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Reservoir pore space assessment is of great significance for petroleum exploration and production. However, it is difficult to
describe the pore characteristics of deep-buried dolomite reservoirs with the traditional linear method because these rocks have
undergone strong modification by tectonic activity and diagenesis and show significant pore space heterogeneity. In this study,
38 dolostone samples from 4 Cambrian formations of Tarim Basin in NW China were collected and 135 thin section images
were analyzed. Multifractal theory was used for evaluation of pore space heterogeneity in deep-buried dolostone based on thin
section image analysis. The physical parameters, pore structure parameters, and multifractal characteristic parameters were
obtained from the digital images. Then, the relationships between lithology and these parameters were discussed. In addition,
the pore structure was classified into four categories using K-means clustering analysis based on multifractal parameters. The
results show that the multifractal phenomenon generally exists in the pore space of deep-buried dolomite and that multifractal
analysis can be used to characterize the heterogeneity of pore space in deep-buried dolomite. For these samples, multifractal
parameters, such as αmin, αmax, ΔαL, ΔαR , Δf , and AI, correlate strongly with porosity but only slightly with permeability.
However, the parameter Δα, which is usually used to reveal heterogeneity, does not show an obvious link with petrophysical
properties. Of dolomites with different fabrics, fine crystalline dolomite and medium crystalline dolomite show the best
petrophysical properties and show significant differences in multifractal parameters compared to other dolomites. More accurate
porosity estimations were obtained with the multifractal generalized fractal dimension, which provides a new method for
porosity prediction. The various categories derived from the K-means clustering analysis of multifractal parameters show
distinct differences in petrophysical properties. This proves that reservoir evaluation and pore structure classification can be
accurately performed with the K-means clustering analysis method based on multifractal parameters of pore space in deep-
buried dolomite reservoirs.

1. Introduction

Deep-buried dolomite reservoirs have strong heterogeneity
and complex pore structure [1]. Their pore geometry and
structure are strongly influenced by tectonic factors, diagen-
esis, and chemical reactions between rock and different fluids
[2, 3]. And they generally show various types of pore space,
complex pore structure, and strong reservoir heterogeneity
[1]. It will increase the difficulty of characterization on pore

structure, feature description, and reservoir evaluation of
deep-buried dolomite reservoirs.

It is well known that microscopic pore structure fea-
tures control the reservoir quality. Therefore, clarifying
the microscopic characteristics and heterogeneity of pore
structure is very important for understanding the macro-
scopic characteristics of a reservoir [4]. However, it is
difficult to characterize micropores’ heterogeneity with tra-
ditional Euclidean geometry. Fortunately, fractal geometry,
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created by Mandelbrot [5], has been introduced into anal-
yses of the pore distribution properties of sedimentary
rocks, and it plays an important role in characterization
of heterogeneity and self-similarity [6–8]. Compared to
classical geometry, fractal geometry reveals the determinis-
tic and stochastic unity laws of regularity and chaos in
pore structure [9–14]. Furthermore, multifractal analysis
is a multiscale method based on power-law relationships
and can describe local irregular fluctuations more effec-
tively than the monofractal method [15–17]. In multifrac-
tal analysis, the self-similarity measure can be regarded as
the singularity strength and parameters of the multifractal
spectrum through scale decomposition of interrelated frac-
tal series [17–20]. To date, multifractal analysis has been
widely used to depict the statistical properties of scale var-
iation for studies in soil science, geosciences, and materials
due to its advantage in heterogeneity analysis [21–27].

Fractal and multifractal behavior has been observed in
sedimentary rocks and soil from scanning electron micros-
copy (SEM) [6, 28, 29], X-ray computed tomography (CT)
[12, 30], nuclear magnetic resonance (NMR) [18, 31, 32],
and mercury intrusion analysis of core plugs [23, 33–36].
Fractal geometry and the multifractal method have been
widely used to describe the porosity and permeability of
porous media and clastic rocks [37–40]. However, only a
few of these studies have focused on carbonate rocks [16,
20, 41–44], and research on deep-buried dolomite is even
more limited. Accordingly, further study on deep-buried
dolomites within the framework of multifractal theory is
needed in an attempt to expand and deepen the application
of this powerful mathematics tool in different fields of the
earth sciences. Meanwhile, a new evaluation method based

on multifractal theory is proposed to study the characteristics
of pore space and pore structure in dolomite reservoirs.

Thin section analysis is an easy way to determine the
two-dimensional topological properties of pore space and
pore throat size in rocks, despite its lower resolution and
magnitude compared to SEM and CT. In this study, multi-
fractal analysis and digital image analysis of thin section
images were used to extract quantitative information
reflecting the distribution of pore space and the pore
structure characteristics. Thirty-eight Cambrian dolomite
core plug samples from Tarim Basin in northwestern
China were chosen as the study objects, and casting thin
section images were obtained. Then, based on image anal-
ysis, the multifractal behavior of pore space in deep-buried
dolomite and the application of multifractal theory for
heterogeneity evaluation were analyzed, and the relation-
ships between multifractal parameters and the physical
properties of different lithologies were studied. Finally,
classification of the pore structure was accomplished with
K-means clustering analysis of multifractal parameters.
The results are of great significance for quantitative het-
erogeneity characterization, pore structure evaluation, and
petroleum exploration in deep-buried dolomite reservoirs.

2. Methodology

2.1. Study Area and Sampling. Tarim Basin located in north-
western China is the largest inland basin with total area of
53 × 104 km2 in China. It is bounded byWest Kunlun Moun-
tains, Tianshan Mountains, Kunlun Mountains, and Altun
Mountains (Figure 1). For detailed geological setting and strat-
igraphic column of the basin, the reader can refer to Du and
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Figure 1: Basic information of the study area and distribution of the sampling well.
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Pan [45]. In the study, up to 38 dolostone samples were
collected from different formations of the Cambrian strata
in 7 wells to estimate the petrophysical properties. These
samples were made into a plunger for the petrophysical test
and molded into thin section for image processing, respec-
tively. The information of each sample could be seen in
Table 1.

2.2. Experiments. Helium porosity and permeability were
measured by CMS-300 Automated Permeameter (Core
Measurement Systems) under confining pressure of
34.5MPa. For image analysis, casting thin sections were
produced with the following procedure: (1) set samples
in a glass tube at constant temperature of 100°C for 2 h;
(2) reduce the glass tube to a vacuum with pressure
0.09MPa and keep samples in it for 1 h; (3) inject blue
epoxy resin into samples at pressure of 8MPa and temper-
ature of 100°C for 12h; and (4) after natural cooling, pol-
ish the samples into thin sections with thickness 20μm,
and mount each chip on a glass slide. Therefore, pore
spaces in thin section were filled by blue epoxy resin and
could be easily distinguished from matrix under the
microscope. For image and multifractal analyses, chromo-
photographs were captured from representative views of
each thin section. These collected images with different
magnifications, such as 25x, 50x, 100x, and 400x, can
reveal both macropores and micropores. All images were
obtained using the transmission mode of BX51 microscope
in State Key Laboratory of Oil and Gas Reservoir Geology
and Exploitation, Southwest Petroleum University, China.

2.3. Image Analysis. Casting thin section observation is an
inexpensive tool for characterizing pore structure in rocks
and has been widely used in heterogeneity of rock micro-
scopic pores [44]. By image processing on thin section
image, the pore type, pore shape, pore scale, and pore
throat type could be acquired. The image analysis consists
of image filtering, image segmentation, connected domain
identification, and statistics of pore size distribution
(PSD). First, median filtering was used to eliminate noise
in images. The K-nearest neighbor (KNN) classification
algorithm is implemented in image segmentation for getting
binary image, where the pixel values one and zero represent
pore and matrix, respectively. Then, the coordinates and
area of each pore were obtained with the connected domain
identification method [46]. Finally, parameters such as total
porosity (φ), PSD, average pore radius (rb), average pore
throat radius (rt), and permeability (K) value were calcu-
lated with the following formulas [47–50].

φ =
Apore
Atotal

, ð1Þ

rb =
∑Num

i=1 riAi

Atotal
, ð2Þ

rt =
∑Num

i=1 rtiAi

Atotal
, ð3Þ

where Apore is the pore area in the image, Atotal is the total
area of the image, ri is the mean radius of each pore, Ai is
the area of ith pore, Num is the total number of pores, and
rti is the minimum radius of each pore.

According to the values of φ, rb, and rt, the permeability
value K could be obtained with the following formula [51]:

K = φrb
2

τ2
⋅

ln rb/rtð Þ½ �2
rb/rtð Þ2 − 1

� �
⋅ rb/rtð Þ2 − rt/rbð Þ2� � , ð4Þ

where τ is pore tortuosity in samples, and here, its value was
assumed to be 1. The estimated values of porosity and perme-
ability are shown in Table 1.

2.4. Multifractal Analysis. For multifractal analysis, a cubic
box of size δ was used to cover the pore space. Assuming that
there are mi pore pixels in the ith box (1 ≤ i ≤ nðδÞ), nðδÞ
denotes the number of boxes required to cover the pore space
at the scale of δ and the total number of pixels in the pore
space is M. The measurement μiðδÞ, which denotes the local
probability of finding a box to cover the pore space at the
scale of δ, can be defined as follows [52]:

μi =
mi

M
: ð5Þ

With respect to the fluctuation in local porosity, a local
crowding index αi can be defined for the ith box, i.e., the sin-
gularity exponent, and it holds that

μi δð Þ∝ δαi : ð6Þ

Two approaches are available to compute the multifractal
spectrum: the moment method and the direct method [52].
In both methods, a weighted sum over all boxes must be per-
formed to yield the partition function χðq, δÞ as follows:

χ q, δð Þ =〠
i

μi δð Þ½ �q =〠
i

mi

M

� �q
, ð7Þ

where the variable q denotes the order of moment for μi;
it is clear to note that different q values actually allow
probing of the contribution to χðq, δÞ from boxes with dif-
ferent μi. In particular, at negative q values, χðq, δÞ is
dominated by boxes with small μi, while at positive q
values, χðq, δÞ is dominated by boxes with large μi. For
a multifractal measure, it holds that

χ q, δð Þ∝ δτ qð Þ, ð8Þ

where the mass exponent τðqÞ is a nonlinear function of q
but independent on δ; the singularity exponent α and the
Hausdorff dimension f ðaÞ can be determined with the
Legendre transformation:

α qð Þ = dτ qð Þ
dq

, ð9Þ
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f α qð Þð Þ = q ⋅ α qð Þ − τ qð Þ: ð10Þ

The multifractal generalized dimensions Dq of the qth

order are defined as

Dq =
1

q − 1 limδ→0

ln χ q, δð Þ½ �
ln δð Þ : ð11Þ

When q = 1, the above equation can be expressed as

D1 = lim
δ→0

∑N δð Þ
i=1 μi δð Þ ln μi δð Þð Þ

ln δð Þ

 !
: ð12Þ

The multifractal generalized dimensions Dq are related
to the mass exponent τðqÞ by

Table 1: Basic information, petrophysical data from helium porosimetry, and image analysis of samples in the study.

Sample Well Depth Formation Lithology Image Number φ (%) φI (%) φM (%) K (mD) K I (mD)

S1 BT5 4812.9 ∈3ql MD 4 0.80 2.99 0.79 0.001 0.809

S2 BT5 5782.08 ∈1x MD 6 7.48 2.01 0.889

S3 BT5 5783.95 ∈1x MD 4 4.30 8.56 2.83 0.540 3.072

S4 BT5 5784.8 ∈1x MD 6 2.50 10.20 2.74 0.01 0.558

S5 BT5 5785.12 ∈1x FD 4 3.30 14.87 4.29 1.160 7.365

S6 BT5 5785.95 ∈1x FD 6 7.24 3.07 1.703

S7 DG1 6216.87 ∈3ql SD 3 1.00 2.06 2.27 0.020 0.011

S8 DG1 6217.99 ∈3ql GD 2 1.00 0.96 0.97 0.020 0.059

S9 DG1 6256.34 ∈3ql FD 4 2.70 12.25 3.17 22.600 3.587

S10 DG1 6295.28 ∈3ql FD 3 5.46 1.73 0.644

S11 DG1 6297.6 ∈3ql FD 2 1.83 0.81 0.531

S12 HT1 6163.85 ∈2a GD 2 0.90 0.86 0.48 20.877 0.013

S13 XH2 5350.45 ∈3ql FD 5 4.80 18.40 5.24 4.050 2.977

S14 XH2 5355.3 ∈3ql SD 4 13.98 5.78 1.627

S15 XH2 5515.87 ∈3ql SD 3 3.36 0.79 0.439

S16 XH2 5517.68 ∈3ql FD 5 4.32 2.17 0.153

S17 XH2 5590.4 ∈3ql DM 2 0.83 1.13 0.002

S18 XH2 5590.9 ∈3ql DM 2 1.38 1.74 0.005

S19 XH2 5595.76 ∈3ql GD 5 4.43 1.76 0.527

S20 YQ6 7059.35 ∈3ql CD 3 3.50 2.42 0.240

S21 YQ6 7060.43 ∈3ql CD 3 2.43 1.48 0.364

S22 YQ6 7061.07 ∈3ql CD 5 1.80 2.21 1.77 1.350 0.099

S23 YQ6 7062.3 ∈3ql MD 3 0.30 1.43 0.51 0.060 0.132

S24 YQ6 7118.5 ∈3ql MD 5 2.20 11.45 3.52 0.450 1.187

S25 YQ6 7118.78 ∈3ql FD 3 2.90 3.58 1.28 0.130 0.590

S26 YQ6 7119.3 ∈3ql MD 3 2.70 2.69 1.46 0.020 0.327

S27 YQ6 7119.42 ∈3ql FD 4 0.80 1.32 1.08 0.700 0.006

S28 YQ6 7119.93 ∈3ql FD 4 2.80 5.03 2.82 0.070 1.552

S29 YQ6 7314.05 ∈3ql SD 3 0.60 1.11 0.55 0.003 0.033

S30 YQ6 7313.74 ∈3ql SD 3 0.60 2.13 0.42 0.003 0.331

S31 BT5 4811.6 ∈3ql FD 3 0.20 1.57 1.08 0.034

S32 MB1 6002.98 ∈2s SD 3 2.40 5.07 3.58 12.800 0.089

S33 MB1 6008.59 ∈2s SD 3 5.80 5.55 6.42 3.170 0.097

S34 MB1 6009.07 ∈2s GD 3 3.20 1.70 1.44 0.740 0.024

S35 TS1 7105.43 ∈3ql DM 3 0.6 1.04 1.16 0.6 0.913

S36 TS1 7268.10 ∈3ql FD 2 3.7 2.92 1.73 0.03 2.677

S37 TS1 7875.60 ∈3ql FD 4 3.7 8.09 4.39 34.14 3.772

S38 TS1 8407.56 ∈3ql SD 3 9.10 15.32 8.90 4.160 2.270

The abbreviation “∈3ql” represents Lower Qiulitage Formation of Upper Cambrian; “∈2s” represents Shayilik Formation of Middle Cambrian; and “∈1x”
represents Sholbrak Formation of Lower Cambrian. φI is the porosity obtained with Equation (1), φM is the porosity obtained with Equation (16), and K I is
the permeability computed from Equations (2)–(4) with images.
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τ qð Þ = q − 1ð ÞDq: ð13Þ

The q −Dq, q − α, and α − f ðαÞ construct the powerful
tool for characterizing the heterogeneity of pore structure.

2.5. Porosity Estimation Based on Multifractal Analysis. It is
clear that the porosity of dolomite can be estimated using
the total number and area of boxes as follows:

ϕ = N δð Þ∙δ2
Atotal

, ð14Þ

where NðδÞ is the box number for pores, δ is the size of the
box, and Atotal is the total area of the image. Using the box-
counting method for fractal and multifractal theory, the total
number of boxes covering the pore space can be expressed as
the following formula:

N δð Þ∝ δ−D0 , ð15Þ

where D0 is the capacity dimension obtained from Equa-
tion (11) when q is equal to zero. Then, the porosity can
be calculated with the box size δ and the capacity dimen-
sion D0 as follows:

ϕ∝
δ2−D

Atotal
: ð16Þ

In order to facilitate the calculation, Atotal was assumed
to be 1, and δ was set as the reciprocal of the pixel num-
ber for each column of the image. Therefore, the porosity
can be estimated with the pixel number in the image and
the capacity dimension.

3. Results

3.1. Porosity, Permeability, and Micropore Characteristics of
Dolomite. Dolomite is widespread in Cambrian strata of
Tarim Basin. According to classification and nomenclature
schemes of carbonate rocks suggested by Dunham [53], the
dolomite in the study area can be divided into dolomicrite
(DM), crystalline dolomite, and grain dolomite (GD). In
addition, crystalline dolomites are subdivided into silty crys-
talline dolomite (SD), fine crystalline dolomite (FD), medium
crystalline dolomite (MD), and coarse crystalline dolomite
(CD) in accordance with the crystal size.

The porosity determined from the helium porosimetry
test shows that these samples have low porosity values rang-
ing from 0.2% to 9.1% (Table 1) and wide permeability values
ranging from 0.003mD to 34.14mD. The Cambrian dolo-
mite contains a variety of reservoir spaces such as vugs, inter-
granular pores, intergranular dissolved pores, and fractures.
Intergranular or intercrystal dissolved pores are mainly
developed in the silty, fine, and medium crystalline dolo-
mites; intercrystalline pores mainly existed in the silty and
fine crystalline dolomites; and fractures are widely distrib-
uted in various types of dolomites. Typically, intergranular
dissolved pores are connected by microfractures or flat pore

throats. In addition, some throats and pores filled by bitumen
indicate that the rocks have experienced oil and gas accumu-
lation and filling.

The shape and size of intergranular or intercrystal dis-
solved pores are mainly controlled by the crystal structure
and morphology. In general, compared to the other dolo-
mites, the fine crystalline dolomite and medium crystalline
dolomite with high reservoir quality and permeability are
the most favorable reservoir rocks. As shown in Figure 2,
there are obvious differences in pore type and porosity
between the various dolomite types constituting the Cam-
brian dolomite formations of Tarim Basin.

The microcrystalline dolomite is mainly formed in tidal
flat environment with arid climate at the penecontempora-
neous stage. It formed from the Mg2+ rich in brine replacing
Ca2+ in marl sediment. Due to the relatively fast crystalliza-
tion speed and without being affected by later diagenesis,
microcrystalline dolomites are usually with fine, poor euhe-
dral crystals and close contact. Its porosity and permeability
are poor and with average value of 2.1% and 0.175mD,
respectively (Table 1). The microcrystalline dolomite often
shows the structure of laminae and bird eyes and develops
a small amount of cracks and sutures mostly filled by calcite,
quartz, gypsum, and anhydrite (Figure 2(a)). Thus, it is diffi-
cult to become an effective reservoir.

Silty dolomite formed from the recrystallization of
microcrystalline dolomite in shallow burial environment. It
performs as small crystal size, poor subhedral crystal, dirty
crystal surface, and with contact each other. Cloudy centers
and clear borders can be seen in some silty dolomite crystals.
In this type of dolomite, dissolved pores and intercrystalline
and look like pinhole and with dense distribution. The pore
space performs as irregular harbor and with homogeneous
pore size (Figure 2(b)).

3.2. Pore Characteristics. Sedimentation is the most impor-
tant factor, which provides the material foundation for the
primary porosity and pore development in dolomite. Typi-
cally, carbonates with high primary porosity form in high-
energy environments, such as granular beaches and micro-
bial mounds. However, tectonic activity also plays an impor-
tant role in modifying porosity and pore space in dolomite.
For example, as a result of tectonic uplift, buried carbonate
rocks may be exposed at the surface and dissolved by atmo-
spheric freshwater or karstification, such that large amounts
of intergranular dissolved pores form in reservoir rocks.
Alternatively, in the vicinity of tectonic fault zones, intensive
formation of concentrated fracture networks may provide
channels for geofluid flow. Acids contained in these fluids
can dissolve carbonate minerals, form pores along fractures,
and increase the porosity. Finally, the comprehensive trans-
formation and alteration by various diagenetic processes in
dolomite determine the final state of the pore space and
porosity in reservoir rocks.

The image analysis results show that significant differ-
ences in porosity and pore size distribution exist in deep-
buried dolomites with different crystal sizes and the pore size
distribution reveals strong heterogeneity. As shown in
Figure 3, the samples numbered S2, S32, and S22 are fine
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crystalline dolomite, silty crystalline dolomite, and medium
crystalline dolomite, respectively.

In the fine crystalline dolomite sample (S2), with porosity
of 9.5%, large intercrystalline pores are well developed. In the
silty crystalline dolomite sample (S32), with porosity of 5.1%,
intercrystalline pores are well developed due to dissolution
and dolomitization in the seepage-reflux model. As indicated
by sample S32, the silty crystalline dolomite evolved from
lagoon sediments containing gypsum deposited during evap-
oration. During the syngenetic period, the silty dolomite
formed due to evaporation pump dolomitization. When sea
level fell, the silty crystalline dolomite formation was exposed

at the surface and underwent dissolution by freshwater,
which formed the intergranular dissolved pores and gypsum
mold pores. During the later burial stage, fractures formed
due to tectonic activity and were filled by organic acid and
asphalt from pyrolysis of hydrocarbons. The organic acid dis-
solved residual gypsum and soluble calcite, which increased
the intergranular dissolved pores. In other words, the early
gypsum and small dolomite crystal size determine the pore
size ranging from small to medium scale. However, in the
medium crystalline dolomite sample (S22) with a low poros-
ity value of 2.3%, only a few intergranular pores and micro-
fractures were developed. Due to hydrothermal filling,

(a) 500 𝜇m

(a)

500 𝜇m(b)

(b)

(c) 500 𝜇m

(c)

500 𝜇m(d)
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(e)

500 𝜇m(f)

(f)

Figure 2: The thin section images of different types of dolomite. (a) Thin section image of MD sample S18 with low porosity value 1.38%. It
shows that the intergranular pores are not developed and the fractures are filled with quartz, asphalt, and other minerals. (b) Image of SD
sample S32 with porosity 5.07%. The pore space consists of medium and small intergranular pores and dissolved pores. (c) Image of FD
sample S5 with porosity 14.87%. The pores are mainly larger intergranular dissolved pores. (d) Image for MD sample S4 with porosity
10.2%. Intergranular pores and intergranular dissolved pores with large size mainly develop in such type of dolomite. (e) Image of CD
sample S22 with porosity 2.21%. The intergranular pores were slightly developed. (f) Image of GD sample S19 with porosity 4.43%.
Dolarenite was recrystallized as fine crystalline dolomite. The intergranular dissolved pore with medium scale distributes along fractures.
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Figure 3: Continued.
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pores in the coarse crystalline dolomite were filled by large
saddle dolomite crystals and were severely diminished. Only
a few fine pores and fractures remained. These fractures and
dissolved pores were formed under late stress conditions and
were distributed along the grain boundaries.

The pore size distributions in samples S22 and S32 show
a wide scale range and stronger heterogeneity than that in
sample S2. The tiny crystals in sample S32 determine the
pore scale, producing small- and medium-scale pores,
whereas in the coarse crystalline dolomite, the coarse crystals
are more difficult to dissolve completely but easily form frac-
tures and dissolved pores along the crystal edges under stress
action and dissolution (Figure 3).

3.3. Multifractal Analysis on Pores of Dolomite. In this study,
the order of moment q is selected from -5 to 5 with steps of
0.5. The value of χðq, δÞ at q of ±5, ±4, ±3, ±2, ±1, and 0
are shown in Figure 4(a). The values τðqÞ, the slope of these
χðq, δÞ − q lines, can be determined with the least square fit-
ting method, as shown in Figure 4(b). Therefore, the sin-
gularity exponent αðqÞ and multifractal spectrum f ðαÞ
can be obtained with the direct method via Equations
(9) and (10), and results are shown in Figures 4(c) and
4(d). The program for calculating the fractal dimension,

singularity exponent, mass exponent, and multifractal
spectrum of pores in dolomite from thin section images
has been designed. The characteristic parameters of multi-
fractal spectra were extracted from binary images with a
batch process using this software, and the spectrum plots
αðqÞ – q, DðqÞ – q, τðqÞ – q, and f ðαÞ – α for each image
were exported in batch.

The most popular parameters for pore structure char-
acterization are Dq, f ðαÞ, τðqÞ, and Δα. In general, Dq

increases with increasing pore structure complexity [19].
Δα is often used as an indicator of the heterogeneity and
is positively correlated with heterogeneity. Corresponding
to q = 0, 1, and 2, the generalized dimension Dq is the
capacity dimension, information dimension, and correla-
tion dimension, respectively.

In multifractal analysis, the singularity exponent α and
the multifractal spectrum can be used to describe local mate-
rial features. The continuous distribution of αmay be used to
depict the pore structure of rocks, with the parameters αmin
and αmax corresponding to the maximum andminimum pore
sizes, respectively, as shown in Figure 4(c). The width of the
multifractal spectrum (Δα = αmax − αmin) reflects the irregu-
larity strength of the probability measure for a physical quan-
tity in the whole fractal structure and reveals fractal
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Figure 3: Thin section images, binary images, and pore size distribution of dolostone samples. (a) Intercrystalline pores and intercrystal
dissolved pores in sample S2, well BT5, 5782.08m, ∈1x, medium crystalline dolomite. (b) Intercrystal dissolved pores in sample S32, well
MB1, 6002.98m, ∈2s, silty crystalline dolomite. (c) Fracture and intercrystal dissolved pores in sample S22, well YQ6, 7061.07m, ∈3ql,
coarse crystalline dolomite. (d–f) The binary image of samples S2, S32, and S22, where the white and black pixel represents pore and solid
matrix, respectively. (g–l) The pore size distribution and porosity of samples S2, S32, S22, S5, S4, and S19 corresponding to images in
Figure 2 and this figure.
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characteristics at different scales and local conditions. The
wider the f ðαÞ – α spectrum, the higher the heterogeneity in
the local scaling indices of the studied variable and vice versa.
Thus, a higher value of Δα indicates a more heterogeneous
distribution of the probability measure for a physical quan-
tity. The parameter Δf is the amplitude difference between
the values of function f ðαÞ at αmax and αmin and indicates
the morphological characteristics of the multifractal spec-
trum and the proportion between the maximum and mini-
mum singularity, as shown in Figure 4(d). The value ΔαL is
the difference between αmin and α0, which is the width of
the left half of the multifractal spectrum from αmin to α0,
and the value ΔαR is the right half width. Similarities and dif-
ferences of pore distribution in rocks can be also be examined

with the help of the asymmetrical index (AI), which is the
ratio between (ΔαL − ΔαR) and (ΔαL + ΔαR), ranging from
-1 to 1, and shows the deviation of the multifractal spectrum
to the left or to the right. All the above parameters extracted
frommultifractal analysis of 38 dolostone samples are shown
in Table 2.

The multifractal analysis results of samples with different
pore structure are shown in Figure 5, respectively. For all the
samples, the spectrum α – q of pore distribution is an anti-“S”
shape. With increasing q, the singularity exponent α is
reduced with q and tends to be constant at the minimum
and maximum values of q (Figure 5(a)). The mass exponent
spectrum τðqÞ – q, which increases with the addition of q
but not at a constant gradient, shows that the pore space
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Figure 4: Procedures of multifractal analysis on pore space in dolomites. (a) The partition function of probability to cover the pore space at
different q values. (b) The mass exponent τ varying with the moment q. (c) The singularity exponent α computed from the direct method. (d)
The multifractal spectrum.
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distributions have multifractal properties (Figure 5(b)). On
the multifractal spectrum f ðαÞ – α, f increases with increas-
ing α when α is less than α0 but decreases when α is greater
than α0. The shape of spectrum f ðαÞ – α displays a “left
hook,” “right hook,” or a symmetric parabola (Figure 5(c)).

3.4. Reservoir Heterogeneity Evaluation of Dolomite with
Multifractal Analysis. Multifractal theory has been widely
used in sandstone reservoir evaluation, pore structure analy-
sis, porosity prediction, and heterogeneity studies [11, 17–
19]. Based on multifractal analysis, this work includes esti-

mation of porosity for deep-buried dolomite, evaluation of
heterogeneity for different types of dolomite, and classifica-
tion of pore structure for dolostone samples using clustering
analysis method and multifractal parameters.

3.4.1. Porosity Estimated with Multifractal Analysis. The
crossplot in Figure 6 shows the relationship between the
porosity calculated with the capacity dimension and porosity
values obtained from core plug helium porosimetry. The
results indicated that the porosity values predicted by the
capacity dimension are very close to the measured values.

Table 2: Petrophysical properties and parameters of multifractal analysis on dolostone samples.

Sample αL αR Δα ΔαL ΔαR AI Δf D0 D1 D2
S1 1.246 1.706 0.460 1.246 0.251 -0.109 0.101 1.360 1.298 1.270

S2 1.358 1.862 0.504 1.358 0.294 -0.193 0.104 1.483 1.429 1.400

S3 1.455 1.861 0.406 1.455 0.321 -0.565 0.336 1.528 1.476 1.460

S4 1.425 1.943 0.518 1.425 0.334 -0.288 0.177 1.524 1.475 1.453

S5 1.527 2.020 0.493 1.527 0.352 -0.455 0.315 1.584 1.544 1.532

S6 1.379 1.902 0.523 1.379 0.264 -0.011 0.066 1.539 1.466 1.425

S7 1.215 1.710 0.495 1.215 0.141 0.427 -0.393 1.499 1.429 1.365

S8 1.125 1.559 0.434 1.125 0.099 0.570 -0.358 1.386 1.309 1.245

S9 1.466 1.967 0.501 1.466 0.333 -0.351 0.245 1.544 1.496 1.479

S10 1.287 1.795 0.508 1.287 0.232 0.085 -0.056 1.464 1.391 1.348

S11 1.179 1.672 0.493 1.179 0.189 0.234 -0.054 1.363 1.266 1.216

S12 1.044 1.493 0.448 1.044 0.122 0.466 -0.346 1.293 1.222 1.169

S13 1.511 2.032 0.520 1.511 0.349 -0.346 0.185 1.610 1.569 1.548

S14 1.489 2.039 0.549 1.489 0.335 -0.213 0.102 1.623 1.569 1.538

S15 1.201 1.626 0.425 1.201 0.178 0.163 -0.038 1.359 1.293 1.253

S16 1.307 1.806 0.499 1.307 0.221 0.111 -0.082 1.493 1.421 1.374

S17 1.130 1.543 0.414 1.130 0.096 0.537 -0.560 1.407 1.365 1.324

S18 1.159 1.642 0.483 1.159 0.124 0.487 -0.459 1.464 1.401 1.336

S19 1.272 1.766 0.495 1.272 0.199 0.190 -0.080 1.466 1.382 1.329

S20 1.347 1.778 0.431 1.347 0.204 0.012 -0.016 1.508 1.450 1.410

S21 1.239 1.727 0.488 1.239 0.186 0.230 -0.115 1.443 1.359 1.306

S22 1.300 1.686 0.386 1.300 0.149 0.242 -0.113 1.466 1.408 1.369

S23 1.127 1.654 0.527 1.127 0.303 -0.150 0.192 1.302 1.251 1.204

S24 1.475 1.912 0.437 1.475 0.262 -0.249 0.139 1.557 1.525 1.497

S25 1.293 1.674 0.382 1.293 0.180 0.067 0.041 1.424 1.364 1.330

S26 1.271 1.722 0.451 1.271 0.188 0.162 -0.053 1.441 1.367 1.323

S27 1.174 1.647 0.474 1.174 0.165 0.296 -0.202 1.401 1.325 1.267

S28 1.369 1.833 0.464 1.369 0.224 0.047 -0.004 1.528 1.468 1.429

S29 1.073 1.531 0.458 1.073 0.135 0.413 -0.254 1.312 1.232 1.171

S30 1.185 1.583 0.398 1.185 0.258 -0.346 0.204 1.277 1.241 1.221

S31 1.267 1.654 0.387 1.267 0.172 0.068 -0.028 1.401 1.340 1.307

S32 1.457 1.979 0.522 1.457 0.216 0.171 -0.221 1.560 1.542 1.513

S33 1.469 2.017 0.548 1.469 0.259 0.056 -0.126 1.597 1.622 1.576

S34 1.235 1.605 0.371 1.235 0.110 0.460 -0.301 1.439 1.388 1.347

S35 1.167 1.588 0.421 1.167 0.102 0.510 -0.318 1.410 1.338 1.282

S36 1.250 1.631 0.381 1.250 0.090 0.527 -0.073 1.463 1.366 1.315

S37 1.496 1.846 0.350 1.496 0.165 -0.028 0.012 1.586 1.556 1.520

S38 1.447 1.840 0.393 1.447 0.170 0.115 -0.013 1.680 1.520 1.478
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Although there is a deviation between the predicted andmea-
sured values in two points that may be caused by the selected
domain for image from thin section or the heterogeneity of
pore space, the predicted porosity is still strongly correlated
with measured values with multiple correlation coefficient
value 0.865. Thus, the generalized fractal dimension obtained
by multifractal analysis can provide a new method for the
porosity prediction of dolomite.

3.4.2. Multifractal Characteristics of Different Types of
Dolomite. In order to compare the multifractal characteristics
and physical properties of pore spaces in dolostone samples
with different crystal sizes, the average values of the multi-

fractal and physical parameters extracted from image analy-
sis of each sample were calculated from the data listed in
Table 2, and the heterogeneity and physical characteristics
of dolomites with different crystal sizes were analyzed. Statis-
tical analyses of these parameters clearly show the differences
between various dolomite types. As shown in Table 3, the fine
and medium crystalline dolomites have higher values of
porosity, permeability, average pore radius, and average pore
throat radius than coarse crystalline, silty crystalline, and
microcrystalline dolomites. In addition, the multifractal
parameters obtained from the fine and medium crystalline
dolostone samples are significantly different to those from
dolomites with other crystal sizes; e.g., the characteristics of
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Figure 5: Multifractal analysis of pores in dolomite for samples S2, S4, S5, S19, S22, and S32. (a) Plots of singularity exponents against
moments q. For each sample, the αðqÞ decreases against the increase of q. (b) Plots of Dq changing with q. (c) Plots of mass exponent
varying with the moment q. (d) Multifractal spectrum of the Hausdorff dimension f ðaÞ changing with singularity exponent α.
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higher Δα and D0 values, negative AI value, and positive Δf
value demonstrate that they show stronger heterogeneity
and comparatively well-developed macropores.

4. Discussion

4.1. Magnification Effect on Multifractal Analysis. In addi-
tion, the fractal law will be affected by image magnification
due to the image zoom setting, and the multifractal parame-
ters will vary with image magnification [26, 43, 44, 54]. It can
be observed that the fractal dimension and multifractal spec-
trum change irregularly when the image resolution is chan-
ged [26]. In other words, a rock may show complete
multifractal or local multifractal characteristics. Multifractal-
ity may be found in pore space or in solid matrix. These com-
plex properties may lead to difficulty in identifying the fractal
structure from rock images [43, 44].

Before conducting multifractal analysis on images, the
size of these images should be kept constant by image resam-
pling because the number of pixels influences the results of
multifractal analysis. Due to dependence of the minimum
distinguished pore scale on the image resolution, the accurate
determination of porosity will be directly affected by the
pixels of the image if the field of view has been confirmed.
In other words, some pores cannot be distinguished at low

resolutions, such that the porosity will be lower because the
indistinguishable pores are not calculated. In addition, the
multifractal spectrum will be different when the number of
pixels in the image is changed. In fact, the magnification
effect has a direct influence on multifractal analysis [43, 44].
Therefore, in order to compare the multifractal characteris-
tics of pores in different reservoirs, the image scale and num-
ber of pixels should be maintained at the same magnification
and size.

4.2. Relationship between Petrophysical Properties and
Multifractal Parameters. The pore structure can be described
by a continuous distribution series of singularity exponents α
. Therefore, the values αmin and αmax correspond to the max-
imum and minimum pore sizes, respectively. In Figure 7(a),
there is a strong positive correlation between porosity and
the value of αmin and αmax, where the value of αmin and
αmax increases gradually with increasing porosity.
Figure 8(a) shows a slightly nonlinear correlation between
permeability and αmin and αmax.

The value of Δα, as a comprehensive parameter for eval-
uating the heterogeneity of the spatial distribution of pores,
reflects the degree of aggregation in pore scale. The higher
the value of Δα, the more dispersive the pore size distribu-
tion, which indicates strong heterogeneity of the pore space
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Figure 6: Comparison of total porosity values obtained from core plug helium porosimetry (horizontal axis) and porosity obtained from
multifractal analysis on digital image.

Table 3: Average value of physical properties and multifractal parameters corresponding to different types of dolomites.

Lithology φI (%) Rb (μm) Rt (μm) K I (mD) αL αR Δα ΔαL ΔαR AI Δf D0

DM 1.08 54.21 23.34 0.31 1.15 1.59 0.44 0.33 0.11 0.51 -0.43 1.42

SD 4.62 79.15 20.90 0.50 1.27 1.74 0.47 0.27 0.20 0.16 -0.10 1.46

FD 7.93 138.95 32.56 1.97 1.37 1.85 0.47 0.23 0.25 -0.05 0.05 1.52

MD 7.53 120.00 30.50 1.00 1.37 1.84 0.47 0.19 0.28 -0.21 0.14 1.49

CD 2.53 44.65 11.40 0.23 1.30 1.71 0.42 0.25 0.17 0.19 -0.09 1.47

GD 1.99 70.15 19.16 0.16 1.17 1.61 0.437 0.30 0.16 0.33 -0.27 1.40
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in dolomite. In addition, as there are no significant correla-
tions between the porosity, permeability, and value of Δα,
it indicates that the influence of reservoir heterogeneity
on petrophysical properties is complex and cannot be
described with a simple linear formula (Figures 7(b) and
8(b)). However, there is a positive correlation between Δ
αL and porosity but a strong negative correlation between

ΔαR and porosity, which indicates higher porosity and
pores concentrated in a larger pore size range
(Figures 7(c) and 8(c)). Nevertheless, there is only a slightly
linear relationship between ΔαL, ΔαR , and permeability.

The asymmetrical index (AI), as a parameter to describe
the regularity of the multifractal spectrum, is determined by
the difference between the values of ΔαL and ΔαR. A positive
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Figure 7: The crossplots of porosity values andmultifractal parameters. (a) The relationship between singularity exponents αmin and αmax and
porosity from image analysis. (b) The relationship between Δα and porosity from image analysis. (c) The relationship between ΔαL, ΔαR , and
porosity from image analysis. (d) The relationship between AI and porosity. (e) The relationship between Δf and porosity. (f) The
relationship between D0 and porosity.
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value of AI indicates that the pores are scattered dispersively
in the large-scale range but concentrated in the small-scale
range, and vice versa. Generally, the corresponding value of
porosity is larger when the pore size distribution is concen-
trated in the large-scale range. Therefore, a significant nega-
tive correlation is presented in the AI-porosity crossplot but
there is a slightly negative correlation between AI and K I in
the AI-permeability crossplot (Figures 7(d) and 8(d)).

The Δf parameter reflects the morphological characteris-
tics of the multifractal spectrum. When the value of Δf is
positive, the f ðαÞ – α curve will display as a “left hook,” and
vice versa, it will display as a “right hook.” As shown in
Figures 7(e) and 8(e), the higher the value of Δf , the higher
the porosity will be. This is mainly because macropores will
engender a larger contribution and influence on the value
of porosity if they play a dominant role in the reservoir space
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Figure 8: The crossplots of permeability values andmultifractal parameters. (a) The relationship between singularity exponents αmin and αmax
and permeability from image analysis. (b) The relationship between Δα and permeability from image analysis. (c) The relationship between
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of a rock. In addition, there is a correlation preference
between the value of D0 and porosity, but not with perme-
ability (Figures 7(f) and 8(f)).

4.3. Reservoir Evaluation Based on K-Means Clustering with
Multifractal Parameters. In this study, K-means clustering
analysis was introduced to fully exploit the reservoir implica-
tions of multifractal parameters obtained from the multifrac-
tal analysis of digital images.

According to the multifractal parameters of each sample,
the K-means clustering method was used to classify these
samples into four categories. The statistics of physical prop-

erties for each category show significant differences between
them. As shown in Table 4 and Figure 9, class III corresponds
to the best physical reservoir properties, the porosity of which
is greater than 7.5% with an average value of 12.1% and the
permeability of which is generally greater than 0.56mD with
an average value of 2.66mD. For class II, the porosity ranges
from 2.2% to 8.1% with an average value of 5.2%, while the
permeability ranges from 0.089mD to 3.772mD with an
average value of 1.01mD. Classes I and IV, characterized by
low porosity and low permeability pore structure types, have
average porosity values of 2.4% and 1.4%, respectively. Based
on the multifractal characteristic parameters, the K-means

Table 4: The statistical results of porosity and permeability in different classes based on K-means clustering analysis with multifractal
parameters.

Type
Porosity (%) Permeability (mD)

Maximum Minimum Average Maximum Minimum Average

I 3.6 1.4 2.4 0.809 0.034 0.395

II 8.1 2.2 5.2 3.772 0.089 1.013

III 18.4 7.5 12.1 7.365 0.558 2.658

IV 2.9 0.8 1.4 2.677 0.001 0.373
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Figure 9: Crossplot of porosity and permeability and multifractal feature parameters of dolomites in different categories from K-means
clustering analysis based on multifractal parameters.
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clustering analysis method can be used to classify reservoirs
and provide a new method for reservoir evaluation and clas-
sification of pore structure.

Based on the parameters such as D0, AI, ΔαL, and Δf , we
attempted to construct the criteria of pore structure, with
purpose of pore structure classification by multifractal analy-
sis. Figure 9 shows the crossplot of porosity and permeability,
D0 and AI, and ΔαL and Δf . We establish the discrimination
criteria for pore typing, which are expressed as follows:

Pore structure class I: AI < 0:24 and D0 ≤ 1:44 and Δf >
−0:11.

Pore structure class II: −0:03 < AI < 0:24, D0 > 1:44, Δf
< 0:07, and ΔαL > 1:27.

Pore structure class III: AI ≤ −0:03, D0 > 1:44, Δf ≥ 0:07,
and ΔαL ≥ 1:36.

Pore structure class IV: AI ≥ 0:24, Δf < −0:11, and ΔαL
≤ 1:27.

5. Conclusions

In this study, multifractal analysis was used to evaluate the
pore space in dolomite reservoirs. Then, the relationship
between the statistical multifractal characteristic parameters
and the physical properties of dolomite was analyzed. Finally,
the pore structure of dolomite was classified by K-means
clustering analysis with multifractal parameters. The conclu-
sions can be summarized as follows:

(1) The porosity and permeability of deep-buried dolo-
mite are closely related to the multifractal character-
istic parameters. There are strong correlations
between porosity, permeability, and multifractal
parameters, such as αmin, αmax, ΔαR, ΔαL, AI, and Δ
f . The porosity can be accurately predicted on the
basis of the multifractal generalized dimension, and
this provides a new method for porosity estimation
of dolomite reservoirs from thin section images

(2) Significant divergence in porosity, permeability, and
multifractal parameters has been found between
dolomites with different crystal sizes, since the rock
type and crystallization degree control the reservoir
performance and permeability of dolomite to a cer-
tain extent

(3) K-means clustering analysis of multifractal feature
parameters can be used for quantitative pore struc-
ture classification and precise reservoir evaluation.
The discrimination criteria for pore typing can be
expressed with AI, D0, Δf , and ΔαL
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