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Abstract
The Kharyaginskoye oil field is located on the territory of the Nenets Autonomous District and belongs to
the Timan-Pechora Basin oil and gas province. The main object of development is a Devonian age carbonate
reservoir. The productive zones of the studied object are mainly confined to thin bed low-porosity reservoirs
with a complex structure of void space.

The high heterogeneity of deposits laterally and the presence of different levels of oil-water contact
(OWC) in the marginal isolated zones necessitate a more accurate assessment of the oil-saturated effective
thicknesses. The increase in the reliability of the interpretation was achieved by the joint analysis of borehole
and seismic studies using Machine Learning methods.

At the stage of configuring the facies model based on well logs and core data, a Multi-Resolution Graph-
based Clustering MRGC was used, which provides effective integration of geological and geophysical
information. The multi-dimensional dot-pattern recognition method based on k-Nearest neighbors algorithm
(k-NN), and by combining various criteria, it allows solving the problem of non-linearity of the relationships
between logging responses and the corresponding lithology.

The algorithm of the democratic association of neural networks DNNA was used to propagate
electrofacies in the inter-well space. The method optimizes the use of seismic data before summation and
after summation together with well data through a controlled process that provides a calibrated and scaled
distribution of facies. The most probable facies distribution can be used directly as a property in reservoir
modeling or as a constraint for modeling.

It is known that there is no direct connection between a certain type of wave pattern and the
lithological composition of rocks, therefore, the analysis of changing reflection characteristics is performed
in conjunction with geophysical data, such as well logging. In addition, a priori geological information
about the work area is involved. An important condition for the effective application of facies analysis is
the presence of representative core material and the availability of high-quality well information.

At the first stage of the work, the lithotyping of carbonate deposits was performed according to the macro
description of the core, based on the classification of limestones according to R. H. Dunham. Then, using the
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2 SPE-206520-MS

multidimensional statistical recognition algorithm MRGC, the relationships between the selected lithotypes
and logging responses were obtained. As a result of the tuning, a cluster model was obtained that allows us
to distinguish electrofacies characterized by an increased filtration and capacitance potential.

At the second stage, the obtained electrofacies, considering the nature of saturation, were used to train
cubes of seismic attributes and calculate the cubes of lithofacies and the probability of the existence of each
lithofacies. The key point in the distribution was the use of electrofacies obtained in wells belonging to
different facies zones.

Thus, the joint analysis of all available borehole and seismic information by machine learning methods
made it possible to make a forecast lithofacies considering the type of saturation based on geological and
geophysical information analysis.

The effectiveness of the presented technologies was demonstrated by analyzing the properties of
low-permeable carbonate reservoirs, where classical attributes and inversion demonstrate limitations in
describing a heterogeneous saturation model. The use of neural network approaches allows to configure
complex nonlinear dependencies that are not available to classical methods.

The use of a small volume of multi-scale geological and geophysical information using Machine Learning
algorithms in the field of field-geophysical and seismic interpretation makes it possible to increase the
reliability of interpretation and clarify the location of prospective zones with improved reservoir properties
on the studied area, as well as to minimize geological risks during subsequent well placement.

Introduction
The Kharyaginskoye oil field, which is large in terms of geological reserves and very complex in its
geological characteristics, is located 165 km southeast of Naryan-Mar in the Nenets Autonomous District of
the Arkhangelsk Region and belongs to the Pechora-Kolva oil and gas region of the Timan-Pechora oil and
gas province (Fig. 1). The nearest large fields are Vozeyskoye and Usinskoye (in the south), Layavozhskoye
(in the northwest), Yareyu (in the north). High-paraffin oil, aggressive components in associated petroleum
gas (hydrogen sulfide), powerful horizons of permafrost rocks and harsh climatic conditions - all these
factors make the development of the field a technically difficult task.

Fig. 1—Kharyaginskoye oil field on the map

Two structural and tectonic floors are involved in the geological structure of the working zone: the upper
Proterozoic metamorphic basement and the Paleozoic-Mesozoic sedimentary cover. The maximum open
depth of the section within the Haryaginsky district is 4183 m (a. o. −4092.6 m). The uncovered section of the
sedimentary cover of the Haryaginsky deposit is stratigraphically represented by deposits from the Lower
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SPE-206520-MS 3

Devonian to the Quaternary inclusive. The Paleozoic section consists mainly of carbonate deposits of the
Lower and Upper Devonian, terrigenous deposits of the Middle Devonian, carbonates of the Carboniferous
and Lower Permian periods and terrigenous rocks of the Upper Permian. Mesozoic deposits in the Triassic,
Jurassic and Cretaceous systems are mainly represented by red and variegated rocks. Cretaceous deposits
overlap with Quaternary ones.

From a tectonic point of view, the Kharyaginskoye field is confined to the swell-like uplift of the
same name, located in the central part of the Kolva megaval, which is a large tectonic element of the
consedimentation type-the Pechora-Kolva avlocogen and represents a large asymmetric near-fault anticlinal
fold of the north-northwest strike.

The field is characterized by a large number of oil deposits and a variety of reservoirs with a wide
range of capacitance and filtration characteristics. The main object of development within the framework
of the Kharyaginsky Production Sharing Agreement is the carbonate reservoir of the D3-III formation of
the Famensky age of the Upper Devonian system. The matrix porosity of Devonian sediments varies from
6 to 20%, and the permeability varies from 0.1 to 1000 mD. The productive zones of the studied object
are mainly confined to thin bed low-pore reservoirs with a complex structure of void space (Fig. 2). This
leads to a number of uncertainties related to the prediction of permeability and, as a result, water saturation
of sediments.

Fig. 2—Lithology and stratigraphy column D3-III

D
ow

nloaded from
 http://onepetro.org/SPER

PTC
/proceedings-pdf/21R

PTC
/2-21R

PTC
/D

021S006R
006/2512007/spe-206520-m

s.pdf/1 by Elena Kolbikova on 03 D
ecem

ber 2021



4 SPE-206520-MS

The high lithofacies variability and the presence of uncertainties in the position of the water-oil contact
levels (OWC) leads to the need for a more accurate assessment of the oil-saturated effective thicknesses. In
this connection, the following project goals were outlined

• Lithotyping of the Famennian deposits in order to identify prospective zones;

• Forecast of the saturation character for the purpose of rapid assessment of the prospective effective
thickness;

• Distribution of lithofacies in the inter-well space. Obtaining cubes of lithofacies and the probability
of the existence of each lithofacies.

The fulfillment of the above tasks, as well as an increase in the reliability of interpretation, was achieved
by a joint analysis of borehole and seismic studies using Machine Learning methods.

Lithological characteristics of sediments D3-III
An important component of the data classification process is the availability of a detailed description of the
lithological characteristics of the deposits of the target object.

The D3-III formation is mainly represented by carbonate deposits belonging to the Famennian stage of the
Upper Devonian. The Famennian stage is divided into 3 sub-stages: Upper-, Middle- and Lower Famennian.
The productive part of the Middle Famennian is located 8-14 m below the top of the sub-stage. The pack is
composed of light and dark gray limestones with layers of clays. The lithological and stratigraphic section
of the object is shown in Fig. 2.

Within this zone, sedimentation occurs under active hydrodynamic conditions, which leads to the
predominance of granular limestones containing ooids (nodules) and oolites, rolled fragments of organisms
in the section. According to the classification of R. Dunham, the most widely developed type of rocks in
this area are grainstones.

According to the description of the core, gray limestone prevails in the section, in areas with a brownish
tinge, thin-fine-crystalline, clastic, sharp-angled, in gray-brown areas it is represented by many fragments of
sandy limestone. In another facies zone of the object under consideration, gray, clastic, massive limestones
are described, less often with suture sutures, with brachiopods, ostracods, small oncolites and shell detritus.
At the same time, it should be noted that not the entire interval under consideration is completely complicated
by this type of rock, which indicates the need for a more detailed study. However, the prevailing type of
rocks in this area for the D3-III formation is exactly this.

The results of core studies were used for lithotyping of carbonate deposits of the Famennian stage, as
a result of which, based on the macro description and sedimentation classification of limestones by R. J.
Dunham (Dunham, 1962), the main lithological differences were identified, taking into account the reservoir
potential of rocks, which in turn is consistent with the principal model of facies zoning (Fig. 3):

Grainstone is a coarse-grained limestone with a high reservoir potential;
Fine grained grainstone is a fine-grained limestone with a moderate reservoir potential;
Bidstone-Grainstone-limestone with moderate reservoir potential;
Bindstone- bindstone and packstone with moderate reservoir potential;
Wackestone – a wackestone with a low reservoir potential;
Shaly limestone is a shaled-out limestone with a low reservoir potential;
Bindsotne-shaly is a fine-grained shale limestone with a low reservoir potential;
Shaly mudstone-mudstone – the absence of void space.
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SPE-206520-MS 5

Fig. 3—Principal model of facies zoning of barrier deposits of a carbonate platform

Technological aspects of the solution (MRGC)
Contemporary approaches based on methods of statistical modeling and modeling based on neural networks
were used as tools for solving the problems of classification (typing) of rocks.

Multi-resolution graph-based clustering MRGC is based on the method of multi-dimensional dot-pattern
recognition method based on non-parametric k-nearest neighbors and graph data representation. As part
of the algorithm, the basic data structure is analyzed, and natural data groups are formed, which can have
completely different densities, sizes, shapes and relative separation (Shin-Ju Ye, Philippe Rabiller, 2000).
Uncontrolled classification provides opportunities to study the data structure in the absence of any third-
party information or control in the form of information about classes, and often reveals such data features
that would be difficult to predict, due to the lack of subjective influence of a specialist, which is an integral
part of the controlled methods. In the presence of the results of core studies (macro description) it becomes
possible to check the correctness of the division of curves into segments and iteratively correct this division
to account for core data and geologically justified stratigraphic ordering of segments.

Since the data structure is controlled by the characteristics of the curves, the interpretation of clusters in
terms of rock types or facies is time-consuming, depending on the set of available geological and geophysical
information.

An important point in the application of the approach is the possibility of solving the dimension problem.
Log space is not equivalent to geological space and two points that are close to each other in log space may
not always be similar geologically (fig.4) (Shin-Ju Ye, Philippe Rabiller, 2000). Dimensionality causes a
strong non-linearity in the relationships between log data and lithology and makes it difficult to tie any log
data partition to a sedimentologically relevant description. Neither logs nor core description should be taken
as an absolute reference. Log data is subject to environmental conditions and have a limited resolution. Core
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6 SPE-206520-MS

descriptions have a limited coverage and are subjected to interpretation. MRGC solves the dimensionality
problem and offers all the advantages, while eliminating most of the drawbacks of the other methods.

Fig. 4—Log Space vs. Geological Space

A classic approach to facies analysis, automatic clustering, requires an estimate of the number of clusters,
with the results being very sensitive to this parameter. MRGC proposes the optimal number of clusters yet
allows the geologist to control the level of detail needed to define electrofacies.

MRGC creates several optimal numbers of clusters corresponding to different resolutions. In addition,
the results of MRGC are organized in a hierarchical way so that the clusters of higher resolutions are always
subclusters of the low-resolution clusters. From the decreasing ordered KRI curve several important breaks
can be observed, where KRI changes from one stable plateau to another. These breaks correspond to the
optimal clusters at different resolutions (Shin-Ju Ye, Philippe Rabiller, 2000) (fig. 5).

Fig. 5—Automatic determination of the optimal number of clusters

The main technological process includes the following stages (fig. 6):

• Define Objectives: Set goals, scope of work, and review available information.
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SPE-206520-MS 7

• Quality Control: Perform quality control and calibration.

• Training Data: Select training data and check similarity with application data.

• Cluster Analysis: Perform cluster analysis of training data and apply to application data.

Fig. 6—General workflow of electrofacies analysis

At the stage of defining goals, it is important to understand that not all combinations of logs have the
same value. Different combinations may contain information related to different aspects of rocks, such
as sedimentation, or diagenesis, or the behavior of the pore network. In addition, different combinations
of curves can result in different clusters and density structures, where some structures may look more
prominent and more suitable for comparison with geological elements.

Obviously, the data structure depends on the nature of the set of curves. If the geophysical logs are
processed directly using clustering methods, then the clusters will mostly be contoured based on porosity
and hydrogen content. It is not necessary to use curves exactly in the form in which they are written in
the field. You can transform them and their combinations to extract information that is less dependent on
porosity. This concept has long been used in the so-called lithology-porosity function "litho-porosity chart"
and "MID" charts used to determine the mineral composition before calculating porosity.

There is also no reason to refuse to use core measurements as input data, provided that the
representativeness of the core data used to create a predictive model is ensured.

The last stage of the process is the assignment of geological markings to electrofacies and testing the
capabilities of the model for classifying the responses of curves into geologically significant electrofacies.
This stage is a calibration, and it is often performed in several iterations until a good correspondence is
achieved between the partitions of the curve data and the core descriptions.

Electrofacies Model adjustment
The adjustment of the electrofacies model, which allows solving problems both on the lithotyping of the
section and on the prediction of the saturation character, is multi-iterative in nature and consists of several
stages.

At the first stage, the initial electrofacies model was configured, which allows to distinguish limestone
classes considering the reservoir potential. As a training, a set of wireline log responses was used, which is
a suite of logging methods, such as: gamma-ray GR, bulk density RHO, resistivity BK and neutron-porosity
TNPH. As an associated curve for comparing the MRGC electrofacies with the lithological log, the result of
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8 SPE-206520-MS

facies division performed according to the data of the macro description of the core was used (Fig. 7). The
trained model recognized 5 lithotypes considering the merging of the original facies with similar properties
(Fig. 8).

Fig. 7—Facies division of limestones of the Famennian age according to core data well X6

Fig. 8—Training of an electrofacies model for lithotyping
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SPE-206520-MS 9

For the analysis of the model logging complex, "Boxplots" diagrams were used. Box diagrams allow us to
assess the degree of differentiation of lithotypes based on model data (Fig. 9) and are a visual representation
of the main statistical values. They consist of a rectangle occupying the space from the first to the third
quartile (that is, from 25 to 75 percentiles), and the line inside this rectangle corresponds to the median. In
addition, the maximum and minimum values are marked on the box diagram.

Fig. 9—Differentiation of limestones with high, moderate and low reservoir potential

As a result, the obtained lithotypes were propagated to 10 wells from various facies zones (Fig. 10).

Fig. 10—Training of wells from various facies zones

An example of the obtained lithological column for three wells (X1, X2, X3) is shown below in Fig. 11.
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10 SPE-206520-MS

Fig. 11—Propagation lithofacies in wells X1, X2, X3

Among the goals of the project, the task of predicting the type of saturation was also identified. Therefore,
as part of the second stage of electrofacies modeling, the model was continued to be trained using various
direct current resistivity method responses (induction and lateral logging), as well as the results of testing,
and obtaining a facies model that allows differentiating reservoirs with different types of saturation, namely
oil, water-saturated and reservoir intervals related to the transition zone (Fig.12).

Fig. 12—Training of facies model for saturation prediction

The results of the models propagation, considering the type of saturation, are presented below for one
of wells - X4 well (Fig. 13).
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SPE-206520-MS 11

Fig. 13—Propagation of facies models in well X4

Facies Upscaling
Due to the lower vertical resolution of seismic data compared to logging data, an important step in obtaining
the final facies in wells for which the classification of seismic data will take place is ‘upscaling’, that
is, scaling the obtained electrofacies considering the minimum resolution of the cube. In this example, it
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12 SPE-206520-MS

was necessary to obtain facies with a thickness of at least 4 meters for the possibility of their subsequent
consideration when predicting properties in a cube (Fig. 14).

Fig. 14—Example of obtaining the final scaled facies in well X3

Seismic data classification (DNNA)
The combination of rock typing and multi-resolution graph-based clustering (MRGC) brings two different
aspects to well-logged lithology prediction (Shin-Ju Ye, Philippe Rabiller, 2000). The simplicity of the tools
used for rock typing makes quality control of facies assessment clear and easily reproducible. However,
graph analysis is limited as it cannot capture the subtle variations that MRGC electrofacies would identify
in a multi-log analysis study. Input facies DNNA logs are determined by calibrating rock typing lithology
and evaluating fluids using electrofacies (Kamal Hami-Eddine et al., 2009).

The developers of seismic data classification programs moved sequentially from studying trace shapes
using a single Kohonen self-adjusting neural network algorithm to creating several algorithms: hybrid
clustering, hierarchical classification, using external models or real seismic traces instead of model ones.
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SPE-206520-MS 13

The presence of several algorithms made it possible to obtain additional information on the distribution of
reservoir properties, but they had one significant drawback - well data was used only to calibrate the results
and did not participate in the calculation, and only summary data were used at the input to the program.

DNNA (Democratic neural network association) is a completely new algorithm that is a multidimensional
neural network and can be considered in a series of acoustic, elastic and stochastic inversions. The algorithm
has two training stages: initial training data from well facies groups and prestack seismic data are used
as hard training samples for the first stage of supervised training, while democratic contribution (voting
system) includes only soft data. (pre-stack seismic data) to enrich the final training dataset for the second
stage of supervised learning (Kamal Hami-Eddine et al., 2019).

Once DNNA training reaches a satisfactory bootstrap error, we predict facies values for the entire amount
of untagged data. The extrapolation of network properties is based on a Bayesian approach using an a priori
defined by DNNA. The class inference performed by DNNA is used to calculate the posterior probability
based on the a priori determined by the network (Kamal Hami-Eddine et al., 2009). The DNNA methodology
has been applied to carbonate deposits where previously conventional attributes and inversions have shown
limitations in describing heterogeneous hydrocarbon saturations.

Properties propagation
The process of spreading lithological information into the inter-well space is carried out in several stages.

The first and most important of them is the evaluation of the source data. Since both borehole and seismic
data are used in the calculation, the evaluation of the initial data was carried out in two directions. First of
all, the lithology curves were loaded and evaluated. To link the seismic results with the lithology curves, a
classification table was created in which lithotypes were assigned to each facies number, color and fill were
assigned, which helps to determine the corresponding lithotype in the effective cube of lithofacies. Due to
the changes, that were made in electrofacies models, two classification tables were created (Fig. 15). The
verification of the correspondence of the lithological curve and the classification table is shown in Fig. 16.

Fig. 15—Classification tables for initial and upscaled facies
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14 SPE-206520-MS

Fig. 16—The verification of the correspondence of the lithological curve and the classification table

For seismic data, the amplitude-frequency spectrum was estimated, and the best cube was selected for
subsequent calculations (Fig. 17).

Fig. 17—Comparison of amplitude-frequency spectra of two input time volumes

Based on the estimated information, a SW cube with frequency bleaching was selected. The next step
was to calculate a synthetic seismogram to clarify the time-depth ratio. To calculate the lithology cubes, it
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SPE-206520-MS 15

is very important to accurately "fit" the seismic cube on the wells, the exact correspondence of the seismic
horizons to the well markers (Fig. 18).

Fig. 18—Verification of seismic and well data consistency

The stage of directly calculating lithology cubes has 5 steps.
The first step is to select the source data. The calculation involved 10 wells, one of them is blind. The blind

well in the program is called a training well, because even though it does not participate in the calculation, all
the intermediate data is "tried on" on it and the error of restoring the original lithological curve is calculated.
41 seismic attributes were calculated from the seismic cube and then the most informative and variable data
in the first component were selected using the Principal Component Analysis program (PCA) (Fig. 19).

Fig. 19—Selection of the most informative attributes by the PCA program
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16 SPE-206520-MS

The second step is to select a method and window for smoothing lithological curves and select a step for
extracting seismic attributes. Smoothing window can be estimated based on maximum frequency seismic
cube according to the formula 1000 / 2.8 × max frequency = 1000 / 2.8 × 55 hz = 6.5 m

But, since there is no specific method for determining the smoothing window, then the calculation is
carried out at higher and lower values. Three options were used: 2m, 5m, 8m

The vertical sampling step is approximately half the step of the anti-aliasing window (mnemonic rule).
Two options were used: 0.5 m and 2 m

The third step is training the input cubes. According to the algorithm scheme, seismic and lithological data
at well points are processed by six neural networks. If the lithofacies at the output of these neural networks
differ from each other, the voter program selects arbitrary data from the input seismic data and appends it to
the original data. Then there is a second processing by neural networks. This process is iterative, possibly
up to 1000 iterations.

Fig. 20—Diagram of the DNNA (Democratic Neural Networks Association) algorithm

The result of this step is the traces of the lithology cube, which will be at the points of the wells at the
end of the classification process, as well as traces of the total probability and individual probabilities of
each lithotype. (Fig. 21).

D
ow

nloaded from
 http://onepetro.org/SPER

PTC
/proceedings-pdf/21R

PTC
/2-21R

PTC
/D

021S006R
006/2512007/spe-206520-m

s.pdf/1 by Elena Kolbikova on 03 D
ecem

ber 2021



SPE-206520-MS 17

Fig. 21—The result of the stage of training (from left to right: the original lithological curve, smoothed
original curve extracted with an extraction step, the predicted path in the lithological cube, the curve of the
total probability of the existence of lithotypes and the individual probability of the existence of a lithotype)

At the training stage, it is possible to evaluate and select the most informative cubes based on the
assessment of the vertical spread of facies for each input attribute. The greater the vertical spread, the more
informative the attribute.

Fig. 22—Evaluation of the selection of input attributes for one of the calculation options
(from left to right: spectral decomposition (29.48 Hz), amplitude weighted instantaneous

frequency, integration, relative acoustic impedance, instantaneous amplitude, sweetness)
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18 SPE-206520-MS

The fourth stage of the program's work is directly the classification of the initial set for each trace in the
survey. The result is a cube of lithology, a cube of the total probability of existing lithotypes, cubes of the
individual probability of the existence of each lithotype.

The fifth stage is to smooth all the resulting cubes. Lateral and vertical smoothing is done on the basis
of the Dip and Azimuth cubes and the result is smoothed versions of all previously obtained cubes. Since
the probability of the existence of each lithotype can vary, the cubes of probability allow calculating the
volumes of rocks in several versions: optimal, pessimistic and optimistic.

Several lithology cubes with different sets of input data and parameters were calculated in the project.
An example of lithofacies cubes, considering the type of saturation, is shown in Fig. 23–24.

Fig. 23—Final cube of lithofacies ("blind" well in the center)

Fig. 24—Result of final facies propagation

The lateral change in saturation (Fig. 25) was compared with the presented maps, calculated only from
borehole data.
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Fig. 25—Volumetric distribution of facies (brown-oil, purple-oil plus water, blue-water)

As a result, a large detail of the distribution of saturated rocks at the horizon levels that determine the
interval of interest is obtained It is worth noting that the lithofacies cube allows to build such maps in an
interval of any power for a more detailed understanding of the reservoir rocks distribution with an increased
coefficient of saturation with hydrocarbons.
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Since the results of dynamic analysis depend on the quality of the input data, the use of high-frequency
seismic data with a smaller discrediting step will allow to obtain more resolved lithological cubes (with a
step of up to 2 meters).

The use of calculating cubes of lithofacies is not only justified, but also necessary as a stage of a more
complete and accurate understanding of the volumetric distribution of physical properties.

Summary
The applicability of the presented technologies was demonstrated by analyzing the properties of low-
permeable carbonate reservoirs, where classical attributes and inversion demonstrate limitations in
describing a heterogeneous saturation model. The use of neural network approaches allows you to configure
complex nonlinear dependencies that are not available in conventional approaches. At the same time, it
should be noted that the results of dynamic analysis depend on the quality of the input data - the use of
high-frequency seismic data with a smaller discrediting step will allow obtaining more resolved lithological
cubes (with a step of up to 2 meters). The use of cubes of lithofacies is not only justified, but also necessary
as a stage of a more complete and accurate representation of the volume distribution of physical properties.

Thus, the joint analysis of multi-scale geological, geophysical and seismic information by machine
learning methods made it possible to make a forecast of facies identified from well data, to achieve
an increase in the reliability of interpretation and to clarify prospective zones with improved reservoir
properties and increased oil saturation in the studied area and to minimize geological risks during subsequent
well placement.
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