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Abstract

Characterizing full-scale pore-throat systems constitutes a critical challenge in the inves-
tigation of hydrocarbon-bearing spaces within tight unconventional reservoirs. Given the
intricate nature of micro-nano-scale pore throats, individual characterization techniques
are insufficient to achieve a comprehensive and precise description. In response, this
study develops a Gaussian Mixture Model (GMM)-oriented methodology for full-scale
pore-throat analysis integrating multi-source data, which encompasses five successive
procedures: data optimization, optimal cluster number determination, model analysis,
data fusion, and data reconstruction. Taking tight mixed-lithology samples from Block D
of the Qaidam Basin as the research object, effective pore-throat thresholds were defined
based on lithology-dependent breakdown pressures to facilitate cluster analysis of multi-
source datasets. Following the screening of representative pore-throat clusters and data
fusion via Gaussian Mixture functions, the full-scale pore-throat distribution was ulti-
mately derived. Comparative analysis demonstrates that Nuclear Magnetic Resonance
(NMR) and High-Pressure Mercury Intrusion (HPMI) data exhibit satisfactory fitting con-
sistency at major cluster peaks, with NMR being more effective in resolving nanopores
and HPMI excelling in characterizing medium to large pores. Comprehensive evaluation
results validate that the proposed methodology enables efficient integration of multi-tech-
nical data, uncovers hidden pore-throat systems, and realizes innovative fractal dimen-
sion analysis of full-scale pore-throat structures by taking pore-throat clusters as the basic
analytical unit. Consequently, this work offers a novel methodological framework for the
quantitative characterization of full-scale pore-throats using multi-source data.

Keywords: full-scale pore-throat characterization; Gaussian mixture model; expectation-
maximization algorithm; fractal dimension

1. Introduction

As the global energy demand continues to surge and conventional oil and gas re-
sources gradually deplete, unconventional resources, including tight sandstone oil and
gas, shale gas, coalbed methane, heavy oil, and oil sand, have increasingly captured the

Fractal Fract. 2026, 10, 157

https://doi.org/10.3390/fractalfract10030157



Fractal Fract. 2026, 10, 157

2 of 27

attention of the petroleum industry. These unconventional reservoirs are regarded as co-
pious and dependable energy sources [1-3]. In contrast to conventional reservoirs, uncon-
ventional reservoirs feature pore-throat structures with a span of seven orders of magni-
tude [4]. The minuscule size of pore throats, intricate pore-throat structures, poor connec-
tivity, and pronounced heterogeneity pose formidable challenges to the comprehensive
characterization of pore throats [5,6]. These factors render the accurate and thorough char-
acterization of pore-throat systems in unconventional reservoirs a complex task. The pore-
throat structure is among the pivotal factors affecting the reservoir’s storage capacity and
seepage ability [7-9]. Therefore, a comprehensive description and quantitative assessment
of the pore-throat structure are imperative for quantifying the correlations among poros-
ity, reserves, migration, and reservoir properties [10].

Currently, a plethora of experimental methods exist for characterizing the pore-
throat structures of unconventional reservoirs, yet each method presents distinct ad-
vantages and limitations [11]. The principal research approaches for analyzing the pore
structures of tight reservoirs encompass image analysis techniques, fluid invasion meth-
ods, and radiation methods [12,13]. Semi-quantitative methods grounded in image anal-
ysis, such as scanning electron microscopy (SEM), focusedion beam-scanning electron mi-
croscopy (FIB-SEM), and computed tomography (CT) scanning, are especially adept at
examining pore morphology and connectivity. Significantly, CT scanning technology en-
ables non-destructive reconstruction of the three-dimensional pore network [14,15]. Nev-
ertheless, the restricted field of view in SEM and FIB-SEM impedes the acquisition of com-
prehensive information, and the characterization range is circumscribed by the instru-
ment resolution [16]. Despite its formidable capabilities, CT scanning technology has a
resolution inversely proportional to the sample size, typically confining it to the microm-
eter scale. Moreover, the processing and reconstruction of three-dimensional pore net-
works are intricate, demanding a high degree of expertise for data interpretation [17,18].
HPMI and nitrogen adsorption (NA) methods are well-established techniques for charac-
terizing pore morphology and size distribution via fluid injection. Nevertheless, these
methods may, to a certain extent, disrupt the original pore-throat structure [19-21]. To
circumvent the impact of measurement data under high pressure in the latter stages of
HPMI, it is commonly employed to characterize shale pore throats larger than 50 nm [22].
The NMR method, which assesses pore structures non-destructively by measuring hydro-
gen signals, has now become a prevalent technique for pore-throat characterization. It can
characterize pores with sizes ranging from 2 nm to 1000 nm. However, the accuracy of its
results is affected by testing conditions, fluid properties, and other factors, and it is gen-
erally utilized in combination with other methods [15,23,24]. Beyond these characteriza-
tion techniques, fractal theory serves as a powerful complementary approach for pore-
throat structure investigation, as it enables the integration of reservoir microscopic mor-
phology and macroscopic performance to quantify the structural complexity of pore-
throat systems [20,25]. Specifically, for pore-throat distribution datasets derived from
HPMI, NMR, and NA measurements—the core techniques for full-scale pore-throat anal-
ysis—the relationship between cumulative volume percentage and pore-throat radius is
leveraged to calculate fractal dimensions, which in turn quantify the complexity of pore-
throats across different hierarchical scales [26-28].

Evidently, remarkable advancements have been achieved in the realm of pore-throat
characterization. One of the pivotal research directions lies in the integration of multiple
characterization techniques to accomplish comprehensive pore-throat characterization
within micro-nano systems. For core-based laboratory experiments, characterizing pore-
throat structures serves as a fundamental prerequisite for investigating the microscopic
seepage mechanisms of fluids in pore-throat systems. Full-scale characterization of pore-
throat structures further enhances the accuracy and rationality of various related studies.
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Studies have demonstrated that constant-rate mercury intrusion (CRMI) can be utilized
to differentiate between pores and throats. By integrating the throat size distribution
(TSD) curve derived from CRMI with the small-pore segment of the NMR curve, a com-
prehensive TSD curve can be constructed. Subsequently, by incorporating the pore size
distribution (PSD) characterized via the NMR curve for the large-pore range, the compre-
hensive pore-throat characterization is realized [1,8]. Moreover, semi-quantitative meth-
ods, including SEM, FIB-SEM, and CT scanning, can also be employed to characterize the
comprehensive pore-throat distribution. These methods are capable of evaluating both
the fundamental volume and area of pores [20]. Additionally, certain researchers have
classified pore space into seven distinct scales and utilized diverse experimental tech-
niques to achieve thorough, comprehensive characterization [4].

Current full-scale characterization approaches are predominantly confined to data
splicing or discrete representations, which are unable to effectively integrate multiple data
types for comprehensive and holistic characterization [16,29,30]. This also leads to the cur-
rent absence of analytical methods for characterizing the full-scale pore-throat structure
and the fractal dimensions of its pore-throat system units. Simple data splicing fails to
integrate multi-source data in a scientifically sound and reasonable manner. Determining
the effective representation scope and weighting of different characterization methods in
data fusion remains a crucial research topic [11,31].

The cross-application of mathematical algorithms and machine learning methods in
the energy sector constitutes a pivotal approach to driving technological advancement
[32-35]. A wide variety of algorithms can be employed for data fusion. Principal compo-
nent analysis (PCA) is widely used for data redundancy removal and dimensionality re-
duction, while Bayesian data fusion methods are adopted for uncertainty quantification
and optimal value estimation. Clustering algorithms also exhibit good performance in
data fusion, as they cluster massive data into meaningful clusters to achieve real-time data
fusion. Machine learning-based data fusion is mainly categorized into three types: signal-
level data fusion, feature-level data fusion, and decision-level data fusion. According to
the availability of supervised data, it can also be divided into supervised and unsuper-
vised data fusion. For unsupervised pore-throat distribution data, we aim to extract geo-
logically meaningful information through algorithms and then integrate the data via data
fusion methods. Therefore, unsupervised feature-level fusion methods, such as clustering
approaches, should be selected for feature extraction and re-fusion. The GMM is an algo-
rithm proficient in clustering and estimating data that adhere to a Gaussian distribution,
rendering it well-suited for multimodal data analysis [36]. Gaussian distributions have
been extensively utilized in the domain of pore-throat characterization, demonstrating
potent estimation capabilities for pore-throat distributions following a logarithmic pattern
[37,38]. This model proves instrumental in uncovering latent pore systems and estimating
the overall pore-throat distribution. It conforms to the data characteristics of the pore-
throat structure and can extract and retain the pore-throat cluster features that reflect the
original pore distribution, which carries practical geological significance. Moreover, it as-
signs quantitative weights to each cluster, making it an ideal data fusion model.

Presently, it is widely employed to estimate the NMR T2 spectra and PSD curves ob-
tained from single pore-throat characterization techniques [39]. Dong et al. (2023) utilized
a Gaussian bimodal function to fit the T2 spectral data and found that the fitting function
exhibited an exceptionally high correlation with the measured curves, with R? values typ-
ically surpassing 0.99 [28]. An unsupervised clustering approach based on GMM was pro-
posed to extract quantitative pore structure information from the T2 spectra of NMR log-
ging data [40]. This methodology involves fitting the dimensionality-reduced T2 spectra
data (after Principal Component Analysis, PCA) using the GMM probability density func-
tion. Model parameters and the optimal number of clusters are determined via the
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Expectation-Maximization (E-M) algorithm and the Akaike Information Criterion (AIC).
The study further investigates the T2 spectral characteristics and pore structure types as-
sociated with different cluster groups, providing a comprehensive understanding of pore
systems. A truncated Gaussian distribution, analogous to the standard Gaussian function,
was integrated with the core capillary bundle model [41]. Through a multimodal super-
position approach, a multimodal distribution function for core pores was established, ac-
curately characterizing the multimodal features of core pore volume distribution. A de-
convolution method similar to GMM was employed to merge the pore-throat distribu-
tions derived from N2 and CO: adsorption at a 2 nm threshold [42]. Gaussian mixture
functions were applied to minimize the Sum of Squared Errors (SSE) during fitting,
achieving a comprehensive characterization of pore throats. Additionally, an analysis of
primary pore-throat clusters within the samples was conducted, offering in-depth insights
into the pore structure.

Compared with other clustering and data fusion methods, GMM offers several dis-
tinct advantages in tackling the multi-source data fusion problem of pore-throat distribu-
tions: (1) Numerous previous studies have confirmed that the GMM exhibits excellent
adaptability to pore-throat data with a lognormal distribution [28,37,38,41,42], and can
efficiently fit and cluster the original datasets transformed into a Gaussian distribution via
mapping. (2) It can effectively analyze the clusters of multi-source data and discern the
weight distribution among different clusters [43]. Its ability to dynamically adjust the mix-
ture weights of pore-throat clusters renders it a prime choice for ensuring data validity
during the fusion of pore-throat distribution data. (3) Compared to hard clustering meth-
ods, GMM demonstrates superior performance in handling continuous data and gradual
boundaries within natural datasets, especially for clustering tasks with ambiguous bound-
aries. This soft clustering approach enables the calculation of the membership probability
of a single pore-throat to different pore-throat clusters, i.e., the contribution degree of a
single pore-throat to various pore-throat clusters, which is more consistent with the geo-
logical reality of overlapping and gradual boundaries among the micro-nano pore-throat
systems in tight reservoirs [44-46]. (4) The parameters of pore-throat clusters derived from
the GMM possess geological interpretability: the mean, variance, and weight of the pore-
throat clusters obtained by the GMM can respectively represent the dominant radius, het-
erogeneity, and volume contribution ratio of the pore-throat clusters.

Previous research efforts have witnessed substantial advancements in applying the
GMM to the cluster analysis of individual Tz spectra and PSD curves. Explorations have
also been carried out regarding the integration of PSD curves derived from multiple pore-
throat characterization methods. Nevertheless, the rationality of data fusion strategies and
the reliability of data obtained from diverse characterization techniques still necessitate
further investigation.

To address the challenges in multi-source data fusion for full-scale pore-throat struc-
ture characterization, this study establishes a research framework centered on methodo-
logical innovation, with further extensions to physical insights and practical application
value. Based on the GMMV,, a full-scale characterization method for pore-throat structures
via multi-source data fusion is developed. Using NMR and HPMI test data obtained from
tight mixed sedimentary rock samples in the D area of the Qaidam Basin as a case study,
we achieve full-scale characterization of pore-throat structures and conduct targeted frac-
tal dimension analysis on typical pore-throat clusters identified from the full-scale distri-
bution data. The proposed method overcomes the limitations of traditional simple data-
splicing strategies, provides a new perspective for pore-throat structure analysis and frac-
tal research, and further establishes a reliable technical foundation for the evaluation and
development of tight reservoirs.
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2. Materials and Methods

2.1. Sample Characteristics

This study focused on four tight migmatite samples sourced from the D area of the
Qaidam Basin. The cores were collected at depths ranging from 3332.83 to 3984.58 m. Ta-
ble 1 presents the basic characteristics of these cores, along with the overburden pressure,
porosity, and permeability test data.

Table 1. Basic information about the core.

Diameter Length

Depth Porosity Permeability

Sample (cm) (cm) (m) Lithology %) (mD)

KF-4 2.374 5.125 3332.83 Algal-laminated micritic limestone 6.977 10.4
7B 2.36 6.263  3830.3 Light gray micritic dolomite 3.479 0.00343
43 2.445 4.644 3866.3 Gray, conglomeratic, and dolomitic micritic limestone 2.338 0.00183
1284 2.441 4966 3907.17 Fluorescent algal limestone 0.218 0.000257

2.2. HPMI Principles

HPMI is a technique in which pressure is exerted on the non-wetting phase mercury
to surpass the capillary forces of pore throats, thereby enabling mercury to penetrate into
the pore throats. When the capillary forces reach equilibrium, the injection pressure and
the volume of mercury injected at each constant pressure are meticulously recorded. By
leveraging the formula that describes the relationship between capillary force and pore
radius, this method indirectly ascertains the distribution of rock pore throat sizes [47].

The corresponding pore radius can be computed from the injection pressure, and the
volume of mercury injected at this pressure corresponds to the volume of interconnected
pores. The relationship between capillary force and pore throat radius is described as fol-
lows:

2ycos6
r= - 1)
In Equation (1), P represents the capillary force, with the unit of Pa; y is the surface

tension of mercury, which is a constant value of 0.48 N/m; 0 is the wetting contact angle
of mercury, and it is generally taken as 140°; and r is the radius of the pore throat, with
the unit of meters.

2.3. NMR Principles

NMR is capable of analyzing the pore-throat distribution by detecting the relaxation
signals of hydrogen-containing fluids within water-saturated rock samples. The relaxa-
tion time T2 of the fluid in the pores can be expressed as follows [48]:

1 1 1 1 )
T, T T T ?

In Equation (2), T2z is the bulk relaxation time, which is determined by the intrinsic
properties of the fluid; Tas is the surface relaxation time, which characterizes the process
of energy attenuation caused by collisions between spin hydrogen nuclei and the rock
pore wall; and T2p is the diffusion relaxation time, which is the relaxation time of the pore
fluid due to diffusion induced by magnetic field gradients resulting from magnetic field
inhomogeneity and other factors.

When there is only one type of fluid in the pores, T2z is typically greater than 3000
ms. Bulk relaxation is much slower than surface relaxation, so the former can be neglected.
By optimizing the pulse sequence parameters and controlling the main magnetic field
strength, the influence of the magnetic field gradient can be minimized as much as possi-
ble.
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In a uniform magnetic field, the transverse relaxation time of atoms within a single

water-saturated pore can be approximated as follows [10]:
1 1 1 1 1 S
T Tw T T T 7 o

In Equation (3), p, is the surface relaxivity; S is the pore surface area; and V is the
pore volume.

When pore structures are simplified into spherical and cylindrical forms, the rela-
tionship between the specific surface area and the pore diameter can be expressed as fol-
lows [1]:

1 S F
T, Py TPy (4)

In Equation (4), r is the pore throat radius; S is the pore surface area; V is the pore
volume; and Fs is the geometric factor of the pore shape. For spherical pores, Fs = 3; for
cylindrical pores, Fs =2; and for slab-like pores, Fs=1.

NMR experiments can capture the pore-throat signals of samples, whereas HPMI is
capable of measuring the pore-throat radius. Consequently, a correlation between the T2
spectrum and pore-throat radius can be established, and the T2 spectrum can be trans-
formed into a pore-throat radius distribution, enabling an accurate depiction of the rela-
tionship between pore structure and fluid properties [49,50]. Previous research, based on
the analysis of numerous experimental results, has shown that the T2 spectrum distribu-
tion has an exponential correlation with the pore radius [8]. Equation (5) is expressed as
follows:

T, =Cr{ ®)

In Equation (5), 1 represents the throat radius, n denotes the exponential constant in
this relationship, and C is a constant composed of the shape factor and surface relaxation
rate [51,52].

This constant can be expressed by Equation (6) as follows:

C= ! 6
 Ep, ©)

Currently, the majority of studies make use of the inverse cumulative curves of HPMI

pore-throat distribution data and NMR T2 spectrum data to establish a one-to-one corre-
spondence between T2 relaxation and pore-throat radius. Subsequently, the least squares
method is applied to fit the relationship between T2 relaxation and pore-throat radius,
thus enabling the transformation of NMR data. Research has indicated that during this
conversion process, the non-uniform distribution of high-pressure mercury injection data
may give rise to less-than-ideal fitting outcomes. However, the adoption of segmented
fitting can effectively resolve this problem, yielding a higher correlation coefficient [53].

2.4. Pore-Throat Full-Scale Characteristics Method
2.4.1. GMM

The Gaussian Mixture Model (GMM) is a clustering algorithm within the realm of
machine learning. It is capable of detecting clusters in datasets that adhere to Gaussian
distributions. By fine-tuning the mean, covariance matrix, and weight coefficients of each
Gaussian component, GMM accurately integrates multiple Gaussian distributions via lin-
ear superposition, enabling it to fit intricate probability density distributions [37,54,55].

For a D-dimensional vector X, if each of its elements follows a multivariate Gaussian
distribution with mean vector M and covariance matrix X, the probability density function
can be expressed as Equation (7):

https://doi.org/10.3390/fractalfract10030157
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FOO M B = ——— . exp (X =M)T(X = M)

JIZd@n)? 2%k

In Equation (7), X denotes a D-dimensional vector, k represents the k-th Gaussian

@)

distribution cluster, Mk is the mean matrix of the k-th Gaussian distribution cluster, X
stands for the covariance matrix of the k-th Gaussian distribution cluster, and T is a math-
ematical symbol indicating the transposition of a matrix.

Taking into account the linear superposition of K Gaussian distributions, the proba-

bility density function of the Gaussian Mixture Model can be expressed as Equation (8):
K

FOO =) mf (X My, B ®)
k=1

Equation (8) can be termed a Gaussian Mixture, in which f(X, M, Zi) represents the
probability density function of each Gaussian distribution. Each Gaussian distribution
serves as a component of the overall mixture model, accompanied by its respective mean
vector Mk and covariance matrix Xx. The term rtt signifies the mixing coefficients of the
model, which reflect the weights assigned to each Gaussian distribution.

By performing integration on both sides of Equation (8) with respect to X, we are able

to derive Equation (9):
N

Z 7, =100 < 7, < D# )
k=1
The objective of the GMM is to maximize the likelihood function of the data by esti-
mating the mean Mk, covariance matrix Xk, and weight 7t of each Gaussian distribution.

2.4.2. E-M Algorithm

The E-M algorithm is an iterative optimization method designed to maximize the
likelihood function of models with latent variables [56]. To facilitate calculations, the log-
likelihood function is commonly utilized, transforming products into sums [37], as illus-
trated in Equations (10) and (11):

N
6 =] [pcxim,zw (10)
i=1
N
6 = Z Inp(X;|M, £, W) (11)
i=1

In Equations (10) and (11), W denotes the weight matrix of each Gaussian distribution.
p denotes the Probability Density Function (PDF). It represents the marginal probability
density of a single observed sample Xi, namely the probability density of observing sam-
ple Xi given the model parameters M, X, and W.

Substituting the probability density function of the GMM, we obtain:

N K
6 = argmax, Z In Z T f (Xi, My, Z3) (12)
i=1 k=1
In the GMM, latent variables are associated with the underlying Gaussian distribu-
tions to which each data point is attributed, mirroring the concealed pore systems within
pore-throat distributions. The E-M algorithm optimizes the model parameters iteratively
through two sequential steps: the Expectation Step (E-step) and the Maximization Step
(M-step).
During the E-step, the posterior probability of each data point Xi belonging to each
Gaussian distribution k is calculated. This probability quantifies the likelihood that the
data point Xi is generated from Gaussian distribution k [36]:
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e f (Xi, My, Zy)
Jeum £ (X0 M;, 5))
In Equation (13), y« represents the posterior probability that the data point X: belongs
to the k-th Gaussian distribution, and f{Xi, Mk, Xk) denotes the probability density function
of the k-th Gaussian distribution.
During the M-step, the new model parameters —the weight 7t, mean M, and covar-

Yik = (13)

iance matrix XZxr—are updated based on the posterior probabilities yi obtained in the E-

step:
N
1
Ty = NZ Yik (14)
i=1
N
N . X.
Mk — Zl;vl)/l.k i (15)
i=1Yik
5 = YL v (X — M) (X — M)T (16)
k Zliv=1 Yik

In Equations (14)—(16), Equation (14) demonstrates that the weight 7 represents the
average probability of the k-th Gaussian distribution over all data points. Equation (15)
elucidates that the mean Mk is the weighted average of all data points, with the weights
being the probabilities of each data point belonging to the k-th Gaussian distribution.
Equation (16) reveals that the covariance matrix Xk is the weighted covariance of the de-
viations of the data points from the mean, where the weights are the probabilities that
each data point belongs to the k-th Gaussian distribution.

The E-M algorithm iteratively alternates between the E-step and the M-step. Eventu-
ally, it converges to a set of parameters (7tr, M, Xx) that maximize the log-likelihood func-
tion of the Gaussian Mixture Model (as presented in Equation (12)), thereby reaching a
local optimal solution.

2.4.3. GMM-Driven Multi-Source Fusion for Pore-Throat Characterization

To address the full-scale characteristics of rock pore-throat systems, this study pre-
sents a GMM-driven multi-source fusion approach for pore-throat characterization.

The following data optimization and preprocessing steps are applied to the pore-
throat distribution data before GMM clustering. Firstly, the pore-throat distribution data
derived from various characterization methods are sampled via the weighted Bootstrap
method, generating datasets consistent with the original probability distribution. Subse-
quently, the raw data undergoes a logarithmic transformation to improve its approxima-
tion to a Gaussian distribution. Then, the data is uniformly mapped to the interval from 1
to 100, which effectively mitigates the adverse effects of uneven and overly broad data
distributions on the GMM results [36]. Finally, before importing the data into the GMM,
the K-means algorithm is employed to initialize the pore-throat clusters. Iteration is per-
formed based on the parameters obtained from this initialization, which reduces the num-
ber of iterations and enhances the stability of the model.

Following that, input the processed data into the GMM. Calculate the AIC and the
BIC to determine the optimal number of clusters for the data under different characteri-
zation methods. The AIC and the Bayesian Information Criterion (BIC) are utilized to con-
struct a function for selecting the optimal number of model clusters [57-59]. The core se-
lection criterion is that smaller AIC and BIC values indicate a better trade-off between
GMM fitting accuracy and model complexity. In practice, the elbow point of the AIC/BIC
curve is typically chosen as the optimal cluster number. By balancing model accuracy and
complexity, a reasonable number of clusters is determined to avoid overfitting, as shown
in Equations (17) and (18):
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AIC = =2xIn(L)+2xk (17)

BIC = =2xIn(L)+k XIn(n) (18)

k represents the number of parameters in the model, n denotes the number of sam-
ples, and L is the likelihood function.

The optimized data obtained from various characterization methods were fitted by
employing the GMM with the optimal number of clusters, thereby uncovering the con-
cealed pore systems within the data distribution. Each cluster was characterized and de-
scribed using parameters such as the mean, variance, and weight. Based on the effective-
ness of different pore-throat characterization data as the selection criterion, representative
typical pore-throat clusters were chosen, and the weights of each cluster were adjusted
accordingly. The parameters of the typical clusters derived from all characterization meth-
ods were aggregated.

In this study, the adopted strategy follows empirical evidence from previous studies
regarding the effectiveness of different characterization methods. The general framework
involves using HPMI to characterize large pores and NMR to characterize small pores.
Given that the high pressure applied during HPMI experiments may damage the struc-
ture of small pore throats, the characterization threshold of pore-throat radius is deter-
mined for cores of different lithologies according to the rock breakdown pressure with the
aid of Equation (1). In this way, representative pore-throat clusters are selected. Regarding
the weight correction for different clusters, this study assumes that the weights of pore-
throat clusters obtained from nuclear magnetic resonance data, which covers a wider char-
acterization range, are more reliable. Therefore, the weights of pore-throat clusters from
high-pressure mercury intrusion are standardized against those from nuclear magnetic
resonance. For detailed processing methods and examples, see Sections 4.2 and 4.3.

After normalizing the weights, these parameters were fed into the Gaussian Mixture
Function (as depicted in Equation (8)) for data fusion, leading to a fused distribution of
the full-scale data. Finally, the data frequency was normalized, and the pore-throat data
were remapped to the pore-throat distribution interval, generating the full-scale pore-
throat characterization distribution curve and representative pore-throat clusters.

The workflow of the GMM-based multi-source data fusion method for full-scale char-
acterization of pore-throat structures is depicted in Figure 1. The steps described above
can be summarized into five distinct stages: data optimization, selection of the optimal
number of clusters, model analysis, data fusion, and data restoration. The detailed steps
are presented as follows:

(1) Data Optimization: Conduct sampling based on various pore-throat distribution
curves, simulate the original pore-throat data, and optimize the data through a data
mapping approach.

(2) Optimal Cluster Number Determination: Calculate the AIC and the BIC to determine
the optimal number of clusters for the data under different characterization methods.

(3) Model Analysis: Apply the GMM to the data from each characterization method us-
ing the optimal number of clusters. Analyze the distribution of clusters and derive
the mean, variance, and weight of each cluster.

(4) Data Fusion: Integrate the mean, variance, and weights of clusters from different
characterization methods. Select representative clusters based on data validity, de-
vise a rigorous weight allocation scheme, normalize the weights, and input them into
a Gaussian mixture function to compute the comprehensive data distribution.

(5) Data Reconstruction: Map the data back to the original interval to obtain the full-scale
pore-throat characterization distribution curve and representative pore-throat clus-
ters.
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Figure 1. The flowchart of the GMM-based multi-source data fusion method for full-scale charac-

terization of pore-throat structures.

Among them, k is the number of characterization methods, m is the number of typical
clusters, and X is the processed data set. W, M, and Z are the sets of weights, means, and
variances of the obtained pore-throat clusters. Wk, Mk, and X« are the sets of weights,
means, and variances of all pore-throat clusters of the k-th characterization method. 7, m,
and ¢ are the corrected weights, means, and variances corresponding to the typical cluster,
respectively. F(x) is the Gaussian mixture function, and f(x) is the Gaussian function of a
single pore-throat cluster.

2.5. Fractal Dimension Model

Based on fractal theory, for an arbitrarily selected radius value r, the number of pore
throats with a radius larger than r satisfies the following relationship with this radius r
[21]:

N({r) = jrmaxP(r) dr = Ngr~P (19)

In Equation (19): N(r) denotes the number of pore throats with a radius larger than r,
which is dimensionless; #mx represents the maximum pore throat radius, in micrometers
pum; No is the proportional constant, which is dimensionless; P refers to the pore throat
radius density distribution function; and D is the fractal dimension, which is dimension-
less.

Based on the capillary tube model, the following expression is obtained:

Vhg
N(r) = p—y (20)
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where [ is the capillary tube length, and Vi denotes the cumulative volume of mercury
flowing through the capillary tube with a radius of r, which corresponds to the cumulative
volume Vi starting from large pores.

Based on Equations (19) and (20), the following expression is derived [25,26]:

V;  Nynr~(G-D)
V - = = — C' _(Z_D) 21
7 7 r (21)
In Equation (21), V denotes the cumulative volume percentage starting from

macropores, V. is the total pore volume, and C is a constant.

D-2
V x l (22)
r
1
lg () & (D= 2)lg ) 23)

Then, based on Equation (23), the slope k is obtained by fitting the linear relationship
between IgV and Igr!, and the fractal dimension D is calculated as D =k + 2.

3. Results
3.1. HPMI Results

The results of the HPMI experiment on the sample are presented in Figure 2. The
sample exhibits a relatively high overall displacement pressure, accompanied by a rela-
tively gentle slope of the curve plateau. These characteristics suggest a small maximum
pore-throat radius, low permeability, good sorting, the pore-throat radius is on the finer
side, and a relatively concentrated pore distribution.

100 1000

10

P (MPa)
1

—eo—KF-4

——7B

——43

—e—1284 ’

0.1

0.01

001

0.

100 90 80 70 60 50 40 30 20 10 0
Sig (%)

Figure 2. Capillary pressure curve.

In the figure, the mercury inlet curves of the corresponding samples are shown. It
can be seen that the slope of the platform of the mercury inlet curves of most samples is
small. The maximum mercury inlet saturation ranges from 88.9% to 63.3%, and the dis-
placement pressure mainly concentrates between 2 MPa and 30 MPa.

Notably, no direct correlation was found between the porosity-permeability param-
eters and either the mercury injection saturation or the displacement pressure. Samples
with inferior physical properties may still demonstrate good connectivity and possess a
relatively large maximum connected pore-throat radius. Under higher pressures, in par-
ticular, mercury can infiltrate into more interconnected small pores. Even with lower po-
rosity, these tiny interconnected pores can attain a high mercury saturation under elevated
capillary pressure.

Based on the permeability contribution and pore-throat distribution measured by
high-pressure mercury injection (as depicted in Figure 3), it can be observed that the over-
all pore-throats of the samples are concentrated and relatively small, predominantly
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below 0.4 um. The average pore-throat radius falls within the range of 0.015 to 0.078 pum,
and the pore-throat peak is situated within the range of 0.006 to 0.04 um. The permeability
contribution is predominantly governed by larger pores, with a secondary peak in perme-
ability contribution near the pore-throat peak, which aligns with the hypothesis of excel-
lent connectivity in smaller pores.

Among the samples, both the KF-4 and 43 samples exhibit pore-throat peaks concen-
trated around 0.0063 um. Nevertheless, the permeability contribution from larger pores
in the KF-4 sample is significantly higher than that in the 43 sample. This disparity also
leads to a higher mercury injection saturation in the KF-4 sample.
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Figure 3. Results of high-pressure mercury intrusion experiment. (a) Permeability contribution and
pore-throat distribution of sample KF-4. (b) Permeability contribution and pore-throat distribution
of sample 7B. (c) Permeability contribution and pore-throat distribution of sample 43. (d) Permea-
bility contribution and pore-throat distribution of sample 1284.

3.2. NMR Results

In this research, the NMR porosity of each sample was determined through calibra-
tion with standard samples of diverse porosities. Subsequently, the amplitude of the T2
spectrum acquired from NMR measurements was transformed into porosity components.
This transformation aimed to more comprehensively characterize the features of the NMR
T2 spectrum. By doing so, it enables a more precise depiction of the porosity distribution
and significantly improves the interpretation of NMR data within the framework of res-
ervoir characterization.

As depicted in the NMR results of water-saturated samples (Figure 4), the T2 spec-
trum predominantly features a bimodal distribution. The majority of T2 relaxation times
are less than 100 ms, and all spectral peaks are positioned below 10 ms, indicating rela-
tively short relaxation durations. The relaxation times of large pores are primarily concen-
trated within the 1-10 ms range, with fluctuations in the spectral peak amplitudes closely
correlated with variations in physical properties. The relaxation times of small pores
mostly hover around 0.1 ms, exhibiting minimal variability.
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Figure 4. The NMR T2 spectrum of the pore components of the water-saturated samples. The T2
spectra of all samples show a pore distribution in a bimodal shape, with a relatively large proportion
distributed in the short relaxation range, which is in line with the characteristics of dense cores.
There are significant differences in the spectral peaks of macro and mesopores, and the relaxation

time of the spectral peaks of micropores is around 0.1 ms.

As the porosity of the samples decreases, the T2 amplitude representing large pores
gradually diminishes, or the spectral peak shifts to the left. For example, the KF-4 sample,
boasting the highest porosity, presents the highest spectral peak amplitude for large
pores, attributable to its superior physical properties and the presence of fractures. The 7B
sample, with a slightly lower porosity, displays the most pronounced rightward shift in
the large-pore peak, suggesting relatively larger pore sizes. In contrast to the 7B sample,
the 43 sample shows a leftward shift in the main peak, indicating smaller large pores and
a corresponding deterioration in physical properties. The 1284 sample, characterized by
the poorest physical properties, demonstrates a transition of the main peak from large
pores to small pores.

3.3. Transformation Results of Pore-Throat Distribution by NMR

In this research, an empirical formula-based segmented fitting method was utilized
to transform the NMR T2 spectrum into a pore-throat distribution curve. As shown in Fig-
ure 5, by segmenting the data and applying the empirical formula, an extremely accurate
fit was achieved, with the coefficient of determination R? values consistently surpassing
0.99.

From the transformed NMR pore-throat distribution curves, it is clear that the pore
size distribution displays a bimodal pattern, analogous to the T2 spectrum. The majority
of the main peaks are centered around 0.01 pum. The 7B sample, in line with the character-
istics of its T2 spectrum, features a relatively right-shifted main peak, with a range between
0.01 um and 0.1 um. As the physical properties deteriorate, the peak of the pore-throat
distribution decreases in height, shifts to the left, or experiences a transition of the main
peak. The KF-4 sample, which has the optimal physical properties, presents the highest
main peak, while the 1284 sample, characterized by the poorest physical properties, has
the same main peak position but exhibits more developed large pores, leading to an over-
all lower porosity. The 7B sample demonstrates a relatively broader pore size distribution
and a wider T2 spectrum.
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Figure 5. Results of transformation by the empirical formula method. (a) Fitting effect of the empir-
ical formula method for sample KF-4. (b) Pore-throat distribution obtained by the empirical formula
method for sample KF-4. (c) Fitting effect of the empirical formula method for sample 7B. (d) Pore-
throat distribution obtained by the empirical formula method for sample 7B. (e) Fitting effect of the
empirical formula method for sample 43. (f) Pore-throat distribution obtained by the empirical for-
mula method for sample 43. (g) Fitting effect of the empirical formula method for sample 1284. (h)
Pore-throat distribution obtained by the empirical formula method for sample 1284.

3.4. GMM Full-Scale Characterization Results

Based on the GMM-based full-scale characterization procedure proposed in Section
2.4, the processing of high-pressure mercury intrusion and NMR data resulted in fitting
correlation coefficients all surpassing 0.9 (Table 2). The final full-scale characterization re-
sults are depicted in Figure 6.

It can be discerned that the pore-throat distribution of the 1284 sample is relatively
narrow, spanning from 0.003 to 0.3 um. However, the distribution has a wide spread and
exhibits a tri-modal pattern. There are four typical pore-throat clusters, predominantly
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distributed around 0.01 pum, 0.015 um, 0.03 pum, and 0.09 pum. The 7B sample exhibits a
broader pore-throat distribution, ranging from 0.0001 to 4 pm, presenting a bi-modal pat-

tern. It possesses three typical pore-throat clusters, mainly distributed around 0.001 pm

and within the range of 0.01-0.1 pm. The main peak is formed within the latter range, with

a secondary peak at 0.001 pm. The pore-throat distribution of the KF-4 sample ranges from

0.0005 to 0.2 um, with a concentration around 0.007 pum, also showcasing a bi-modal pat-

tern. It has four typical pore-throat clusters, with dominant spectral peaks around 0.007

pum and 0.01 pm, which constitute the main peak morphology. Meanwhile, the clusters

around 0.003 um and 0.02 pum contribute to the leftward and rightward spread of the dis-

tribution. The 43 sample has a distribution range similar to that of the KF-4 sample, from

0.0004 to 0.3 pum, with a concentration around 0.007 um and a bi-modal pattern. It has

three typical pore-throat clusters, with dominant spectral peaks around 0.007 pm and

0.009 um, forming the main peak morphology. Additionally, there is a nanopore cluster

around 0.0016 pm, providing supplementary nanopore information within the pore-

throat distribution.
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Figure 6. Results of pore-throat clusters by GMM. (a) Pore-throat clusters of sample KF-4. (b) Pore-

throat clusters of sample 7B. (c) Pore-throat clusters of sample 43. (d) Pore-throat clusters of sample

1284.

Table 2. Fitting effect of GMM.

Sample Method Cluster Number R?

NMR 2 0.9362

KE-4 HPMI 4 0.9871
7B NMR 2 0.9907
HPMI 3 0.9802

43 NMR 2 0.9502
HPMI 3 0.9163

NMR 2 0.9707

1284 HPMI 4 0.9565

As revealed by the results in conjunction with Figure 6, the pore-throat clusters iden-

tified by NMR and high-pressure mercury intrusion exhibit remarkable similarity within
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the macropore and mesopore ranges. Both techniques effectively elucidate the pore-throat
distribution patterns. Nevertheless, when it comes to the nanopore range, NMR-detected
pore-throat clusters predominantly contribute to the pore information. The integrated
pore-throat distribution, which assimilates data from both testing methodologies, enables
a comprehensive and full-scale characterization of the pore-throat distribution.

4. Discussion
4.1. Data Optimization and Optimal Cluster Number Selection

The original pore-throat distribution data conform to a log-Gaussian distribution.
However, the segmented fitting procedure applied during the transformation of NMR
data has led to a non-uniform distribution of data points within the dataset. Notably, there
is a significant clustering of data points near zero (Figure 7a). The exceedingly small in-
tervals between data points may render the covariance matrix singular (approaching a
zero matrix), thereby triggering numerical computation errors. Moreover, the aggregation
of clusters in high-density regions and the inflation of covariance in sparse regions can
cause the AIC and BIC values to remain persistently high. The wide range of the data may
cause parameter initialization to be predominantly influenced by outliers, resulting in
premature convergence to local optima and decreased fitting accuracy in high-density
data regions. Without proper data optimization, the fitting performance of the GMM will
be negatively impacted.

(a) 3501 (b)
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Figure 7. Mapping effect of the NMR data of sample 1284. (a) Distribution of the original data. (b)
Distribution of the optimized data.

To tackle this issue, in this study, the pore-throat distribution data were first trans-
formed into a Gaussian distribution by taking the logarithm and then uniformly mapped
to a predefined interval (1-100). Subsequently, the mapped data were utilized for GMM
fitting (Figure 7b). This method ensured that the data distribution adhered to a Gaussian
pattern, effectively alleviating the detrimental impacts of uneven and excessively wide
data distributions on the GMM outcomes.

Following data processing, the K-means model was employed to initialize the pa-
rameters, thereby circumventing the influence of outliers and reducing the number of it-
erative computations. The AIC and BIC values for the NMR and HPMI data of each sam-
ple were calculated for various cluster numbers using specific formulas. For the pore-
throat data of each sample, we calculated the AIC and BIC values corresponding to the
cluster number from 1 to 9, and identified the elbow point of the AIC/BIC value curve (the
point where the value decreases rapidly and then tends to be stable) as the quantitative
basis for determining the optimal cluster number. For example, the NMR data of sample
1284 showed that the AIC/BIC values decreased sharply from 87,400 to the minimum
when the cluster number increased from 1 to 2, and there was no significant decrease in
the values with the further increase in the cluster number, thus the optimal cluster number
of 2 was determined for the NMR data of this sample (Figure 8). The optimal number of
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Frequency
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clusters, which strikes a balance between fitting accuracy and computational complexity,
was determined by identifying the elbow point of the descending curve. This approach
established a robust foundation for the subsequent GMM fitting process.
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Figure 8. Selection of the optimal number of clusters for sample 1284. (a) AIC/BIC values of NMR.
(b) AIC/BIC values of HPMI. The optimal number of pore-throat clusters for sample 1284 are 2 for
NMR and 4 for HPM]I, respectively.

Through the above data preprocessing and optimization strategies, the uniqueness
of the model parameters is guaranteed. Sensitivity analysis conducted over 100 random
initializations shows that the absolute coefficients of variation for the pore-throat cluster
parameters (mean, variance, and weight) remain below 0.1, demonstrating the low sensi-
tivity and high stability of the proposed model. The excessive influence of initial values
and random factors on the modeling results is effectively avoided.

4.2. Comparison of HPMI and NMR Pore-Throat Cluster

This study utilized NMR and HPMI data as data sources to implement a full-scale
characterization method of pore-throat structure based on GMM multi-source data fusion.
Taking sample 7B as an example, the fitting results of NMR and HPMI data are shown in
Figure 9. It is evident that the GMM effectively fitted both the NMR and HPMI data and
provided representative pore-throat clusters for both datasets.

(@)

—©~ NMR result

~=— GMM result (b) —&~ GMM result

Cluster]
Cluster2 G

Frequency

0.02

107 107 10 107 107 1072 107 10 10
Pore radius (um) Pore radius (um)

—#= GMM result

Cluster] 0101 (d) o8

Cluster2 / Y

Cluster3 i
0.08 | / \

~&= HPMI result
—*= GMM result

Frequency

o

>

ES
——

o
)
®

‘ R*=0.9802
1
b

/|

0.02

107 10° 10 107 100

Pore radius (um) Pore radius (jum)

https://doi.org/10.3390/fractalfract10030157



Fractal Fract. 2026, 10, 157

18 of 27

Figure 9. GMM fitting of different data from sample 7B. (a) GMM fitting results of NMR data. (b)
Comparison between NMR data and GMM results (R? = 0.9907). (¢) GMM fitting results of HPMI
data. (d) Comparison between HPMI data and GMM results (R? = 0.9802).

The NMR data revealed two pore-throat clusters, with spectral peaks located approx-
imately at 0.001 um and 0.03 pm. In contrast, the HPMI data identified three pore-throat
clusters, with spectral peaks at approximately 0.02 pm, 0.035 pm, and 0.08 um. It is evi-
dent from the pore-throat clusters that the main distributions characterized by the two
testing techniques are quite similar, both centered around 0.03 um. The primary distinc-
tion lies in the fact that NMR technology captured more information on nanopore clusters
smaller than 10 nm, while HPMI data predominantly provided insights into medium and
large pores. This difference aligns well with the effective characterization range observed
in our research.

4.3. Typical Cluster Selection

Drawing upon previous studies that have summarized the effective ranges of HPMI
and NMR data, the HPMI technique is relatively mature. Nevertheless, its effective char-
acterization scope is rather limited. The progressively increasing pressure during the test-
ing process can cause damage to the pore-throat structures, rendering it inappropriate for
characterizing pores smaller than 3 nm [4,22]. The NMR technology boasts a broad char-
acterization range and is especially effective in characterizing small pores. However, the
accuracy of its outcomes is affected by experimental conditions and sample characteris-
tics, thus necessitating its application in combination with other methods. Considering
that the influence of environmental and sample factors on the experimental results is rel-
atively consistent, and the pore-throat distribution scale measured by NMR is compre-
hensive, it realistically restores the proportions of various pore-throat components
throughout the entire spectrum of the pore-throat distribution. On the other hand, the
HPMI data more accurately characterizes the pore-throat distribution components within
the larger pore range [15,23,24].

Taking into account the substantial disparities in core fracture pressures among var-
ious lithologies, the pore-throat thresholds corresponding to the breakdown pressures of
different lithologies in HPMI experiments also exhibit significant variations. To retain
more authentic pore-throat cluster information and achieve a comprehensive characteri-
zation of the pore-throat distribution across the entire spectrum, this study recommends
taking into consideration the capillary pressure associated with the breakdown pressure
of each lithology. The lower limit of the pore-throat characterization range in HPMI can
be computed using the Washburn equation, which will function as the pore-throat thresh-
old for the classification of pore-throat clusters.

Previous research has shown that the average breakdown pressure of limestone is 76
MPa, corresponding to a pore-throat threshold of 9.68 nm [60]. The breakdown pressure
of dolomite is 33.75 MPa, corresponding to a pore-throat threshold of 21.99 nm [61]. Pro-
duction data from algal limestone reservoirs in the same region as the study cores reveal
that the breakdown pressure of algal limestone in this area is 62.18 MPa, corresponding
to a pore-throat threshold of 11.93 nm [62].

Taking the pore-throat thresholds of cores with different lithologies as the selection
criteria (Table 3), and using pore-throat clusters as data units, pore-throat clusters with
spectral peak relaxation times below the threshold are assigned to NMR clusters, while
those with spectral peak relaxation times above the threshold are assigned to HPMI clus-
ters (Figure 10). Based on the selected weights of NMR clusters, the weights of typical
pore-throat clusters for medium and large pores are adjusted proportionally. By integrat-
ing the typical pore-throat clusters obtained from both methods, a full-scale
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characterization is achieved through the application of a Gaussian mixture function. The
weight correction formulas are presented as follows (24) and (25):

1- Z?—l Wsi
S =——"7"— 24
4 LWy @)
Weori = Wi X Sf (25)

Table 3. Average breakdown pressure of different lithologies.
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Lithology Methods Breakdown Pressure  Pore-Throat threshold
Limestone Experiment 76 MPa 9.68 nm
Dolomite Experiment 33.75 MPa 21.99 nm
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Figure 10. Schematic diagram of the classification of pore-throat clusters of sample 7B. (a) Classifi-
cation of pore-throat clusters of NMR data (with the pore-throat threshold being 21.99 nm). (b) Clas-
sification of pore-throat clusters of high-pressure mercury intrusion data (with the pore-throat
threshold being 21.99 nm).

In this scenario, St represents the scaling factor, ws denotes the weight of the i-th typ-
ical small-pore pore-throat cluster derived from NMR, wi is the original weight of the i-th
typical medium-to-large-pore pore-throat cluster, and weri is the corrected weight of the
i-th typical medium-to-large-pore pore-throat cluster.

In this formula, Y[*; wy; refers to the cumulative weight of all NMR pore-throat
clusters with sizes below the pore-throat threshold, and X7, w;; refers to the cumulative
weight of all HPMI pore-throat clusters with sizes above the pore-throat threshold. Sfis
defined as the ratio of the total weight of all NMR pore-throat clusters above the pore-
throat threshold to that of all HPMI pore-throat clusters above the pore-throat threshold.

Accordingly, multiplying Sfby wi enables the calibration of the weights of all HPMI
pore-throat clusters above the pore-throat threshold, making them consistent with the
weight proportions of NMR-derived pore-throat clusters.

The full-scale characterization results of sample 7B using the GMM are presented in
Figure 11. These results illustrate a successful integration of the pore-throat distributions
derived from NMR and HPM], effectively merging the pore-throat information obtained
from both techniques. The pre-transformation Gaussian mixture function can be formu-
lated as Equation (26):

F(x) =0.26 X f(X,M,Z;) + 0.55 X f(X,M,,Z,) + 0.18 X f(X, M;,X3) (26)
The parameters of mean, variance, and weight are tabulated in Table 4. Leveraging
these parameter characteristics, the full-scale characterization results for each core sample
were successively computed by applying the Gaussian mixture function, as depicted in
Figure 6.
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Figure 11. Comparison diagram of the full-scale characterization results of sample 7B by GMM and
the test results. The green curve represents the pore-throat distribution curve obtained by the HPMI
technique. The blue curve is the pore-throat distribution curve obtained by combining the test re-
sults of the NMR technique with the HPMI data and performing segmented fitting transformation
using the empirical formula method. The red curve is the full-scale pore-throat characterization
curve obtained by the GMM-based multi-source data fusion method for full-scale characterization

of pore-throat structures, which integrates the data from the above two testing techniques.

Table 4. Parameters of a typical cluster.

Sample Parameter Cluster 1 Cluster 2 Cluster 3 Cluster 4

\% 0.28 0.54 0.15 0.03
KF-4 M 36.06 62.20 65.44 76.00
z 178.05 83.68 19.15 80.28
W 0.26 0.55 0.18 /
7B M 26.69 68.19 81.70 /
z 86.14 22.21 40.63 /
W 0.33 0.50 0.17 /
43 M 30.73 61.66 65.69 /
z 120.35 106.56 88.89 /
\W 0.56 0.18 0.22 0.04
1284 M 35.56 60.94 44.29 82.17
z 118.03 46.88 53.96 73.09

Note: W, M, and X represent the weight, mean, and variance of the corresponding pore-throat clus-

ter, respectively.

4.4. Fractal Dimension Analysis of Pore-Throat Clusters

Fractal dimension can be physically plausibly interpreted as a comprehensive quan-
titative indicator that reflects the core physical properties of pore-throat systems at the
pore scale, including surface roughness, tortuosity, and connectivity. Fractal dimension
analysis of pore-throat clusters is grounded in the statistical self-similarity of fractal ge-
ometry and the geological independence of GMM-identified pore-throat clusters, sup-
ported by three core theoretical principles: (1) The pore-throat system in tight reservoirs
constitutes a statistical fractal object, and the cumulative pore volume and pore-throat
radius follow a power-law scaling relationship (Equation (21)), which serves as the fun-
damental theoretical premise for fractal dimension analysis [25,26]. (2) Pore-throat clus-
ters identified by GMM correspond to distinct geological origins and seepage characteris-
tics, and each cluster represents a geologically independent fractal subsystem with com-
plete statistical self-similarity. Therefore, the fractal calculation method applicable to the
overall pore-throat structure is also valid for individual pore-throat clusters [63]. (3) Li-
thology-dependent pore-throat threshold partitioning (Table 3) ensures the physical
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rationality of cluster division, and the GMM algorithm guarantees the statistical integrity
of each cluster, such that the cumulative volume of a single cluster independently satisfies
the fractal power-law relationship [54-56].

Based on the above theoretical foundation, this study adopts GMM-identified pore-
throat clusters as independent analytical units. The fractal dimensions of small pores (D2)
and large pores (D1) for each cluster are obtained by fitting the linear relationship of 1gV-
lg(1/r), thereby enabling the quantitative characterization of the structural complexity and
heterogeneity of different pore-throat clusters.

For all GMM-identified pore-throat clusters (Figure 12, Table 5), the 1gV-1g(1/r) fractal
plots display two distinct linear scaling regions, separated by a well-defined, cluster-spe-
cific scaling transition (inflection point). Notably, the morphology and inflection points of
the 1gV-lg(1/r) plot are consistent with those reported in previous studies on pore-throat
distribution [25]. Importantly, such scaling transitions are consistently reproducible
across all pore-throat clusters and samples (KF-4, 7B, 43, 1284), demonstrating that the
dual fractal scaling regime represents an intrinsic feature of the pore-throat system in tight
mixed-lithology reservoirs. The pore-throats within each cluster are therefore classified
into large pore-throats and small pore-throats for independent analysis. The final fitting
results were found to be satisfactory. In each pore-throat cluster system, the fractal dimen-
sion of small pores D2 ranged from 2 to 3, specifically between 2.0101 and 2.3908, with an
average value of 2.1364. In contrast, the fractal dimension of large pores D: exceeded 3,
spanning from 3.1662 to 5.8411, with an average value of 4.5122 (Table 5). It can thus be
concluded that within a single pore-throat cluster system, the fractal dimension of small
pores is relatively stable with weak heterogeneity, and the heterogeneity is mainly con-
centrated in the large pores of the cluster. Small pores exhibit low surface roughness and
tortuosity with relatively good connectivity, whereas large pores show the opposite char-
acteristics.

According to the literature review, some scholars have proposed that the fractal di-
mension of large pore-throat systems is generally greater than 3. This is because the radii
of pores and throats in large pore-throat systems differ significantly, and the absence of
fractal characteristics is the result of the oversimplification of “ink-bottle-shaped” pore
throats [26,28]. The “skin effect” at the initial stage of the mercury intrusion experiment
and high operating pressure can also lead to fractal dimensions of large pores greater than
3. Previous studies have also indicated that the fractal dimensions of pore-throat struc-
tures in some coals are greater than 3, and it is considered that under the same test condi-
tions, fractal dimensions greater than 3 are valid indicators for characterizing the physical
properties of reservoirs [25,27]. On the other hand, diagenesis plays an important role in
the fractal properties exhibited by reservoir rocks. Compaction increases the contact be-
tween particles and reduces pore size, while carbonate cementation and authigenic min-
eral formation modify the particle-pore system by adding substances to particle contact
points and grain boundaries [26,64]. From the perspective of the results, fractal dimen-
sions of the larger pores are rather descriptive than fractal in a mathematical sense.
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Figure 12. Pore-throat radius vs. cumulative volume for 43 samples. (a) Pore-throat radius vs. cu-

mulative volume for Cluster 1; (b) Pore-throat radius vs. cumulative volume for Cluster 2; (c) Pore-

throat radius vs. cumulative volume for Cluster 3.

Table 5. Parameter of fractal dimensions for pore-throat clusters.

Sample Cluster D1 R12 D2 R»?

1 4.8435 0.9801 2.3908 0.8367

KE-A 2 4.5781 0.9796 21722 0.7090
3 5.7971 0.9620 2.0685 0.7921

4 3.8551 0.9087 2.1160 0.6118

1 3.2527 0.9432 2.0812 0.8638

7B 2 4.9336 0.8114 2.0496 0.6987
3 4.5041 0.9371 2.0599 0.6654

1 4.4859 0.9572 2.2071 0.8505

43 2 3.5460 0.9852 2.2491 0.7176
3 3.4375 0.9793 2.1807 0.7365

1 5.2749 0.9523 2.2079 0.8091

1284 2 5.6550 0.8925 2.0255 0.7647
3 5.8411 0.9130 2.0916 0.7961
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4 3.1662 0.9387 2.0101 0.6251

4.5. Existing Problem

The GMM-based multi-source data full-scale pore-throat characterization method
successfully integrates pore-throat distribution data from diverse characterization tech-
niques. By capitalizing on the effectiveness of different characterization methods reported
in previous studies, it offers a more accurate depiction of the pore-throat distribution
within reservoirs. Nevertheless, the quantitative assessment of the data effectiveness of
various characterization methods remains a crucial challenge in this field. If the effective-
ness of different techniques across different pore size ranges can be quantitatively and
rationally characterized, the weights of different pore-throat clusters can be adjusted cor-
respondingly. This adjustment would enable a more rational integration and representa-
tion of the full-scale pore-throat distribution.

Moreover, validation methods for full-scale pore-throat characterization are yet to be
developed. This study is premised on the assumption that the accuracy of previous expe-
rience and testing techniques is reliable. The validation of the GMM-based full-scale pore-
throat characterization method proposed in this study relies on the consistency of internal
fitting, rather than external validation. The absence of external validation represents a key
limitation within the scope of the present study. If more objective parameters or methods
for validating the pore-throat distribution become available, they can be used to verify the
reliability of the characterization methods. Additionally, these parameters or methods can
serve as constraints to inversely derive the weights of different pore-throat clusters,
thereby achieving a more reasonable full-scale pore-throat distribution.

As a further extension, research efforts on the fractal dimensions of tight carbonate
rocks should be strengthened in two aspects: (1) Supplementing independent morpholog-
ical validation (e.g., FIB-SEM, micro-CT) to verify the fractal characteristics of pore-throat
clusters. (2) Exploring fractal dimensions using alternative characterization methods to
improve the reliability of fractal-microstructure relationships. The current absence of
morphological validation represents a scope limitation, as it restricts fractal interpreta-
tions to physically plausible inferences rather than definitive structural conclusions.

5. Conclusions

This study conducted systematic research on the full-scale pore-throat characteriza-
tion of tight reservoirs, constructed a multi-source data fusion method based on the GMM,
and clarified the distribution law of pore-throat clusters, fractal characteristics, and the
collaborative characterization mechanism of multiple technologies. The main conclusions
are as follows:

(1) A technical framework for full-scale pore-throat characterization integrating GMM-
based multi-source data fusion was established, which systematically clarifies the
distribution patterns of pore-throat clusters across diverse characterization tech-
niques. This framework encompasses five sequential procedures: data optimization,
optimal cluster number determination, model analysis, data fusion, and data recon-
struction.

(2) A pore-throat radius corresponding to the breakdown pressure of different litholo-
gies was proposed as the cluster division threshold, realizing the accurate matching
and division of labor between HPMI and NMR data: pore-throat clusters derived
from HPMI are used to characterize macro-mesopore components, while those de-
rived from NMR focus on micropore components; combined with the proportion of
different pore-throats in NMR data, the weights of micropore and macro-mesopore
components can be quantitatively determined. Finally, through the fusion of valid
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data from the two characterization technologies, the accurate characterization of full-
scale pore-throat distribution is achieved.

(3) Fractal dimension analysis was carried out on effective pore-throat clusters. The re-
sults show that the fractal dimension D1 of macropores ranges from 3.1662 to 5.8411
with an average value of 4.5122; the fractal dimension D2 of small pores ranges from
2.0101 to 2.3908 with an average value of 2.1364. Potential causes for the excessively
high fractal dimension of macropores include: simplified processing of the calcula-
tion model, “skin effect” and excessive pressure impact during HPMI testing, and
modifications to the pore-throat system caused by diagenetic processes.

(4) To further improve the rationality and accuracy of full-scale pore-throat distribution
characterization, future research can focus on two directions: first, quantitatively
evaluate the effectiveness of other characterization technologies such as N2/CO: ad-
sorption and CT scanning; second, deepen the exploration and verification of full-
scale pore-throat characterization methods and improve the technical system of
multi-source data fusion.
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