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(57) Abstract: A method of rock typing includes obtaining mercury injection
capillary pressure (MICP) data regarding a region of interest. A distance matrix
is computed for distributions determined from the MICP data using a statistical
distance metric. A cluster tree of the distributions is generated using the dis-
tance matrix. The cluster tree is adjusted based on a petrographic characteristic
to produce an adjusted cluster tree, which is used to determine a pore structure
types of the region of interest.
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SYSTEM AND METHOD OF TYPING HETEROGENEQOUS
RESERVOIR ROCKS

FIELD

[0001] The disclosure relates generally to the field of exploration and production of

hydrocarbons and to a method of reservoir rock classification.

BACKGROUND

[0002] High-pressure mercury injection capillary pressure (MICP) testing is routinely
used to evaluate core samples taken from heterogeneous reservoir rocks, such as carbonate
rocks. These heterogeneous reservoir rocks have complex pore systems that require proper
definition of the pore structure in order to obtain diagenetic history. MICP testing involves
immersing a core sample in a pressure-sealed chamber, increasing the pressure in the
chamber incrementally, and measuring the volume of mercury intruded into pore spaces
in the sample at each pressure step. Larger pore throats will be invaded by mercury at
lower pressures compared to smaller pore throats. The output data of MICP testing
typically includes a capillary pressure curve, known as MICP curve, showing sample pore
volume occupied by mercury as a function of increasing mercury intrusion pressure, and
pore throat radius distribution. Core samples with different pore systems will produce
different MICP curves and pore throat distributions, allowing MICP data to be used for

rock typing.

[0003] Workflows for rock typing with MICP data typically include automatic
clustering of MICP data to provide consistent rock typing results and mitigate the cognitive
biases during the typing process. Workflows for rock typing with MICP data can be
divided into two categories based on the differences in input to the clustering algorithms.
One category of workflows uses key parameters of MICP curves that bear some physical
meanings, such as entry pressure, pore throat aperture radii (R35) and pore throat sorting,
and others, as input to the clustering algorithm (Bize-Forest et al., 2014). The other
category of workflows develops mathematical models (e.g., bimodal Gaussian density
functions, Lorentzian model, and Thomeer model) to fit the MICP data, and then obtains
the fitting parameters as inputs for MICP clustering (Xu et al., 2013; Palavecino et al.,
2016).
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[0004] U.S. Patent No. 2016/0124115 (Theologou, et al., “A System and Method of
Pore Type Classification for Petrophysical Rock Typing”, 5 May 2016) describes a method
of classifying rocks that involves selecting core samples from a reservoir and using a MICP
device to acquire one or more datasets from the core samples. The method includes
parameterizing the one or more datasets using a Gaussian error function and the MICP
data to derive a plurality of curve fit parameters. The curve fit parameters are clustered to
create one or more pore type groups. The pore type groups are extrapolated to all of the
core samples and propagated to a well log domain for reservoir rock type classification.
The method described in U.S. Patent No. 2016/0124115 falls under the category of
workflows that develop a mathematical model to fit the MICP data and then obtain fitting
parameters for MICP clustering. This approach does not analyze MICP data directly and

may introduce bias and noise into the typing process.

SUMMARY

[0005] A method of rock typing includes obtaining MICP data regarding a region of
interest, determining a plurality of distributions from the MICP data, constructing a
distance matrix for the plurality of distributions using a statistical distance metric,
generating a cluster tree of the plurality of distributions, adjusting the cluster tree based on
a petrographic characteristic to produce an adjusted cluster tree, and determining pore
structure types of the region of interest using the adjusted cluster tree. The statistical
distance metric may be Wasserstein Distance. The cluster tree may be generated by
hierarchical agglomerative clustering. The petrographic characteristic may be a number of
rock types represented in the region of interest. The petrographic characteristic may be
received as input. The adjusted cluster tree may be produced by partitioning the cluster
tree to produce a number of clusters that matches the number of rock types. The plurality
of distributions may be MICP curves. Alternatively, the plurality of distributions may be
pore throat distributions. The adjusted cluster tree may be outputted to a well-log-based
rock typing. The region of interest may be a carbonate reservoir. A plurality of core
samples may be selected from the region of interest, and the MICP data may be acquired
from the plurality of core samples using a MICP measurement device. A non-transitory
computer-readable medium may include one or more sequences of instructions that when

executed by at least one processor perform the method.
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[0006] A method of rock typing includes selecting a plurality of core samples from a
region of interest, acquiring MICP data from MICP testing of the plurality of core samples,
obtaining a plurality of mercury saturation as a function of mercury injection pressure
curves (MICP curves) from the MICP data, computing a distance matrix for the MICP
curves using Wasserstein distance as a distance metric, generating a cluster tree of the
MICP curves, extracting a number & of clusters from the cluster tree based on a number of
rock types represented in the region of interest, wherein £ > 1 and k£ is an integer, and
outputting the clusters to a well-log-based rock typing to classify pore structure types of
the region of interest. The method may include performing a petrographic analysis of the
plurality of core samples to identify a number m of depositional rock types represented in
the region of interest, wherein the number £ matches the number m. The cluster may be
generated by hierarchical agglomerative clustering. A non-transitory computer-readable
medium may include one or more sequences of instructions that when executed by at least

one processor perform the method.

[0007] A non-transitory computer-readable medium includes one or more sequences
of instructions that when executed by at least one processor cause the at least one processor
to: obtain MICP data regarding a region of interest, determine a plurality of distributions
from the MICP data, compute a distance matrix for the plurality of distributions using a
statistical distance metric, generate a cluster tree of the plurality of distributions using the
distance matrix, adjust the cluster tree based on a petrographic characteristic to produce an
adjusted cluster tree, and determine pore structure types of the region of interest based on
the adjusted cluster tree. The at least one processor may compute the distance matrix for
the plurality of distributions using Wasserstein Distance as the statistical distance metric.
The at least one processor may generate the cluster tree of the plurality of distributions
using the distance matrix and hierarchical agglomerative clustering. The at least one
processor may receive a number of rock types represented in the region of interest as the
petrographic characteristic. The at least one processor may output the adjusted tree to a

well-log-based rock typing.

[0008] The foregoing general description and the following detailed description are
exemplary of the invention and are intended to provide an overview or framework for
understanding the nature of the invention as it is claimed. The accompanying drawings are
included to provide further understanding of the invention and are incorporated in and

constitute a part of the specification. The drawings illustrate various embodiments of the
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invention and together with the description serve to explain the principles and operation

of the invention.

BRIEF DESCRIPTION OF DRAWINGS

[0009] The following is a description of the figures in the accompanying drawings. In
the drawings, identical reference numbers identify similar elements or acts. The sizes and
relative positions of elements in the drawings are not necessarily drawn to scale. For
example, the shapes of various elements and angles are not necessarily drawn to scale, and
some of these elements may be arbitrarily enlarged and positioned to improve drawing
legibility. Further, the particular shapes of the elements as drawn are not necessarily
intended to convey any information regarding the actual shape of the particular elements

and have been solely selected for ease of recognition in the drawing.

[0010] FIG. 1 is a schematic diagram of a rock typing system according to one

illustrative implementation.

[0011] FIG. 2 is flow diagram showing a method of rock typing according to one

illustrative implementation.
[0012] FIG. 3 is a plot of a MICP curve obtained by MICP testing of a rock sample.

[0013] FIG. 4 is a plot of pore throat distribution corresponding to the MICP curve
shown in FIG. 3.

[0014] FIGS. 5A-5D illustrate a process of hierarchical agglomerative clustering.
[0015] FIG. 6 illustrates cutting of a cluster tree.

[0016] FIG. 7 is a flow diagram showing a method of rocking typing according to

another illustrative implementation.

[0017] FIG. 8 is a plot of MICP curves obtained by MICP testing of core samples

according to one example.

[0018] FIG. 9 is a plot of pore throat distributions corresponding to the MICP curves
shown in FIG. 8.

[0019] FIGS. 10A-10C show clusters produced by applying the method of FIG. 2 to a

selection of core samples.
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DETAILED DESCRIPTION

[0020] In the following detailed description, certain specific details are set forth in
order to provide a thorough understanding of various disclosed implementations and
embodiments. However, one skilled in the relevant art will recognize that implementations
and embodiments may be practiced without one or more of these specific details, or with
other methods, components, materials, and so forth. In other instances, well known
features or processes associated with the hydrocarbon production systems have not been
shown or described in detail to avoid unnecessarily obscuring descriptions of the
implementations and embodiments. For the sake of continuity, and in the interest of
conciseness, same or similar reference characters may be used for same or similar objects

in multiple figures.

[0021] FIG. 1 is a schematic diagram of a rock typing system 100 according to one
illustrative implementation. System 100 may include a processor 110 and a pore structure
analysis toolbox (PSAT) 120 having instructions to be executed by processor 110. PSAT
120 may be stored in storage 130 and loaded into memory 140 for execution by processor
110. In one implementation, PSAT 120 includes PSAT logic 122, statistical distance tool
124, hierarchical cluster tool 126, and cluster tree partition tool 128. PSAT logic 122
manages the overall operation of PSAT 120. Statistical distance tool 124 includes logic to
compute a distance matrix from mercury injection capillary pressure (MICP) data.
Hierarchical cluster tool 126 includes logic to compose a cluster tree of the MICP data
based on the distance matrix. Cluster tree partition tool 128 includes logic to partition the
cluster tree into a desired number of clusters. During execution of PSAT 120, processor
110 receives or obtains the MICP data and a petrographic characteristic that guides
partitioning of the cluster tree. Each MICP data cluster corresponds to a pore structure
type. Processor 110 may provide the MICP data clusters to another process, e.g., a well-
log-based rock typing, or to a reservoir modeling system. PSAT 120 provides a quick
solution for pore structure parameter estimation and may be incorporated as a component

of an integrated rock typing workflow for characterizing complex reservoirs.

[0022] Processor 110 may be any machine that performs computational operations. For
example, processor may be a central processing unit (CPU), a microprocessor, a controller,
an application specific integrated circuit (ASIC), system on chip (SOC), or a field-
programmable gate array (FPGA). Each of storage 130 and memory 140 may be a non-
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transitory computer-readable storage medium that stores data and instructions and may
include one or more of random-access memory (RAM), read-only memory (ROM), Flash
memory, solid state drive, or other processor-readable storage medium. System 100 may
include a display 150. A user interface of PSAT 120 may be presented on display 150
during execution of PSAT 120. System 100 may include input device(s) 160, such as a
keyboard and mouse, to enable user interaction with a user interface presented on display
150. System 100 may include a communication interface 170 for connection to a network.
System 100 may be a standalone system or may be a node on a network. In one example,
system 100 may be implemented in a mobile laboratory. In another example, PSAT 120
may be stored in the cloud and accessed remotely from a computer. In this case, at least a

portion of the instructions of PSAT 120 may be executed by a remote processor.

[0023] FIG. 2 is a flow diagram illustrating one implementation of a method of rock
typing with PSAT (120 in FIG. 1). At 200, core samples from a region of interest are
selected. Rock samples may be obtained from a wellbore by drilling the sides of the
wellbore at the region of interest using a core bit. The region of interest may include a
reservoir. The region of interest may include a carbonate reservoir. The rock samples are
divided into sections, each of which provides a core sample. In some cases, the core
samples may be cylindrical in shape, i.e., core plugs. However, the method is not limited
to any particular shape of core sample. Practicing the method with PSAT and PSAT logic
(122 in FIG. 1) may include the processor (110 in FIG. 1) receiving the selection of core
samples. For example, a core sample dataset may describe the selection of core samples.
The processor may receive the core sample dataset or may receive a memory location of
the core sample dataset. In the latter case, the processor may retrieve the core sample
dataset from the specified memory location. Alternatively, the processor may present a list
of core sample datasets stored in one or more repositories on the display (150 in FIG. 1),
a user may select a core sample dataset from the core sample dataset list, and the processor

may receive the user selection of the core sample dataset.

[0024] At 210, a ‘petrographic characteristic’ of the region of interest is obtained. The
petrographic characteristic is a characteristic of the region of interest based on petrographic
analysis or observation of rock samples obtained from the region of interest. In one
implementation, the petrographic characteristic of the region of interest is the number of
depositional rock types represented in the region of interest. Depositional rock types may

be based on deposition texture (e.g., grain/matrix ratio) and pore type. In one example,
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obtaining a petrographic characteristic of the region of interest may include preparing thin
sections of core samples obtained from rocks in the region of interest. In one
implementation, the core samples involved in the petrographic analysis are the same as the
core samples selected at 210 or share parent rock samples with the core samples selected
at 210. With the aid of a petrographic microscope or other petrographic analysis tool, the
rocks and minerals present in the thin sections are identified and used to determine the
number of depositional rock types. Practicing the method with PSAT (120 in FIG. 1) and
PSAT logic (122 in FIG. 1) may include the processor (110 in FIG. 1) obtaining the
petrographic characteristic from a specified memory location or receiving the petrographic

characteristic as input.

[0025] At 220, MICP datasets (collectively, MICP data) for the selected core samples
are obtained. The MICP datasets may be obtained by performing MICP tests on the
selected core samples. Practicing the method with PSAT (120 in FIG. 1) and PSAT logic
(122 in FIG. 1) may include the processor (110 in FIG. 1) obtaining MICP data acquired
by performing MICP tests on the selected core samples. MICP tests are made on core
samples with a mercury intrusion porosimeter or other MICP measurement device. In
general, each MICP test includes immersing a respective core sample in a pressure-sealed
chamber, increasing the pressure in the chamber in steps, and measuring the volume of
mercury intruded into pore spaces in the sample at each pressure step. The pressure steps
may be logarithmically-spaced steps. In a non-limiting example, injection pressures can
range from approximately 1 psi to 60,000 psi during the tests, which would allow detection

of pore throat sizes in the nanometer range.

[0026] MICP dataset for each core sample includes mercury intrusion data for each
pressure step. A MICP curve for each core sample can be generated by fitting a curve to
the MICP dataset. Typically, MICP curve is expressed as non-wetting phase saturation
(sample pore volume occupied by mercury) as a function of mercury injection pressure
(capillary pressure) on a semi-log plot. FIG. 3 shows an example of a MICP curve. For the
core sample whose MICP curve is shown in FIG. 3, it can be observed that non-wetting
phase saturation is at 0% until pressure is at about 10 psi. After 10 psi, non-wetting phase
saturation starts to increase from 0%. The pressure at which mercury starts to intrude into
the largest pore throats in a sample, which is when non-wetting phase saturation starts to
increase from 0%, is known as the ‘closure pressure’. In the example shown in FIG. 3, the

closure pressure is about 10 psi, but the closure pressure will vary among core samples.
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[0027] Pore throat distribution curve shows pore throat radius as a function of
incremental mercury intrusion. Pore throat radius is not part of the MICP raw data.
However, the external pressure required to force a non-wetting liquid, such as mercury,
into a pore is inversely related to the pore radius. Thus, pore throat radius may be

calculated, for example, using Washburn’s equation (Washburn, 1921):

Pc — 20cos@ )

r

[0028] In Equation (1), P. is the capillary pressure, ¢ is the interfacial tension of
mercury, 0 is the contact angle between mercury and the pore surface, expressing
wettability, and r is the capillary radius (or pore throat radius). For illustrative purposes,
FIG. 4 shows a pore throat distribution curve corresponding to the MICP curve shown in

FIG. 3.

[0029] Returning to FIG. 2, at 230, MICP curves obtained from the MICP datasets are
selected as rock objects to be grouped into clusters. Practicing the method with PSAT (120
in FIG. 1) and PSAT logic (122 in FIG. 1) may include the processor (110 in FIG. 1)
extracting the MICP curves from the MICP data.

[0030] At 240, the MICP curves are preprocessed. Practicing the method with PSAT
(120 in FIG. 1) and PSAT logic (122 in FIG. 1) may include the processor (110 in FIG. 1)
preprocessing the MICP curves. The MICP curves may be preprocessed by applying a
closure correction to each MICP curve. A closure correction removes mercury intrusion
data up to the closure pressure from the MICP curve. For example, in FIG. 3, the data
corresponding to 0% non-wetting phase saturation may be removed from the MICP curve.
The MICP curves may be preprocessed by applying a smoothing function to each MICP
curve. The MICP curves may be preprocessed by resampling the MICP curves so that all
the MICP curves will have the same non-wetting phase saturation axis, i.e., non-wetting

phase saturation is distributed from O to 100 with the same sampling interval.

[0031] Returning to FIG. 2, at 250, a distance matrix is computed for the MICP curves.
Practicing the method with PSAT (120 in FIG. 1) and statistical distance tool (124 in FIG.
1) may include the processor (110 in FIG. 1) computing the distance matrix. A distance
matrix is a square matrix containing the distances, taken pairwise, between the elements
of a set. In this case, there is a set of MICP curves, each MICP curve in the set associated

with one of the selected core samples. The computed distance matrix contains distances,
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taken pairwise, between the MICP curves. If there are N selected core samples, there will
be N MICP curves in the set, and a distance matrix of size N x N. The distance between
paired MICP curves is given by a statistical distance metric. In one example, the statistical
distance metric used in computing the distance matrix is Wasserstein distance. Other
examples of statistical distance metric include, but are not limited to, total variation

distance and Kolmogorov-Smirnov distance.

[0032] Wasserstein distance (WD), also called Kantorovich-Monge-Rubinstein metric
or Earth Mover’s distance, is a distance function that is defined between two probability
distributions on a metric space (Rubner et al., 2000; Ramdas et al., 2017). WD measures
the minimum amount of work required to change one distribution into the other.

Computing WD is itself an optimization problem.

[0033]  Let Po(x) and Py(y) represent two arbitrary discrete distributions. Suppose that
Po(x) and Py(y) describe the distribution of some mass. We try to find a transport plan
Y(x,y) that minimizes the total cost of transporting mass from Po(x) to Py«(y), or vice versa.

To be a valid transport plan, Y(x,y) is subject to the following constraints:
Sy y)dx) = B,(y) 2

Sy, y)d(y) = Pa(x) (3)

[0034] In this case, Y(x,y) is a joined probability distribution whose marginals are Ps(x)
and Py(y). With this, WD can be defined as follows:

WD(PQ; Py) = i‘l’lf Zx,y”x - y||}/(x, y) = i‘l’lf E(x,y)~y”x - y” 4
yen yem

[0035] In Equation (4), the total cost of moving x to y is denoted as ||x —y||. v
represents the transport plan, which is not unique. Equation (4) means that we calculate
the expectation of total cost under the optimal transport plan . In other words, we need to
find the optimal transport plan that minimizes the total cost of moving x to y. Equation (4)
is a constraint optimization problem and can be calculated using the generic method of
linear programming. If each MICP curve is treated as a distribution, then WD between
each pair of MICP curves can be calculated by solving Equation (4). These WDs are
recorded in the distance matrix computed at 250. The statistical distance tool (124 in FIG.
1) may be an algorithm that takes a set of distributions, in this case the set of MICP curves,

as input and computes the distance matrix as described above.
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For illustration purposes, let M be a set of six MICP curves labeled A to F.

Table 1 shows an example representation of a distance matrix for M.

TABLE 1
A B C D E F

A WD(AA) | WD(A,B) | WD(A,O) | WD(A.D) | WD(AE) | WD(AF)

B WD(B,A) | WD(B,B) | WD(B,C) | WD(B,.D) | WD(B,E) WD(B.F)

C WD(C,A) | WD(C,B) | WD(C,C) | WD(CD) |[WDED) | WD(C,F)

D WD(D,A) | WD(D,B) | WD(D,©) |WD(D,D) |WDDE) | WD(D,F)

E WD(E,A) WD(E,B) WD(E,C) WD(E.,D) WD(E,E) WD(E,F)

F WD(F,A) WD(F,B) WD(F,C) WD(F,D) WD(F.E) WD(F.F)
[0037] The distance between the same MICP curve should be 0. Thus, WD(,i) = O for
all i in M. Also, the distance between the same pair of MICP curves should be the same
regardless of the direction in which “mass” is transported between the MICP curves. Thus,
WD(,j) = WD(j,i) for all i,j in M. Thus, the distance matrix in Table 1 could be rewritten

as shown in Table 2.

TABLE 2

A B C D E F
A 0 WD(A,B) [ WD(A.,O) | WD(AD) | WD(ALE) | WD(AF)
B WD(AB) |0 WD(B,C) | WD(B,D) [WD(B.,E) | WD(B.F)
C WD(A,C) | WDB.C) |0 WD(C,.D) | WD(E.D) | WD(C,F)
D WD(A,D) | WD(B,D) [WDC.D) |0 WD(D.,E) | WD(D,F)
E WD(ALE) | WD(B.E) |[WD(CE) |WDDE) |0 WD(E,F)
F WD(AF) | WDB.F) | WDIC,F) | WDD,F) | WD(E.F) 0

10
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[0038] At 260 in FIG. 2, a cluster tree or dendrogram of the MICP curves is composed
using the distance matrix. Practicing the method with PSAT (120 in FIG. 1) and
hierarchical cluster tool (126 in FIG. 1) may include the processor (110 in FIG. 1)
receiving the distance matrix and MICP curves as input and composing the cluster tree. In
one implementation, hierarchical agglomerative clustering (HAC) is used to compose the
cluster tree. HAC is a type of bottom-up hierarchical clustering. The cluster tree has a
multilevel hierarchical structure. By considering each MICP curve as its own singleton
cluster, in an iterative process, the pairs of MICP curves with the highest similarity values
are identified and merged into groups. This process is repeated until all items have been
merged into one group. This is illustrated in FIGS. SA-5D. If the number of MICP datasets
is represented by xn and the number of clusters is represented by &, then the time complexity
of hierarchical algorithm is O(kn?). In this way, hierarchical clustering does not provide a

single clustering of the data, but provides n-1 clustering of the data.

[0039] At each step of HAC, the two clusters separated by the shortest distance are
combined. There are various methods of defining shortest distance (or cluster proximity),
such as single linkage, complete linkage, average linkage, and centroid linkage. In single-
linkage, clustering, also known as nearest neighbor clustering, the distance between two
clusters is defined as the shortest distance between a pair of objects, where the pair is made
up of one object from each cluster. In complete-linkage clustering, also known as farthest
neighbor clustering, the distance between two clusters is defined as the farthest distance
between a pair of objects, where the pair is made up of one object from each cluster. In
average-linkage clustering, the distance between two clusters is defined as the average of
the distances between all pairs of objects, where each pair is made up of one object from
each cluster. In centroid-linkage clustering, also known as Ward’s method, cluster

proximity is defined by the distance between the centroids of two clusters.

[0040] Assume that before a first clustering step the distance matrix is as shown in
Table 2. Further assume, for illustrative purposes, that a first clustering step is performed
as shown in FIGS. SA(1) and 5A(2). In the example of FIGS. SA(1) and 5A(2), clusters A
and B are merged into a single cluster (A, B), and clusters C and D are merged into a single
cluster (C, D). The active clusters after the first clustering step are (A,B), E, (C,D), and F.
After this first clustering step, the distance matrix will be updated. Table 3 shows an update
to the distance matrix based on single-linkage clustering. (Single-linkage clustering has

been selected for ease of illustration. However, other methods of clustering may be used

11
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to update the distance matrix. In some cases, these other methods, such as average-linkage
clustering and Ward’s method, may be preferred to avoid elongated clusters commonly

produced by single-linkage clustering.)

TABLE 3
(A.B) (C.D) E F
AB) |0 min(WD(A.C), min(WD(A.E), min(WD(A.F),
WD(A.D), WD(B.E)) WD(B.F))
WD(B.C).
WD(B.D))

(CD) | min(WD(A.C), |0 min(WD(C.E), min(WD(C.F),
WD(A.D), WD(D,E)) WD(D,F))
WD(B.C),

WD(B.D))

E min(WD(A.E). | min(WD(C.E), 0 WD(E.F)
WD(B.E)) WD(D.E))

F min(WD(AF) | min(WD(C.F), WD(E.F) 0
WD(B.F)) WD(D.F))

[0041] Using the updated distance maltrix, a second clustering step can be performed.
For illustrative purposes, FIGS. 5B(1) and 5B(2) show that clusters (A,B) and E are
merged into a single cluster ((A,B), E). The active clusters after the second clustering step
are ((A,B), E), (C,D), and F. Again, the distance matrix can be updated for the next
clustering step. The clustering algorithm runs until all the clusters have been merged into

a single cluster, as illustrated in FIGS. SD(1) and 5D(2).

[0042] At 270, the cluster tree obtained at 260 is partitioned to obtain a number £ > 1
of clusters. In one implementation, the number of clusters is determined by the
petrographic characteristic obtained at 210. In one implementation, the petrographic
characteristic indicates the number of depositional rock types represented in the MICP

data. Practicing the method with PSAT (120 in FIG. 1) and cluster tree partition tool (128

12
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in FIG. 1) may include the processor (110 in FIG. 1) receiving the cluster tree and the
petrographic characteristic as input and outputting the number of clusters that match the
number of depositional rock types. Partitioning can be visualized as cutting the cluster tree
at a certain height (corresponding to a similarity threshold) to produce the desired number
of clusters. For example, FIG. 6 shows a cut line 272 to produce three clusters from the
cluster tree previously shown in FIG. 5D(2). The resulting clusters would be ((A,B),E),
(C,D), and F. Partitioning can be accomplished with statistical computing tools such as R
(RDocumentation, www.rdocumentation.org). For example, R has a function cutree(tree,
k = NULL, h = NULL), where tree is a cluster tree, k is an integer scalar or vector with
the desired number of groups, and h is a numeric scalar or vector with heights where the
tree should be cut. At least one of k and h must be specified. This function can be called
with a cluster tree and the petrographic characteristic as the desired number of groups.
Alternatively, a plot of the cluster tree could be generated (as shown in FIG. 6), and a
height at which the tree should be cut can be determined from the plot. Then, the function

can be called with a cluster tree and a height.

[0043] Returning to FIG. 2, at 280, the clusters produced at 270 are outputted.
Practicing the method with PSAT (120 in FIG. 1) may include the processor (110 in FIG.
1) receiving the clusters from the cluster tree partition tool (128 in FIG. 1) and outputting
the clusters. The clusters may be displayed, stored, or provided to another program. Each
cluster represents a MICP type. The MICP types reveal pore structure types. Thus, the
clusters can be used to determine pore structure types in the region of interest. The clusters
may be provided as input to a well-log-based rock typing, which then uses the clusters to
provide distributions of rock types that are suitable for reservoir modeling and simulation.
Well-log-based rock typing refers to classification of rock types in the reservoir based on
petrophysical, elastic, and compositional properties provided by well log data (e.g.,
compressional and shear-wave slowness, density, neutron, and nuclear magnetic
resonance). The MICP based rock typing results can be used as calibration points of well
log scale rock typing. In other words, the MICP based rock types are used as ground truth
for well-log-based rock typing. Both MICP based rock typing and well-log-based rock
typing can be part of an integrated rock-typing workflow for characterizing complex

rESErvoilrs.

[0044] The method of rock typing of FIG. 2 has been described with respect to

clustering MICP curves. In another implementation, pore throat distributions may be

13



WO 2021/201892 PCT/US2020/031807

clustered instead of MICP curves. FIG. 7 shows the method of FIG. 2 modified for
clustering of pore throat distributions. That is, at 23(', pore throat distributions are selected
as objects to be grouped into clusters; at 240", pore throat distributions obtained from the
MICP datasets may be preprocessed; at 250', a distance matrix may be computed for the
pore throat distributions, and computation of the distance matrix may be based on WD or
other statistical distance metric; and at 260', a cluster tree of pore throat distributions may
be composed using the distance matrix. 200, 210, 270, and 280 in FIG. 7 may be the same
as in FIG. 2. In general, any distribution measures that may be derived from MICP data

may be clustered by the method described in FIG. 2.
[0045] EXAMPLE 1: Twenty-one core samples were selected.

[0046] EXAMPLE 2: Petrographic analysis was performed on the core samples of
Example 1. The analysis revealed carbonate rocks composed of grainstone, mud-lean
packstone, packstone, wackestone, and mudstone. Three reservoir rock types were
identified. Type I rock type had a grain-supported texture with or without micritic matrix
and intergranular pore domination. Type II rock type was dominated by packstones with
significant amounts of matrix (poorly peloids and ooids were the major grain types) and
intergranular pore domination. Type III rock type was composed of compositionally

micritic mud-dominated wackestone and mudstone with dissolution pores.

[0047] EXAMPLE 3: A method of rock typing according to 210 to 280 in FIG. 2 was
performed on the core samples of Example 1. FIGS. 8 and 9 show the MICP curves and
corresponding pore throat distributions, respectively. The petrographic characteristic was
three based on the number of rock types identified in Example 2. Three clusters were
outputted. FIGS. 10A-10C show pore throat distributions for the three clusters C1, C2, C3
and corresponding grain structures. Cluster C1 rocks (in FIG. 10A) had the largest pore
throat with a major peak at approximately 10 ium, which is consistent with the fact that the
pore space is dominated by large intergranular pores. In Cluster C2 (in FIG. 10B), much
of the intergranular space was filled with matrix and fine-sized grains, which makes
Cluster C2 rocks contain less visible open pores in comparison with Cluster C1 rocks. This
feature was also validated by the MICP derived pore throat distribution. The major peak
of Cluster C2 rocks was at approximately 1 um. In contrast to the rocks of Cluster C1 and
Cluster C2, the visible open pores in Cluster C3 rocks (in FIG. 10C) are minor and most

of them originate mainly from dissolution of existing grains. The MICP derived pore throat
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distribution exhibited a narrow range, and the major peak was approximately 0.5 im. The
results show consistency between the clusters outputted by the method and the rock types

identified in Example 2.

[0048] While the invention has been described with respect to a limited number of
embodiments, those skilled in the art, having the benefit of this disclosure, will appreciate
that other embodiments can be devised that do not depart from the scope of the invention
as described herein. Accordingly, the scope of the invention should be limited only by the

accompanying claims.
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CLAIMS

What is claimed is:

1. A method of rock typing comprising:

obtaining, by a computer processor, mercury injection capillary pressure
(MICP) data regarding a region of interest;

determining, by the computer processor, a plurality of distributions from the
MICP data;

computing, by the computer processor, a distance matrix for the plurality of
distributions using a statistical distance metric;

generating, by the computer processor and using the distance matrix, a
cluster tree of the plurality of distributions;

adjusting, by the computer processor, the cluster tree based on a
petrographic characteristic to produce an adjusted cluster tree; and

determining pore structure types of the region of interest based on the

adjusted cluster tree.

2. The method of claim 1, wherein the statistical distance metric is Wasserstein
Distance.
3. The method of any preceding claim, wherein generating, by the computer processor

and using the distance matrix, a cluster tree of the plurality of distributions

comprises generating the cluster tree by hierarchical agglomerative clustering.

4. The method of any preceding claim, wherein the petrographic characteristic

comprises a number of rock types represented in the region of interest.

5. The method of claim 4, further comprising receiving the petrographic characteristic
as input.
6. The method of claim 4 or claim 5, wherein adjusting, by the computer processor,

the cluster tree based on the petrographic characteristic to produce the adjusted
cluster tree comprises partitioning the cluster tree to produce a number of clusters

that matches the number of rock types.
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10.

11.

12.

13.

The method of any preceding claim, wherein the plurality of distributions are MICP

curves.

The method of any preceding claim, wherein the plurality of distributions are pore

throat distributions.

The method of any preceding claim, further comprising outputting, by the computer

processor, the adjusted cluster tree to a well-log-based rock typing.

The method of any preceding claim, wherein the region of interest comprises a

carbonate reservoir.

The method of any preceding claim, further comprising selecting a plurality of core
samples from the region of interest and acquiring the MICP data from the plurality

of core samples using a MICP measurement device.

A method of rock typing comprising:

selecting a plurality of core samples from a region of interest;

acquiring mercury injection capillary pressure (MICP) data from MICP
testing of the plurality of core samples;

obtaining a plurality of mercury saturation as a function of mercury injection
pressure curves (MICP curves) from the MICP data;

computing a distance matrix for the MICP curves using Wasserstein
distance as a distance meltric;

generating a cluster tree of the MICP curves;

extracting a number & of clusters from the cluster tree based on a number of
rock types represented in the region of interest, wherein k£ > 1; and

outputting the clusters to a well-log-based rock typing to classify pore

structure types of the region of interest.

The method of claim 12, further comprising performing a petrographic analysis of
the plurality of core samples to identify a number m of rock types represented in

the region of interest, wherein the number & matches the number .
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14.

15.

16.

17.

18.

19.

The method of claim 12 or claim 13, wherein generating the cluster tree of the
MICP curves comprises generating the cluster tree by hierarchical agglomerative

clustering.

A non-transitory computer-readable medium including one or more sequences of
instructions that when executed by at least one processor to perform the method

recited in any of claims 12 to 14.

A non-transitory computer-readable medium including one or more sequences of
instructions that when executed by at least one processor cause the at least one
processor to:

obtain mercury injection capillary pressure (MICP) data regarding a region
of interest;

determine a plurality of distributions from the MICP data;

compute a distance matrix for the plurality of distributions using a statistical
distance metric;

generate a cluster tree of the plurality of distributions using the distance
matrix;

adjust the cluster tree based on a petrographic characteristic to produce an
adjusted cluster tree; and

determine pore structure types of the region of interest based on the adjusted

cluster tree.

The non-transitory computer-readable medium of claim 16, wherein the at least one
processor computes the distance matrix for the plurality of distributions using

Wasserstein Distance as the statistical distance metric.

The non-transitory computer-readable medium of claim 16 or claim 17, wherein
the at least one processor generates the cluster tree of the plurality of distributions

using the distance matrix and hierarchical agglomerative clustering.

The non-transitory computer-readable medium of any one of claims 16 to claim 18,
wherein the at least one processor receives a number of rock types represented in

the region of interest as the petrographic characteristic.
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20. The non-transitory computer-readable medium of any one of claims 16 to 19,
further comprising the at least one computer processor outputting the adjusted tree

to a well-log-based rock typing.

19



WO 2021/201892

PROCESSOR

PCT/US2020/031807

MEMORY
140

mmmmmmmmmmmmmmmmmmmmmm

PSAT LOGIC
142

| STATISTICAL !
| DISTANCETOOL |
: 124 ;

| HIERARCHICAL !
| CLUSTERTOOL |
: 126 ;

i i
i  CLUSTER TREE |
{  PARTITION TOOL
i i
i i
i i

4]

FIG. 1

DISPLAY

INPUT DEVICE(S)

COMMUNICATION
INTERFACE
170




PCT/US2020/031807

WO 2021/201892

2/8

¢ Dl

m anN3 v

8¢ —

siseno inding

0Lg—

sisuEIoeEyD aydeiboied
Buish Si81SNi0 OJU 28J4} J81SN|D UsIEd

08—

Xuiew asueisip buisn
SBAIND dOIA 1O 8841 J818N|D 8sodion

&g

SBAIND
AOMA BUL 0} XUIEW S0URISID a1nduion

SIZSEIED JOIN 24Ul WOk
DBUIBIGO SBAIND 4O S5900.084d

- Q0re

181D 01U padnoib ag
01 $12iQ0 SR SeAIND 4D 109198

it 574

saidies 2400
P8102(8s 2] 10f SISSEIBD 401N UBIGD

(¢33

S|IdWES 8100 PB109I9S aul i0
ansusoeieyd oiydeiboned B uBIQO

01

sejduies 3400 108198

0032

ﬁ
m NID3d \u




WO 2021/201892 PCT/US2020/031807

3/8

10°

10° K

Pressure
2

10°

1-1
O100 9 80 70 60 50 40 30 20 10 O

Non-Wetting Phase Saturation (%)

FIG. 3
0.07
0.06
D
8
& 0.05
et
[«
o
32 004
=]
=
= 0.03 {
s f i
s 002 —
£ - /
0.01 -
\
0 N\
10° 10” 10 10° 10' 10° 10°
Pore Throat Radius (um)
FIG. 4

SUBSTITUTE SHEET (RULE 26)



PCT/US2020/031807

WO 2021/201892

5/8

(2)as oid
4 3 O 3 8 v

A

Aepug

4

.

(2108 DI
o 3 8 v

A

Aepug

(2)as ol
g O

L

3

g v

Aepuis

(VS DI
4 g 2 3 8 ¥
L] L] A
92,
3
rm,
4
4



WO 2021/201892 5/8 PCT/US2020/031807

Similarity
|
—




PCT/US2020/031807

WO 2021/201892

6/8

L Ol

m OnNd u

SIPSEIED JON 2Ul WOl paueiqo
SUCINGUISID 180Ul 240d ssso0udsaid

- 0ve

08¢ —1

Se18nN0 IndinG

SI21SND Ol padnesb ag 01 s128igo
SE SUCHNQLISID 1e0iU] aiod 10818g

—0td

08—

aususioeieys sudeibosed
BUISN SJ9ISNID OlUl 881 191SNI0 usiled

sajdwes 2400
pe10sias syl J0} Slaselel dUOiW uieldqo

—02¢

_G@Ni.l.snn

XUTBW SOoUBISID BuIsn SucHNguIsSIp
1204 240d JO 8241 J818niD 8sodion

Sadues 2400 PBIJB|8s 8L Jo
snsusoeeys oydesboned e welqo

—0lc

052 —

SUOHNGLISID 1RO}
ai0d 8y} JO} Xuew souBIsID andwion

sajduies si0D 10818S

—00¢

w
m NIO3d u




WO 2021/201892

PCT/US2020/031807

//8

.7

Pressure
2,

100 90

80 70 60 50 40 30 20 10 0
Non-Wetting Phase Saturation (%)

FIG. 8

Incremental Intruded Pore Space

=Rl eNolelolo o]
OIS N ORGSO N® O

I
'
-
i 8
n
H
I A
i/‘" }
] (S | /
.'l Yy %
F 7\
l' I‘. Il %
/. L % ..
w7 A
4 TP R A 18] ;
oz . . X NS vy \Y
P X W
o N TETRA S > Wi
f Al e ‘4 P\l e ¥ A\
1D 4"“=5-S§:% At oL
-3 2 -1 0 1 2 3
10 10 10 10 10 10 10

Pore Throat Radius (um)

FIG.9

SUBSTITUTE SHEET (RULE 26)



U7

WO 2021/201892

y

07
W) ;’

1)

ng)
77}
R YCR
S

C

%)

W
Kl ‘

Q)
S
'S
S

AT
A
0
0},0
N
7

D
tas
(R

=g

N

(12

(-}
Px
-
K
(]

7
-
(A

=]
%
(A

_(
1IN

EINC AR TN LW
;}‘ PABETE Y

s)m \Xe ’3&;'\.}””‘3 'S

2

Nealoplle
AR

el 400um M 1001000 10100

PCT/US2020/031807

3/8

0.06

| Wem
==

0.05 e e e e

g

0.04

777777777777777 8l 7777;"‘5 77 E” I
Yy AWy 3
A Fi'n 74V (AW 0E
0.02 SLAMALNAL
75 girary e it
001 PRy 2 i 4 KLY
. Z A L N
w=rS N
e e . NS

Incremental Intruded Pore Space

10° 10' 10°
Pore Throat Radius (.um)

FIG. 10A

0
10° 10

0.1

0.08 |

0.06 o)
0.04 y A '
0.02 SreZect N

= | YL Y

Ll H L

Incremental Intruded Pore Space

0
10° 10° 10" 10° 10' 10°
Pore Throat Radius (.um)

FIG. 10B

Pore Throat Radius (um)

FIG. 10C

SUBSTITUTE SHEET (RULE 26)

] 8

<

= ™~
U) \
{ = 0.08

o- /

=4 /

E 0.06 3

= 7\

=004 [11/' 7

£ 00 AR
| @ U. \3
3 g 2 l "_\‘\

g 0 i h |



INTERNATIONAL SEARCH REPORT

International application No

PCT/US2020/031807

A. CLASSIFICATION OF SUBJECT MATTER

INV. GOIN15/08 GOIN33/24
ADD.

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

GOIN

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

EPO-Internal, WPI Data

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™ | Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

X WANG XIDONG ET AL: "Improved pore
structure prediction based on MICP with a
data mining and machine learning system
approach in Mesozoic strata of Gaoging
field, Jiyang depression",

JOURNAL OF PETROLEUM SCIENCE AND
ENGINEERING, ELSEVIER, AMSTERDAM, NL,

1-20

362-393, XP085507478,

ISSN: 0920-4105, DOI:
10.1016/J.PETROL.2018.07.057
sections 3.1, 3.3 and 3.5

vol. 171, 24 July 2018 (2018-07-24), pages

Further documents are listed in the continuation of Box C.

D See patent family annex.

* Special categories of cited documents :

"A" document defining the general state of the art which is not considered
to be of particular relevance

"E" earlier application or patent but published on or after the international
filing date

"L" document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

"O" document referring to an oral disclosure, use, exhibition or other
means

"P" document published prior to the international filing date but later than
the priority date claimed

"T" later document published after the international filing date or priority
date and not in conflict with the application but cited to understand
the principle or theory underlying the invention

"X" document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive
step when the document is taken alone

"Y" document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

"&" document member of the same patent family

Date of the actual completion of the international search

15 December 2020

Date of mailing of the international search report

13/01/2021

Name and mailing address of the ISA/

European Patent Office, P.B. 5818 Patentlaan 2
NL - 2280 HV Rijswijk

Tel. (+31-70) 340-2040,

Fax: (+31-70) 340-3016

Authorized officer

Liefrink, Feike

Form PCT/ISA/210 (second sheet) (April 2005)

page 1 of 2




INTERNATIONAL SEARCH REPORT

International application No

PCT/US2020/031807

C(Continuation). DOCUMENTS CONSIDERED TO BE RELEVANT

Category™ | Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

A WANG RUYI ET AL: "Grid density
overlapping hierarchical algorithm for
clustering of carbonate reservoir rock
types: A case from Mishrif Formation of
West Qurna-1 oilfield, Iraq",

JOURNAL OF PETROLEUM SCIENCE AND
ENGINEERING, ELSEVIER, AMSTERDAM, NL,
vol. 182, 27 June 2019 (2019-06-27),
XP085772672,

ISSN: 0920-4105, DOI:
10.1016/J.PETROL.2019.106209

the whole document

1-20

Form PCT/ISA/210 (continuation of second sheet) (April 2005)

page 2 of 2




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - claims
	Page 19 - claims
	Page 20 - claims
	Page 21 - claims
	Page 22 - drawings
	Page 23 - drawings
	Page 24 - drawings
	Page 25 - drawings
	Page 26 - drawings
	Page 27 - drawings
	Page 28 - drawings
	Page 29 - drawings
	Page 30 - wo-search-report
	Page 31 - wo-search-report

