
Citation: Malik, S.; Makauskas, P.;

Sharma, R.; Pal, M. Evaluating

Petrophysical Properties Using Digital

Rock Physics Analysis: A CO2 Storage

Feasibility Study of Lithuanian

Reservoirs. Appl. Sci. 2024, 14, 10826.

https://doi.org/10.3390/

app142310826

Academic Editors: Grazia Leonzio

and Filippo Bisotti

Received: 9 October 2024

Revised: 9 November 2024

Accepted: 19 November 2024

Published: 22 November 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Article

Evaluating Petrophysical Properties Using Digital Rock Physics
Analysis: A CO2 Storage Feasibility Study of Lithuanian Reservoirs
Shruti Malik 1, Pijus Makauskas 1, Ravi Sharma 2 and Mayur Pal 1,*

1 Department of Mathematical Modelling, Kaunas University of Technology, 44249 Kaunas, Lithuania;
shruti.malik@ktu.lt (S.M.); pijus.makauskas@ktu.lt (P.M.)

2 Department of Earth Sciences, Indian Institute of Technology Roorkee, Roorkee 247667, India;
ravi.sharma@es.iitr.ac.in

* Correspondence: mayur.pal@ktu.lt

Abstract: As the global concern over greenhouse gas emissions grows, CO2 storage in deep saline
aquifers and depleted reservoirs has become crucial for climate change mitigation. This study
evaluates the feasibility of Lithuanian deep saline aquifers, specifically, Syderiai and Vaskai, for
effective CO2 storage. Unlike previous theoretical analyses, it provides experimental data on static
and dynamic reservoir parameters that impact CO2 injection and retention. Using micro X-ray
computed tomography (MXCT) and multi-resolution scanning at 8 µm and 22 µm, digital rock
volumes (DRVs) from core samples were created to determine porosity and permeability. The method,
validated against analogous samples, identified a representative element volume (REV) within sub-
volumes, showing a homogeneous distribution of petrophysical properties in the Lithuanian samples.
The results show that DRVs can accurately reflect pore-scale properties, achieving 90–95% agreement
with lab measurements, and offer a rapid, efficient means for analyzing storage potentials. These
insights confirm that Lithuanian aquifers are promising for CO2 sequestration, with recommendations
for further long-term monitoring and applications of this technique across the region.

Keywords: CO2 storage; Lithuanian saline aquifers; digital rock volume (DRV); machine learning;
lattice Boltzmann method (LBM)

1. Introduction

Among greenhouse gases, CO2 is considered the primary contributor to global warm-
ing. According to NASA (2023) [1], CO2 levels remained relatively stable for the past
800,000 years, not exceeding 300 ppm until the last 60–70 years. During this recent period,
CO2 levels have increased 100 times faster, highlighting the urgent need to reduce these
rising levels and mitigate the effects of climate change, thereby maintaining the goal of
keeping the global temperature increase to below 1.5 ◦C, as discussed at the COP27 meeting
in Egypt [1].

In response to this challenge, Carbon Capture and Storage (CCS) has emerged as an
effective method. CCS primarily focusses on the storage aspect, involving the contain-
ment of captured CO2 within various geological formations. These geological formations
encompass different reservoirs that serve as suitable CO2 storage sites, such as depleted
hydrocarbon reservoirs, considered the most reliable due to their well-understood con-
ditions [2], and deep saline aquifers are considered the most suitable due to their wide
availability and proximity to CO2 emission sources. Other potential storage-site options
include salt accumulations and coal beds [3–6].

The Baltic basin, encompassing the countries of Estonia, Latvia, and Lithuania, has
a thickness ranging from 100 m in Estonia to up to 1900 m in Latvia and 2300 m in
Lithuania [7]. To effectively store CO2 in a supercritical state, specific conditions must be
met, including a minimum depth of 800 m and the presence of porous and permeable
reservoir rocks with impermeable caprocks. Therefore, only Latvia and Lithuania have
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reservoirs suitable for CO2 sequestration, such as depleted hydrocarbon reserves and saline
aquifers (Figure 1), located at depths of more than 800 m [7–10].
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The effective and secure storage of injected CO2 in subsurface reservoirs necessitates
a thorough understanding of the distribution of pores and grains within these reservoirs,
particularly at the microscopic scale. Porosity and permeability are the two important
parameters that influence the injectivity and storage of CO2 in geological formations. High
porosity provides ample space for CO2 containment, while high permeability allows for
the efficient injection and distribution of CO2 into reservoirs. These factors directly impact
the feasibility, efficiency, long-term stability, and security of stored CO2.

Numerous studies have sought to understand the efficiency and suitability of a reser-
voir for the storage of CO2, including the utilization of reservoirs for the enhanced recovery
of hydrocarbons. Various key factors that play a crucial role in the storage of CO2 includes
porosity, permeability, rock–brine–CO2 interactions, wettability, and trapping mechanisms.
Table 1 presents recent advancements of the work conducted by various researchers around
the globe for the safe and efficient storage of CO2, including the utilization of scanned
images in evaluating the efficacy of a reservoir.

Table 1. A review of the current advancements in CCS studies.

Study Type/Sample Type Study Objectives Key Findings References

Review study
Addressed the impact of organic
materials on the containment and
security of CO2 storage

Factors such as wettability and the presence
of organic materials can impact the long-term
safety of CO2.

[11]

Review study
Review study of CO2 utilization
through enhanced oil recovery
(EOR) approach

This review emphasized understanding the
rock–fluid interactions and wettability
behaviors in EOR studies.

[12]

Review study Review of mechanism, requirements,
and key aspects of CO2 storage

This study suggested ways to improve the
efficiency and storage capability of reservoirs,
such as, to increase trapping, co-injection can
be performed, including the injection of nano
particles and microbes and to increase
injectivity, hydraulic fracturing can
be conducted.

[13]

Review study Review of mechanism and prospects
of CO2 storage

This study identified factors, such as the
depth of a reservoir, the trapping mechanism,
the absence of faults and fractures, and the
utilization of microbes, for increasing the
efficiency of CO2 storage.

[14]
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Table 1. Cont.

Study Type/Sample Type Study Objectives Key Findings References

Carbonate and
basalt reservoirs

Assessed secondary imbibition
dynamics under varying pressure
and temperature levels for
underground hydrogen storage
(UHS) and CO2 storage

This study found that an increase in the
lateral secondary imbibition of water
increases the gas trapping, which is useful for
CO2 storage but can be challenging for UHS
due to the poor recovery of hydrogen. Low
secondary imbibition in basalts makes them
more suitable for UHS than CO2 storage.

[15]

Carbonate reservoirs

To understand the pore scale physics
of three phase flows using Nuclear
Magnetic Resonance (NMR)
measurements with coreflooding
experiments for EOR studies

These authors observed that 16% of CO2 was
trapped, and 71% of oil was recovered, with
34% of this occurring during CO2 flooding
and 37% during subsequent water flooding.

[16]

Sandstone reservoir
Studied the impact of mineral
interactions on porosity–permeability
evolution during CO2 storage

These authors performed simulations using
TOUGHREACT and observed an increase in
porosity and permeability during the storage
period, impacting the storage capacity of
the reservoir.

[17]

Glass bead bed: quartz
beads filled and packed
tightly in a vessel

Storage capacity assessment using
core flooding and micro X-ray
computed tomography
(MXCT) images

These authors found that downward core
flooding increased the trapping capacity of
CO2 compared to an upward injection.
MXCT images captured the CO2 distribution.

[18]

Mount Simon sandstone
and Illinois basin

To understand geochemical changes
due to CO2 injection

Digital volumes were analyzed pre- and
post-flooding, shedding light on mineral
dissolution and precipitation as parameters
affecting the permeability of the samples
after 6 months of exposure.

[19]

Carbonate rock Studied changes in rock and flow
properties due to CO2 injection

MXCT and MICP data were used to study
the changes in the pore network, affecting
the injectivity of CO2.

[20]

Basaltic reservoir of the
CarbFix site in Iceland

Evaluated storage capacity using
MXCT images alongside
hydro-mechanical experiments

This study estimated the CO2 storage
capacity of 0.33 Gt of CO2 at the CarbFix site
(Iceland) by multiplying values of the
connected porosity and reactive surface area
obtained from MXCT data by the volume of
the basalt formation and mineral carbonation
fixation per unit surface area from [21].

[22]

Gargzdai depleted oil
zone, Lithuania

Field trial of CO2 injection in
Lithuanian reservoirs

These authors injected 1000 tons of CO2 into
the producing zone of the Degliai-1 reservoir,
resulting in the permanent storing of CO2
and the production of oil. The success of this
field trial indicates that CO2 can be used to
enhance the hydrocarbon recovery of
Lithuanian reservoirs.

[23]

Saline aquifer and depleted
hydrocarbon zone

Storage capacity estimation of
Lithuanian reservoirs

This study estimated the CO2 storage
capacity of Lithuanian reservoirs, showing
maximum potential in the Syderiai deep
saline aquifer.

[7]

The studies summarized in Table 1 demonstrate the global efforts to understand and
improve CCS techniques. Many researchers have employed MXCT imaging to assess reservoir
efficiency and estimate storage potentials [24]. While factors like wettability and secondary
imbibition play significant roles in CO2 storage, petrophysical properties—especially porosity
and permeability—are the most critical determinants of a reservoir’s suitability for CCS. This
study addresses a research gap in the literature by providing the results of an experimental
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analysis of core samples from Lithuanian deep saline aquifers, which have not previously been
studied. Existing studies on CO2 storage in Lithuanian formations have primarily focused on
theoretical models, leaving a gap in understanding the specific petrophysical characteristics of
the formations.

In this research, MXCT imaging was used to analyze key petrophysical parameters,
such as porosity and permeability, at the pore scale [25,26]. The methodology was bench-
marked using core samples from analogous formations that are representative of Lithuanian
aquifers. This study then applied the same analysis to actual core samples from the Lithua-
nian reservoirs. This approach ensures robust and accurate data that can inform future
CO2 injection and storage efforts in this region. A major contribution of this work is the
estimation of representative element volumes (REVs), which reduces the time required
to assess reservoir properties. This is particularly important, as reservoir changes due to
CO2 injections occur at the pore scale. By providing a pore-scale analysis and validated
petrophysical data, this study establishes a framework for assessing CO2 storage efficiency
and integrity in Lithuanian aquifers.

This paper is organized as follows: the Introduction is presented in Section 1. Section 2
describes the geology of the formations. Section 3 gives a description of the materials
and methods used in the present study, including the adopted methodology. The results
obtained are presented in Section 4. Section 5 discusses the results. A review of the CO2
storage capacity estimation of Lithuanian saline aquifers is presented in Section 6. Finally,
a summary and conclusions are presented in Section 7.

2. Geological Setting

Lithuanian basins comprise a number of subsurface reservoirs for the safe storage
of CO2, and earlier studies [7,27,28] point to two most prominent reservoirs, namely, the
Syderiai and Vaskai onshore aquifers. This study focuses on these two saline aquifers:
Syderiai and Vaskai (Figure 2). These are sandstone aquifers of the Cambrian age, and
the formation type is a Deimena formation. Mineralogically, the Deimena formation
sandstone is identified as a mature rock, classified within the quartz arenite group due to
the predominance of detrital quartz, constituting 90–99% of framework grains. The detrital
quartz grains exhibit a size range of fine to medium, typically measuring between 0.15 and
0.5 mm, with occasional observations of coarse grains [7,29].
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Figure 2. Location of saline aquifers of Lithuania, Syderiai and Vaskai. The depth contours indicate
the top depth of the Cambrian structures.

Syderiai structure: According to the findings of both 2D and 3D seismic surveys, the
Syderiai structure exhibits a northeast–southwest elongated dome, associated with the
Telšiai fault zone. The complex Telšiai fault zone and its branching faults are situated
within the southern region of the structure. Porosity estimates derived from seismic data
inversions indicate a range of 14–18 percent for the Deimena series, exhibiting a gradual
distribution. The thickness of this series varies from 20 to 60 m, with the maximum
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thickness observed in the southeast. According to Neutron Gamma Ray (NGR) logging
data [7], the average porosity of the Middle Cambrian sandstone is 16%, and the average
permeability is 400 mD.

The oblong-shaped Syderiai structure spans an area of 12 × 8 km2, reaching a height
of 80 m. Comprising sandstones from the Middle Cambrian Deimena series, the structure
includes a Middle Cambrian layer situated around 1320 m deep at the structure’s center.
Towards the western part, the depth increases, reaching 1380 m. The aquifer’s thickness
measures 57 m and is sealed on top by a 560 m thick Ordovician–Silurian shale layer [7,29].

Vaskai structure: The Vaškai structure extends in the west–east direction and is bordered
by two smaller faults in the north and the Telšiai fault in the south, covering a length of
12 km. The sandstone’s porosity within this structure varies from 19.5% to 24.5%, while
the permeability ranges from 90 to 1628 mD. According to sonic logging data, the average
porosity of the sandstone corresponds to 23%, and the average permeability corresponds to
280 mD [7].

Encompassing an area of 11 × 3.2 km2, the Vaskai structure has a brachy anticlinal
shape with a height of 36 m. The primary aquifer horizon consists of fine-grained-to-
medium-grained sandstones from the Lower Cambrian Virbaliai suite (Cm1vr), alongside
clayey sand siltstones [7,29]. The Cambrian aquifer’s thickness is 60 m, located at a depth of
900 m, and is overlaid by Ordovician–Silurian clay layers with a thickness of about 360 m.

3. Materials and Methods
3.1. Description of Samples

In this study, two sets of sandstone samples were used. Set 1 comprises three (03) rock
samples (Figure 3), primarily composed of quartz as the dominant mineralogy with minor
occurrences of clay minerals. These samples are from formations which are analogous to
Lithuanian formations. The samples were selected based on their mineralogical distribu-
tions and petrophysical properties, which resemble those of Lithuanian saline aquifers. The
laboratory-measured petrophysical properties are mentioned in Table 2.
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Figure 3. Set 1 of the rock samples.

Table 2. Laboratory-measured porosity and permeability values of the rock samples of set 1.

Sample Name Formation Type Porosity (%) Permeability (mD)

BB Upper Devonian 21.60 275
SS Paleozoic 19.90 62
L Paleozoic 20.22 327

Set 2 comprises two (02) rock samples (Figure 4) from Lithuanian saline aquifer
formations, Syderiai and Vaskai. The petrophysical properties of the rock samples from
these two reservoirs are given in Table 3. Table 3 shows the mean porosity and permeability
values of rock samples taken from the specific depth ranges.
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Figure 4. Set 2 of the rock samples.

Table 3. Petrophysical properties of the rock samples of set 2.

Reservoir Type Reservoir Name Sample Name Porosity (%) Permeability (mD)

Deep saline
aquifer

Syderiai S3 16 246
Vaskai V4 22 1309

3.2. Laboratory Measurements

Porosity and Permeability Measurements: The porosity and permeability of the rock
samples were measured using the gas expansion method, based on Boyle’s law. Helium
gas is allowed to pressurize and expand to determine the pore volume and permeability of
the rock samples [30].

Micro X-ray computed tomography (MXCT) scanning: The rock core samples were scanned
using the micro X-ray computed tomography (MXCT) scanning machine SKYSCAN 1275
(©Bruker). The samples are placed in a holder, which rotates, ensuring a 360◦ coverage, and
X-rays are emitted from the source. The X-rays interact with the rock sample, either being
absorbed, reflected, refracted, or transmitted, depending upon the mineral composition or
pore space. When encountering voids, X-rays pass through, resulting in black regions in the
produced image. Quartz, prevalent in our samples, reflects X-rays, appearing as bright white
areas, while other minerals manifest as varying shades of gray in the images.

In this study, the samples are scanned at two different resolutions, a low resolution
(22 µm) and a high resolution (8 µm) (Figure 5). Multi-resolution scanning is performed to
map the heterogeneity within the rock samples by capturing detailed information about
variations in properties such as porosity and permeability across different scales.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 7 of 18 
 

appearing as bright white areas, while other minerals manifest as varying shades of gray 
in the images. 

In this study, the samples are scanned at two different resolutions, a low resolution 
(22 µm) and a high resolution (8 µm) (Figure 5). Multi-resolution scanning is performed 
to map the heterogeneity within the rock samples by capturing detailed information about 
variations in properties such as porosity and permeability across different scales. 

 
Figure 5. The samples used for low- and high-resolution scanning. 

3.3. Methods Used 
To precisely assess porosity using digital rock volume measurements, it is crucial to 

optimize existing methods and identify the most resilient approach that aligns with our 
specific dataset. The image processing and segmentation algorithms used in this paper are 
described below. 

Contrast Adjustment: Image quality was enhanced through contrast adjustments using 
the Contrast Limited Adaptive Histogram Equalization (CLAHE) method. This technique 
divides the image into small, overlapping tiles and applies histogram equalization inde-
pendently within each tile. CLAHE’s adaptive nature ensures localized contrast enhance-
ments, preserving relative contrasts across different image regions. To prevent noise am-
plification in low-contrast areas, CLAHE employs a contrast limiting parameter, restrict-
ing the maximum enhancement per tile. Pixels exceeding this limit are redistributed to 
prevent excessive amplification. After equalization, tiles are merged to produce the final 
enhanced image [31,32]. 

Image Segmentation: After contrast adjustment, segmentation was performed to seg-
regate the pore space from grains. The k-means unsupervised machine learning algorithm 
is used to segment the images into different elements and has proven to be an efficient 
method for image segmentation [25,33,34]. K-means is a clustering algorithm that assumes 
‘k’ number of clusters based on the objective and initializes ‘k’ centroids, assigning one 
centroid to each cluster. It then groups elements into different clusters on the basis of their 
proximity to the nearest centroid. This distance is calculated using the Euclidean distance, 
defined in Equation (1) [35]. 𝑍 = ∑ ∑ ฮ𝑥() − 𝐶ฮଶୀଵ ୀଵ   (1)

where ฮ𝑥() − 𝐶ฮଶ is the Euclidean distance between the data point 𝑥(). 
K-means is an iterative procedure, where the centroids are recalculated as the mean 

of the elements in their respective clusters during each iteration, defined in Equation (2) 
[35]. This process continues until the element stops moving from one cluster to another or 
until a predefined convergence criteria is met. 𝐶  = ଵ୬ ∑ 𝑥()ୀଵ   (2)

where n is the number of data points in the jth cluster, and 𝑥() is the ith data point. 

Figure 5. The samples used for low- and high-resolution scanning.

3.3. Methods Used

To precisely assess porosity using digital rock volume measurements, it is crucial to
optimize existing methods and identify the most resilient approach that aligns with our
specific dataset. The image processing and segmentation algorithms used in this paper are
described below.
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Contrast Adjustment: Image quality was enhanced through contrast adjustments using
the Contrast Limited Adaptive Histogram Equalization (CLAHE) method. This technique
divides the image into small, overlapping tiles and applies histogram equalization indepen-
dently within each tile. CLAHE’s adaptive nature ensures localized contrast enhancements,
preserving relative contrasts across different image regions. To prevent noise amplifica-
tion in low-contrast areas, CLAHE employs a contrast limiting parameter, restricting the
maximum enhancement per tile. Pixels exceeding this limit are redistributed to prevent
excessive amplification. After equalization, tiles are merged to produce the final enhanced
image [31,32].

Image Segmentation: After contrast adjustment, segmentation was performed to segre-
gate the pore space from grains. The k-means unsupervised machine learning algorithm
is used to segment the images into different elements and has proven to be an efficient
method for image segmentation [25,33,34]. K-means is a clustering algorithm that assumes
‘k’ number of clusters based on the objective and initializes ‘k’ centroids, assigning one
centroid to each cluster. It then groups elements into different clusters on the basis of their
proximity to the nearest centroid. This distance is calculated using the Euclidean distance,
defined in Equation (1) [35].

Z = ∑n
i=1 ∑k

j=1 ∥x(i) − Cj∥2 (1)

where ∥x(i) − Cj∥2 is the Euclidean distance between the data point x(i).
K-means is an iterative procedure, where the centroids are recalculated as the mean of

the elements in their respective clusters during each iteration, defined in Equation (2) [35].
This process continues until the element stops moving from one cluster to another or until
a predefined convergence criteria is met.

Cj =
1
n∑n

i=1 x(i)j (2)

where n is the number of data points in the jth cluster, and x(i)j is the ith data point.
Flow Simulations: The open-source Parallel Lattice Boltzmann Solver (Palabos) soft-

ware (https://palabos.unige.ch/, accessed on 12 January 2023) [36], based on the Lattice
Boltzmann method (LBM), was used to perform single-phase flow simulations and to
determine the permeability of the samples. When performing LBM simulations using
segmented rock images, the image is divided into a regular grid or lattice of cells. Each
cell in the lattice corresponds to a pixel of the image, and a node is created at the center
of every pixel. Within each cell, there are discrete velocity directions or vectors that are
defined. These velocities represent the possible particle motion directions within the fluid.
The number of discrete velocities and their specific directions depend on the chosen LBM
variant. In this paper, the D3Q19 (three dimensions with 19 velocities) lattice arrangement
(Figure 6) is used [37].

At each lattice node, there are distribution functions ‘ f (x, t)′ (also known as particle
distribution functions at position ‘x′andtime ‘t′) associated with each velocity direction.
These functions describe the probability of particles traveling in a particular direction
with a particular velocity ‘v′ within the cell. During each simulation time step, particles
from one lattice node move to neighboring nodes, according to their distribution functions
and velocity directions. This step represents the movement of particles within the fluid
and is called a streaming step in LBM. After propagation, a collision step occurs, where
particles within each cell interact with each other based on simplified collision rules,
defined in Equation (3). These rules can be derived from the Boltzmann equation, which
is a fundamental equation in kinetic theory that describes the behavior of particles in a
gas [38].

f (x + v∆t, t + ∆t) = f (x, t)− f (x, t)− f eq(x, t)
τ

(3)

https://palabos.unige.ch/
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Here, f eq(x, t) is the equilibrium distribution function (dimensionless), τ is the relax-
ation time (seconds), v is velocity (m/s), and ∆t is the time step (seconds).
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Figure 6. D3Q19 lattice arrangement.

In Equation (3), “ f (x + v∆t, t + ∆t) = f (x, t)” defines the streaming part, and
f (x,t)− f eq(x,t)

τ defines the collision part [39].
From the distribution functions, macroscopic properties of the fluid, such as density

and velocity, can be calculated for each cell in the lattice. By iterating through these steps
over time, LBM simulates the behavior of a fluid.

3.4. Adopted Methodology

Once the rock samples were collected, they were prepared for laboratory measure-
ments. This was followed by the MXCT scanning of the rock samples at two different
resolutions, 22 µm and 8 µm. In the present work, two workflows were employed based
on the sample mineralogy at the 22 µm resolution. The first involves samples with a
minor or negligible amount of clay present in them and second involves samples with
clay of a relatively higher amount, such that it affects the pore space. The first workflow
involves an application of the CLAHE method for contrast adjustments, followed by image
segmentation using the k-means algorithm (Figure 7).
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Figure 7. First segmentation workflow applied to rock samples.

In the second workflow, an additional step of edge detection is performed after contrast
adjustment [25]. This edge detection method marks the boundaries of different pores and
grains, thus helping in accurately segmenting the images. So, the second workflow first
involves an application of the CLAHE contrast-adjustment procedure; followed by the edge
detection method; and then, finally, segmentation using the k-means algorithm (Figure 8).
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Figure 8. Second workflow applied to samples with comparatively higher clay content.

The segmented volume is then used to determine the porosity of the rock samples
by calculating the total pore volume of the 3D digital volumes. These porosity values are
then validated with the laboratory-measured values. This is followed by the extraction
of different sub-volumes in order to determine a volume that is representative of the
whole core (Figure 9). The porosity is determined for each of the sub-volumes, and LBM
simulations are performed to determine the permeability of each sub-volume. These
permeability values were also validated with laboratory-measured values and data from
the published literature.
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Figure 9. (a–c) Illustration of sub-volume extraction for fluid flow simulations.

The entire workflow, from image processing to flow simulation, was first benchmarked
on the samples in set 1, i.e., the analogous samples. Afterwards, the entire workflow was
applied to the samples in set 2, i.e., the Lithuanian reservoir samples.

4. Results
4.1. Benchmarking on Analogous Formation Samples

To ensure the reliability and precision of our approach, we initiated our workflow by
benchmarking it on analogous samples. The porosity values obtained for the set 1 samples
were validated with the laboratory values, as shown in Table 4.

Table 4. Comparison of the porosity values obtained using the k-means algorithm with the laboratory-
measured values (sample size: 940 × 940 × 1014 voxels).

Sample Name Porosity Using K-Means (%) Laboratory (%) Error (%)

BB 19.98 21.6 7.50
SS 19.71 19.9 1.00
L 19.99 20.22 1.11
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It can be observed from Table 4 that the k-means-derived porosity is comparable with
the laboratory-measured values. In sample BB, the observed high error percentage can be
attributed to the presence of the comparatively higher content of clay in that set of samples.
Clay minerals have a tendency to occupy the pore space and reduce the overall porosity or
rock. Additionally, the different mineral compositions and densities of clays compared to
the surrounding matrix results in variations in the grayscale values in the scanned images.
This contrast in the images makes it challenging to accurately quantify the pore space.

Initially, workflow 1 was implemented, which includes contrast adjustment followed
by segmentation using the k-means algorithm on all samples. It was observed that the
samples with a higher clay content tend to yield very low permeability values as com-
pared to the laboratory-measured values. In response to this observation, workflow 2 was
introduced. This refined approach incorporates an additional step: edge detection, fol-
lowing the initial contrast adjustment. This edge detection step serves to delineate the
boundaries of pores and grains within the samples, thereby enhancing the reliability of
the segmentation procedure. Subsequently, segmentation was performed. The results of
workflow 2 indicate that for clay-rich samples, the permeability values align more closely
with the laboratory measurements, providing a more accurate representation of the samples’
petrophysical properties.

This was followed by the extraction of sub-volumes and the estimation of porosity for
each sub-volume. Subsequently, the LBM simulations were performed in each sub-volume,
and their permeability was estimated (Table 5).

Table 5. Comparison of permeability obtained for each sub-volume (size: 201 × 201 × 201 voxels)
using LBM with laboratory-measured values.

Sample Sub-Volumes Permeability Using LBM (mD) Average Permeability (mD) Laboratory (mD) Error (%)

BB

1 282

317 275 15
2 307
3 360
4 320

SS

1 83

91 62 47
2 105
3 100
4 77

L

1 445

370 327 13
2 334
3 370
4 330

It can be observed from Table 5 that the permeability of each sub-volume and also
the average permeability of each sample is comparable to the laboratory-derived value.
When dealing with digital images, it is expected that values may differ from laboratory-
measured values, which is attributed to the resolution at which the sample is scanned. The
resolution is inversely related to the field of view. As the resolution increases, the field of
view decreases. In this study, we compared the order of magnitude of permeability, and
thus, the error percentage, calculated using the average value of all the sub-volumes, can
be considered to be within the acceptable limit [40,41].

4.2. Property Estimation of Lithuanian Samples

Once we established the effectiveness and robustness of our workflow on analogous
formation samples, we proceeded to apply this methodology to actual reservoir samples,
thereby providing a well-validated foundation for our research into CO2 storage capabilities.
The core samples from the Syderiai and Vaskai structures were utilized to estimate their
petrophysical properties using their digital volumes obtained at two different resolutions
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(22 µm and 8 µm). The obtained porosity values are shown in Table 6 for both the samples
at different resolutions.

Table 6. Comparison of the obtained porosity values obtained from k-means with laboratory-
measured values (sample size: 1020 × 1020 × 1014 voxels).

Sample Sample Type Porosity Using K-Means Algorithm (%) Laboratory-Measured Porosity (%) Porosity Error (%)

S3
Core (22 µm) 14.38

16
10

Cube (8 µm) 15.17 5

V4
Core (22 µm) 19.74

22
10

Cube (8 µm) 23 4.5

The porosity values obtained from the k-means algorithm were compared with the
laboratory values. It was observed that the samples scanned at a higher resolution (8 µm)
resulted in higher porosity values as compared to those of the lower-resolution samples
(22 µm). This difference was attributed to the presence of smaller pores that are not
adequately captured at a lower resolution (22 µm). The finer features, including the smaller
pores, are revealed at a higher resolution.

The segmented volumes of S3 and V4 were then used to extract different sub-volumes,
each measuring 251 × 251 × 251 voxels in size. From each of the two resolutions, a total
of 12 sub-volumes were extracted from each sample, resulting in a grand total of 24 sub-
volumes from each sample. The objective of this sub-volume extraction was to understand
the distribution of the pores within the digital volume comprehensively and to identify a
sub-volume that most accurately represents the core (Figure 10). The average permeability
value was computed to serve as a representative value for the core, shown in Table 7.
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Figure 10. Segmented 3D digital sub-volume (left) and corresponding simulated flow volume (right)
for sample S3. In the segmented volume (left), the solid matrix is represented in a dark (red) color, the
pore space is depicted in a light (white) color, and the pink color shows the different mineral phases.
In the simulated volume (right), the flow of fluid through the pore space is indicated by blue lines.

Table 7. A comparison of the average permeability obtained from 12 sub-volumes of each sample
(size: 251 × 251 × 251 voxels), scanned at two different resolutions with laboratory-measured values.

Sample Sample Type Average Porosity of
Sub-Volumes (%)

Average Permeability
of Sub-Volumes (mD)

Laboratory-Measured
Permeability (mD)

Permeability Error
(%)

S3
Core (22 µm) 13.35 272

246
11.0

Cube (8 µm) 15.3 264 7.3

V4
Core (22 µm) 19.2 1235

1309
5.6

Cube (8 µm) 22.9 1305 0.3

The average permeability value was subsequently compared with the laboratory-
measured permeability value. An analysis of the results in Table 7 revealed that the error in
permeability values was notably lower in the 8 µm-resolution volume when compared to
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the 22 µm-resolution samples. This reduction in error can be attributed to the enhanced
level of detail achieved when scanning at a higher resolution (8 µm).

5. Discussion

The permeability values obtained from each sub-volume are presented in Figures 11 and 12.
These figures illustrate the standard deviation of permeability derived from the LBM simulation
method when compared to the laboratory-measured values.

Figure 11. Permeability values for each sub-volume of sample S3 at 22 µm (left) and 8 µm (right)
resolutions. The error bars represent the deviation of permeability for each sub-volume from the
laboratory-derived values.
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Figure 12. Permeability values for each sub-volume of sample V4 at 22 µm (left) and 8 µm (right)
resolutions. The error bars represent the deviation of permeability for each sub-volume from the
laboratory-derived values.

It can be observed from Figures 11 and 12 that the permeability values of the sub-
volumes are relatively close to those of the laboratory values. This suggests that on average,
the sub-volume measurements are in good agreement with the laboratory measurements,
and the same can be observed in Table 6. The variations in sub-volume permeability
indicate the natural variability in the rock samples, primarily attributed to the variation
in pore size and distribution. These sub-volume measurements, while exhibiting some
variability, are still within a reasonable range of the laboratory values.

Porosity vs permeability plots are shown in Figure 13 for both the samples, showing
variations for each sub-volume at different resolutions.
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An observation of Figure 13 reveals that the high-resolution data yield more precise
and consistent permeability measurements. This phenomenon can be attributed to the
fact that in LBM simulations, the voxel size determines the computational mesh. A higher
resolution results in a finer mesh, thus providing a better resolution of the boundaries
between different phases within the porous medium. Consequently, it accurately captures
small-scale features and irregularities.

At both resolutions, the porosity and permeability values closely align with the labo-
ratory values. This consistency across sub-volumes implies that the rock sample exhibits
relative uniformity in terms of its porosity and permeability characteristics.

The results highlight that the distribution of the petrophysical properties of the Lithua-
nian saline aquifers is uniform, reducing the uncertainties associated with the storage
capacity estimation. An analysis of parameters at the pore scale helps to understand the
processes occurring in the porous media [42–44]. This also facilitates uniform CO2 distribu-
tion and storage throughout the reservoir, maximizing storage efficiency. So, formations
with well-sealed caprock layers can enhance the long-term security of CO2 storage by
minimizing the risk of leakage or migration through preferential pathways.

6. Storage Capacity Estimation: A Review

This section provides a review of the storage capacity estimation of Lithuanian saline
aquifers using numerical modeling [28]. This approach takes into consideration the inherent
uncertainties in determining petrophysical reservoir properties, applying the uncertainty
principle. Three distinct cases are defined: the mid case utilizes properties from the
published literature [7], the low case assumes values 10% below the mid case, and the high
case assigns values 30% higher than the mid case. These parameters are detailed in Table 8.

Table 8. Uncertainty ranges used for storage capacity estimation for the Syderiai and Vaskai saline
aquifers of Lithuania.

Syderiai Vaskai

Low Mid High Low Mid High

Porosity 0.144 0.16 0.208 0.207 0.23 0.299
Perm X 360 400 520 252 280 364
Perm Y 360 400 520 252 280 364
Perm Z 119.7 133 172.9 84 93.33 121.33

Thickness 51.3 57 74.1 51.3 57 74.1
NTG 0.675 0.75 0.975 0.45 0.5 0.65

AREA 23.4 26 33.8 11.07 12.3 15.99
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The injection process is conducted through five interconnected wells (Figure 14), with
the injections constrained by the bottom hole pressure. Injection continues until a pressure
differential of 80 bars is maintained between the reservoir and the well. Mechanistic
models were developed to facilitate numerical simulations, covering various combinations
of parameters. Consequently, a total of three simulations were conducted for each of the
saline aquifers. The numerical simulations were executed using tNavigator, employing the
CO2SOL modeling option, which accounts for CO2 solubility. The results yield a range of
storage capacity estimates, spanning from the low-case to the high-case values, shown in
Table 9 [27,28].
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Table 9. CO2 storage potential of the Syderiai and Vaskai saline aquifers for low, mid, and high cases,
after 30 years of injection.

Reservoir Low Mid High

Syderiai (Mt) 54 80 232
Vaskai (Mt) 25 37 106

The results suggest that the saline aquifers exhibit the capability to store CO2 within a
considerable capacity range. The total capacity spans from a minimum estimate of 79 Mt to
a maximum of 338 Mt. In other words, these saline aquifers have the potential to sequester
CO2 within this broad range, providing a substantial reservoir for carbon storage initiatives.

However, there are risks and challenges associated with the long-term storage of
CO2, including the risk of leakage, the creation of cracks and fractures due to changes in
mechanical properties during injection, and the impacts of the injection and storage process
on the integrity of the caprock [27,28].

7. Conclusions

The present study explored the utility of digital rock volumes (DRVs) in evaluating a
reservoir’s capacity for effective CO2 storage, focusing on two pivotal parameters: porosity
and permeability. Recognizing that subsurface fluid storage and flow processes occur at the
pore scale, this research used DRVs to examine the pore distribution and flow characteristics
of Lithuanian deep saline aquifers (Syderiai and Vaskai) and similar formations. Notably,
this work fills a gap in the literature by providing experimental data for a region where such
information was previously unavailable. The findings show that employing a combination
of algorithms for pore space segmentation achieves accuracy levels of 90–95% compared
to laboratory measurements, validating the reliability of the DRV method. Clay-related
image-segmentation challenges were addressed effectively within the workflow. This novel
application of DRVs provides new insights into Lithuanian reservoirs, offering valuable
data for CO2 storage efficiency and long-term reservoir stability.

This study also acknowledges scale-related limitations, particularly in heterogeneous
samples, suggesting future work with diverse samples and tailored segmentation algo-
rithms. Upscaling petrophysical properties and evaluating geo-mechanical and geochemi-
cal effects are recommended to support safe, long-term CO2 storage. This research offers a
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methodological framework for future CO2 storage studies in the Baltic Basin and similar
regions, benefiting academic and industry applications.
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