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ABSTRACT Characterizing heterogeneity in reservoir rocks at the pore scale is crucial to understand the flow
patterns better, and estimate reservoir petrophysical properties such as porosity and permeability. This study
introduces multifractals as descriptors for rock samples’ heterogeneity at the pore scale. We analyzed twenty
rock samples from sandstone and carbonate reservoirs using their 3D X-ray micro-computed tomography
images. In addition, we simulated porosity and permeability properties and examined their correlation with
multifractal parameters. The results show that the capacity dimension Dy and the information dimension
D correlate with porosity and permeability simulated from images, respectively. Finally, we calculated
several multifractal parameters such as the width of the spectrum, the asymmetry degree of the spectrum in
the horizontal direction and the value of the vertical difference between the two branches of the spectrum.
Results illustrate the ability of multifractal parameters to classify groups of rock samples according to their

degree of heterogeneity.

INDEX TERMS Heterogeneity, micro computed tomography, multifractals.

I. INTRODUCTION

Nowadays, image acquisition and analysis techniques pro-
vide powerful tools for characterizing the internal pore struc-
ture morphology of rock samples at high resolution, for
example, using 3 D X-ray Micro-Computed Tomography
(X-MCT), Nano-Computed Tomography, and 2D Scanning
Electron Microscopy (SEM) images [1]-[3]. The general
workflow consists of physically extracting a rock sample
subset and scanning it at a resolution revealing pore space
microstructure. Then, the pore network is extracted from
digital images using image segmentation methods [4]. The
resulting segmented binary images can be used to numerically
simulate the porosity and permeability of the samples [3]-[4].
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Furthermore, using binary images, fractal and multifractals
models can be implemented to quantify self-similarity param-
eters describing pore space microstructures [5]-[7]. Refer-
ence [7] introduced a flow equation by implementing fractal
parameters estimated from the CT images of 10 limestones.
Reference [8] used fractals to characterize geometrically pore
structures of tight sandstone at multiple scales. Reference [9]
introduced the concept of fractals to describe objects having
scale power-law dependence. The fractal dimension model
pattern changes according to the scale at which it is measured.
In other words, the fractal dimension connects microscopic
geometry patterns with macroscopic structures. Reference
[10] used X-ray nano- and micro-computed tomography
images of shale gas reservoirs to correlate fractal dimension
to the experimental specific surface area, porosity and per-
meability. Reference [6] used X-MCT images of limestone
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caprock for gas storage application and found that, after rock
damage, permeability was positively correlated with the frac-
tal dimension. Additionally, they noticed that some zones in
analyzed rocks were not fractal, indicating decreased fractal
dimension as confining pressure increased. In the literature,
several studies showed that fractal models are suitable for
homogeneous patterns but usually fail for irregular and com-
plex data [11]-[14]. Such complexity may be encountered in
many porous media, especially in carbonate reservoir rocks
subject to deposition of sediments followed by diagenesis
producing heterogeneous pore microstructures [4]-[5]. One
of the first applications of multifractals for real systems was
introduced by Mandelbrot to investigate energy dissipation
on multiplicative cascades models [12]. In the literature, mul-
tifractal theory was used in several applications such as the
modeling of benchmark Internet traffic in the telecommuni-
cation field [15]. In the medical field, multifractal theory was
implemented in the diagnosing of diabetic retinopathy using
Optical Coherence Tomography Angiography and also in the
quantitative comparison of complexity between sequence of
healthy and congestive heart failure groups [18]-[19]. In geo-
sciences and petroleum engineering fields several studies
implemented multifractals to study pore space distributions
in reservoir rocks [S]-[7], [13]-[14], [16]-[17]. Measuring
multifractals of the pore space phase mainly consists of mea-
suring a statistical distribution to provide useful information
about the pore structure heterogeneity. Reference [14] studied
the multifractal spectrum of pore structures from segmented
SEM images and used it to classify soil groups. Reference
[16] correlated the multifractal spectrum estimated from pore
structures in core samples with experimental air permeabil-
ity measurements. Reference [5] studied the relationship
between the multifractal spectrums of carbonate samples
using SEM images acquired at different length scales. The
study illustrated the relevance of using multifractal analysis to
characterize the carbonate pore spaces heterogeneities quan-
titatively. Reference [20] implemented multifractal modeling
to determine the T2 cutoffs of nuclear magnetic resonance
spectroscopy of tight sandstone and coal. Reference [21]
studied soil pore structures based on 3D X-MCT images. The
authors implemented and compared box-counting and gliding
cube methods to evaluate multifractal parameters in their
study. Reference [22] described the existence of a relationship
between multifractal parameters of Bakken shale with experi-
mental measurements such as small-angle neutron scattering
and mercury intrusion measurements. More recently, refer-
ence [17] illustrated the potential of using fractal dimensions
for both 2D SEM and 3D X-MCT images to upscale porosity
from the pore scale to the core plug scale.

Reference [9] discussed several techniques to calculate
multifractal parameters, such as the box-counting and gliding
box methods. A box-counting method is a classical approach;
it is applied in several studies to estimate multifractal dimen-
sions in porous media [S], [17], [21]. The method breaks
down the spatial data extent into small cubical boxes analyzed
at smaller scales. The procedure is equivalent to applying a
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FIGURE 1. Multifractal and image analysis workflow to quantitatively
study the heterogeneity of rock pore microstructures using 3D X-ray
computed tomography images.

magnification or a zoom to observe how image structures
change with respect to the scale. The method can be applied to
any 3D binary images to analyze the patterns with or without
self-similarity.

This study implemented multifractals modeling using the
counting box method to characterize the heterogeneity of
twenty-one samples from sandstones and carbonate reser-
voirs using 3D X-ray computed tomography images. More-
over, we numerically simulate the porosity and permeability
values from 3D images. Furthermore, we study the corre-
lation between multifractal parameters and simulated rock
properties values. Finally, we identify the most relevant mul-
tifractal parameters allowing us to cluster image samples
according to their heterogeneity. Figure 1 illustrates the gen-
eral procedure implemented in this study.

Il. MATERIALS AND METHODS

A. SAMPLES

This study implemented multifractal analysis in 3D X-ray
micro-computed tomography images of twelve sandstone
and nine carbonate samples extracted from reservoir zones.
Eleven samples (S1-S;1) represent different types of Berea
sandstones publicly available through the Digital Rock Portal
(https://www.digitalrocksportal.org/projects/317). The origi-
nal sandstone samples consisted of 11 cylindrical core plugs
with radii and heights of 19 mm and 38 mm, respectively [23].
Samples were acquired, first using X-ray microtomography
at a coarse-scale then 8mm?> representative subset volumes
were extracted and imaged for each sample. Each generated
3D X-ray computed tomography image represents a 10003
voxels data with a 2um resolution. For example, the sam-
ple Sy2 is a 21mm? subset extracted from a Fontainebleau
sandstone and scanned at 7um resolution. The carbonate
samples (S13-Spg) are physically available, extracted from
oilfield reservoirs in the Middle East, and the sample S is
Silurian dolomite [2], [5].

67899



IEEE Access

M. S. Jouini et al.: Multifractal Analysis of Reservoir Rock Samples Using 3D X-MCT Images

TABLE 1. List of rock samples and their respective experimental
properties used in our study.

Sample Name Resolution Image size
Type
(um) (mm?)
S, BanderaGray ) 8
S, Parker 2 8
S3 Kirby ) 8
S4 Bandera Brown ) 3
Ss Berea Sister Gray ) 8
S¢ Brea Upper Gray 2 8
Sandstone S Berea 5 s
Sg Castlegate ) 8
So Buff Berea ) 8
Sio Leopard 2 8
S Bentheimer 2 8
S, Fontainbleau 7 343
Sis NA 5 3
Sia NA 1 1
Sis NA 1 1
Sis NA 1 1
Carbonate Sw N4 1 1
Sis NA 1 1
Sio N4 5 125
S NA 1 1
Soi Silurian Dolomite 5 125

The carbonate core plugs (S13-S»1) are cylindrical samples
with a 12.7 mm diameter and 25 mm height. Those samples
were first scanned at a coarse scale of 13 pwm resolution to
detect the main heterogeneities. Subsequently, we extracted
smaller subsets and scanned them at a finer scale, revealing a
pore network [4]. Figure 2 illustrates some 2D slices extracted
from the 1000° voxels 3D XMCT images for sandstones
and carbonates. Table 1 summarizes the sample type, image
acquisition resolutions, and sizes of the 21 samples.

In the following sections, we present the procedure illus-
trated in Figure 1. First, to calculate the multifractal param-
eters, we extracted the pore space from the generated
3D images. We used several image segmentation methods
according to the grey level distribution complexity in the
images. Then, we numerically simulated porosity and perme-
ability properties using image analysis and Lattice Boltzmann
methods. Furthermore, we calculated multifractal parameters
and identified the most relevant ones allowing for cluster-
ing image samples according to their heterogeneity. Finally,
we investigated potential relationships between multifractal
parameters and the simulated rock properties.

B. IMAGE ANALYSIS
The literature review shows that two main approaches for
3D grey-level image segmentation can be reported, depend-
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ing on data complexity [5], [24], [25]. Classical approaches
are usually based on thresholding and spatial segmentation
methods [26]-[27]. Thresholding algorithms are stochastic
methods performing image segmentation by estimating grey
levels separating image phases. These methods are suitable
for data revealing multimodal histograms representing each
phase. Otsu’s algorithm and K-means are two examples of
histogram shape-based methods [28]-[29]. Both techniques
evaluate thresholds by minimizing the variance in each phase.
Spatial approaches aim to include voxel spatial distribu-
tion information to segment image phases. An example of
these approaches is the bi-level segmentation technique [30].
Classical methodologies are usually time-consuming and,
in several cases, sensitive to noise. Recently new image seg-
mentation approaches were developed thanks to the rapid
advancement of deep learning techniques [31]-[32]. The first
advantage of implementing such methods is the rapidity of
the process. The second advantage is that these techniques do
not need extra image processing, such as removing artifacts
or filtering [33]. Nevertheless, the main limitation of this type
of approach is that it requires a relatively large size of data for
training purposes [32]. In this study, the twelve sandstone 3D
images and the two carbonate samples S13 and Sy; revealed
bimodal distributions for the grey levels with a relatively
small overlap, including between 5% and 15% of grey levels
(see Figure 3). Thus, we applied a simple automatic Kmean’s
method to obtain the threshold value for each image. Due to
the unresolved phase, the carbonate samples reveal a bimodal
histogram with a relatively larger overlap between the two
modes, including more than 15% of grey level values. For
this reason, we applied the bi-level segmentation technique to
obtain two thresholds and classify the image into solid matrix,
pore space, and unresolved phases.

C. ROCK PROPERTIES SIMULATION

Rock properties were simulated using the pore space
microstructure identified after applying the segmentation pro-
cedures [1], [4], [34]. For sandstone samples, the porosity was
calculated as the ratio of the number of pore voxels to the
total number of voxels in the image. For carbonate rocks, the
porosity was estimated by including the proportion of voxels
detected as pores. Then, we use the two thresholds to estimate
the unresolved phase based on a linear interpolation between
grey-level thresholds and porosities [4]. Using the Lattice
Boltzmann Method (Lattice Boltzmann Method (LBM), per-
meability is simulated in sandstones and carbonates Indeed,
the pore space microstructure represents a regular discrete
grid used to define the LB lattice. This method models the
fluid in terms of particles governed by an iterative time-
dependent distribution following (1):

fGxdet+ 1) =f(x,1t)+QLx, F,t,t,u;) (1)

In this equation, the independent variables x and ¢ denote
the particle location and the time, respectively. The particle
streaming direction is denoted by e;, where i stands for the
index of a given direction in the lattice, u; is the particle
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FIGURE 2. Original 2D sections images of 21 sandstone and carbonate rock samples (S;to S,;) extracted from their 3D X-ray computed tomography

images.

velocity, €2 is a collision operator, t is the relaxation time,
and F is an external force term. Moreover, the Bhatnagar-
Gross-Krook (LBGK) scheme for the 3D lattice was imple-
mented [34]. A multi-relaxation-time model was used in the
simulation with a D3Q19 as 3D model. We implemented the
bounce-back rule to manage the solid-fluid internal bound-
aries. Furthermore, a no-slip-boundary condition was set at
the solid-fluid interface. The flow was considered periodic
between inlet and outlet. The procedure could be summarized
into five main steps [35].
1) Compute the local density and momentum.
2) Calculate the post-collision state distribution of the
particles.
3) Simulate the gradient of pressure as external force.
4) Move the distribution to neighboring nodes and com-
pute the propagation step.
5) Repeat iteratively the four previous steps until reaching
the steady state.
At the steady-state, the unidirectional Darcy’s law calculates
the permeability following (2).
K = ﬂ )
AAP
Here K represents the absolute permeability, Q stands for
the flow, A is the surface section area, AP is the pressure
difference along the length L of the sample, and u is the
dynamic fluid viscosity.

D. MULTIFRACTAL PARAMETERS
The main two advantages of implementing the box-counting
method to estimate multifractal parameters are its simplicity
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FIGURE 3. Examples of histograms calculated from 3D X-ray computed
tomography images for a simple homogeneous sandstone (Ss),

a homogeneous carbonate sample S;3 and a heterogeneous carbonate
sample S;q.

and rapidity. Indeed, the box-counting method calculates the
generalized multifractal dimensions using the proportion of
the pore space detected in each cube of size €. The generalized
dimension D, for the moment q evaluates the g"" order scaling
properties of the data. For instance, in mono-fractal data, the
number N of features of a given size ¢ varies following (3)
and (4):

N (¢) x e Do 3)
logN
Dy = lim 8N @)
£—0 logg

where Dy is the fractal dimension for the moment q = 0.
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FIGURE 4. Examples of generalized multifractal dimensions calculated from 3D X-ray computed tomography images for two homogenous sandstones (S,
and S,), a heterogeneous carbonate sample S;4, and a homogeneous carbonate S,;.

For multifractal data, we define P;(¢) as the probability
distribution in the j” box. The generalized dimensions D,
and the partition function X(q,¢) are defined for ¢ > 1 in (5)
and (6).

1 log Y Pl(e)
D, = lim 25 )
qg—1e>0 loge
_ q
X(g.8)=)_ Pl (6)
For g = 1, D is expressed as in (7):
-P;i(e)logPj(e)
Dy = 1im i F1©N08Pi®) D
=0 loge

The mass exponent 1, is related to the generalized dimension
D through (8):

1, =(q— 1D, (®)

Furthermore, the multifractal theory provides another impor-
tant quantitative measure of the relationship between the
Hausdorff dimension f and the average singularity « as in (9)
and (10).

fla) =qa—71 ©)
_ 5 (10)
o= dq
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Chhabra and Jensen [36] introduced a simple definition for
the singularity spectrum based on (11) and (12).

> 1 (q. &) log 1j (g, €)

f(@) = lim (11)
e—0 loge
i j ’ 1 P )
o) = lim > i Hj(q, &) log P (g, ¢) 12
e—0 loge

where u; (g, ¢) illustrates the distortion of mass probability at
a box compared to the distorted sum of all boxes at that size.

(P; (e))!
> (P (@)
The physical interpretation of the generalized dimensions
Dy is reported in the literature for moments g = {0, 1, 2}.
The generalized dimensions for these moments are called
the capacity, the information, and the correlation dimen-
sions respectively [37]. Reference [38] observed and pro-
posed a relationship between the capacity dimension Dy and
the porosity of sandstone samples. Reference [14] used the
information dimension D1, which models the system entropy,
to relate it to the permeability of sedimentary rocks. Ref-
erence [13] implemented the correlation dimension D, to
evaluate the correlation of measures in boxes of different
sizes.

The goal of the multifractal analysis is to study singu-
larities in the images by using the singularity exponent «.

wj(g, ) = (13)
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dimension Dq spectra for the twenty-one samples; (b) Singularity spectra for the twenty-one samples, (c) The generalized multifractal dimension Dq
spectra according to the type of rocks; (d) Singularity spectra according to the type of rocks.

The width of the singularity spectrum Ao = [@nin, Xmax]
reflects the degree of heterogeneity of pore microstructures.
The higher the complexity of pores structures is, the larger are
Aa and the D g5 -Dgmin distribution [39]-[40]. For homoge-
neous data A« is small and the microstructure is considered
monofractal when Ao = 0. The singularity spectrum shape
is a concave down parabola attaining its maximum at «y.
Furthermore, the parameters H = (g - ¢max)-(@min — ®0)
and V = f(otmin) — f (@max) describe the asymmetry degree
of the spectrum in the horizontal direction and the value of the
vertical difference between the two branches of the spectrum,
respectively.

Ill. RESULTS

A. MULTIFRACTAL PARAMETERS

To calculate the multifractal parameters using the box-
counting method, we cropped the twenty images to extract
5123 voxels blocks as the main input for Multifrac software
which is an ImageJ plugin for multifractal analysis [41]. The
generalized dimensions were calculated for the range g, =
—5 < g < qmax = 5. Figure 4 illustrates the general-
ized multifractal dimensions for two homogenous sandstones
(S1 and S»), a heterogeneous carbonate sample Si4 and a
homogeneous carbonate S;;. The generalized multifractal
dimension error shown in Figure 4 increases for negative
moment values q, one of the main disadvantages of using
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the counting-box method as reported in previous studies [37].
Figure 5.a illustrates the generalized multifractal dimension
D, spectra of the twenty-one samples. D, spectra follow a
distinct decreasing reverse-shaped curve except for sample
Soo. Figure 5.b reveals the singularity spectra calculated for
the same samples. The general shape is a concave down
parabola for all samples except sample S;g. The behavior
of generalized dimension D, curves and singularity spectra
show that twenty data of the studied samples have multifractal
characteristics.

Figure 5.c shows the generalized multifractal dimension
D, spectra according to the type of rocks. Sandstone samples
are represented in blue color, and carbonate samples are
represented in red color, while samples S;3 and Sy, which
are very homogeneous carbonate samples, are represented
in green color. As expected, S13 and S»; reveal the same
behavior as the sandstone samples due to their homogene-
ity. The same color classification was implemented for the
singularity spectra representation in Figure 5.d. Whereas,
Figure 5.c and Figure 5.d reveal that carbonate and sand-
stone groups have different ranges of variations in terms of
multifractal moments and singularity spectra. Typically, the
generalized spectral width of the sandstone samples group
is lower than the carbonate samples group; this confirms the
fact that sandstones are less heterogeneous that carbonates.
Indeed, the average width of the singularity spectrum Ao for
sandstone and carbonate samples are respectively 0.38 and
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TABLE 2. Multifractal parameters for the rock samples.

@ Omin

Type Sample Omax A0 flmin) f@m)  V Dgmax-Dgmin H
> 279  2.69 3.09 40 252 268 0.16 029 020

5 277 273 3.10 037 251 273 0.22 0.29 0.29

> 2.76  2.68 3.12 044 243 2.68 0.25 0.32 0.28

> 2.79  2.65 3.16 051 242 2.65 0.23 0.31 0.23

> 2.78  2.68 3.05 037 251 2.67 _0.16 027  0.17

5 2.78  2.69 3.06 037 250 2.68 0.18 0.27 0.19

Sandstone S7

2.78  2.69 3.08 039 248 2.68 0.20 0.28 0.21

5 2.79 272 3.12 040 248 271 0.23 0.27 0.26

> 276 2.70 293 023 254 270 0.16 0.17 _ 0.11

S 275  2.69 297 028 252 2.69 0.17 0.2 0.16

S 2.78 273 3.10 037 251 271 0.20 0.26 0.27

S 2.70  2.61 299 038 241 2.60 0.19 0.28 0.20

s 276 2.67 298 031 256 267 0.1 024 0.13

S 2.89 2.6 3.17 041 259 2.74 0.15 0.3 0.15

S 290 277 322 045 244 2.70  0.26 0.3 0.19

S 2.86 271 3.08 037 259 2.66  0.07 0.3 0.07

Carbonate Si7

2.87 271 312 041 258 265 0.07 031 0.09

S 2.88 2.0 3.13 043 257 2.64  0.07 0.29 0.07

S 290 278 324 046 246 272 0.26 0.32 0.22

> 2.74  2.63 299 036 249 2,63  0.14 0.27 0.14

s 54 5

® 00
o 6

58
57 o

511

@
510 . 521
sa ¢ °

®
512

Samples

FIGURE 6. Multifractal parameter «. Blue dots represent sandstones
samples S-S5, green dots represent the two homogeneous carbonate
samples S;zand S,; and red dots represent the other carbonate samples.

TABLE 3. Numerical simulation properties and first two moments.

Sample Porosity Permeability

0.40 (see Table 2). If we exclude the two homogeneous car-
bonate samples from the carbonate group the average width of
the singularity spectrum A« for carbonate samples becomes
0.42. Furthermore, we calculated the average value of the
asymmetry degree H for both sandstones and carbonates and
found 0.21 and 0.13, respectively. The singularity spectra of
sandstone samples reveal a higher asymmetry than carbonate
samples but a narrower width. The average values of the ver-
tical difference between the two branches of the spectrum H
for sandstone and carbonate samples are 0.2 and 0.14, respec-
tively. Furthermore, we calculated the average differences
D gmax-Dgmin(D5-D_5) for sandstone and carbonate samples
and found 0.27 and 0.29, respectively.

Figure 6 shows the magnitude of g at which the singularity
spectrum parabola attains its maximum, calculated for each
sample. We used color classification based on the type of
study to illustrate the spatial distribution. Blue dots repre-
sent sandstone samples S1-S12, green dots represent the two
homogeneous carbonate samples S13 and S;; and red dots
represent the other carbonate samples. The plot shows two
main clusters revealing the homogenous and heterogeneous
groups of samples. The heterogeneous group has values of
o greater than 2.85, while the homogenous group reveals o
values less than 2.80.

Similarly, heterogeneous samples exhibit a width of singu-
larity spectrum values A« in the range [0.37, 0.46], whereas
homogenous samples A« lies within the interval [0.21, 0.51].
Additionally, the heterogeneity of pore microstructure can be
related to the information dimension Dj. Indeed, the infor-
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P (%) (mD) > >
S 19.2 15 27587 2.7267
S 154 17 27682 2.7475
S 204 84 27484 2.7203
S« 231 75 27522 2.7203
S 203 70 27277 2.6997
S 176 67 27327 2.7049
Sandstone TS, T g 111 27401 27122
S 259 240 27450 2.7382
S 28 243 27220 27014
S 195 384 27136 2.6937
S 17 351 27682 2.7475
S 54 1240 26574 2.6301
S5 2209 141.8 27103 2.6827
S 236 1.49 28403 2.8040
S5 262 5.35 2.8638  2.8313
S 215 4015 2.8093  2.7654
Carbonate 57 207 5.1 28135 2.7701
S5 263 7.98 2.8613  2.8289
Sv 321 17.3 2.8729  2.8440
S 115 1490 27212 2.7070
Sa 1pg 125.9 26863 2.6517

mation dimension reflects the degree of concentration of the
pores in the binary images. The larger the information D
is, the higher the pore microstructure heterogeneity [40]. The
ranges of information dimension D; for the homogenous and
heterogeneous groups are respectively [2.63, 2.74] and [2.70,
2.84] (Table 3).

Besides, we investigated the ability of multifractal param-
eters to group samples according to their degree of hetero-
geneity. Figure 7.a shows the correlation between the three

VOLUME 10, 2022
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permeability and the information dimension D;.

multifractal parameters A«, H, and V and reveals that dots
corresponding to homogeneous and heterogeneous samples
are laid out into two distinct areas, which are quite close
spatially. The correlation between the multifractal parameters
oo, H, and V is depicted in Figure 7.b. The result shows a clear
spatial separation between homogeneous and heterogeneous
samples, indicating that o is the most discriminating factor
among the studied multifractal parameters.

B. MULTIFRACTAL AND ROCK PROPERTIES CORRELATION
To investigate the relationship between multifractal parame-
ters and rock properties, we simulated the porosity and per-
meability of all available samples using their 3D segmented
images (Table 3). Figure 8.a shows a positive correlation
between the capacity dimension Dy and the porosity with
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a correlation factor of 0.49. Figure 8.b reveals a negative
correlation between permeability values and the informa-
tion dimension D; with a correlation factor of 0.55. Both
figures illustrate that capacity and information dimensions
correlate with the porosity and the permeability, respec-
tively, as reported in previous studies [37]-[38], [42]. Indeed,
despite significant differences in pore microstructure between
the carbonate and sandstone samples, we detect a relationship
between Dy and porosity, indicating that the total porosity
is the main factor influencing the capacity dimension Dy.
In addition, the relationships between the rock properties
parameters and multifractal parameters were analyzed. Fig-
ure 9.a shows that o linearly increases with the porosity
for heterogeneous and homogeneous sample groups. The
range of oo in each group clusters the samples accord-
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ing to their degrees of heterogeneity. Figure 9.b illustrates
the relationship between porosity and the interval of gen-
eralized moments Ds-D_s. As reported in the literature,
larger Ds-D_s values are associated with heterogeneous sam-
ples in general. However, several homogenous samples with
Ds-D_s are very close and larger than those associated with
heterogeneous samples. Thus, this parameter alone cannot
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discriminate samples in two separated groups according to
heterogeneity. Figure 9c reveals the relationship between the
porosity and the value of the vertical difference between the
two branches of the spectrum V = f (otpax) — f (0min). Fig-
ure 8.c shows a larger variation when V values are associated
with the heterogeneous samples compared to the homoge-
neous samples. Indeed, V values ranges in the interval [0.07,
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0.26] for heterogeneous samples and in the interval [0.16,
023] for homogeneous samples. Also, we observe that the
scatter plot reveals two separate clusters of samples based
on their heterogeneity. Figure 9.d shows the relationship
between porosity and H = (o0~ &max )-(@min — ®p), describing
the asymmetry of the singularity spectrum in the horizontal
direction. The ranges of variation for H values for homo-
geneous and heterogeneous samples are respectively [0.11,
0.29] and [0.07, 0.22].

Figure 10 illustrates the relationships between the per-
meability and multifractal parameters o9 and D5-D_s. This
figure confirms previous observations obtained for poros-
ity. Figure 10.a shows that o linearly decreases with the
permeability for heterogeneous samples only. However, the
correlation coefficient calculated for homogeneous samples
does not reveal any linear relationship between «pand the
permeability. Figures 11.a and 11.b reveal the relationship
between the width of singularity spectrum values A« and
rock samples’ simulated porosity and permeability. Both
plots show that A« is a relevant parameter for clustering
samples based on their heterogeneity.

IV. CONCLUSION

This paper investigated the use of multifractal parame-
ters to quantitatively evaluate the heterogeneity of the pore
microstructure of twenty-one sandstones and digital carbon-
ate rocks. The conclusions are as follows:

(1) The behavior of generalized dimension D, curves and
singularity spectra show that twenty samples among the
twenty-one analyzed have multifractal characteristics.

(2) The capacity dimension Dy and the information dimen-
sion D correlate with the simulated porosity and permeabil-
ity values. Indeed, a direct linear relationship exists between
the simulated porosity and Dy, whereas an indirect linear
relationship exists between the logarithm of permeability
values and D;.

(3) Only the multifractal parameters «p and A« show differ-
ent ranges of variation according to the heterogeneity of the
rock samples. The parameters H = («g - &max )-(Cmin— o),
and V = f(min) — f(@max) show overlaps in their values
for homogeneous and heterogeneous rock samples which

VOLUME 10, 2022

indicates that they not suitable for discriminating the groups
of samples according to their heterogeneity.
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