilly/ensemble_run_across.

2. Model, inputs and outputs

The model used as a base for this analysis is a coarsened version of the Sleipner CO2 benchmark model (CODataShare, 2020; 
[62–64]). The Sleipner CO2 storage site has been operated since 1996 by Equinor to avoid emissions from the production of natural gas 
in the Sleipner area, on the Norwegian continental shelf off the western coast of Norway. The CO2 has been injected at a rate of 
approximately 1 Mt/yr into a saline aquifer that is part of the larger Utsira Formation. The 2019 benchmark model we have used as a 
base for our study incorporates baseline seismic, well logs, and time-lapse seismic data.

P. Praks et al.                                                                                                                                                                                                           Heliyon 10 (2024) e40044 

2 

https://github.com/kjetilly/ensemble_run_across


The model has been coarsened in the horizontal direction by a factor of 3 in both x- and y-directions, yielding an approximately 9 
times smaller model than the original, with a total of 211 508 grid cells. This was done to save resources and speed up the runtime of 
the ensemble. We have not studied if this has an impact on the analysis results but leave that to future work.

The injected CO2 can be entrapped through four distinct mechanisms: 1. Structural trapping, 2. Capillary trapping, 3. Solubility 
trapping, or 4. Mineral trapping. However, our simulation model omits consideration of mineral trapping, as it typically occurs over 
significantly longer durations compared to the first three mechanisms. In our final analysis, we concentrate on a single variable, termed 
‘Secondary Trapped CO2’, which represents the proportion of injected CO2 that undergoes capillary entrapment or dissolution. While 
our model accounts for the impact of structural trapping, we do not specifically analyze CO2 trapped through this mechanism in this 
study. The case is set up with 15 years of initial injection, in which approximately 13.3 million tons of CO2 is injected, followed by a 
200-year migration period. Our analysis focuses on the state at the end of the 215-year schedule.

Fig. 1 shows the time evolution of the secondary trapping, with capillary trapped CO2 in orange, dissolved CO2 in blue, and their 
sum (‘Secondary Trapped CO2’) in green. The colored fields indicate the spread of values, with the thicker line indicating the mean and 
standard deviations shown as vertical bars. The rest of the CO2 injected is structurally trapped.

From the output data several parameters may be explored in an uncertainty analysis of CO2 sequestration, such as: amount of 
injected CO2, amount of free-flowing CO2, amount of leaked CO2 from the structure, capillary trapped CO2, dissolved CO2, etc. The 
single output variable we have chosen to study is ‘Secondary Trapped CO2’, defined as the mass fraction of injected CO2 that is either 
capillary trapped or dissolved. The rest of the injected CO2 will be structurally trapped in the model scenarios considered. In the models 
studied, we observe no or very little leakage of CO2 from the storage area, and this in part is what motivates our choice of output 
variable, as it exhibits more interesting behavior for our ensemble. In case a leak in the caprock exists or develops, the structurally 
trapped but mobile CO2 may be at risk of leaking out, whereas the capillary trapped or dissolved CO2 is not. Therefore, our chosen 
variable may be used to differentiate between high-quality storage scenarios. For an overview of trapping mechanisms and more 
information about capillary trapping, see e.g. Ref. [65].

In our analysis this output parameter depends on the input parameters: 1. ‘Temperature gradient’, 2. ‘Permeability of sand layers’, 
3. ‘Permeability of shale between sand layers’, 4. ‘Permeability of feeder chimneys connecting sand layers’, 5. ‘Porosities of sand, shale, 
and feeders’ and 6. ‘Topography of top surface’. These 6 input parameters are used to generate a model ensemble, and then each model 
is simulated with OPM Flow. Then a post-processing calculation is done to find the ‘Secondary Trapped CO2’ output parameter 
(dimensionless, and falling between 0 and 1, indicating the fraction of capillary trapped and dissolved CO2; A value of 0 would mean 
that the injected CO2 is only structurally trapped, while a value of 1 would mean that everything has been capillary trapped or dis
solved in the brine). The input parameters for the CO2 sequestration for the sensitivity analysis in the range of interest for this study are 
summarized in Table 11

The theoretical aspects of variance-based sensitivity analysis were proposed by I. M. Sobol’ [43]. An integral formulation can be 
found in Ref. [66]:

Given a mathematical model y = f(x) for an n-dimensional input vector x denoting the parameters, where f is an integrable 
function from Rn to Rn and x lies within the unit hyper-cube Hn, defined as Hn = [0, 1]n⊂Rn see Ref. [43,66]:

According to Sobol, f(x) can be decomposed as a sum of elementary functions by a high-dimensional model representation 
(HMDR), Eq. (1): 

f(x)= f0 +
∑n

i
fi(xi)+

∑

1≤i<j≤n
fij
(
xi, xj

)
+

∑

1≤i1<i2<…<is≤n
fi1 i2… is (xi1 , xi2 ,…, xis )+…+ f12…n(x1, x2,…, xn) Eq. (1) 

Each term in this sum can be evaluated using multiple integrals as given in Eqs (2)–(4): 

f0 =

∫

Hn
f(x)dx Eq. (2) 

fi(xi)=

∫

f(x)
∏

k∕=i
dxk − f0 Eq. (3) 

fij
(
xi, xj

)
=

∫

f(x)
∏

k∕=i,j

xk − fi(xi) − fj
(
xj
)
− f0 Eq. (4) 

1 Permeability is given here in millidarcy (mD or md), which is not an SI unit but which is widely used in petroleum engineering. According to 
“The SI Metric System of Units and SPE Metric Standard” of the Society of Petroleum Engineers: http://www.spe.org/authors/docs/metric_standard. 
pdf (accessed on June 11, 2024), permeability has unit of the square of the length, where 1D = 0.9869233 μm2≈1 μm2. A medium with a 
permeability of 1D permits a flow of 1 cm3/s of a fluid with viscosity 1 cP i.e. 1 cP (=1 mPa s) under a pressure gradient of 1 atm/cm acting across an 
area of 1 cm2, where the shown value of conversion factor 0.9869233 is the same as reciprocal of 1.013250—the conversion factor from atmo
spheres to bar. However, SI definition of permeability in m2 is: permeability of 1 m squared will permit a flow of 1 m3/s of fluid of 1 Pa s viscosity 
through an area of 1 m2 under a pressure gradient of 1 Pa/m. Darcy and the square micrometer (μm2) can be considered equivalent when high 
accuracy is not needed or implied, with implication that 1.1D ~ 1.1 μm2 and 5D ~ 5 μm2. Porosity is dimensionless, and fall between 0 and 1, and is 
expressed as a fraction of pore volume and total volume.
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Sobol’s global sensitivity method uses the ratio of the partial variances to the total variance to estimate the influences of the model 
variables on the model responses. The total variance of the model outputs and the partial variances of each elementary function are 
calculated as follows, respectively as given in Eqs. (5) and (6): 

D=

∫

Hn
f2(x)dx − f2

0 Eq. (5) 

Di1 i2…is =

∫ 1

0
f2
i1 i2…is (xi1 , xi2 ,…xis )

∏
dxik ,1≤ k ≤ s Eq. (6) 

By squaring and integrating over Hn, we can obtain Eq. (7)

D=
∑n

i=1
Di +

∑

1≤i<j≤n
Dij + … + D12…n Eq. (7) 

The Sobol’ sensitivity index is defined in Eq. (8): 

Si1 i2…is =Di1 i2…is/D Eq. (8) 

The first-order sensitivity index Si = Di/D represents the variance contribution of the variable xi to the variance of the model 
responses, whereas the second-order index Sij reflects the variance contribution of the variables xi and xj to the total variance of the 
model output. A detailed timeline of sensitivity analysis, including its development from local to global methods, can be found in 
Tarantola et al. [67].

The quasi-Monte Carlo method is used via the SALib software [68] with parameters of Table 1 used for selection of the presented 
ranges of values of parameters. An example of generated Sobol’s quasi-random points is presented in Table 2 (a complete version is 
given as an Electronic Appendix of this paper). A quasi-Monte Carlo Sobol’s sample in 1024 points ([43]; Sobol’ et al., 2011; [45,46]) is 
used in the given region of interest for all 6 input parameters to generate the output ‘Secondary Trapped CO2’; i.e. ranges are set to 

Fig. 1. Mass of dissolved CO2, capillary trapped CO2 and total secondary trapped CO2 over time.

Table 1 
Input parameters of the CO2 sequestration in this study for sensitivity analysis, uncertainty analysis and machine learning predictions.

No. Parameter Notation Minimum Maximum

1 Temperature gradient (tegrad) X1 30 ◦C 40 ◦C
2 Permeability of sand layers (pesand) X2 1100 mD 5000 mD
3 Permeability of shale between sand layers (peshale) X3 0.00075 mD 0.0015 mD
4 Permeability of feeder chimneys connecting sand layers (pefeeder) X4 1100 mD 5000 mD
5 Porosities of sand, shale, and feeders (posand) X5 0.27 0.4
6 Topography of top surface (totopsur) X6 − 10 m +10 m
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cover the domain of variation of all input parameters. SINTEF provided IT4Innovations the data set ‘Secondary Trapped CO2’ extracted 
from 1024 OPM Flow simulations, marked as Y in Table 2. The parameter labeled as X7 in Table 2, referred to as the “dummy” 
parameter, holds no statistical significance in affecting the output parameter [69]. It serves solely for additional scrutiny of the 
performed sensitivity analysis. The sensitivity index of the “dummy” parameter is proportional to the numerical errors in the sensi
tivity analysis. This helps to distinguish among important and non-important input parameters [70–72].

The OPM Flow model is evaluated for the given sample, which represents a different combination of input parameters given in 
Table 2. To automate the evaluation of OPM Flow for various input parameters from Table 1, SINTEF developed the OPM-runner2

python program, which is a handy tool to run OPM Flow with various parameters. This tool has been successfully used for automating 
the sensitivity analysis procedure, as the repeated evaluation of OPM Flow is a time-consuming procedure. Consequently, the output 
parameter ‘Secondary Trapped CO2’ has been automatically extracted from the OPM Flow results, in Table 2 denoted by the symbol 
“tco2” as the output parameter Y.

The used quasi-Monte Carlo Sobol’s sample is not random; instead, it is rather quasi-random ensuring that the same sequence 
consistently emerges in repeated experiments. An added benefit is its comprehensive coverage of the entire data space, without gaps 
(and especially without any huge random gaps). It is expected that the input parameters have uniform distribution (Fig. 2a–l) to 
maximize the information regarding the response of the OPM Flow model. The same applies for the “dummy” parameter (Fig. 3). The 
input parameter ‘dummy’ is modeled by a uniform distribution with a minimum of 0 and a maximum of 1, see also Table 2. We note 
that even though the histograms of the dummy parameter and the “totopsur” parameter look similar, they are in fact distinct variables 
with different scatters.

3. Sensitivity analysis

The uncertainty of the model response, shortly “uncertainty analysis” aims to quantify the variability of the model output due to the 
variability of the model inputs [52]. The quantification is usually performed by the summarization of the model output data by 
exploratory data analysis [73].

The uncertainty analysis involves several steps: Defining the uncertainty of input variables, such us setting the minimum and 
maximum values of the input parameters for sampling (Table 1 represents input parameters of the carbon sequestration case study); 
generating a sample of the model inputs, as described in Section 2; generating an ensemble of simulation models corresponding to the 
input parameters and simulating each ensemble member with OPM Flow; evaluating the simulation results for each ensemble model to 
calculate the output Y with the resulting dataset of X1-X7 and Y shown partially in Table 2 and completely in the Electronic Appendix; 
and representing the model output.

The output of the uncertainty analysis is the unconditional distribution p(y), which represents the overall uncertainty of the model 
output. Fig. 4 shows the overall uncertainty of the model output Y: ‘Secondary Trapped CO2’, which is represented by a histogram.

Statistical results of the output parameter Y: ‘Secondary Trapped CO2’ are summarized in Table 3. The model output varies from 
circa 0.309 to 0.385.

Fig. 5a–f presents results of the sensitivity analysis by sensitivity plots where on the x-axis are input parameters X1 to X6 from 
Table 2, whereas the model output Y: ‘Secondary Trapped CO2’ is on the y-axis. The trend has been fitted by a polynomial regression 
model. Fig. 6 provides the same for the “dummy” parameter X7.

The concentration of dots in Fig. 5 clearly shows that the variance of the output Y:‘ Trapped CO2’ is mainly explained by X3: 
‘peshale’ and X5: ‘posand’. X3: ‘peshale’ is directly proportional to the output Y. Low values of X3: ‘peshale’ have a trend to cause small 

Table 2 
Example of input parameters generated by the quasi-Monte Carlo methoda. The column ‘dummy’ presents a non-significant parameter, which is used 
in sensitivity analysis to distinguish between significant and non-significant input parameters. The last column ‘tco2’ represents the output parameter 
extracted from OPM Flow results (‘Secondary Trapped CO2’).

No. X1 tegrad X2 pesand X3 peshale X4 pefeeder X5 posand X6 totopsur X7 dummy Y tco2

1 30.01465 2568.213 0.001086 2998.584 0.342427 6.884766 0.241699 0.333244732
2 35.87402 2568.213 0.001086 2998.584 0.342427 6.884766 0.241699 0.336624054
3 30.01465 3817.432 0.001086 2998.584 0.342427 6.884766 0.241699 0.336522887
4 30.01465 2568.213 0.001254 2998.584 0.342427 6.884766 0.241699 0.343364373
5 30.01465 2568.213 0.001086 4304.932 0.342427 6.884766 0.241699 0.330077595
6 30.01465 2568.213 0.001086 2998.584 0.38978 6.884766 0.241699 0.342296732
7 30.01465 2568.213 0.001086 2998.584 0.342427 4.130859 0.241699 0.333458577
8 30.01465 2568.213 0.001086 2998.584 0.342427 6.884766 0.338379 0.333399068
9 30.01465 3817.432 0.001254 4304.932 0.38978 4.130859 0.338379 0.350168533
10 35.87402 2568.213 0.001254 4304.932 0.38978 4.130859 0.338379 0.348800606
⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞
1024 36.96777 2659.619 0.000937 4000.244 0.306499 − 5.556640 0.572753 0.319556864

a Electronic Appendix of this paper provides a complete dataset (available there with more decimal places), i.e. 1024 rows of the inputs X1 to X6, of 
the “dummy” parameter and of the output Y.

2 A small and simple tool to run OPM Flow with various parameters: https://github.com/kjetilly/opm-runner (accessed on June 12, 2024).
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values of Y and vice versa. The same observation (but less visible) is valid also for X5: ‘posand’. In contrast, ‘Secondary Trapped CO2’ is 
inversely proportional to X4: ‘pefeeder’. The influence of X2: ‘pesand’ to the output Y exists but is very limited.

The scatter of dots in all other cases is large, while the associated trendlines are almost always horizontal and with a very small 
curvature indicating that these input parameters have little influence on output.

The open-source SALib software is used for Sobol’s sensitivity analysis, which computes the first-order and the total sensitivity 
indices. The sensitivity indices in Sobol’s sensitivity analysis measure the contribution of a single variable or a group of variables to the 
total variance [43]. These indices are fractions of partial and total variances, and they range from 0 to 1 [45]. First-order indices, 

Fig. 2. Distribution of the input parameters X1-X6.
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sometimes also called “main effect indices”, measures the contribution to the output variance by a single model input alone. As 
discussed in SALib,3 the total-order index measures the contribution to the output variance caused by a model input, including both its 
first-order effects (the input varying alone) and all higher-order interactions. The first-order sensitivity index is very close to the total 
sensitivity index. This means that the model is additive with no significant interactions among input parameters. Sensitivity indices 

Fig. 2. (continued).

3 SALib - Sensitivity Analysis Library in Python – Basics: https://salib.readthedocs.io/en/latest/user_guide/basics.html#what-is-sensitivity- 
analysis (accessed on October 29, 2024).
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very close to zero indicate a negligible effect to the model output.
Fig. 7 summarizes the results of the sensitivity analysis. 

1. The most important parameter is X3: ‘peshale’. The total sensitivity index (0.61) is the same as the first-order sensitivity index. This 
means that the output variance is fully explained by the variance in X3: ‘peshale’, without any additional variance caused by the 
interaction between them (negligible interactions).

2. The parameters X5:’posand’, X4: ‘pefeeder’ and X2 ‘pesand’ have a much lower importance, as their total sensitivity indices are 0.2, 
0.14 and 0.08 respectively. First-order sensitivity indices of these parameters, 0.17, 0.12 and 0.06 respectively, are close to the total 
order indices which indicates that interactions exist, but they are limited.

3. The input parameter X1: ‘tegrad’ has negligible importance.
4. The parameter X6:’totopsur’ is not important at all for the ensemble under study. The same can be concluded also for the parameter 

X7:’dummy’, by its definition.

Fig. 3. Distribution of the “dummy” parameter X7.

Fig. 4. Model output ‘Secondary Trapped CO2’ represented by the symbol Y.

Table 3 
Statistical analysis of the model output Y: ‘Secondary Trapped CO2’ for 1024 Sobol’s quasi-Monte Carlo points.

count mean standard deviation min 0.25 quantile 0.5 quantile 0.75 quantile max

1024 0.340913 0.015648 0.309241 0.328218 0.339245 0.351542 0.384821
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Fig. 5. A plot of the chosen input variables X (on x-axis) and the model output Y: ‘Secondary Trapped CO2’ (on y-axis): (a) X1: ‘tegrad’, (b) X2: 
‘pesand’ (c) X3: ‘peshale’, (d) X4: ‘pefeeder’, (e) X5: ‘posand’, (f) X6: ‘totopsur’; Scatter plot represents real data while line represents trend.
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3.1. Convergence studies

While there are convergence guarantees for quasi-Monte Carlo, and specifically the Sobol sequence, said convergence guarantees 
rely on the Hardy-Krause variation of the function, which in most practical cases is not available [74]. To remedy this for the current 
problem, we have run convergence studies for both the expectation and the first order sensitivity indices to confirm the convergence 
rate and applicability of QMC for the given problem.

We first generate a reference solution using 2753 samples. We then plot the error (deviation) between the solution using M samples 
and the reference solution as a function of M for time 107 years and 214 years. A linear regression between log(M) and log(error) is 
done to estimate the convergence rate for both timesteps. We carry out this convergence study for the mean (expectation) in Fig. 8, 
where we see an overall convergence of order approximately 1, which is to be expected for smooth observables. To gauge convergence 
of the first order Sobol sensitivity index (S1), we consider the deviation from the reference solution Sobol S1 index for each parameter 
(pesand, peshale, etc) and take the l̂ ∞-norm of the errors to measure joint convergence, the result of which is displayed in Fig. 9. We 
note that all obtained convergence rates measured are close to 1, meaning we are close to the optimal convergence rate for quasi-Monte 
Carlo. Furthermore, we note that the errors obtained at the sample size we are using for the rest of the paper, 1024 samples, are well 
within the tolerances required to order the parameters from least to most significant.

3.2. Time evolution of the sensitivity

For each year between 0 and 214, we plot the computed first Sobol sensitivity index (S1), and plot this as a function of time in 
Fig. 10. As we can clearly see from this plot, the relative sensitivity of each parameter changes over time. Indeed, the permeability of 
the shale layers is among the least important parameters even after 50 years, and only becomes dominant after more than 100 years of 
simulation.

Fig. 6. A plot of the “dummy” input variable X7 (on x-axis) and the model output Y: ‘Secondary Trapped CO2’ (on y-axis); Scatter plot represents 
real data while line represents trend.

Fig. 7. Model sensitivity indices: (S1) first-order and (ST) total.
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4. Regression models

4.1. Symbolic regression

Symbolic regression is a computational technique that aims to discover mathematical expressions or equations that best fit a given 

Fig. 8. Convergence of the mean of secondary trapped CO2 against a reference solution with 2752 samples.

Fig. 9. Convergence of the first order Sobol index for the observable secondary trapped CO2 in the infinity-norm over all parameters.
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dataset, without requiring any predefined mathematical model structure [54]. It essentially seeks to find symbolic expressions that 
represent the relationships within the data, providing explainable (symbolic) models.

Symbolic regression finds the best model for the given dataset by exploring different mathematical expressions. Symbolic 
regression does not have a fixed model to begin with. It creates symbolic expressions by randomly mixing mathematical elements, such 
as operators, functions, and constants. Thus, symbolic regression can be viewed as an automated machine learning method. We used 
the same input data set for the machine learning task as for the previous uncertainty and sensitivity analysis tasks.

The aim of the machine learning task in this study is to find a regression model, which estimates the relations between input 
parameters of the output parameter provided by the OPM Flow software. An additional task is to verify the outcomes of the sensitivity 
analysis, as symbolic regression possesses the capability to incorporate solely the input parameters that significantly impact the output, 
while disregarding those with minimal or negligible influence [75,76].

The symbolic regression tool Eureqa has been used to analyze the data from Table 2 (a full data set is in Electronic Appendix of this 
paper), where input parameters are X1 to X6 while the output is Y: ‘Secondary Trapped CO2’. (The ‘dummy’ parameter was used only 
for sensitivity analysis, not for regression.) Eureqa is a software tool designed for symbolic regression, aiming to discover mathematical 
formulas that accurately represent relationships within data [77]. All obtained machine learning models were trained using 512 
simulations and successfully validated by 512 simulations of the OPM flow. The simulations were split randomly for training and 
testing. The symbolic regression procedure generated a variety of symbolic models with different complexity and precision from the 
analyzed data set. The most suitable approximations of the output parameter Y: ‘Secondary Trapped CO2’ with increasing number of 
the input parameters X (1D to 6D models) obtained by symbolic regression are summarized in Table 4.

Symbolic regression models from Table 4 are nonlinear. All models (except 1D model) have interactions, for example (X3 × X5) and 
X3 × X2

3. However, to be consistent with the results of the sensitivity analysis, we show in the next subsection “Multiple linear 
regression”, that these interactions are not very significant.

Fig. 11 presents the scatter plot of the Y: ‘Secondary Trapped CO2’ values from the OPM flow software on x-axis – Data and machine 

Fig. 10. Time evolution of the Sobol indices for trapped secondary CO2.

Table 4 
Obtained symbolic regression models.

Number of input parametersa Approximationsb Maximal absolute error R-squared

1 – 1D model 0.415–7.638e-5/X3 0.027 0.59
2 – 2D model 0.414–2.454e-5/(X3 × X5) 0.020 0.76
3 – 3D model 0.301 + 162.727 × X3 × X5-6.591⋅10− 6 × X4 0.013 0.89
4 – 4D model 0.274 + 158.407 × X3 × X5+0.007 × X2/X4 0.010 0.95
5 – 5D model 0.269 + 155.313 × X3 × X5+(X1+2.13⋅10− 7 × X3 × X2

3)/(456.48+X4) 0.007 0.98
6 – 6D model 0.269 + 154.788 × X3 × X5+(X1+2.139⋅10− 7 × X3 × X2

3+cos(X6))/(480.002+X4) 0.006 0.98

a Dimensions D are correlated with Fig. 11.
b Automatized tool is written in Python to transform the coefficients of the symbolic models to the desired precision. We use 3 digits for coefficients, 

as the precision of symbolic models remains approximately the same. Models with 3-digit coefficients are better for the human eyes. Coefficients with 
3 digits provide a good compromise between complexity and accuracy.
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learning predictions on y-axis – Prediction of (a) one-parameter model – 1D model, (b) two-parameter model – 2D model, (c) three- 
parameter model – 3D model, (d) four-parameter model – 4D model, (e) five-parameter model – 5D model, and (f) six-parameter model 
– 6D model. The R2 value, also known as the coefficient of determination, measures the proportion of variation in the dependent 
variable explained by the independent variable or how well the regression model fits the data. The R2 value ranges from 0 to 1, and a 
higher value indicates a better fit.

Developed symbolic regression models with 1 and 2 parameters have a poor fit, see Fig. 11. However, machine learning models 
developed with 3 or more parameters fit the analyzed carbon sequestration use case very well. For example, Fig. 11 shows that the 
coefficients of determination (R-squared) are very close to one: for the 3D model, R2 = 0.89, whereas for the 4D model, R2 = 0.95. 
Fig. 11 also shows that prediction errors are very small, see Fig. 11 (d), (e), (f).

4.2. Multiple linear regression

The results of the sensitivity analysis indicate that the model of ‘Secondary Trapped CO2’ is additive with no significant interactions 
among input parameters. Consequently, we can expect that the model of ‘Secondary Trapped CO2’ can be accurately expressed by 
approximations, which are linear in input parameters. For this reason, this section tests the ability of multiple linear regression to 
predict the output parameter Y: ‘Secondary Trapped CO2’

The Python open-source machine-learning library scikit-learn is used for multiple linear regressions. The most suitable linear 
regression approximations of the output parameter Y: ‘Secondary Trapped CO2’ with increasing number of the input parameters X (1D 
to 6D models), are summarized in Table 5.

4.3. Validation of sensitivity analysis results with machine learning models

The discovered machine learning approximations with at least 3 parameters have acceptable maximum absolute errors for doing 
quick what-if analyses. Moreover, our results show that regression agrees with sensitivity analysis. Thus, regression validates sensi
tivity analysis, which is interesting: It indicates that regression can be a useful model for surrogate modeling in this context.

Both symbolic regression and linear regression models were able to accurately identify the most important input parameters ac
cording to the sensitivity analysis results. The r-squared values are approximately equal to the sum of the first-order indices of the input 
parameters. Findings based on the results from Tables 4 and 5 can be summarized. 

1. For the models with one input parameter – 1D models, we consider the most important input parameter X3:‘peshale’ from sensi
tivity analysis. The obtained 1D model depends only on X3:’peshale’ and fits the given input data set with R, which is close to its 

Fig. 11. Scatter plot and trendline of observed OPM Flow Y: ‘Secondary Trapped CO2’ values from the OPM Flow software on x-axis – Data and 
machine learning predictions on y-axis – Prediction of (a) one-parameter model – 1D model, (b) two-parameter model – 2D model, (c) three- 
parameter model – 3D model, (d) four-parameter model – 4D model, (e) five-parameter model – 5D model, and (f) six-parameter model – 6D 
model (Dimensions D are correlated with the number of input parameters from Table 4).
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first-order and total order indices (0.61). This indicates that the discovered 1D linear approximation has R-squared close to the 
theoretical maximum identified by sensitivity analysis.

2. 2D regression models depend on X3 and X5; Their r-squared values are close to the sum of first-order indices of these two input 
parameters (0.78). It is not a paradox, as sensitivity indices (such as Sobol indices) are estimated from a finite sample of model 
evaluations [48].

3. 3D regression models depend on X3, X5 and X4; Their r-squared values are approximately the sum of first-order indices of these 
three input parameters (0.9).

4. 4D regression models depend on X3, X5, X4 and X2; Their r-squared values are the sum of first-order indices of these four input 
parameters (0.96).

5. 5D regression models depend on X3, X5, X4, X2 and X1; Their r-squared values are close to the sum of first-order indices of these five 
input parameters (0.97).

6. 6D regression models depend on all input parameters; Their r-squared values are close to the sum of first-order indices of these six 
parameters (0.97). Inclusion of X6 does not increase the accuracy but only complexity.

We also evaluated the performance of multiple linear regression in predicting the secondary trapped CO2 using the training sets 
ranging from 8 to 1024 quasi-Monte Carlo samples. To streamline the evaluation process, we incremented the training set size by 2, 
resulting in the evaluation of 508 linear models. We used the Python package scikit-learn for regression modelling. The statistical 
metrics R-squared and the maximum residual error (MAE) were calculated for each linear model by comparing the secondary trapped 
CO2 predictions against the entire testing dataset, which comprised 1024 Quasi Monte-Carlo samples, see Figs. 12 and 13.

Fig. 12 shows the relationship between the size of the training set (x-axis) and the R-squared value (y-axis) of the testing data set. As 
the size of the training set increases, the R-squared value, which measures the goodness of fit, tends to increase. For example, the R- 
squared coefficient reaches the value of 0.96, when the training set has 354 Quasi Monte Carlo simulations. Beyond this point, the R- 
squared value tends to stabilize above 0.96: In only 49 out of 670 cases (7.3 %), the R-squared value slightly dips below 0.96.

Table 5 
Multiple linear regression models.

Number of input 
parameters

Approximationsa Maximal absolute 
error

R- 
squared

1 – 1D model 0.277 + 56.73 × X3 0.033 0.62
2 – 2D model 0.218 + 56.73 × X3+0.1768 × X5 0.026 0.80
3 – 3D model 0.232 + 56.71 × X3+0.176 × X5-0.000004687 × X4 0.018 0.91
4 – 4D model 0.224 + 56.5 × X3+0.1761 × X5-0.000004683 × X4+0.000002865 × X2 0.012 0.96
5 – 5D model 0.206 + 56.51 × X3+0.1761 × X5-0.000004708 × X4+0.000002859 × X2+0.0005133 × X1 0.011 0.96
6 – 6D model 0.206 + 56.5 × X3+0.1763 × X5-0.000004709 × X4+0.000002855 × X2+0.000514 ×

X1+0.00006851 × X6

0.011 0.96

a as in Tables 4 and 3 digits for coefficients are used; precision of linear models remains approximately the same.

Fig. 12. Effect of training set size on R-Squared.
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Additionally, the maximum residual error (MAE) metric was analyzed to assess the accuracy of the predictions. As shown in Fig. 13, 
the MAE decreases as the size of the training set grows, indicating improved prediction accuracy. These analyses help in understanding 
how the amount of training data impacts the ML model’s performance for predicting the secondary trapped CO2.

4.4. Regression-based sensitivity measures

In this section, we will analyze the ability of regression-based sensitivity measures to perform sensitivity analysis. Results of the 
multiple regression analysis show that the model response is linear and the coefficient of determination is large. For this reason, we test 
regression-based sensitivity measures [78,79] for the carbon sequestration case study.

4.4.1. Ordinary regression coefficient (ORC)
Let us assume the multiple linear model, Eq. (9): 

y = b0 +
∑N

i=1
bixi, Eq. (9) 

where b0 is called intercept and ORC regression coefficients bi can be considered as absolute sensitivity measures reflecting the direct 
influence of each input parameter on the output [78], (Iooss, B., Lemaître, P., 2015).

We used Pingouin4 open-source library for estimating regression-based sensitivity measures. Multiple linear regression results of 
the carbon sequestration case study for the first 8 Sobol’s quasi-random points are summarized in Table 6.

The results confirm the ability of the multiple linear model to predict the secondary trapped CO2, as both the R-squared (0.999921) 
and adjusted R-squared (0.999445) coefficients are very close to 1. As we analyze here regression-based sensitivity measures, 
regression coefficients are sorted by the absolute values: x3:peshale is on the top, followed by x5:posand. Thus, only the two most 
important parameters are successfully detected by ORC, as ranking of the remaining parameters is totally different than the ranking of 
global sensitivity analysis.

The values of standard errors (se) estimate the standard deviation of the coefficients: a small standard error indicates a more precise 
estimates of the coefficient, and vice versa. T-values are the coefficients divided by their standard errors (T = coef/SE). Higher absolute 
T-values indicate that the corresponding coefficient is more significantly different from zero.

P-value for regression analysis represents the probability of obtaining a test statistic at least as extreme as the one observed, 
assuming that the null hypothesis (which states the coefficient is zero), is true. Very small p-values (typically less than 0.05) indicate 
that the corresponding regression coefficient is statistically significant from zero. We can see that even 8 Sobol samples are enough to 
confirm that the following input parameters have a significant effect on the output parameter: peshale:x3 = 59.87477 with p-value of 
5.98 × 10− 8, followed by posand:x5 = 0.189528 (p-value = 0.00894) and the intercept of the model (intercept = 0.187702, p-value is 
0.00484). These statistically significant parameters are highlighted in Table 6 in bold.

Fig. 13. Effect of training set size on MAE.

4 https://pingouin-stats.org/.
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Although ORC is easy to compute and interpret, the method is not very suitable for sensitivity analysis, as ORC coefficients are 
influenced by the units of xi. Consequently, ORC coefficients cannot be used for measuring the relative importance [78], (Iooss, B., 
Lemaître, P., 2015).

However, regression results from 8 quasi-random samples show that the estimated upper confidence limit (CL) of the intercept 
(0.205853) is very close to the intercept of the regression model trained for 1024 simulations (0.206).

4.4.2. Standardized regression coefficient (SRC)
To reduce the issue of differing units in the ORC, standardization can be an effective solution. The standardization involves 

adjusting the data so that the mean is zero and the variance is one, Eq. (10): 

SRC(y, xi)= bi
σi

σy
, Eq. (10) 

where bi is the ORC coefficient, σi is the standard deviation of the input parameter xi and σy is the standard deviation of the model 
output y, respectively.

For independent input variables, the standardized regression coefficients (SRCs) can be used as relative sensitivity measures, as 
they measure the fraction of the uncertainty (variance) in y contributed by xi [78], (Iooss, B., Lemaître, P., 2015). SRCs tend to perform 
well when the correlation between the input variables is weak and the model coefficient of determination Ry

2 approaches 1.
Results for the first 10 Sobol’s Quasi Monte-Carlo samples show that the absolute values of standardized regression coefficients 

correlate to global sensitivity indices. Thus, sorted absolute values SRCs can be used in this case for ranking the importance of input 
parameters, see Table 7:

These results confirm the ability of the standardized multiple linear model to predict the secondary trapped CO2, as both the R- 
squared (0.997155) and adjusted R-squared (0.991464) coefficients are very close to 1.

Moreover, when the absolute values of SRC coefficients are sorted in descending order, the ranking is compatible with the global 
sensitivity method: The sorted order of SRCs for all input parameters estimated using 10 Sobol’s samples is exactly the same as the 
sorted order of global sensitivity indices for 1024 Sobol’s samples.

We also evaluated the performance of SRC coefficients in predicting the ranking of the most important input parameters for the 
secondary trapped CO2 regression model using the training sets ranking from 8 to 1024 quasi-Monte Carlo samples. First, we analyzed 
how the absolute values of standardized regression coefficients evolve for various Quasi-Monte Carlo sample sizes. The SRC results 
show a consistent pattern for the analyzed Sobol sequences within the analyzed range: When the absolute values of SRCs coefficients 
are sorted in descending order, their values correlate with global sensitivity indices, see Fig. 14.

This straightforward convergence of SRCs rankings occurs because the secondary trapped CO2 model can be accurately approxi
mated by a multiple linear model for the given input parameters (Iooss, B., Lemaître, P., 2015), as the R-squared of the linear model is 
very close to 1. Although the absolute values of SRCs corresponding to the most important parameters tend to increase, the ranking of 
the coefficients remains approximately the same, see Fig. 15: The parameter x3:peshale is the most important in all cases, followed by 
x5:posand, x4:pefeeder, x2:pesand, x1:tegrad and x6:totopsur.

The advantage of multiple linear regression is that the method is simple and fast. These results confirm that SRC is a useful and fast 
alternative for ranking input variables in terms of their sensitivity for the secondary trapped CO2, even with very small quasi-Monte 
Carlo sizes.

Table 6 
Summarized results of multiple linear regression for 8 Sobol’s quasi-random points.

i names coef se T Pval CI[2.5 %] CI[97.5 %]

3 peshale 59.87477 5.63E-06 1.06E+07 5.98E-08 59.8747 59.87485
5 posand 0.189528 2.66E-03 7.12E+01 8.94E-03 0.155715 0.223341
0 Intercept 0.187702 1.43E-03 1.31E+02 4.84E-03 0.169551 0.205853
1 tegrad 0.000564 2.15E-05 2.62E+01 2.43E-02 0.00029 0.000837
2 pesand 0.000003 1.01E-07 2.54E+01 2.50E-02 0.000001 0.000004
4 pefeeder -2E-06 9.65E-08 − 2.57E+01 2.47E-02 -4E-06 -1E-06
6 totopsur − 0.00005 4.58E-05 − 1.08E+00 4.74E-01 − 0.00063 0.000532

Table 7 
Summarized results of the standardized linear regression for 10 Sobol’s quasi-random points sorted by absolute values of SRC coefficients (the column 
“coef”).

i names coef se T pval CI[2.5 %] CI[97.5 %]

3 peshale 6.48E-01 0.04011 1.62E+01 0.000515 0.520635 0.775929
5 posand 5.74E-01 0.04011 1.43E+01 0.000738 0.446614 0.701908
4 pefeeder − 2.73E-01 0.04011 − 6.80E+00 0.006492 − 0.40055 − 0.14526
2 pesand 1.81E-01 0.034167 5.30E+00 0.013118 0.07231 0.289778
1 tegrad 1.43E-01 0.034167 4.18E+00 0.024993 0.03398 0.251448
6 totopsur 3.85E-02 0.04011 9.60E-01 0.407933 − 0.08915 0.166147
0 Intercept − 1.76E-16 0.030798 − 5.70E-15 1 − 0.09801 0.098011
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5. Conclusions

In this study we considered the simulation of CO2 sequestration and performed a sensitivity analysis of a range of input parameters 
defining an ensemble of models. The open-source reservoir simulator Open Porous Media Flow (OPM Flow) is used in this study for 
simulating the model ensembles.

In our study we defined six input parameters (Table 1), then used a quasi-Monte Carlo method to generate input samples and 
evaluated the resulting cases with OPM Flow. We condensed the full output to a single variable of interest and then performed a 
sensitivity analysis and created sets of increasingly complex symbolic regression models and multilinear models.

As results of the sensitivity analysis, the model of ‘Secondary Trapped CO2’ is additive with no significant interactions among input 
parameters. Consequently, we also provided multiple linear regression models, that accurately approximate ‘Secondary Trapped CO2’. 
All discovered regression models (both symbolic and linear) can be easily implemented. Moreover, discovered regression models can 
be easily interpreted by human experts.

The results of the convergence studies for training sets ranging from 8 to 1024 quasi-Monte Carlo samples show that regression- 

Fig. 14. Evolution of absolute values of standardized regression coefficients for secondary trapped CO2 over all input parameters.

Fig. 15. Evolution of orders of absolute values of standardized regression coefficients for secondary trapped CO2 over all input parameters (Order 1 
corresponds to the top SRC).

P. Praks et al.                                                                                                                                                                                                           Heliyon 10 (2024) e40044 

17 



based sensitivity measures are a useful alternative for both ranking input parameters in terms of their importance (for the SRC method) 
and also for predicting the secondary trapped CO2, even with very small quasi-Monte Carlo sizes (for example for M = 10), see 
Figs. 12–15. This is due to the demonstrated high degree of linearity of the secondary trapped CO2 model with respect to the analyzed 
input parameters.

We see from the analysis and models that the permeability of the shale layers is the most significant for predicting the secondary 
trapped CO2. Our hypothesis for the cause is as follows: when the shale is more permeable, the rising CO2 plume will to a lesser extent 
be forced through the feeder chimneys and therefore will spread out more. At the upper parts of the sandstone layers this wider plume 
results in more flow into the shale, as well as exposing larger amounts of CO2 to unsaturated brine, into which significant amounts 
dissolve over time. To fully confirm this hypothesis, further studies of layered storage reservoirs should be performed, as well as higher- 
resolution studies. These investigations will be a subject for future research.

The significance of each physical parameter changes over time, as shown in Fig. 10. We note that terminating the simulations 
earlier, closer to the end of injection time, might have yielded different conclusions about the relative significance of the various 
inputs, as sand porosity is more significant than shale permeability for roughly the first 120 years. This confirms in a novel way the 
prevailing view that simulation timescales of 200 years or more are necessary for carbon sequestration evaluation.

We also investigate the usage of a surrogate model for a case having a CO2 injection in the start followed by a long period without a 
CO2 injection. Consequently, this use case is well applicable for future CO2 reservoir simulations. Furthermore, using Quasi Monte 
Carlo and machine learning in this context is novel. It is not obvious that Quasi Monte Carlo should work for this setting. Finally, our 
new added convergence study validates that Quasi Monte Carlo works and has a better convergence ratio than the plain Monte Carlo. 
The petascale cluster Karolina of IT4Innovations was used for analyses.

To our best knowledge, this paper also differs from previous references: It is the first application of time dependent sensitivity 
analysis and machine learning in the context of CO2 simulations using Sobol (Quasi Monte Carlo) sampling. Moreover, the discovered 
regression models provide accurate linear and non-linear explanations of important quantities of interest of subsurface CO2 storage, 
which can be easily interpretated by human experts. The advantage for users is the time-dependent analysis of the importance of the 
given input parameters of the model. Moreover, the effectiveness of the regression models shows that symbolic regression can be used 
for surrogate modelling in this case.

The Bayesian techniques for performing model calibration introduced in Hervas-Raluy et al. [80] will be a subject of our future 
research. In future, we would like also to test Gaussian process regression machine learning (GPR), as the recent studies reported in 
Chinta et al. [81] show the superiority of GPR for earth system models compared to other surrogate modeling approaches.
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