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ABSTRACT

Commonly used carbonate rock-typing methods estimate statis-
tical relationships between geological parameters and the core-
to-log domain and distribute the resulting petrophysical rock
types in reservoirs, with spatial guidance from depositional con-
cepts. This approach is based on the paradigm that there are
statistically meaningful relationships between lithofacies and
rock properties. We challenge this paradigm by introducing a
petrophysical rock-typing method that is unbiased by sedimen-
tological concepts. The advanced rock-typing method presented
in this paper combines electrofacies, pore types from core and
logs, and statistically relevant depositional attributes to define
highly predictable petrophysical rock types. Spatial rules are
derived from the determination of petrophysical categories in well
domains or via distribution in porosity cubes from seismic data.

We present the implementation of this workflow in four case
studies representing marine and lacustrine carbonates in green to
mature field development settings from the Middle East, Brazil,
and Angola. Our results unanimously show late burial diagenesis
as the primary process correlating with petrophysical properties
relevant to reservoir characterization in both core and log
domains; early and shallow diagenesis has a minor correlation,
whereas lithofacies show negligible correlation. This indicates that
diagenetic modification should be used as a primary driver for
populating reservoir quality parameters in space, whereas sedi-
mentary lithofacies and their distribution are virtually irrelevant.

Advanced rock-typing provides a systematic approach to
defining petrophysical rock categories and the spatial trends that
underpin reservoir behaviors and can be applied in exploration,
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development, and production of reservoirs of both marine and
continental carbonate formations.

INTRODUCTION

Carbonate reservoirs, marine and continental, account for more
than 60% of the world’s petroleum resources. They display highly
heterogenous properties so that the knowledge base and forecast-
ing capability lags behind that of the more predictable siliciclastic
reservoirs (e.g., Burchette, 2012). This is due principally to
the metastable mineralogy of carbonate rocks; calcite, aragonite,
dolomite, and other carbonate minerals are constantly subject to
dissolution, replacement, and precipitation from the time of sedi-
mentation, through shallow burial to deep burial and then uplift.
Therefore, carbonate pore systems are complex, multiscale, and
multimodal (matrix, vugs, and fractures) and rarely resemble
those associated with their original lithofacies. Over the last few
decades, teams of petrophysicists, geologists, and reservoir engi-
neers have toiled to unravel such relationships through iterations
of carbonate rock-typing methods with variable success (see, for
example, Gomes et al., 2008; Rebelle et al., 2009; Zhao et al.,
2013; Aliakbardoust and Rahimpour-Bonab, 2013; Skalinski and
Kenter, 2013; Rebelle and Lalanne, 2014; Kadkhodaie and
Kadkhodaie, 2018; Turkey et al., 2018; Mohammadian et al.,
2022; Krivoshchekov et al., 2023).

The main challenge in rock typing is determining which geo-
logical attributes are driving reservoir parameters and, equally
important, their associated spatial and juxtaposition rules for
distribution in the “white” interwell space for static or direct
dynamic reservoir characterization. Traditionally, lithofacies attri-
butes such as depositional environment, mineralogy, and texture
have been utilized as primary controls because they resonate with
geologists’ knowledge and experience. In this approach, petrophysi-
cal parameters were mapped to depositional attributes, which pro-
vided spatial rules (e.g., Al Awadi et al., 2017; Jeong et al., 2017).

Manymature (brown field) reservoirs have extensive mercury
injection capillary porosimetry (MICP) data, which permit the
use of pore throat radius distributions (PTRDs) (e.g., Thomeer,
1983). Often, PTRDmodels are interpreted to contain a measure
of diagenetic influence that is nested in the primary controlling
depositional attributes or rock types (e.g., Gr€otsch et al., 1998;
Neo et al., 1998; Basioni et al., 2008; Lehmann et al., 2008; Rebelle
et al., 2009; Lawrence et al., 2010; Warrlich et al., 2011; Salahud-
din et al., 2016; Strecker and Ibrahim, 2017; de Ribet et al., 2018).
Clearly, this approach has unresolved limitations in quantitatively
defining the role of diagenetic modification to PTRDs and rock
types, and hence, predictability (e.g., Francesconi et al., 2009;
Skalinski et al., 2009).
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Hybrid models of depositional and diagenetic drivers also
exhibit mixed results for competing predictability in the log
domain and spatial juxtaposition since such drivers typically
crosscut and have very different spatial preferences (e.g., Skalinski
et al., 2009; Finlay et al., 2014; Saneifar et al., 2015; El Din et al.,
2018; Kumar et al., 2019) unless resolved by assigning separate
regions (controlled by stratigraphy and/or geometric domains)
in the reservoir model (e.g., Saneifar et al., 2015; Skalinski and
Kenter, 2015).

To address the above challenges in a more systematic and
comprehensive way, Skalinski and Kenter (2015) proposed a
workflow that first determines the reservoir type (RT; following
Ahr, 2006) to identify geological control (e.g., diagenetic versus
texture) and then builds rock types using a combination of pore
typing in the core-to-log domain, validated by dynamic data. This
approach was successfully applied by Saneifar et al. (2015). These
authors jointly investigated a total of four different carbonate
reservoirs and observed the generally limited influence of primary
lithofacies on the resulting petrophysical groupings and their
spatial distribution. Instead, they proposed late burial diagenetic
processes controlling most of the petrophysical variation and sug-
gested ways to capture the associated spatial trends and juxtaposi-
tion rules.

Recent work by Kenter et al. (2022) on core- and reservoir-
scale data sets seems to confirm this. A reverse engineering
approach on more than 380 reservoir zones of conventional
marine carbonate systems across stratigraphy and from different
geographic locations was used, and they observed that the rela-
tionship between petrophysics and depositional parameters is
weak at best, whereas diagenetic modification in the underlying
studies was noted by individual studies but largely ignored for its
complexity (Figure 1). A review of a large (>250,000 samples)
core-scale data set also failed to identify any statistically relevant
global control other than for gross texture (mud supported versus
grain supported), mineralogy (limestone, dolomite, anhydrite,
and clay), and regional and stratigraphic-specific trends for poros-
ity and permeability distributions (Figure 2). These observations
fall mostly in line with those by Ehrenberg (2022), who singled
out burial depth and temperature as dominant controls. Texture
and mineralogy were interpreted as a secondary control on poros-
ity while attributing significant local to regional deviations to
porosity preservation due to hydrocarbon migration and/or early
onset of overpressure.

This paper builds on those elements by Saneifar et al. (2015)
and Skalinski and Kenter (2015), shared in the public domain,
such as (but not limited to) Ahr’s (2006) reservoir-type concepts
andmultiresolution graph-based clustering (MRGC) electrofacies
(e.g., Serra and Sulpice, 1975; Serra and Abbott, 1980; Ye and
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Rabiller, 2000, 2001; Davis, 2018) and has two main
objectives. The first objective is to introduce the
advanced rock-typing (ART) approach, and the sec-
ond is to apply ART to a series of case studies. To
cover an as broad as possible set of depositional

settings and mineral variation—and therefore pro-
pose a universal rock-typing solution—the analyzed
case studies include one Late Jurassic shallow water
trimineral and marine Arab C-D reservoir, two Lower
Cretaceous Barremian-age monomineral and marine

Figure 1. Mean porosity and permeability for distinct and spatially continuous bodies representing depositional nomenclature con-
verted to standard depositional regions from static and corresponding dynamic models of more than 380 reservoir zones. Note that, while
removing water depth for offshore wells is relatively easy and straightforward, stripping burial depth for onshore wells is highly biased by
geological interpretation and therefore was not applied.

Figure 2. Matrix porosity versus permeability (left) and porosity versus burial depth (right) for more than 200,000 core measurements
from a database with global and stratigraphic representativity partitioned by first order depositional texture.
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Kharaib-2 reservoirs (all in the United Arab Emirates
and marine carbonate depositional systems), and one
Lower Cretaceous Aptian-age trimineral lacustrine
reservoir (Angola) (Figure 3A).

Because this paper deals with a challenging topic
that crosses several disciplines and fields of expertise,
several topics are out of scope: (1) the description of
lithofacies and methods of lithofacies groupings or
lumping, (2) the geostatistical techniques for static
and dynamic simulations, and (3) detailed analysis of
the diagenetic processes responsible for the petro-
physical behavior of the case studies. Coding meth-
ods for lithofacies descriptions are critical, need to be
systematic and consistent, and are part of the Discus-
sion section. The actual descriptions used in the case
studies were taken at face value (mostly from estab-
lished geoscientists and companies), and the paper
simply cannot include a detailed synthesis for reasons
of space and focus. Stochastic simulation techniques

for static and dynamic models have been published
elsewhere (e.g., Deutsch, 2002; Caers, 2005; Pyrcz
and Deutsch, 2014) and stop short of the generation
of petrophysical probability cubes, which are more
critical to the ART objectives.

ART METHOD

The ART method is a pragmatic and data-driven
workflow consisting of five steps, starting at the finest
observational scale and progressing to larger scales
(Figure 3B). Step 1 tests the influence of lithofacies,
diagenesis, and fractures in the core-to-log domain
scale (comparable to that described by Skalinski and
Kenter, 2015) and sets the vertical scale of the RT
designation. Step 2 uses electrofacies to generate pet-
rophysical rock categories (PRCs) that integrate sta-
tistically relevant geological data from step 1. Step 3

Figure 3. (A) Equal Earth projection showing the locations of the four case studies and four reservoirs from the public domain (using as
template https://www.giss.nasa.gov/tools/gprojector/help/projections/). (B) Flow diagram explaining the preanalysis data scenario and
subsequent five-step advanced rock typing road map. (C) The ternary diagram (modified from Skalinski and Kenter, 2014, Figure 3A)
reports the relative contribution to flow of three main drivers and shows the reservoir types of four published reservoirs (Saneifar et al.,
2015; Skalinski and Kenter, 2015) and the four case studies in this paper. Note that symbols and colors from (A) are used for display in
(B) as well. AI5 acoustic impedance; EFAC5 electrofacies association category; FA5 facies association; FAC5 facies association cate-
gory; Penn–Miss 5 Pennsylvanian–Mississippian; RT 5 reservoir type; SAG 5 sag-type basin formation during period of thermal
subsidence.
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integrates pore types (PTs) from special core analysis
in laboratory (SCAL) and/or borehole image (BHI)
logs, and nuclear magnetic resonance (NMR) logs,
where available, determine the final PRCs (FPRCs)
and set the horizontal scale of the RT designation.
Step 4 generates an FPRC probability cube through
kriging interpolation or via a reliable porosity cube
from acoustic impedance and deploys sequential indi-
cator simulation (SIS) to assess spatial trends and jux-
taposition. Finally, step 5 identifies the underlying geo-
logical drivers, depositional and/or diagenetic, that
explain the spatial distributions and relationships
documented in step 3 and that can be used to distrib-
ute reservoir properties in static or dynamic reservoir
models (not in the scope of this paper).

The Arab C-D Formation case study is used to
illustrate the workflow (Figures 4–8). It should be
noted that the ART workflow is a collaborative pro-
cess between carbonate geologists and petrophysi-
cists, with the latter executing most of the analytical
core-to-log domain procedures in specialist software
applications. The authors have attempted to provide
language, rationale, and procedures that both serve
competencies and facilitate communication.

Step 1: Depositional Influence and RT

The step 1 test, guided by supervised learning (i.e.,
category of machine learning to handle large volumes
of data), investigates the predictability of the lithofa-
cies associations (FAs) within the existing cored inter-
vals using a given well log suite (i.e., gamma ray,
density, neutron porosity, P-wave slowness, photo-
electric, deep resistivity). The FA designations are
typically provided by geologists and are assumed to
be unbiased (see Skalinski and Kenter, 2015) and
reproducible by others (see example in Figure 4A).
Note that the origin and definition of FAs are not
within the scope of this paper.

Step 1 predictive analytics are performed using
the k-nearest neighbor algorithm (k-NN; Fix and
Hodges, 1951; Cover and Hart, 1967), which classifies
the different lithofacies per closeness, based on their
well log signatures into a multidimensional space (i.e.,
number of features within the well log suite) and
within a specific region defined by a selected number
of neighbors (i.e., k number). Because low k and high
k can cause overfitting and underfitting, respectively—
hence, model instability—it is paramount that the

Figure 4. Case study: Middle East Arab C-D. (A) Depositional profile showing facies associations (FA)-1 to FA-8, which are lumped into
predictable FA categories (FAC)-1 to FAC-4 resulting from the subsequent steps of the workflow; note that FA-8 and consequently FAC-4
are encountered in the log domain only. (B, C) Prediction results for FAs visualized by contingency table (B) and by stacked bars (C). Note
that the blue box in (B) with the scores corresponds to that in (C). The white stars show the prediction of each FA into its own class. The
mean prediction score is calculated as 35%.
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appropriate value be determined (Hastie et al., 2009).
A k-fold cross-validation procedure (e.g., Yuan and
Yang, 2019) is used to estimate the performance of
the prediction model for a given range of k-number
values (from 1 to 50, for example). The k-number giv-
ing the best prediction score during this evaluation is
selected as the optimal one, which is then used to
build the predictive model. Once data processing and
optimization are completed, the predictive model is
built on the training data set and then tested on the
validation set.

The resulting scores provide an estimate of the
relative influence of lithofacies or better associations
(FAs) on the log domain. The targeted prediction
score, which has been considered to be statistically
acceptable, is set to 80%. Outcomes can be displayed
on the vertical axis of the ternary diagram in Figure
3C or visualized as contingency tables, in stacked bar
diagram format (respectively, Figure 4B, C). Figure
3C graphically captures the relative contribution to
flow of three typical carbonate pore systems in a ter-
nary diagram (following Ahr, 2006): (1) depositional
matrix, (2) diagenetically modified matrix, and (3)
fractures or high-permeability pathways. The corners
of the ternary diagram represent RT end members
whose identification greatly simplifies understanding
petrophysical behavior and geological influence. Ska-
linski and Kenter (2015) labeled the “center” area as
hybrid or RT4 and argued that RTs could be defined
from various data types such as but not limited to
core-to-log analysis, petrography, SCAL data
(MICP), NMR and BHI logs, or any combination of
these. Furthermore, they proposed that RTs are asso-
ciated with unique spatial trends and patterns. Figure
3C shows FA prediction results—the relative vertical
positions—for several published marine reservoirs
(Saneifar et al., 2015; Skalinski and Kenter, 2015) as
well as for the four case studies analyzed in this
paper. The relative horizontal position is determined
in step 3, which includes determination of the pore
system. Mean prediction scores equal to or higher
than 80% suggest that FAs (and therefore their pore
system) are strongly linked to the physical properties
recorded by well logs (log domain) and should pro-
vide the basis for further analytics (blue zone for RT1
in Figure 3C). Mean prediction scores between 40%
and 80% imply that both FAs and secondary modifi-
cations (i.e., either diagenetically modified matrix
and/or fractures/high k pathways) control the log

domain (see vertical 40%–80% interval in Figure
3C). Some heterogeneity may be explained by FAs,
whereas others may be fully controlled by diagenetic
modification (matrix and/or fractures). Note that
only one case study, Wafra Eocene 1, is in this zone
(Figure 3C). Finally, scores below 40% indicate the
absence of influence by lithofacies and suggest that
the flow behavior is fully controlled by diagenetic
modification of the pore system (see Figure 3C).
Step 3 identifies the relative horizontal position (dia-
genetic matrix versus fracture/high-permeability
pathways) in the Figure 3C ternary diagram.

Those FAs determined to be predictable with an
80% (or better) score now labeled FA categories
(FACs) will be used to define PRCs further in the
process, and each will have a spatial context (propor-
tion and/or trend and juxtaposition). Those FAs fall-
ing below this score are lumped together to reach the
statistically acceptable threshold of 80% and labeled
FACs as well. Such lumped groups are purely statisti-
cal and have no geological or spatial context. This
iterative approach completes the determination of
FACs in the cored intervals, which are statistically
robust and predictable by logs (Figure 5A, first two
columns). These new categories capture the lithofa-
cies, including the secondary overprints (i.e., diagene-
sis and fractures) on the depositional pore system.
Once determined in cored sections, the FACs are
subsequently propagated into the uncored sections in
all of the involved wells, using the previously built
k-NN predictive model.

Step 2: PRCs

Electrofacies analysis, unlike step 1, uses unsuper-
vised learning within the same well log suite. The
resulting electrofacies association categories (EFACs)
are statistically stable and highly predictable. How-
ever, they represent the physical properties of rock
only and lack any geologic meaning. The unsuper-
vised learning technique used is the Gaussian mix-
ture model algorithm (e.g., Hadavand and Deutsch,
2020). The principle of Gaussian mixture model is
first to consider the data set as a mixture of a finite
number of Gaussian distributions, and then tune the
key hyperparameters (i.e., mean and covariance) to
optimize those distributions. As for all unsupervised
algorithms, the finite number of distributions is
required as an input (i.e., the number of clusters) and
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obviously unknown a priori. To determine the opti-
mum number of clusters, the elbow method (see
Bholowalia and Kumar, 2014) is used. Once deter-
mined, EFACs are nested into the previously defined
FACs to integrate EFACs with, if statistically persis-
tent, geologic behavior contained in FAC (Figure
5A, B). The resulting PRCs from FACs and EFACs
are statistically stable and are highly predictable by
well logs. To link the PRCs to permeability values, a
supervised k-NN model is built for permeability
prediction. The k-NN model is trained by the well
log suite already used in the previous step, super-
vised by permeability values from conventional
core analysis (CCA/routine core analysis). This
computes a predicted permeability log for all of
the wells involved.

Step 3: FPRCs

The integration of PTs is a key step for capturing the
petrophysical heterogeneities that influence matrix-
scale and larger-scale permeability and flow behavior
in most carbonate reservoirs. Such heterogeneities
are the sum of primary, depositional fabric–related
pore systems modified by secondary processes (e.g.,
compaction, diagenesis, fracturing). Therefore, deter-
mination and prediction of PTs is essential for reliable
carbonate rock typing, including the identification of

spatial trends. As displayed in the ternary diagram
(Figure 3C), flow behavior can be matrix driven
(depositional or diagenetic) and/or influenced by a
secondary large-scale pore system, including vugs and
fractures. One or another (or both) pore systems will
be investigated, depending on the data scenario (i.e.,
data available). Two main data types for pore typing
are discussed here: MICP data (i.e., core plug data),
to capture the core-scale matrix pore system, and
specific well log data such as NMR and BHI logs, to
investigate the secondary larger-scale pore network.
Each case is illustrated in the following paragraphs,
and results are embedded in the PRCs. One common
objective of MICP measurements is to calculate cap-
illary pressure (i.e., Pc, ability of a formation to retain
water) and estimate fluid saturation. Another impor-
tant application of MICP consists of deriving PTRDs
that are tied to flow units and matrix permeability
(e.g., Purcell, 1949; Swanson, 1977; Brown, 2015).
To capture the full range of pore throats, several
requirements are important: (1) MICP samples need
to be representative of the reservoir heterogeneity
space and only high-pressure MICP data (pressure up
to 60,000 psi or?414MPa, PTR down to 0.002 mm)
are accepted; (2) data are rejected if the pore volume
is lower than 0.5 cm3, but data from samples with
pore volumes ‡1 cm3 can be used with confidence;
and (3) depth matching between well logs and the

Figure 5. Case study: Middle East Arab C-D. (A) From left to right: facies associations (FAs), predictable FA categories (FACs), Electrofa-
cies association categories (EFACs) nested in FACs, and petrophysical rock categories (PRCs) nested in EFACs. (B) Histograms showing the
nesting of EFACs in FACs (250 wells). (C) Only four PRCs are considered relevant (stars) following review of their proportions in 250 wells
studied.
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selected MICP core plugs needs to be precise and
reliable. When those conditions are met, the selected
MICP data are used to compute pore size distribu-
tion functions, and MRGC (Ye and Rabiller, 2000) is
used to determine PT categories. Like the EFAC
step, the elbowmethod is used to tune to the optimal
number of clusters. The resulting PT clusters repre-
sent distinct PTRDs and relate to the spectrum of
flow properties (Brown, 2015). In the core domain,
PTs are populated using a k-NN model that is super-
vised by the PTs (previously defined fromMICP data
clustering) and trained by permeability and porosity
from CCA (e.g., Saneifar et al., 2015). In the log
domain, PTs are propagated using a second k-NN
model supervised by the populated PTs in the core
domain and trained by the predicted-permeability
log and porosity log. Figures 6 and 7 show an exam-
ple of the progression of the analysis with the Pc
curves and pore size distribution models following
PT definitions from MRGC (Figure 6A), PTs pre-
diction in the core domain (Figure 6B), nesting of

the PTs into PRCs following prediction in the log
domain displayed as bar diagrams and graphics
(Figure 7A, B), and review of resulting FPRC (see
details in the next section) proportions in the 250
wells used for this study (Figure 7C). In addition to
providing an estimation of porosity and fluid satura-
tion, NMR wire-line log data are sensitive to pore
size (not pore throat size). Resulting T1,2 distribu-
tions are estimators of pore size, and their distribu-
tions can be captured by applying an unsupervised
learning (MRGC) on the T

1,2
well log. However,

NMR should be treated with caution regarding the
small radial depth of investigation of the tool
(R=0.5–1.5 in. or ?12.7 to 38.1 mm), and there-
fore limited sample volume, truncation of relaxation
times underestimating larger pores, and reading
drilling mud properties where encountering cali-
per deviation caused by large pores (i.e., caves).

The main objectives of BHI techniques are the
determination of PTs (typically not captured by NMR)
and PT sizes, in addition to the interpretation of

Figure 6. Case study: Middle East Arab C-D. (A) An example of the progression of the analysis with the capillary pressure (Pc) curves
and pore size distribution models following multiresolution graph-based clustering analysis. (B) Subsequent prediction of pore types (PT)
in the core domain. PHIK5 porosity versus permeability cross plot; PSD5 pore size distribution; SHg5 saturation height.
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structural and sedimentary features. Especially in
carbonates, topology of fractures (density and aper-
ture) and vugs (density and size) are paramount to
flow prediction. As for MICP and NMR analyses,
BHI PTs are defined by applying unsupervised learn-
ing (MRGC). The pore typing results complete the
RT identification and position in the ternary diagram
(Figure 3C).

Definition of FPRCs
The FPRCs are defined by nesting the PTs into the
previously defined PRCs that result from FACs and
EFACs (see Figure 7B). The PTs could be from
MICP (matrix pore system) or well logs (NMR or
BHI) or the combination of all, depending on the
data scenario. An example of a set of FPRCs is shown
in Figure 8. Pie charts for mineralogy and ranges
in porosity, permeability, and impedance for the
remaining highly predictable FPRCs are shown in
Figure 8 and form the basis for a relative ranking of
the reservoir quality (Figure 7B). A final assessment
of the relationship between FPRCs and FAs can be
investigated by mapping the latter to the FPRCs
(Figure 7A).

Step 4: FPRC Heterogeneity and Spatial
Trends

The previous step revealed the relationships, if any,
between FPRCs and depositional parameters mani-
fested by the FAs in the core-to-log domain. This
step distributes FPRCs in the earth (reservoir) model
via a reliable acoustic impedance-derived porosity
cube or application of a kriging interpolation, which
has minimal human bias. The resulting product is
entirely data driven and allows the investigation of
FPRC spatial trends, juxtaposition rules and extract
processes, and drivers underpinning the spatial distri-
bution, and, finally, the application of those relation-
ships in the realization of one or more static and
dynamic reservoir models. To feed the interpolation,
upscaled FPRCs are used for vertical wells only
because they have sufficient spatial distribution
across the area of interest (reservoir domain). To
guide the kriging mean, variograms for each FPRC
are calculated to estimate their spatial continuity
(i, j), and the vertical proportion curve (VPC) is used
as a vertical trend (k). The result is a probability cube
for each FPRC that shows primary apparent and

Figure 7. Case study: Middle East Arab C-D. Nesting of the pore types (PT) in petrophysical rock categories (PRC) following prediction
in the log domain displayed as bar diagrams (A) and graphics (B). (C) Summary of resulting final PRC (FPRC) proportions in the 250 wells
used for this study. EFAC5 electrofacies association category; FAC5 facies association category.
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consistent spatial trends and juxtaposition (Figure
10B, C). Figure 10D is the result of a stochastic simu-
lation using SIS constrained by the FPRC probabil-
ity cubes. Using multiple seeds did not change the
results significantly, which therefore suggests that
the resulting cube/zones are statistically stable.
However, in this case study (Arab C-D in the
United Arab Emirates), it must be noted that other
than for the anhydrite FA-1, none of the FPRCs
has a meaningful relationship with core-based FAs
(Figure 9B) and associated depositional models
that provide spatial context published by, among
others, Strohmenger et al. (2004, 2006) and Van
Buchem et al. (2010).

Step 5: Identification of Geological
Processes

To review and identify processes that explain the
observed spatial trends, a comprehensive review of
the FPRC probability cube is required. Figure 10A
shows the VPC of the FPRCs for the Arab C-D case
study, and the trends very much resemble those
of the lithofacies that are driven by depositional
sequences resulting from changes in accommodation
space. Although the waning and waxing of propor-
tions may indeed be comparable, the FPRCs have, as
explained earlier, no link with FAs. Interval 1 and
interval 2 in Figure 10A (FPRC vertical proportions)

Figure 8. Case study: Middle East Arab C-D. An example of the final petrophysical rock categories (FPRC) with pie charts for mineralogy
and cross plots showing ranges in porosity, permeability, and impedance for the remaining, highly predictable, FPRCs. ANH5 anhydrite;
DOL5 dolomite; LIM5 limestone.

Figure 9. Case study: Middle East Arab C-D. (A) Relative, manual, ranking of the final petrophysical rock categories (FPRC) by reservoir
quality. (B) Original facies associations (see Figure 3A) mapped to the seven remaining FPRCs.
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represent very different parts of the reservoir. Corre-
sponding FPRC lateral trends for these selected
intervals are displayed as probability maps in the
deterministic interpolation (Figure 10B, C). Here,
horizontal intersections with the gas–oil and oil–
water transitions clearly show that FPRC areas follow
zones truncated by fluid contacts and therefore have
a preferential occurrence associated with these pore
fluids. In fact, the primary control on FPRC distribu-
tion appears to be fluid type rather than anything
depositional, as documented by the analysis in previ-
ous steps. The observation that the best reservoir
quality is mainly located near the crest in the hydro-
carbon leg and decreases toward the flanks is believed
to be a primary diagenetic modification trend associ-
ated with the free water level (FWL). This was
reported earlier by, for example, Hollis et al. (2017)
and Eherenberg et al. (2024) as gas and oil progres-
sively arresting cementation by calcite during migra-
tion into the structure, whereas in the water leg, such
cementation and associated compaction continued
reducing porosity and generating stylolites. Earth

models of the FPRCs (Figure 10D) and correspond-
ing porosity, permeability, and water saturation were
populated with primary trends and juxtaposition
rules that overwhelmingly reflect (late) burial diage-
netic modification. Despite the general absence of or,
at best, weak, primary depositional trends, the mod-
els are very robust because the FPRCs are better than
80% predictable in the 250 wells available and can
easily be updated with new well data. Saturations are
predicted by FPRCs, and effective porosity can be
estimated from those values and directly populated,
skipping conventional saturation height modeling. In
addition, if desired, the FPRCs can be upscaled to a
dynamic grid and supplemented by relevant proper-
ties such as relative permeability, fluid properties,
and others.

RESULTS FROM CASE STUDIES

In addition to published work on this topic (Figures
1A, 2), this paper contributes another four case stud-
ies to test the geological link with the core-to-log

Figure 10. Case study: Middle East Arab C-D. (A) Vertical proportion curve of the final petrophysical rock categories (FPRC) for the
Arab C-D case study with reservoir quality (RQ) ranking from Figure 9A. Note selected intervals 1 and 2. (B) Bird’s-eye views of selected
FPRC layers for interval 1 from the probability cube from deterministic interpolation described in the text. (C) Bird’s-eye views of selected
FPRC layers for interval 2 from the probability cube from deterministic interpolation described in the text. (D) shows the results of a sto-
chastic simulation using sequential indicator simulation constrained by the FPRC probability cubes for selected intervals 1 and 2. GOC5
gas–oil contact; WOC5 water–oil contact.
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domain and, more important, to investigate the
observed trends and spatial juxtaposition of the
FPRCs. As explained earlier, one of those case stud-
ies, the Middle East Arab C-D, was used for illustrat-
ing the workflow in the previous sections (Figures 4–8).
The following is a brief review of the four case studies
and integration with the four previously published
case studies (Figure 3C, modified after Ahr, 2006
and Skalinski and Kenter, 2015) with a rock-typing
approach that used similar published elements and
concepts (Saneifar et al., 2015; Skalinski and Kenter,
2015). Generic information on all of the reservoirs is
summarized in Table 1.

Case Study 1: Middle East Arab C-D

This case study was used as documentation for the
generic ART workflow steps in the previous section,
and the following will be limited to the lessons
learned in terms of factors controlling the multiscale
petrophysical behavior. The offshore reservoir is
Upper Jurassic (Kimmeridgian) in age and deposited
as a prograding marine shallow-water ramp or plat-
form with a suite of lithofacies (and groupings) based
on texture, sedimentary structures, and dominant
grain types (Gr€otsch et al., 2003; Strohmenger et al.,
2004, 2006; Van Buchem et al., 2010) (Figure 4A).
Although regarded as a standard for comparable
depositional systems in the Middle East subsurface,
no continuous outcrop analogues are available to
confirm the interpreted FAs and their spatial trends
and juxtaposition. Table 2 summarizes the main
results and observations and confirms the weak link
(average prediction score is ?35% and only a single
FA has a prediction score better than 80%, anhydrite)
between geological attributes and core-to-log domains
(Figure 4B). Attempts to predict diagenetic “facies”
similarly showed a weak link and failed to reach any
predictable threshold. Seven better than 80% predict-
able FPRCs capture the core-to-log heterogeneity
(Figures 8, 9). These FPRCs reveal spatial trends and
juxtaposition (Figure 10) that suggest a first-order
fluid-type control, followed, in relevance and not in
stratigraphic time, by an early diagenetic (dolomite
associated) pore system modification, confirming the
conclusions published byMorad et al. (2012) andHol-
lis et al. (2017). Utilizing these spatial rules (fluids and
dolomitization) resulted in a reservoir model and asso-
ciated property distribution that is robust, unbiased,
and easy to update.

Case Studies 2 and 3: Middle East
Thamama B (Kharaib-2) Reservoir Zone

The upper Thamama B, or Kharaib-2, is of Lower Cre-
taceous (Barremian) age and is believed to be depos-
ited in a mostly aggrading ramp of platform setting
or on an epeiric platform (Ehrenberg et al., 2024). The
FAs are, once again, based on earlier classifications by
Strohmenger et al. (2004, 2006) and were recently
updated by Tendil et al. (2022). It is not within the
scope of this paper to discuss the explicit nature of
those classifications but rather test whether they hold
up (are predictable) in the petrophysical domain. Two
different fields with different data scenarios, one with
a limited number of cored wells (35 only) available
and one with 84 cored wells out of a total of nearly
480 wells, were used for testing and yielded very simi-
lar results. The results from the data-dense case study
are discussed here. The prediction of lithofacies
resulted in an average score of 47%, which confirmed
a weak link between lithofacies and core-to-log
domains (Figure 11A). Further lumping or grouping
reached better than 80% scores for two groups
that represent dense argillaceous and reservoir-prone
lithofacies (Figure 11B). Subsequent electrofacies gen-
eration produced six EFACs, one of which equals the
dense argillaceous FAC1 and the other five contained
within the reservoir-prone FAC2. Since the reservoir
is monomineral—all limestone—the EFACs can be
renamed PRCs. Figure 11B shows the progression
from lithofacies to FAC to PRCs, and the proportion
of the PRCs in the reservoir is displayed in Figure 11C.
The MRGC analysis of PTs from MICP resulted
in two highly predictable (more than 80%) and dis-
tinct PTs (Figure 12A) that were propagated to core
and log domains (Figure 12B) and nested in PRCs
(Figure 12C). A bar diagram display of FPRCs
allows the reduction to eight dominant categories
(Figure 12D). Figure 13A and B summarizes, respec-
tively, porosity and permeability ranges for the eight
FPRCs and allows a relative ranking of increasing res-
ervoir quality (Figure 13C). Figure 13D displays the
relationship between highly predictive FPRCs and
original FAs. Because the FAs have a weak link with
the core-to-log domain, spatial influence and possible
geologic control can be assessed only by kriging of
the predicted FPRCs in all of the available wells. Like
the Arab C-D in case study 1, the VPC of FPRCs in
Figure 14A shows a stratigraphic waning and waxing
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of reservoir-quality–based FPRCs that resemble or sug-
gest an intrinsic relative sea-level signal. The FPRC7,
associated with FAC2 or dense argillaceous lithofacies,
is dominating the top and base parts of the Kharaib-2
interval. Both FPRC1 and FPRC10 appear to represent
intermediate baffles with a sedimentary origin; how-
ever, cross sections of proportions of kriged (in 480
wells) FPRCs in a spatial context suggest a very differ-
ent interpretation (Figure 14B). Here, pastel color ren-
dering of FPRCs highlights a predominance of FPRC8,
FPRC5, and FPRC9 (respectively, from “good” to
“best” reservoir quality) in the center and northeastern
crest regions, with FPRC5 near the bottom. In an
intermediate vertical position and dominant is FPRC8,
and FPRC9 is near the top (Figure 14B, sections 1
and 3). These FPRCs pinch out near or above the

established FWL. Toward the southwestern part of the
structure, a transverse slice of reservoir (Figure 14B,
section 2) shows dominance by moderate reservoir
quality (absence of pastel green color, FPRC8) and is
roughly bound by transverse faults with moderate off-
sets. These first-order spatial observations of FPRCs
suggest a predominant influence of fluid type control-
ling the distribution of reservoir quality; the oil phase
is interpreted as having preserved reservoir from
cementation, whereas the petrophysical properties
are degraded below the FWL (Figure 14B, sections 1
and 3). More complex diagenetic processes probably
have taken place in the fault-bound segment (imaged
by Figure 14B, section 2), where the reservoir quality
preservation may have been counterbalanced by fluid
circulation–related cementation along certain fault

Figure 11. Case study: Data-dense Middle East Thamama B or Kharaib-2. (A) Prediction scores of sedimentary facies into the log
domain with an average score of 47%. Codes for the sedimentary classification are provided by Strohmenger et al. (2004, 2006). (B) Fur-
ther lumping or grouping results in “better than 80%” scores for two groups which represent dense argillaceous and reservoir prone sedi-
mentary facies. (C) Electrofacies generation produced six electrofacies association categories, one of which equals the dense argillaceous
lithofacies association category 1 (FAC-1) and the other five contained within the reservoir-prone FAC-2. discussion. ASFB5 algal, skeletal
floatstone-boundstone; ASPF 5 algal, skeletal, peloid floatstone-rudstone; BBOSP 5 burrowed, bioturbated, orbitolinid, skeletal pack-
stone; BBOSW 5 burrowed, bioturbated, orbitolinid, skeletal wackestone; BBSP 5 burrowed, bioturbated, skeletal packstone; BBSW 5
burrowed, bioturbated, skeletal wackestone–mudstone; CgASR 5 coated-grain, algal, skeletal rudstone-floatstone; CgSG 5 coated grain,
skeletal grainstone; OSP 5 orbitolinid, skeletal packstone; OSW 5 floatstone; PRC 5 petrophysical rock category; RPF 5 rudist, peloid
floatstone; RPR 5 rudist, peloid rudstone; SPG 5 skeletal, peloid grainstone; SPP 5 skeletal, peloid packstone; SPWP 5 skeletal peloid
wackestone-packstone; SW 5 skeletal wackestone; WBOSP 5 wispy-laminated, burrowed, orbitolinid, skeletal packstone; WBOSW 5
wispy-laminated, burrowed, orbitolinid, skeletal wackestone; WBSP 5 wispy-laminated, burrowed, skeletal packstone; WBSW 5 wispy-
laminated, burrowed, skeletal wackestone-mudstone.
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segments. Although comparable observations were
made earlier by Morad et al. (2012) and Hollis et al.
(2017), and more recently by Ehrenberg et al.
(2024), the ART method presented in this paper
maps reservoir quality (represented by the FPRCs) in
all available wells, quantifies any link with FAs, and
reveals the spatial patterns and juxtaposition between
FPRCs at field scale. In addition, the reported FPRCs
will assist in the identification and mapping of the
widely published tilting of paleo-FWLs in the Middle
East (e.g., Heydari-Farsani et al., 2020). Moreover,
the spatial mapping of the FPRCs may also provide a
complementary understanding of the structural con-
trol on diagenetic overprint.

Case Study 4: West Africa Pre-Salt Aptian

The Aptian-age Pre-Salt along the South American
conjugate margin is typically considered to be a strik-
ingly different depositional system of shallow water
lacustrine makeup. Despite many publications, no

consistent depositional model has been adopted (e.g.,
Lima and De Ros, 2019; Herlinger et al., 2020), and
the link with reservoir quality remained unresolved
for a long time. However, numerous recent publica-
tions report and emphasize diagenetic modification
as a key parameter shaping the pore system and asso-
ciated matrix and excess permeability behavior (e.g.,
Fern�andez-Ib�a~nez et al., 2022; Mendes et al., 2022;
Quediman et al., 2022; de Lima et al., 2023;
Mimoun and Fern�andez-Ib�a~nez, 2023; Wennberg
et al., 2023). This case study builds on previously
published work by Cazier et al. (2014) and Saller
et al. (2016) and focuses on the application of ART
to identify and quantify the process(es) controlling
reservoir quality. Figure 15A shows the depositional
model following the concepts developed by Saller
et al. (2016) for a set of nearby exploration wells.
Because this field is in an early development stage,
with only three wells at the time of this project, the
core, rotary sidewall core, and cuttings-based descrip-
tions represent less than 10% of the log domain and

Figure 12. Case study: Data-dense Middle East Thamama B or Kharaib-2. (A) Multiresolution graph-based clustering analysis of pore
types (PT) from mercury injection capillary porosimetry (MICP) resulted in two distinct PTs shown here as capillary pressure curves (top)
and pore size distributions (bottom). (B) The same PTs propagated into core domain and shown in a crossplot between effective porosity
and permeability (left) and prediction scores following propagation into the log domain (right). (C) The PTs nested in the petrophysical
rock categories (PRC) and defining the final PRCs (FPRC). (D) Bar diagram display of FPRCs allows reduction to eight proportionally rele-
vant categories (indicated by stars). frac5 fractional; Poro/Perm5 porosity/permeability; PSD5 pore size distribution.
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have very narrow ranges in log properties (Figure
15B), not capturing the full width of petrophysical
properties. This not only makes it very challenging to
contrast and compare the range of lithofacies and
their proportionality (Figure 15C) to the model by
Saller et al. (2016) but it also renders any lithofacies
prediction meaningless. As a result, the first step of
estimating the depositional influence on the core-to-
log domain is abandoned for lack of appropriate data,
and no statement can be made as to the nature of
the relationship. The following step resulted in the
generation of nine exclusive electrofacies that conse-
quently can be regarded as PRCs (Figure 16A). Anal-
yses from borehole imagery, lost circulation, and wide
caliper observations (“bad hole”) substitute the litho-
facies as continuous data and result in the definition
of three PTs. These represent conductive fracture
density, pore size and shape, and bad holes, which
can be predicted by logs (Figure 16B–D) nested in
the PRCs (Figure 17A) and lumped together to rep-
resent three highly predictable FPRCs (Figure 17B).
Figure 17C shows the attribute distributions across
these FPRCs. No direct evidence can be found that
supports a consistent and statistical relevant rela-
tionship with the depositional framework. Instead,

the strong ties to PTs, bad hole depositional and
mineralogy suggest that diagenetic modification has
a predominant role in porosity development and
flow behavior of such reservoirs. Preliminary popu-
lation of FPRCs in the acoustic impedance porosity
cube strongly suggests a primary depositional distinc-
tion between “shallow” and “deep” crosscut by linea-
ments of vertical bodies that may well represent fault
corridors, none of which are clearly visible in the
three-dimensional (3-D) seismic cube.

DISCUSSION

Controls on Multiscale Reservoir Quality

Evidence has been presented that sheds light on the
factors or processes that control carbonate reservoir
quality in the subsurface. One is at core scale, one is
at core-to-reservoir scale, and one is centered around
the rock-typing approach presented in this paper.
The global core scale data are numerous (>270,000
data points) and presented in both burial depth
versus porosity and porosity-permeability crossplots
(Figure 1). In a burial context, the primary control

Figure 13. Case study: Data-dense Middle East Thamama B or Kharaib-2. (A, B) Respectively porosity and permeability ranges for the
eight final petrophysical rock categories (FPRC) allowing a relative ranking of FPRCs by reservoir quality (RQ) (C). (D) Bar diagram confirm-
ing the weak relationship between highly predictive FPRCs and original facies associations (FA). SR5 spatial resolution.

456 New Rock-Typing Paradigm in Carbonate Reservoir Characterization



is depth (and likely temperature, as proposed by
Ehrenberg [2022]). When filtered (normalized) for
burial depth, no single depositional attribute or
mineralogy appears to have statistically significant
control in the porosity-permeability space. In part,
this is due to the absence of systematic data on effec-
tive porosity (Rabiller and Gerges, 2020), which
would likely improve existing trends by considering
the porosity contributing to flow using MICP analy-
sis. In the absence of such data, however, the only
attribute that seems to have a mild influence is tex-
ture. Mud-dominated textures appear to have lower
permeabilities than grain-supported textures at simi-
lar porosity values. It should be noted that distinct
trends can be present for certain sedimentary rock
types in individual reservoirs, although such observa-
tions are rather rare.

The integrated core-to-reservoir scale data of more
than 380 reservoir zones with static and dynamic

models suggest a similar absence of obvious deposi-
tional partitioning in flow behavior (Figure 2). Scatter-
plots of porosity versus permeability for “inner” and
“outer” shallow-water depositional domains or “slope”
domains show comparable ranges and relationships
(Figure 2).When further split by lithofacies, for exam-
ple, lagoonal deposits show petrophysical property
ranges and relationships similar to those of carbonate
sand shoals (e.g., dominated by ooids or rudists), and
although the rock-typing methods vary greatly among
the data sets, one would expect that their number
would overwhelm such bias.

The application of variable rock-typing methods
is likely the cause of error in the previous argument
because the methodology varies from case to case
(hence, making them incomparable). For example,
many of the methodologies assume that lithofacies
should be one of the major controls influencing the
reservoir flow behavior and therefore introduce an

Figure 14. Case study: Data-dense Middle East Thamama B or Kharaib-2. (A) Vertical proportion curve showing a stratigraphic waning
and waxing of reservoir quality (RQ)-based final petrophysical rock categories (FPRC) that resemble an intrinsic relative sea-level signal.
The inverted triangle near the bottom shows the relative reservoir quality of the FPRCs. (B) Cross sections through a kriged representation
of proportional (FPRCs) with original colors (see (A) as pastel version). Section 1 has a longitudinal direction, whereas sections 2 and 3 are
transverse located in the northwest and southeast, respectively. Pastel green, pastel rose, pastel light pink, and pastel violet colors repre-
sent, respectively, FPRC8, -1, -5, and -9. FPRC5, -8, and -9 represent an increasing RQ and FPRC1 represents a very low RQ. FWL 5 free
water level.
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initial bias in the analysis. However, the rock-typing
methods used for the four published case studies
(Saneifar et al., 2015; Skalinski and Kenter, 2015)
and those in the present study use similar published
elements and concepts and are comparable. The data
set of eight case studies with variable stratigraphic
age, depositional setting, mineralogy, well density,
and data quality (Table 1) unanimously suggests that
early diagenesis (dissolution by meteoric fluids or
dolomitization by hypersaline brines) has a modest
influence, whereas late diagenesis (e.g., dissolution,
cementation, recrystallization) caused by fluid circula-
tion resulting from tectonic expulsion, hydrothermal
venting, or hydrocarbon migration are the primary
processes that shape the final petrophysical properties
relevant to reservoir characterization. Although frac-
tures and joints are commonly associated with late
burial diagenesis, early synsedimentary fractures in car-
bonates may remain open or even further corrode dur-
ing successive late burial events (e.g., Narr and Flodin,
2012). Only one case study (Tengiz Platform) suggests
a depositional control for one PRC, whereas a second

suggests a hybrid scenario (Eocene Wafra) in which
dolomite crystal size controls petrophysical behavior
while mimicking depositional partitioning. Finally, a
third case (Pre-Salt case study) paints a scenario in
which the final PRCs suggest a secondary control by
“deep” versus “shallow” environments of deposition,
but the primary control is deep burial diagenesis
related to high-pressure hydrothermal fluids circulat-
ing via fracture swarms. The data presented strongly
suggest that subsurface pore systems in carbonate
reservoirs are primarily the result of diagenetic modifi-
cation far away from the depositional parameter ranges
frommicro- to macroscales.

Diagenetic Modification: Processes and
Analogues

Traditionally, data collection for reservoir characteri-
zation has focused on depositional attributes and PT
characterization via core and petrographic descrip-
tions supplemented by meter- to hundreds of
meters–scale outcrop analogues for calibration and

Figure 15. Case study 4: West Africa Pre-Salt Aptian. (A) This diagram shows the inferred depositional setting and make-up for the tar-
get project (after Saller et al., 2016). (B, C) Bar diagrams showing range and relative proportions for four main log types (black) and contri-
butions by sedimentary facies (colored). (C) Bar diagram showing relative proportions of sedimentary facies (here labelled “FA”) based
on three cored wells, rotary sidewall cores and cuttings. Box near bottom shows the sedimentary facies definitions. GR 5 gamma ray;
NP5 neutron porosity; PEF5 photoelectric; RHOB5 bulk density.
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spatial context. Diagenetic studies focused mostly on
the micrometer-to-centimeter scale and resulted typ-
ically in detailed paragenetic sequences relating main
events to diagenetic models available in the public
domain (e.g., Wilson, 1975; Moore and Wade, 2013
and references therein), most of which have inferred
from observations on spatial trends in modern exam-
ples. The observations from this work suggest that
although a vast amount of knowledge has accrued on
carbonate diagenesis, paragenetic models, and spatial
concepts, there is a general mismatch between such
models and what is observed in the subsurface result-
ing from petrophysical rock-typing applications at
reservoir characterization scale and smaller (present
study). For example, recent work on the Thamama-B
reservoir present highly detailed and corroborated
observations on diagenetic processes influencing res-
ervoir quality (e.g., Ehrenberg et al., 2024); however,
it remains very challenging, if even possible, to apply
such findings in reservoir characterization of related
reservoirs. It is proposed that focus and resources be
shifted to understanding porous media trends defined
by highly predictable rock types in the subsurface in
a spatial context first, followed by detailed descriptions
and inferences on process as a second step. Reactive
transport modeling demonstrated itself to be a

valuable tool (e.g., Xiao and Jones, 2006; Whitaker
and Xiao, 2010; Xiao et al., 2018) for scoping first-
order processes and associated trends and has been
deployed successfully in Pre-Salt conjugate margin
settings (Jones and Xiao, 2013) and Pre-Caspian
Basin (Jones and Xiao, 2006). Outcrop analogues,
where they provide multiscale mapping of diagenetic
products, may very well offer another opportunity.
Recent examples of continuous mapping (using
hyperspectral imaging) of the dolomite contribution
to Jurassic ramp and platform strata in Morocco and
Saudi Arabia allowed the determination of process
and spatial patterns of dolomitization at seismic scale
(e.g., Dujoncquoy et al., 2022; Gairola et al., 2024).

Sedimentological Models and Coding
Methods

One possible source of uncertainty in the propaga-
tion of depositional attributes may be embedded in
traditional sedimentological or depositional models
and core description, classification, and grouping of
lithofacies and coding practices (Galluccio et al., 2022).
Although Galluccio et al. (2022) propose a more sys-
tematic classification and coding approach for lithofa-
cies and depositional environments, the anchoring in

Figure 16. Case study 4: West Africa Pre-Salt Aptian. (A) Bar diagram showing proportions of nine, mutually exclusive, electrofacies,
now labelled petrophysical rock categories (PRC). (B) Bar diagram showing “bad hole” attribute following analysis of borehole imagery,
lost circulation, and excessive caliper observations. (C, D) Simple bar diagrams displaying three dominant pore types (PT) which represent
both conductive fracture (Frac) density, pore size and density, and bad holes that can be predicted by logs. Novug5 no vugs.
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conventional geomodels from outcrops and modern
depositional environments is unchanged. Whereas
coding needs to be systematic and consistent, the
main source of uncertainty is more likely to originate
from the conversion of modern-like depositional
landscapes, affected by erosion and burial, to spatial
partitioning of lithofacies in the subsurface. For
example, modern landscapes of ridge-shaped and
migrating ooid shoals near Joulter Cays in the
Bahamas (Harris, 2009) do not resemble similar
deposits in the Bashkirian, which have (interpreted
from core) sheet-like morphologies lacking such ridge
shapes and have porosity trends generated by dissolu-
tion rather than primary interparticle space (Kenter
et al., 2010). The confidence attributed to common
and long-lived depositional models for lithofacies
(e.g., Strohmenger et al., 2004, 2006), although
partially based on nearby outcrop analogues, may
need a recalibration with densely cored reservoir data

sets. The reality, unfortunately, is that the log domain
relationship with geologic parameters from core is
generally weak (below statistically acceptable thresh-
olds) and therefore obscures petrophysical distribu-
tions in resulting models. Diagenetic modification may
explain this lack of correlation; however, the current
understanding of such processes primarily addresses
geochemical and petrographic characteristics and
omits spatial trends and juxtaposition rules, result-
ing in inadequate models. The absence of reliable
outcrop analogues is another factor hindering the
development of robust spatial concepts. While
lithofacies models have been published in large
numbers across the stratigraphic record and mostly
from fully accessible outcrop analogues supplemen-
ted by information from the modern, their accuracy
and reliability for subsurface applications may be
questioned due to the limited understanding of
paleo environments andmostly qualitative approaches

Figure 17. Case study 4: West Africa Pre-Salt Aptian. (A) Bar diagram showing pore types (PTs) nested in the petrophysical rock catego-
ries (PRC). PT colors are from Figure 16C with PT2 representing common occurrences of high fracture (Frac) density, large pore size and
high density and bad holes while PT1 and PT3 have, respectively, very low to moderate presence of bad holes, vug size, and density. Stars
identify PRCs with low attribute presence, which are regarded as nonreservoir, whereas PRC8 is an intermediate case based on porosity
and permeability ranges. (B) Diagram showing the lumping or grouping of PCRs into final PRCs (FPRCs) based on previously discussed
attribute presence and ranges. (C) Table showing summary of PRCs, mineralogy, reservoir quality (RQ), bad holes, and borehole imagery-
derived PTs. For mineralogy pie chart legend see Figure 8. EFAC5 electrofacies association category; RD5 deep resistivity.
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used. Finally, commonly used carbonate rock-typing
methods are not tailored to test and handle such
uncertainties. By focusing on the statistical predictabil-
ity and coherency of PRCs first and then determining
kriged distributions in reservoir space, spatial trends
and juxtaposition rules are extracted that form the
basis for assigning appropriate processes that reliably
explain reservoir heterogeneity.

ART Methodology Upsides and Limitations

The ART workflow presented in this paper allows
the investigation of reservoir complexity in an unbi-
ased, statistics-based, data-oriented, and repeatable
manner, leading to the identification of FRPCs. Such
FRPCs can be distributed spatially within a geologic
model, and the resulting trends, shapes, and juxtapo-
sitions can be interrogated for the underlying controls
on these distributions, which can be unique for a
given reservoir. When consistently applied, this road
map provides a baseline for a systematic comparison
of reservoirs and their property ranges, distributions,
and behaviors, which can be used in exploration and
production optimization of hydrocarbons, as well as
carbon capture and storage.

The technical skill required from the user is not
excessively demanding; ART can be run on most
commercial petrophysical software applications, such
as SLB’s Techlog or Petrel, Paradigm’s Geolog. It also
requires machine learning applications in a dedicated
programming language, such as Python or C++.

Another strength of the workflow proposed here
is its time efficiency; the average time required to
complete each of our case studies was approximately
3 months for the petrophysicists and geologists com-
bined, using data that were quality checked and
ready before the start.

The principal limitation of ART, in the authors’
view, is not technical but rather related to the natural
human resistance to change. Carbonate reservoir
characterization is a complex exercise integrating
diverse data sets, scales of observation, software plat-
forms, and so forth, carried out by multidisciplinary
teams over months, even years. Methods and work-
flows have been developed over many decades, and
innovative approaches demanding a shift or modifica-
tion of such ways of working often find substantial
resistance from individuals, teams, and/or corpora-
tions. As an example, many geoscientists are hesitant

to accept that lithofacies do not control reservoir
quality, whereas many studies show that the domi-
nant guide to the spatial distribution of properties in
the subsurface is diagenesis (e.g., the 380 reservoir
zones studied by Kenter et al., 2022). Even when dia-
genetic modification is presented as an important
control, the traditional sedimentologic description of
such modifications cannot be translated readily into
quantitative and spatial information required for res-
ervoir characterization.

CONCLUSIONS

This paper presents ART as an approach to generate
highly predictable rock types with realistic distribu-
tions in 3-D earth models. Advanced rock typing is a
pragmatic and innovative methodology for carbonate
rock typing and a paradigm shift in how the subsur-
face characterization community addresses reservoir
quality in carbonates for the following reasons.

1. The resulting rock types capture only statistically
relevant geological attributes, follow data-driven
spatial trends and juxtaposition rules, and can be
predicted with an accuracy of at least 80%.

2. It confirms the weak correlation between depo-
sitional attributes and the core-to-log domain
observed by many previous studies.

3. It provides unbiased assessments of the pro-
cesses driving first-order changes in multiscale
and multimodal porous media.

4. The results of the case studies confirm the domi-
nant role of late burial fluids on reservoir quality.

5. This method is data driven, systematic, and fast
to deploy, and it allows meaningful comparisons
between different reservoirs or between itera-
tions of a given reservoir model.

6. It identifies unbiased modeling strategies for
well placement and reservoir optimization in
production settings.
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