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Abstract:

Pore-network models are widely used to describe pore-scale flow in porous media, and
their reliability depends critically on accurate extraction of pore and throat structures. A
new extraction framework, termed the topological pore-network finder, is proposed in this
work, which combines topological data analysis, medial access path search, and flashlight
search medial axis. The topological data analysis is used to identify pore connectivity
and cluster the void space, thereby providing robust initial pore centers. The medial
access path search method then traces strings between connected pore centers along the
medial axis, while the flashlight search medial axis method is used to refine the resulting
paths and improve computational efficiency. The method is validated using toy porous
media, two- and three-dimensional digital rock samples. Sensitivity analyses show that the
pore-network finder is stable with respect to image resolution and string discretization.
Compared with the classical maximal-ball method, the pore-network finder achieves at
least an order-of-magnitude acceleration while preserving the main geometric statistics and
flow-response characteristics of the extracted networks. In addition, because the method
operates in continuous space and can reuse information from previous states, it is well
suited to quasi-dynamic updates during deformation. The pore-network finder therefore
provides an efficient and accurate tool for pore-network extraction and subsequent pore-
scale characterization in geo-energy systems.

1. Introduction

Understanding pore-throat architecture in subsurface rocks

et al., 2025), including petroleum engineering and hydrology
(Liu et al., 2022).

is fundamental to geo-energy systems because fluid storage,
transport, and recovery in geological formations are governed
by pore connectivity, permeability, and structural heterogeneity
(Cai et al., 2017; Feng et al., 2024). Accurate characterization
of pore-throat networks is therefore essential for predicting
fluid flow and transport in porous media and for a wide
range of geo-energy applications (Shao et al., 2023; Chen

Pore-network modeling is one of the most effective ap-
proaches for simulating fluid transport in porous media once
a representative network structure has been extracted (Zhang
et al., 2015; Qin et al., 2024). The detailed pore geometry
is reduced to a network of nodes and edges, where nodes
represent pores and edges represent throats or pore connections
(Cui et al., 2022). By simplifying the underlying geometry
(Thompson and Fogler, 1997; Chareyre et al., 2012; Morimoto
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et al.,, 2022), pore-network extraction enables much more
efficient analysis of flow and transport than direct simulation
in the full pore space (Raoof and Hassanizadeh, 2010).

A variety of pore-network extraction (PNE) methods have
been developed, each with distinct computational character-
istics (Jiang et al., 2017; Ni et al., 2017). The medial axis
method identifies the skeleton of the pore space by locating
points that are equidistant from the solid boundaries (Lindquist
et al,, 1996). This approach involves thinning or burning
the pore space, which reduces the pore structure to a low-
dimension representation without changing the topology of
the pore network. This simplification allows the pore network
to be directly modeled. However, it can sometimes produce
complex and noisy skeletons, especially in irregularly shaped
pores (Lee et al., 1994). The classical maximal-ball method
instead fits the largest admissible spheres inside the void space
(Silin and Patzek, 2006). The centers of these spheres represent
the pore centers, between them the minimal spheres define the
throats.

Both medial axis and maximal ball approaches are funda-
mentally pixel- or voxel-based and therefore depend strongly
on image resolution. Low image resolution can introduce noise
into pore-structure extraction, obscure fine features, and com-
promise the fidelity of the reconstructed network, whereas high
image resolution imposes greater demands on computational
resources. To alleviate the inherent trade-off between accuracy
and efficiency in pixel-based pore-network extraction, pixel-
free methods have been developed. The flashlight search
medial axis (FSMA) method achieves relatively high extrac-
tion accuracy, but its step-by-step tracing of the pore-space
medial axis limits computational efficiency (Liu et al., 2024b).
The medial access path search (MAPS) method was later
introduced as an optimized extension of the FSMA, further
improving the efficiency of pixel-free searching by incorporat-
ing acceleration strategies and the energy landscape (Zhang et
al., 2024). Nevertheless, both methods remain limited in their
ability to robustly resolve connectivity relationships among
pores.

The topological data analysis (TDA), by contrast, provides
a mathematically rigorous way to characterize connectivity
and shape. Its main tools include persistent homology and
the Mapper algorithm. Persistent homology tracks the emer-
gence and persistence of topological features across scales
(Carlsson, 2009; Edelsbrunner and Harer, 2022). The Mapper
algorithm (Singh et al., 2007), inspired by Morse theory,
constructs a simplicial complex that captures the essential
connectivity of a dataset. Because pore-network structures are
naturally represented as node-edge graphs, the TDA offers an
attractive route to move beyond the limitations of pixel-free
extraction methods.

In this study, a new pore-network extraction algorithm
is proposed, the topological pore-network finder (TPF). By
moving beyond conventional pixel-based representations, TPF
provides a faster framework for pore-network extraction and
is particularly well suited to tracking pore-network evolution
during dynamic compression. Its robustness and applicability
are demonstrated through sensitivity analyses, real rock im-
ages, and three-dimensional digital rock examples.
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Fig. 1. DF landscape in porous media, where the DF is zero
in the solid phase.

2. Methodology

2.1 Flashlight search and medial axis path
methods

To facilitate the discussion, a two-dimensional (2D) exam-
ple is shown in Fig. 1, where the distance function (DF) is
defined for all void pixels (Liu et al., 2024b):

D (v,S) =min{D(v,s), s € S} (1)
where D denotes the minimal distance from a void point to
the solid phase; v and s denote points in the void and solid
domains, respectively; and S denotes the solid region. In three-
dimensional (3D) space, the resulting landscape can be viewed
as a mountain surface, where peaks correspond to pore centers
and saddles correspond to pore throats. The medial line of
the pore space is associated with non-smooth locations of the
DF, which provides a criterion for identifying the medial axis
(Niasar et al., 2009).

Pixel-free methods identify pore networks directly in con-
tinuous space by searching for the medial structure, rather
than by inferring connectivity from pixel counting. In the
previous work, the FSMA method has been proposed, which
performs medial-axis searching in continuous space (Liu et
al.,, 2024b). The FSMA uses gradient descent to locate an
initial pore center. Once this center is identified, a search
region is constructed, a curve in 2D or a surface in 3D. Within
this region, the gradient and Laplacian of the DF are used to
detect points on the medial axis, because the DF is typically
non-smooth there and its gradient becomes discontinuous. As
the search proceeds along the medial axis, pore throats are
identified as local minima of the DF encountered before the
next pore center, whereas pore centers correspond to local
maxima. The search direction is determined by following the
maximum gradient (Liu et al., 2024b):

D (v,s) — D (v+ (Rcos6;,Rsin6;) ,S)
R

where R is the search radius and 6; = (i —1)2n/M, M is the
number of discretization points within R. Although the FSMA
is effective for locating pore centers, it advances step by step

and is therefore not ideal for parallel computation.
The MAPS method is another pixel-free approach for ex-
tracting pore-network structures (Zhang et al., 2024). Starting
from an initial string connecting two pore centers, the string

max

Li=1...M ()
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method (E et al., 2002) is used to evolve the string toward
the medial line of the pore space. This procedure is analogous
to identifying a minimum-energy path (Zhang et al., 2023), if
the distance landscape is interpreted as an energy landscape.
The DF can then be transformed into an energy function F' as
follows (Zhang et al., 2023):

F(v, S)=—-D(v, S) 3)

In the energy landscape, the minimum-energy path is the

curve Y connecting two pore centers, which are treated as

minimum local energy. The tangent of the path can then be
written as follows (Zhang et al., 2023):

FVFsys (7) - (VFsys (7) ??)?: 0 (4)
where Fjys denotes the system energy and 7 is the unit tangent
vector of the path. The same relation can also be written as:

Each string can be calculated independently, which makes
the MAPS well suited to parallel computation once the connec-
tivity information has been established during preprocessing.

Both the MAPS and FSMA require prior topological con-
nectivity between pores to determine the appropriate extrac-
tion. If this information is available in advance, unnecessary
calculations can be avoided, and the MAPS becomes much
more efficient. The TDA provides a natural framework for
extracting these essential connectivity relations from complex
datasets. More broadly, the TDA uses tools from algebraic
topology to characterize the shape of data in a manner that is
robust to noise.

2.2 Mapper algorithms in TDA

To identify the holes and tubes in a dataset before selecting
initial points for the PNE, the global structure of the data
must first be characterized. The Mapper algorithm in TDA
provides an effective way to achieve this by offering both
a compact representation and a visual description of the
underlying topology (Singh et al., 2007).

The core idea of the Mapper algorithm is a generalization
of the Reeb graph (Biasotti et al., 2008). Given a function
f: M — R, each point in the Reeb graph corresponds to a
connected component of the preimage of a value under f.
The Reeb graph therefore serves as a topology-preserving
dimensionality-reduction tool. Mapper extends this idea by
using a filter function to extract the key global topological
features of a dataset and represent them as a graph or simplicial
complex. A simplicial complex is a union of simplices of
different dimensions, such as points, line segments, trian-
gles, and their higher-dimensional analogues. It provides a
combinatorial representation of space. Such complexes not
only visualize essential connectivity but also encode rich
topological information in an algebraic form.

Before delving into the core concepts of the Mapper
algorithm, it is important to revisit the notions of covers and
nerves in algebraic topology. For a given topological space X,
the covering is a collection of open sets U = {U; };¢s in X such
that their union equals X, i.e., any point in X will belong to
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some open sets in U. Let € be a positive real number. A usual
covering for R is Ug = {U;}icz where U; = (i —€,i+1+¢€).
For any subspace X C R, an associated covering for X is
X NU. This kind of covering can be easily generalized into
R" using the Cartesian products. The parameter € measures
the “resolution” of the covering. A smaller € will give a larger
covering with more open sets. Moreover, the larger covering
will reflect finer topological features of the given set in the
following sense.

Given a covering U, the nerve associated to U is a
simplicial complex defined as follows:

1) The O-simplices consists of all Uj, i.e., each U; serves as
a vertex in this simplicial complex.

2) A collection of k-vertices U;,,U,, ,...,U;, forms a (k—1)-
simplex if and only if Ns_, U, # 0.

The essential steps of the Mapper algorithm can be sum-
marized as follows:

1) Given a data set X, the first step is to select an appropriate
continuous function f : X — R". A well-chosen func-
tion should effectively capture the essential topological
features of the dataset. Commonly used functions in-
clude projection function which projects each point onto
specific coordinates, and centralization function which
computes the average distance of each point to all other
points in the dataset.

2) A covering U is chosen for the image f(X). For each
open set U € U, the preimage f~'(U) C X.

3) For each preimage f~'(U) in X, a standard clustering
algorithm is applied to separate this preimage into several
subsets. Each subset is referred to as a cluster. These
clusters together form a covering of the dataset X.

4) The output simplicial complex is the nerve of the covering
on X.

The target space R” of the filter function can be adapted
for specific applications. For a point cloud, for example, height
can be used as a lens function. After clustering the points
within each preimage, the connectivity of the point cloud can
be projected onto the nerve of the resulting cover. Several
software packages are available for implementing the Mapper
algorithm (Marco-Sola et al., 2012; Veen et al., 2019; Bui
et al., 2020). In this work, the Kepler Mapper package is
used (Veen et al., 2019). To illustrate the main idea, a simple
example is given below before the method is applied to more
complex porous-media cases. In practice, the choice of the
filter (lens) function and the covering parameters strongly
influences the resulting graph. Common filter functions include
coordinate projections, distance-based functions, and density-
related measures (Singh et al., 2007; Carlsson, 2009). Among
these, projection functions are especially useful because they
are simple and effective at revealing large-scale geometric
patterns in point-cloud data. The range of the filter function
is typically covered by overlapping intervals of equal length,
which balances topological fidelity against computational cost
(Veen et al., 2019; Edelsbrunner and Harer, 2022). In the
present work, because the void points of the porous medium
are naturally embedded in Euclidean space, coordinate pro-
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Fig. 2. (a) Example porous model, where black denotes the solid phase and white denotes the void region, and corresponding

(b) mapper output graph.
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Fig. 3. Workflow of the TPF algorithm.

jections provide a natural choice of filter function, and the
cover is therefore constructed from evenly spaced overlapping
intervals.

The Mapper algorithm is then used to generate a simple
graph that reveals the holes and tubes in the toy image (Fig.
2(a)). The selected lens function is the projection onto the
first two coordinates of each point. Because the image of this
lens function lies in a 2D space, the cover is constructed as
the Cartesian product of interval covers, with each interval
divided into 10 equal-length subintervals that overlap adjacent
intervals by 10% of their length. The resulting graph is shown
in Fig. 2(b). From this graph, the number and relative locations
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of the holes can be identified clearly.

2.3 Framework of the TPF algorithm

The TDA provides the missing topological link between
these two methods. As illustrated in Fig. 3, the porous-
medium model is first constructed by image segmentation or
artificial generation. The TDA is then applied to delineate the
void space and extract topological connectivity. Based on this
information, initial strings are generated for the MAPS, and
the FSMA is subsequently used to refine these strings toward
the medial line of the pore space. The framework also includes
a dynamic module to account for structural evolution in porous
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Fig. 4. Construction of the random porous media model: (a) The method to construct the random solid phase and (b) the

random porous media model.

rocks.

2.3.1 Porous model construction and initial pore center
identification

To construct the porous medium, a set of points is ran-
domly generated within a prescribed domain and assigned
corresponding radii. Using the criterion illustrated in Fig. 4(a),
the solid phase is then confined within the domain. This
procedure yields the random porous model shown in Fig.
4(b), with irregular void and solid regions. Such random and
geometrically complex structures provide a useful testbed for
evaluating the stability of the algorithm and its sensitivity
to challenging pore geometries. In this model, the external
boundaries are treated as solid.

Once the porous model has been constructed (Fig. 5(a)),
the void phase is extracted (Fig. 5(b)). In Fig. 5(c), the void
space is then separated into distinct clusters, after which
dead-end clusters that do not contribute to flow are removed
(Fig. 5(d)). Each cluster contains many points, from which
a subset is randomly sampled to represent the cluster (Fig.
5(e)). Applying the FSMA to these sample points drives them
toward pore centers, so that the points converge around each
center (Fig. 5(f)). These points are then merged into a single
representative point (Fig. 5(g)), which greatly simplifies the
connectivity relations and improves computational efficiency.
The specific operations are described by Egs. (6)-(9). Finally,
the connectivity between clusters is determined, yielding the
required topological connections (Fig. 5(h)) and, consequently,
the pore-center information used in the subsequent calculations
(Fig. 5(31)).

= {xex||x—¢; <R} (©6)
k

X:ch (7)
I

vl ®

xeC

Xoew = {¢},j=1,....k )
where X is the initial dataset; C denotes the data cluster; R,
denotes the cutoff distance to judge the formation of cluster;
|Cj| is the number of elements in C;; k denotes the number
of clusters; ¢ represents the center of the cluster; X;ew means
the dataset after merging the initial data.

2.3.2 Optimization of initial string

During construction of the initial string, the complexity
of subsurface porous media may cause part of the string to
intersect the solid phase, which complicates or even prevents
subsequent identification of the medial axis. As illustrated in
Fig. 6, the discretization points on the string are progressively
displaced until they leave the solid region. For each point,
the first direction that moves it out of the solid phase is
taken as the optimal correction. This procedure yields a
physically admissible connecting path between the two initial
pore centers.

The full process from initial-string construction to the final
optimized pore-network structure is illustrated in Fig. 7. After
the initial points have stabilized at the pore centers, an initial
string is constructed (Fig. 7(a)). This string is discretized using
a prescribed number of points; in the example shown, six
points are used. The procedure in Fig. 6 is then applied to
move discretization points out of the solid region, producing
the corrected initial string shown in Fig. 7(b). Following
the minimum-energy-path idea used in the MAPS (Zhang et
al., 2024), the string is then updated toward the medial axis.
The pore throat is identified at the local minimum of the DF
along each string, after which the pore-network structure can
be extracted (Fig. 7(c)).

In pore space, the identified throats are generally curved
rather than straight. These throats can be characterized by
geometric descriptors such as length, curvature, tortuosity,
and minimum cross-sectional radius. In the final pore-network
representation, pore centers are treated as nodes and throats as
edges carrying these geometric attributes. The extracted net-
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Fig. 6. Schematic illustration of removing the string from the
solid phase.

work therefore preserves both the essential topological con-

nectivity and the quantitative geometric information required
for subsequent petrophysical analysis.

2.3.3 Manipulations to accelerate calculation

In subsurface environments, rock pore structures evolve
continuously, which makes the dynamic PNE desirable. When
the porous medium changes, narrow throats may close and
block fluid transport. In such cases, as illustrated in Fig. §,
nearly closed channels are removed according to the following
procedure:

Cr=H(D®W,S)—c) (10)
H(x) = 0, x<0 (an
N 1, x>0

where ¢ is the cutoff distance used to determine the throat
state, H is the Heaviside function, x is the function variable,
Cr is used to judge whether the throat is closed or open, where
Cr =0 means closed and Cr = 1 means open. As noted above,
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Fig. 8. Elimination procedure for changes in porous media: (a) Pore network without cutting, (b) pore network after cutting

and (c) elimination of dead-end strings.

dead-end strings can also be removed to save computational
cost.

Computing the DF against the entire solid phase can
be expensive, especially for high-resolution models. In most
cases, however, only the solid boundary is required. Extracting
the boundary therefore substantially reduces the computational
burden. This optimization is expected to be even more benefi-
cial for systems with a high solid fraction, such as low-porosity
shale.

2.4 Sensitivity and flexibility analysis

This section examines the effect of the number of dis-
cretization points used along the string, as shown in Fig.
9. Increasing the number of points improves the accuracy
of pore-center and throat identification, but it also raises the
computational cost. In practice, an extremely dense string is
not required to capture the essential pore-network information.
Indeed, the results in Fig. 9(c) and 9(d) are already very sim-
ilar. An appropriate balance between accuracy and efficiency
is therefore needed.

Here, the result obtained with 50 discretization points is
taken as the reference solution because of its high accuracy.
The spatial error is evaluated using the formula error =
(C—Cso)/ (/L +L3) and the results are shown in Fig. 10(a).
On this basis, eight points provide a practical compromise,
yielding an error below 2% while being substantially faster
than the cases with 16 or 50 points. Accordingly, the eight-
point configuration is adopted in most subsequent tests. The
calculation to the solid boundary markedly improves efficiency

(Fig. 10(b)).

Three porous models with different resolutions are con-
structed to assess the stability of TPF, as shown in Fig.
11. All models share the same underlying porous structure,
allowing direct comparison. As seen in Fig. 11(a)-11(c),
the extracted networks remain stable across resolutions. The
lower resolution substantially reduces computational time (Fig.
11(d)). Using only the solid boundary provides additional
acceleration, consistent with the previous discussion.

2.5 Application to rock images and
quasi-dynamic extraction

The TPF algorithm is next applied to a real rock porous
model (Fig. 12). Before extraction, isolated pores are removed
because disconnected void space does not contribute to flow.
The results show that TPF performs well for pore-network
extraction in realistic rock images.

Although the original digital rock images are represented in
pixel or voxel form, as in Fig. 12, the proposed TPF algorithm
operates in continuous space. Pixels or voxels are used only
as the raw input representation of the porous medium. Once
the void and solid boundaries have been identified, pore
centers and throats are extracted without further reliance on the
underlying grid. The final pore network is therefore pixel-free,
which distinguishes the TPF from conventional pixel-based
skeletonization methods.

A key feature of the TPF is its quasi-dynamic extraction
module (Fig. 13), which enables the method to handle struc-
tural evolution in porous media. Underground rocks may un-
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Fig. 9. Extraction results obtained with different numbers of discretization points on the string: (a) 3 points, (b) 5 points, (c)
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dergo compression or swelling as reservoir pressure changes
during subsurface operations. In conventional approaches, any
structural change requires the pore network to be re-extracted
from scratch, which is time consuming. By contrast, the TPF
updates the network efficiently by reusing string information
from the previous state (Fig. 14). This makes the method

much more efficient for tracking pore-network evolution in
deforming systems.

To further clarify the advantages of the proposed TPF
algorithm, Table 1 compares it with several widely used PNE
methods. Each method has distinct strengths and limitations
in terms of accuracy, sensitivity to image resolution, compu-
tational efficiency, and implementation complexity. The com-
parison highlights how the TPF combines the key advantages
of existing approaches while mitigating several of their main
limitations.

Although the main focus of this study is the extraction
methodology itself, networks produced by the TPF are fully
compatible with existing pore-network flow simulators. The
extracted networks provide not only topological connectiv-
ity between pore clusters but also the structural basis re-
quired for modelling flow and transport processes, including
single- and multiphase displacement (Liu et al., 2024a; Liu et
al., 2025), reactive transport, and capillary phenomena (Yang
et al., 2025). Flow simulations are beyond the scope of the
present work, but networks extracted by the TPF can be readily
integrated into established modelling frameworks, providing a
direct pathway to future applications.

To further validate the method in three dimensions, a 400
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Table 1. Advantages and limitations of different PNE approaches.

Method

Advantages

Limitations

Medial Axis (Lindquist

Classical Maximal Ball

FSMA (Liu et al., 2024b)

MAPS (Zhang et al., 2024)

TPF (This study)

Preserves topology of pore space.

et al,, 1996) Widely used, conceptually simple.

Geometrically intuitive.
Provides direct pore and throat sizes.

Works in continuous space.
Less resolution-sensitive.

Efficient and parallelizable.
Robust medial axis identification.

Pore connectivity are well preserved.
Pixel-free (more accurate).

Efficient and less sensitive to image resolution.
Supports quasi-dynamic updates under
compression/swelling.

Produces noisy skeletons in irregular pores
(Silin and Patzek, 2006; Zhang et al., 2024).
High computational cost in large models.

Strongly resolution-dependent
(Silin and Patzek, 2006).
Misses small features at low resolution.

Step-by-step process limits parallelization.
Needs pre-information of pore connectivity.

Requires prior connectivity information.
Sensitive to initial path selection.

Current work focuses on extraction only.
Implementation complexity higher than
classical methods.
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Fig. 13. Quasi-dynamic PNE during compression at strains of (a) 0.0%, (b) 3.0%, (c) 6.0% and (d) 9.0%.



Liu, J., et al. Advances in Geo-Energy Research, 2026, 20(2): 101-113

470
1 25%~75%
T Range within 1.5IQR
PR — Median Line
» 460 Mean
() . i
g /\/0//0 Outliers
£ M/SO/
© $: '
S as0f % 9
= 8
s Y > /
3 / —— ) /
E of %
g Ho, %
//OVVS ®©
50 0,
¥ Viey /
/ —_—/
3 R

Compress Initial
Compuational state

Initial Compress

Fig. 14. Computational performance for extraction in the initial
and compressed states.

%400 x 400-voxel digital rock sample is analyzed. The ex-
tracted three-dimensional pore network (Figs. 15(a)-15(c))
confirms that the TPF reconstructs a connected structure
suitable for subsequent transport analysis. As shown in Fig.
15(d) and 15(e), the pore-radius and throat-radius distribu-
tions obtained by the TPF follow the same overall trends
as those from the classical maximal-ball method, indicating
that the proposed algorithm preserves the main network-scale
geometric statistics in 3D. At the same time, the TPF yields
slightly higher frequencies in the small-radius range, suggest-
ing greater sensitivity to fine pores and narrow throats that
may be merged or overlooked by the classical method. This
difference mainly affects the fine-scale tail of the distributions,
while the dominant structural characteristics remain consistent
between the two approaches. As shown in Fig. 15(f), the
TPF also reduces computational time substantially relative
to the classical maximal-ball method, and the acceleration
becomes more pronounced when fewer discretization points
are used. To assess the practical consequences of the extracted
networks, a CO; injection simulation is further performed
in Fig. 15(g), with methodological details reported elsewhere
(Liu et al., 2026). The saturation-injection curves from the
TPF-based and maximal-ball-based networks nearly overlap
throughout the displacement process, showing highly consis-
tent evolution trends and very similar final saturation levels.
This close agreement indicates that the two extracted networks
produce essentially the same macroscopic displacement re-
sponse, further supporting reliability of the TPF for preserving
flow-relevant features of the original digital rock.

3. Conclusions

In this study, the TPF algorithm is proposed, which inte-
grates the TDA, MAPS, and FSMA for efficient pore-network
extraction in porous media. The main findings are summarized
as follows:

1) The TDA provides a reliable description of pore connec-
tivity, allowing the algorithm to distinguish essential links
between pore clusters while filtering out topologically
irrelevant features.

2) By combining topological dimensionality reduction with
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the string method, the TPF substantially reduces compu-
tational cost while maintaining extraction accuracy.

3) The combination of MAPS-based string evolution and
solid-boundary simplification further improves efficiency,
making the TPF suitable for large-scale and quasi-
dynamic simulations.

4) The TPF produces consistent results across different
image resolutions, alleviating one of the main limitations
of traditional pixel-based methods.

5) The quasi-dynamic module enables efficient updating of
pore networks under compaction or swelling, avoiding
full re-extraction from scratch.

Overall, the TPF provides a generalizable framework for pore-
network extraction in both synthetic porous models and real
rock images. Its topological foundation makes it robust to local
noise and resolution effects, while its geometric augmentation
preserves quantities needed for comparison with conventional
pore-scale descriptors. At the same time, the quantitative petro-
physical values derived from the extracted networks will still
depend on factors such as rock type, imaging resolution, and
preprocessing conditions. Accordingly, although the frame-
work itself is broadly applicable, specific numerical results
should be generalized with appropriate caution. Future work
will extend the TPF toward more detailed geometric charac-
terization of pore structures and parallel high-performance im-
plementations to further improve both accuracy and efficiency.
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