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ABSTRACT

Obtaining reliable permeability maps of oil reservoirs is crucial for building a robust and accurate
reservoir simulation model and, therefore, designing effective recovery strategies. This problem, how-
ever, remains challenging, as it requires the integration of various data sources by experts from different
disciplines. Moreover, there are no sources to provide direct information about the inter-well space. In
this work, a new method based on the data-fusion approach is proposed for predicting two-dimensional
permeability maps on the whole reservoir area. This method utilizes non-parametric regression with a
custom kernel shape accounting for different data sources: well logs, well tests, and seismics. A con-
volutional neural network is developed to process seismic data and then incorporate it with other
sources. A multi-stage data fusion procedure helps to artificially increase the training dataset for the
seismic interpretation model and finally to construct an adequate permeability map. The proposed
methodology of permeability map construction from different sources was tested on a real oil reservoir
located in Western Siberia. The results demonstrate that the developed map perfectly corresponds to
the permeability estimations in the wells, and the inter-well space permeability predictions are

considerably improved through the incorporation of the seismic data.
© 2025 Southwest Petroleum University. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

since it quantifies a rock formation's ability to transmit fluids
through the reservoir formation [3-5]. Permeability maps or cubes

Reservoir simulations are the basis of robust forecasting of
reservoir production performance and designing proper recovery
strategies [1,2]. Among the reservoir properties, permeability
plays one of the most crucial roles in reservoir simulation models,
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provide a spatial representation of the transmission capability of
petroleum reservoirs, which could be beneficial for optimal well
placement and designing effective recovery strategies of oil and
gas fields under development [6-8].

Different methods have been applied for the determination of
reservoir permeability. Core analysis is the only direct technique
used for permeability measurement, while indirect methods
include well log and seismic data analysis. [9-11]. Except for the
seismic, all these methods suffer from data source locality, as well
as measurement errors that vary across different reservoirs
[11-13]. The integration of such data into a reservoir simulation
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model usually requires the work of a team of specialists who
interpret raw data from the standpoint of their respective spe-
cializations [14]. Each of them, while creating the component parts
of the object model, often does not see the full picture. In partic-
ular, seismic specialists create multiple geobodies, whereas geo-
physicists, independently of each other, characterize reservoir
properties. In addition, well logs and well tests provide valuable
information about permeability around wells; however, perme-
ability in the inter-well space often comes with high inherent
uncertainty [15]. The procedure of creating an adequate reservoir
simulation model is quite complex and time-intensive, typically
taking months, depending on the characteristics of the field [16].

To overcome these difficulties, the present study develops a
new method for permeability map prediction. Data fusion tech-
niques, which industries often utilize when integrating multiple
data sources [17], serve as the basis for the proposed method. As a
result, it combines the data of different sources and localities and
then fuses them into a single permeability map.

The present method is based on non-parametric regression
with a special kernel shape accounting for different data locality
and reliability. As for the data being fused, the interpretations of
well logs and well tests, and global seismic RMS amplitude cubes
are used. To process the latter into permeability values, a con-
volutional neural network (CNN) model is developed. The multi-
stage fusion procedure helps to artificially extend the training
dataset for the seismic interpretation model by using grid points
with high estimated fidelity of permeability prediction by well log
and test data fusion. It is worth noting that although fusion is used
for developing 2D permeability maps, the method proposed can be
extended to other fields, such as conductivity or porosity, and in
3D.

The developed data fusion method is evaluated on the real oil
reservoir in Western Siberia. The quality of the method is esti-
mated based on how well the fused permeability map corresponds
to well measurements that were unseen to the method's algo-
rithm. As a result, the present method not only fuses the perme-
ability maps that correspond to well measurements—permeability
estimations derived from well logs and well tests—but also esti-
mates the regions where such measurements are relevant. In the
inter-well space, on the other hand, the developed algorithm
automatically relies on seismic data rather than the well mea-
surements. Therefore, it integrates data from various sources and
localities in a robust way.

In summary, the main contributions of the present study are:

(1) An automatic kernel regression-based method with inter-
pretable hyperparameters that combines well logs and well
test interpretations together into a single permeability map.

(2) A convolutional neural network (CNN) model that predicts
the target properties based on RMS amplitude cubes.

(3) Multi-stage fusion procedure that artificially extends the
amount of data used for training the seismic data interpre-
tation model and allows one to obtain an adequate perme-
ability prediction in the inter-well space.

2. Literature review

The goal of data fusion in the method proposed in this work is
to ensure that each source complements the other to ultimately
achieve adequate reservoir characterization. This section contains
a review of the definition of data fusion, its use in various fields, an
evaluation of its applicability in reservoir characterization, and a
comparison of it with similar geostatistical problems.
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Typically, data fusion is utilized in industries for integrating
multiple data sources [17]. Representative fusion problems include
but are not limited to wireless sensor network systems [18], image
processing [19], radar systems, object tracking [20], target detec-
tion and identification [21], network intrusion detection [22], sit-
uation assessment [23], life science [24]. For example, data fusion
is highly utilized in urban domains, where problematic data is
addressed while enhancing the data reliability and extracting
knowledge from multiple data sources [25]. When it comes to
reservoir modeling, the fusion of various geophysical data, such as
seismic, electrical, magnetic, gravity, radiometric, and thermal, is
used to increase the reliability of the conclusions obtained by
certain geophysical exploration methods. Fusion is mandatorily
used in well logging and often in ore and engineering geology.

In this regard, data fusion methods, such as geostatistical
techniques, have also found their applications in the development
of spatial maps for reducing the uncertainties associated with
sample data limitations to estimate a reservoir property. These
methods are also popular for their prominent efficiency in the
analysis of petrophysical data to map the values of subsurface
properties in areas with unsampled data [6]. Classical geo-
statistical methods consider the spatial dependence between ob-
servations (either from single or various data source types) to
predict values at unsampled locations. One of the most used sto-
chastic interpolation methods is kriging of different kinds, the
exact choice of which depends on the stochastic properties of the
random field and degrees of stationary assumptions [8]. Regard-
less of the stochastic methods, deterministic-based methods, such
as the inverse distance weighting (IDW) that estimates unknown
values based on a simple mathematical weighting function [26].
The kernel regression approach used in the present study can be
considered as an extended version of the IDW method to arbitrary
weighting functions, depending also on the different types of
interpolated data (similar to cokriging in this aspect). Kernel
regression can be considered a strong alternative to cokriging,
particularly for fusion problems involving data sources with
different locality. This is due to the fact that the kernel regression
has superior capability for setting adjustments to account for
variability in data locality. In addition to the approaches
mentioned above, other innovative techniques were also proposed
for fusing data to solve other issues. For instance, Sanyi et al. [27]
developed an effective technique to progressively process seismic
data with high resolution during drilling, by integrating multi-
source information, including seismic data of various stages,
spatial ranges, and frequencies, along with well logging data from
previously drilled wells, as well as drilling data. In another study, Li
et al. [28] established a new prestack multitrace seismic inversion
method by combining seismic data, well logs, and geological in-
formation and constraints. The existing review made on applica-
tions of data fusion techniques in the oil and gas industry confirms
its great potential in addressing different problems in this field. For
instance, Li et al. [29] employed a machine-learning-based fusion
approach to combine multiple decomposed-frequency seismic
attributes for accurate prediction of sand thickness of sand bodies
using an SVM model. Fusing of seismic attributes showed
improved correlation with the sand thickness compared to indi-
vidual systemic attributes [29]. To estimate the field porosity map,
Xu et al. [30] applied a co-kriging method to fuse two different
data sources, namely seismic attributes with well-log-derived
porosity data collected from the Blackfoot field based in Canada.
The proposed cokriging system achieved an improved-isolation
porosity map across the studied field with low variance in esti-
mation errors. They highlighted that developed porosity mapping
techniques can be effective for predicting the target parameter in
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areas with sparse wells [30]. Evans Annan et al. [6] have applied
simple geostatistical methods, simple and ordinary kriging tech-
niques, to estimate permeability and porosity maps in the Jubilee
oilfield located in Ghana. Applying geostatistical kriging enabled
the authors to estimate the targeted petrophysical parameter
values in unsampled locations far from the sampled areas [6]. To
estimate the spatial distribution of permeability across a gas
reservoir situated within the Khangiran field, Hosseini et al. geo-
statistical modeled the permeability, applying techniques such as
ordinary kriging and sequential Gaussian simulation based on
well-log-derived permeability values. It was highlighted that the
kriging method provided a credible spatial permeability map,
enabling estimation of the target properties of unsampled reser-
voir parts. Although the outcome of proposed geostatistical
methods provided spatial-based maps of permeability parameters,
their being solely dependent on a single petrophysical data source
(e.g., core and petrophysical logs) limits their reliability. It is worth
noting that core and log data are representative of petrophysical
properties in near-wellbore areas and prone to high uncertainty
associated with interpretation and measurement errors. There-
fore, the integration of different data sources is recommended to
improve the reliability of spatial mapping of petrophysical pa-
rameters and alleviate the locality issue with data. To some extent,
the most similar approach to geostatistical interpolation is data
fusion, but the key difference between them is that interpolation
takes only one source as input data and then propagates its
properties in the inter-well space, while fusion predicts target
values in the inter-well space based on multiple data sources.

In conclusion, data fusion is a broad topic that can be exten-
sively categorized in different ways and is applicable in various
data-intensive fields. As for reservoir characterization, few works
have approached fusing multiple sources, and even fewer works
have considered permeability maps as the reservoir character-
ization target, to the best of our knowledge. To some extent, the
most similar problem to data fusion is geostatistical interpolation,
but the key difference between them is that the interpolation
takes only one source as input data and then propagates its
properties in the inter-well space, while fusion takes into account
multiple sources and predicts target values in the inter-well space
based on these sources. Hence, the proposed method is novel in
the sense that it fuses three relevant data sources and asserts
permeability as a target.

3. Data overview

To perform this study, real data from a part of the oilfield in
Western Siberia with several productive formations were
compiled. In the stratigraphic plan, the reservoirs belong to the
Cretaceous deposits of the Upper Vartovskaya suite, composed of
frequent and uneven intercalations of mudstones with sandstones
and siltstones. As for the geological and physical characteristics of
the studied formations, effective oil-saturated thicknesses vary
from 0.4 to around 60 m, averaging 13 m for the deposit; the true
vertical depth of productive formations varies from 2400 to
2600 m; and the formation temperature is in the range of
88-90 °C. At the same time, only the most productive formation
and a separate area with 147 wells (see Fig. 1) are considered
below due to data availability (see Fig. 1).

The following data sources were used during the study:

(1) well log data: permeability (Ky;) and net pay (Hwi);

(2) well test data — effective permeability from well test (Kwt),
net pay (Hwt), and date and type of the survey;

(3) seismic cube data: root mean square amplitudes (RMS);
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Fig. 1. Well location map presenting the positions of the wells and the availability of
permeability measurements in those wells, as well as the interpreted values. The oil
reservoir boundary depicts the area in which the target permeability map is aimed to
be fused.

(4) special core analysis (SCAL) filtration data for each rock
type: oil and water relative permeability curves;

(5) well coordinates & horizons;

(6) formation fluids properties (oil & water viscosity).

The choice of reservoir ought to be driven by the least tendency
to anisotropy of properties; therefore, it is recommended to use a
field with a single productive formation. The selected field is a
more challenging case for such analysis because of the operation of
wells in multiple reservoirs, so the data are required to be pre-
processed to obtain separate values for each of the formations.

In the reservoir examined, 88 wells possess both well-log and
well-test measurements; 37 wells provide only well-log data, 4
wells supply only well-test data, and 18 wells lack measurements
altogether. The spatial distribution of these wells is shown in Fig. 1.

3.1. Data sources

Well-log permeability, Ky, is obtained from porosity logs via
calculated petrophysical dependencies. Such a transformation
contains several uncertainties associated with the following
sources:

(1) the error of the method itself for determining porosity from
logs correlates with the error of measuring tool: interpre-
tation results are highly dependent on the quality and
duration of measurements [31];

(2) the spread of the porosity function ¢ = f{log(Ky1)) is quite
high due to the specificity of core studies and interpretation,
as the core sample characteristics are measured at surface
conditions instead of reservoir ones. Overall, it leads to
vague permeability values [32,33].

As for the build-up well tests, such permeability, Ky, is closest
in its physical meaning to that calculated directly in the reservoir
simulation model and is an integral filtration characteristic of the
well drainage area [34]. However, switching from effective to ab-
solute permeability is also needed since the latter corresponds to a
rock characteristic rather than its combination with the compo-
sition of formation fluids [35]. The following formula is, therefore,
utilized to convert effective permeability to absolute one:
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Fig. 2. Comparison of permeability distributions from well log and well test data (a) before and (b) after Q-Q transformation (Yeo-Jonson transformation).

Kt

K = 9
abs kro(Sw) | krw(Sw)
Mig\ =+~

(1)

Ho Hw

where Ky — effective permeability from well test, uiiq, po, pw —
liquid, oil and water viscosity, respectively; kio(Sw), krw(Sw) —
relative oil and water permeabilities, respectively, which are found
from rock type relative phase diagrams.

As seenin Fig. 1, the well log-based permeability measurements
show a higher concentration of zones with low permeability as
indicated by darker colors (purple and blue), though a few high-
permeability zones (green to yellow) are observed in the wells
considered. The well test-based permeability measurements
shown in Fig. 1 display almost a similar trend, with a higher con-
centration of wells with low permeability values. The comparison
of the histograms (of the well test and well log permeability values
in Fig. 2(a) demonstrates that there is variability in permeability
estimates depending on the measuring method since well logs
often provide higher resolution of permeability values at the
wellbore level, while well tests offer a broader representation of
permeability values at certain drainage areas around the wells.
This comparison confirms the importance of using multiple data
sources to assess reservoir permeability rather than solely relying
on a single source.

During methodology validation on the field data, a so-called
problem “bull-eyes” at the well positions on the fused perme-
ability cubes was encountered, which is described in Section 5. The
origin of the problem lies in the frequent discrepancies between
well logs and well tests interpreted permeabilities. Consequently,
this results in either a local increase or decrease in values near the

well since logging data is much more reliable in a small radius (see
Section 4.1). To solve this problem, To solve this problem, the
logging data were transformed via a quantile-quantile (Q-Q)
transformation as Fig. 2(b). The transformation of the logging data
can be performed either to log-normalize the distribution (i.e. Yeo-
Jonson transform [36]), as the permeability distribution in the real
field is log-normal [37], or to match the well tests target distri-
bution (i.e. Histogram matching [38]).

Fig. 2 compares the distribution of the permeability log esti-
mated by well log data (pink) with that calculated based on well
test data (blue), highlighting the degree of discrepancy in the
permeability estimated from the two data sources before and after
the Q-Q transformation. As observed in Fig. 2(a), the permeability
distribution derived from well log data does not align with that of
the well test data. The distribution of well test permeability ap-
pears to have a higher density at the lower values, while the well
log-based permeability displays a narrower distribution with a
larger density at higher values. A comparison of the two distri-
butions after applying the Q-Q transformation as Fig. 2(b) dem-
onstrates that the well test permeability distribution matches that
estimated by well log data, suggesting that the Q-Q transformation
effectively reduced the discrepancies observed between the
permeability cube estimates derived from the well test and well
log data.

4. Methodology
The methodology applied to reliably map the spatial distribu-

tion of permeability across the considered area of the studied field
is diagrammatically displayed in Fig. 3. The developed
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Fig. 3. Workflow diagram illustrating the methodology applied for mapping the spatial distribution of permeability. The process consists of four stages: (1) data collection and
preprocessing, (2) kernel-regression based “pure fusion,” (3) CNN model training for predicting permeability from seismic, and (4) kernel-regression based complete fusion of well
log, well-test, and seismic data, estimating a refined final permeability.

816



G. Shutov, V. Duplyakov, S. Davoodi et al.

methodology consists of four subsequent stages. In the first stage,
the required well log, well test, and seismic data are collected from
the field under study and preprocessed (see section 3). In the
second stage, wells interpreted permeabilities by well logs and
well tests are used in kernel regression to fuse a permeability map
(see section 4.1). The fusion process at this stage is called “pure
fusion,” in which seismic data are not used. Next, the purely fused
permeability map from the previous stage, combined with pre-
processed seismic data, is compiled into a dataset to train a CNN
model for predicting the global target map at high kernel-value (or
high fidelity) points (see section 4.2). Finally, the seismic CNN-
predicted permeability, along with those from the well test and
well log sources, is used to train a new kernel and refine the target
fusion. This final stage is called “complete fusion,” which in-
tegrates all three sources considered in our study to estimate the
permeability map.It is important to note that although the present
study applies this fusion method to develop 2D permeability
maps, the approach is readily extendable to predict 3D cubes of
permeability and other petrophysical properties, such as porosity.

4.1. Kernel regression

The purpose of the data fusion approach is to obtain the most
accurate initial absolute permeability map for the considered area.
Therefore, all the information sources (well logs, well tests, and
seismics) for the absolute permeability have to be combined,
taking into account their various levels of uncertainty and the
degree of confidence depending on the distance from the well. The
procedure is validated through a leave-one-out cross validation
(LOOCV) strategy, where each well value is used for validation by
comparing it with the model results without this well.

The following approach is proposed to precisely establish the
exact relationship between data sources (well logs, well tests, and
seismics). The logarithm of the absolute permeability is taken as
the target variable, based on the assumption that the spread of the
target variable may span several orders of magnitude [39]. The
initial approximation for the permeability map is obtained using
the Nadaraya-Watson kernel regression [40,41] estimator for
target permeability K, which represents a weighted average over

all points 7; (measured from each well) surrounding the consid-
ered point 7, as given in Eq. (2):

LK =Tk

ST =T @)

K(T)

where T = (x,y) is a radius-vector, K(7) is the estimated
permeability map, and k; is the permeability from ith source. The
kernel K(r) accounts for the varying locality and reliability of the
three data sources used: well test Kwt, well log Ky}, and seismic
Kseismic kernels:

K (F = Tar) = (| T = Pl fra) e (T Tol/rf 3)
Ko (T = Fur) = e~ (T =Tl (@)
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Fig. 4. Kernel weights as a function of distance from well for different data sources.
Kwt, Kwi and Kseismic represent kernels of permeability derived from well test, well
log, and seismic data respectively for a single well at T'y.

B —
r—r W) = Kseismic = Ws

’Cseismic( (5)
where Ty, is well position, « is locality index, g is relative well log
radial exponent, y is low-fidelity factor of well log data, § is relative
well test radial exponent, rq is well test radius (i.e., drainage
radius), rg is geological permeability correlation radius, and ws is
seismic weight value (constant). These kernel parameters a, 3, 7, 6,
4, Tg, and ws will be optimized, and the optimization will be
described further.

Fig. 4 illustrates the dependence of the kernel weights of the
target for the well test, well log, and seismic data on the distance to
a well. According to the kernel weights illustrated, the perme-
ability derived from well logs reaches the highest impact in the
immediate vicinity of the well K, while that from well test data
primarily affects the target distribution within the approximate
drainage radius (rq in Kwt). Meanwhile, the permeability derived
from seismic data refines inter-well space independent of dis-
tance, meaning its kernel weight remains constant throughout the
field Kgeismic- Thus, kernel weights properly determine data reli-
ability for each source considered at a given distance from the well.
It should be noted that the relationships presented in Fig. 4
correspond to a single well at 7'y as an example to visualize the
kernel weights for the target distribution from multiple sources
considered.
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Using such a kernel, a permeability map K(7’) is introduced,
enabling the estimation of the target value at a given distance by
incorporating data from the available N wells, as presented in Eq.

(6):

_ SN Kt (T = TR + SN K (T —

ETAYALL seismic (3
ri)ki ""’CseismicKl 1c(r)

Petroleum 11 (2025) 813-824

8, T4, T, and ws) for the field case considered using a leave-one-out-
cross-validation (LOOCV) technique. This process is performed by
applying differential evolution [42]. An issue that may arise during
this process is that the optimizer could converge to a solution

K(T)

where T'; is a position of ith well, k}"’t is interpreted well tests

permeability, k}"’l is interpreted well logs permeability, and

Kseismic (77) is permeability derived from seismic. It is important to

note that KM€ (7’) is not readily available for any reservoir. To
obtain this parameter, a predictive seismic model needs to be
developed, which will be described further in Section 4.2. There-
fore, at this stage, the fusion is conducted without seismic data by
assuming that Kgejsmic = 0.

The oil reservoir can be represented on a grid, which is a set of

Neri . .. . .
points Q = {?j}, g1d. The reservoir studied in this work has a grid
]:

of 7962 points. However, the grid is chosen by user, and the al-
gorithm can work with various grids. Fig. 1 demonstrates the
boundary that surrounds all these points in the grid. When the
permeability map is fused, the formula given in Eq. (6) is applied
for computing the target, k, in each point of the grid, ?j, to obtain

Ngri
the permeability map, K = {kj} o

j=1

During the kernel optimization process, the fused permeability
values in the wells need to be checked and verified. Hence, the
inverse task occurs: the permeability map, K, is known, and the
permeability k! in the well at location T, estimated from the
map, needs to be determined. One way to compute this is to use
Eq. (6). However, this approach may lead to an issue: after opti-
mization, the map might exhibit reasonable permeability values at
the wells’ positions, 7;, while displaying absolutely unreasonable
values elsewhere. To mitigate this problem, it is essential to
consider all map values around the well, 7;. Thus, permeability at
the wells is computed using the kernel approach, as defined in
Equation (7).

zfg"dK(?j)/c(?j - ?’,-)

kY = N
2 K( rim T i) (7)
IC(T] — ?l) = exp ( _ }?]r;r?”)

where k" denotes the permeability in the ith well and rq; is the
drainage radius, which is set to 250 m in the present study. This
means that the permeability in the well, k", is a weighted sum of
the permeability map values, k;, from the permeability map K. The
weighting scheme assigns higher weights to the points near the
well and lower weights to those farther away. Such aggregated
permeability estimates are referred to as synthetic well tests.
The following optimization approach (see Algorithm 1) is
applied to determine the optimal values of kernel constants (a, 4, 7,

2511 [’th (? - ?1) + ’Cwl(? - ?1)] + ]Cseismic
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! (6)

where all the target values on the map become uniform, which
leads to negligible differences between the scenarios with and
without the excluded well during LOOCV. To overcome this
problem, regularization is introduced into the objective functions.
Also, the kernel parameters are sought in geologically reasonable
ranges (for example, ry in the range of the possible drainage radii).
These parameters, in general, can be set by any geologist working
with the oilfield, and such a possibility demonstrates the inter-
pretability of the selected kernel approach. Thus, the objective
function to be minimized is defined as in Eq. (8).

Algorithm 1.
. N .

Input: wells positions R = {T';},_,; target values in wells by well
N N Ngia . . .

logs {k}”l}, : and well tests {k}"’t} J grid Q = {?j},gld; initial
i= i= Jj=

guess kernel parameters a, §, 7, 8, I'q, Tg, Ws; Optimizer parameters

(number of optimization steps njtr., boundaries of kernel param-

eters etc.).
Output: optimized parameters a, f, 7, 8, I'd, Tg, Ws.

Kernel training via LOOCV.

1: for iteration in 1, ..., njcer do
2: for welliin1, ..., Ndo

3: Exclude the ith well and obtain the new set of wells R = R\{T;},
which is a set of all wells except the well at 7;;

4: Using Equation (6) together with current kernel parameters and
wells' sets R and R, fuse two permeability maps K and K, respectively;
5: Using Equation (7) and permeability maps K and R, compute the

«synthetic well-tests» k" and E:N in the ith well;
6:  end for
~ awyN
7:  Given «synthetic well-tests» k = {k}”}fi] and k = {k;N}H ,compute the
metric (8);
8: Update the parameters a, 3, 7, 6, Ta, Tg, Ws Using optimizer.
9: end for

f=1-R(kk)+cily + e,

1 =
Iy = —/|PDF(k) — PDF(k
1= 75 IPDF(k) (k)] (8)
I |(max k — min k) — (max k — min E)|
=

max(k, E)

where R? represents the coefficient of determination between the
true and predicted values synthetic well-test values; [; denotes the
difference between the true and predicted values distributions
(probability density function), normalized between 0 and 1; I,
represents the difference between the true and predicted
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max — min target differences, normalized; cy, c; are the regulari-
zation coefficients.

Due to its shape depicted in Fig. 4, one can say that the kernel
values are always higher close to wells and lower away from wells.
Indeed, its values reflect the confidence of the fused data. We
discuss this matter in Section 5.1.

For brevity, the methodology is described only for perme-
ability; however, the same approach can be applied to fuse hy-
draulic conductivity maps or porosity maps.

4.2. Automatic seismic analysis

Due to its huge size, seismic data contain a vast set of infor-
mation, ranging from geobody location to specific attributes such
as sweetness, chaos, and reflection intensity. Correlations between
seismic data and petrophysical properties are extensively explored
through machine learning methods in previous studies [43-45].
However, one of the primary challenges associated with this
approach is the limited size of the training dataset, which is
typically constrained by well-logging data. This limitation hinders
the training of sufficiently expressive neural networks, which
often necessitates the use of shallow models. In this study, a
method is proposed to integrate seismic data automatically with
kernel regression predictions for permeability (or conductivity)
maps. The proposed approach fuses seismic and well-logging data,
while seismic data is processed using a deep convolutional
network.

Seismic data is obtained through reflected waves in the modi-
fication of the common depth point. Root mean square amplitudes
(RMS) serve as a fundamental seismic attribute that has no direct
correlation with permeability. For the reservoir considered in this
work, seismic data consists of 416 inlines and 515 crosslines with a
discretization step of 25 m. The vertical discretization step is set at
2 ms.

For each grid point 7 = (x,y) on the 2D permeability map, the
corresponding z-coordinate is determined, which represents the
center of the associated formation. For each triplet (x, y, z), a cube
of the fixed length s with the center in (x, y, z) is constructed, and
the RMS data for a given point are only read from the corre-
sponding cube. Each cube has a size of (9, 9, 46). The objective is to
match these RMS cubes with the permeability (conductivity)
values at the grid point T = (x,y).

To achieve this, a 3D deep convolutional neural network (3D
CNN) is trained to take seismic data as input and predict perme-
ability. The CNN architecture is presented in Fig. 5). In practice,

1x9x9x46 10297%9*46 35.9.9x46

32x3x3%46
_IrorIxa0 64x1x1x44

N

Input
(RMS cube) 5> Convolution 8 MaxPool
® Flatten

% Linear

% BatchNorm
2 ReLU

e

Petroleum 11 (2025) 813-824

well-logging and well-testing target data are insufficient for
effectively training a neural network. Due to the limited size of the
training dataset (typically no more than a few hundred points),
deep neural networks tend to overfit because of the large number
of trainable parameters. The key insight that enables the training
of such models effectively is training data expansion. To address
the issue of small sample size, the training dataset is extended
using kernel regression. Instead of relying solely on the perme-
ability directly obtained from well-logging and well-testing, high-
confidence predictions from kernel regression are incorporated as
some artificial wells. The confidence of predicted value is quanti-
fied by the value of the kernel at the corresponding point. There-
fore, points with kernel values above Psg percentile were included
in the training dataset. It should be noted that such percentile
threshold is a hyperparameter that is chosen by a user.

By including predicted permeability values with high confi-
dence, the training dataset is expanded from a few hundred points
to several thousand. Qualitatively, this approach enables the in-
clusion of the points that are located in the vicinity of the wells.

The CNN model was trained using RMS data extracted from
seismic measurements. This approach enabled the model to learn
the correlation between RMS seismic data and the permeability
targets near well locations. Subsequently, predictions were
extended across the entire mapped area, including regions where
kernel regression data (derived from logs and well tests) were
unavailable or unreliable. Validation of the proposed approach was
conducted by removing random patches from the training dataset
and assessing model performance on these excluded segments.

Although prediction accuracy near wells was observed to be
slightly lower compared to kernel regression methods, the CNN
model demonstrated robust predictive performance in regions
located far from wells, thereby maintaining stable prediction ca-
pabilities across areas lacking direct well data. Once trained, the
CNN allowed for inference of seismic-based target values
Kseismic (77) at every grid point Kseismic — {lcfeismic};vjd, facilitating
the subsequent training of new kernels that incorporated seismic
information.

More information about the seismic CNN, its applications to
various seismic attributes, and different cube sizes, as well as
feature importance analysis, can be found in the Appendix.

5. Results and discussion

This section describes the results of “pure fusion”, in which only
permeability maps derived from well-test and well-log data are

704
M n
QN 64522 64,99 32x2237 o

% DropOut

@ Concatenate
Input

(coordinates)

Output
(permeability,
conductivity
or other target)

Fig. 5. Detailed architecture of the seismic CNN model. The model receives two inputs: seismic RMS cubes surrounding specified points and coordinates of those points. The CNN
outputs predictions of the target parameter, permeability. Before the first flattening operation, the network architecture consists of several layers of three-dimensional convo-
lution, max pooling, batch normalization, and rectified linear activation functions (ReLU), indicated by blue blocks. After flattening, the data underwent sequential one-

dimensional convolutional layers (purple blocks).
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Fig. 6. (a) Kernel map for the given reservoir, showing the kernel values trained using well log- and well test-derived permeability values; (b) permeability fused using only well

log and well test data (“pure fusion").

fused, and “complete fusion”, which incorporates data from all
three sources: well tests, well logs, and seismic.

5.1. Fusion without seismic and Q-Q transformation

The kernel training algorithm (see Algorithm 1) was first
applied to train the kernel using the well log and well test data,
and the trained kernel was then used to fuse permeability maps
from these two sources (this step corresponds to stage 2 of the
proposed workflow in Fig. 3). Fig. 6 shows the trained kernel and
fused permeability maps generated based on this pure fusion
approach.

As shown in Fig. 6(a), the kernel exhibits higher values near the
wells and lower values in areas farther from the wells. The closer a
point is to a well, the more the kernel values align with the actual
values, leading to greater confidence in the predicted values.
Conversely, in areas distant from the wells, where no data on the
target value is available except for seismic data, the predicted

Before Q-Q transform

values are expected to have higher uncertainty. Thus, the kernel
values, K(T’), serve as a reliable indicator of the confidence in the

predicted target value at a given point 7.

In the fused permeability map shown in Fig. 6(b), it can be
observed that the map values correspond to those in the wells. For
synthetic well tests, see Eq. (7), a coefficient of determination
R?> = 0.96 was achieved. It can also be seen that the most
conductive zone in the fused permeability map is associated with
the high-density number of wells.

The influence of the Q-Q transformation on the permeability
map generated based on the “pure fusion” method is presented in
Fig. 7. This transformation effectively mitigates the issue of
“punched points,” where permeability values at well locations
significantly diverge from adjacent grid cells. Although it does not
entirely remove the “bull-eye” effect—characterized by noticeable
contrasts between near-well and inter-well permeability—the
transformation reduces its severity. It facilitates a smoother tran-
sition between high-permeability zones near the wells and the

After Q-Q transform

(a)

Before Q-Q transform zoomed area

‘

y/km

4

4

6
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()

(b)
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‘
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4
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Fig. 7. Permeability maps generated using the “pure fusion” approach: (a) without and (b) with applying the Q-Q transformation. The red dashed box highlights a zoomed-in

region shown in (c) and (d), respectively. The zoomed-in region prior to transformation (c
Q transformation is applied (d).
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) reveals a pronounced “bull-eye” effect, which is effectively mitigated when the Q-
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Fig. 8. (a) Comparison of log-permeability predictions from the trained seismic 3DCNN versus those obtained from the “pure fusion” approach. (b) Comparison of log-
permeability values derived from data fusion incorporating seismic information versus those obtained without seismic data.

surrounding reservoir, improving the spatial coherence of the
permeability map. Overall, the Q-Q transformation adjusted the
overestimated permeability values derived from well log data,
bringing them into closer agreement with those derived from well
test measurements.

More information on how Q-Q transform affects the resulting
permeability maps is provided in the Section Appendix A.1.

5.2. Seismic CNN training and fusion with seismic

This subsection presents the results obtained from Stage 3 of
the methodology (see Fig. 6), in which a seismic 3DCNN was
trained using the extracted kernel weights and the permeability
values derived from the “pure fusion” approach. During training,
kernel values corresponding to high-confidence predictions from
the kernel regression were employed as the training dataset,
whereas cells with low kernel weights were excluded and used
solely for inference.

Fig. 8(a) cross plots the permeability values predicted by the
seismic 3DCNN versus those obtained from the “pure fusion” map.
Fig. 8(b) depicts the cross plots comparing permeability values
obtained from data fusion that incorporates seismic information
(“complete fusion”) with those from fusion excluding seismic
input, “pure fusion".

As observed in Fig. 8(a), a high R? value of 0.92 was achieved for
log permeability predictions generated by the trained seismic-
3DCNN with respect to high kernel values, while a lower R?
value (0.77) was obtained when permeability predictions with
low-kernel values were considered. This outcome indicates that,
due to the lower confidence of “pure fusion” permeability esti-
mates in regions of low kernel values, the predictions made by the
seismic-3DCNN in areas of high kernel weight can be considered
more reliable.

From Fig. 8(b), it can be observed that the inclusion of the
seismic data introduces new information for the points with low
initial prediction confidence (far from the known ones near the
wells). This result highlights the importance of the seismic data as
a clarifying source for the points in the inter-well space.

Following the seismic 3DCNN training, a permeability map was
developed exclusively based on the seismic data. This map is
presented in Fig. 9. When compared with the reference map pre-
sented in Fig. 6, the seismic-based permeability map predictions
matched pretty well in the vicinity of the wells and supplied
supplementary information within the inter-well space.
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As displayed in Fig. 9, the permeability predictions obtained
from seismic data alone are relatively noisy. Therefore, those
predictions should be judiciously used, primarily within the inter-
well spaces. This limitation was addressed through the automatic
selection of the seismic weight in the data-fusion procedure, see
Eq. (7).

After estimating the seismic permeability by the 3DCNN model
[seismic (?) a new kernel was optimized with the training pro-
cedure described in Algorithm 1. During this optimization, the
seismic weight ws was allowed to be a non-zero value so that the
resulting field permeability map represented the fusion of data
from all three sources: well log, well test, and the seismic (this step
corresponds to stage 4 of the proposed workflow in Fig. 3). The
fused map of permeability is displayed in Fig. 10(a).

By comparing the permeability map presented in Fig. 10(a) for
the “complete fusion” result with the map for the “pure fusion”
result, see Fig. 6(b), it can be seen that additional spatial detail was
introduced in regions distant from wells by incorporating the
seismic data, while the noise level remained low as a result of the
selected optimal seismic weight.

For a better understanding of the seismic influence, Fig. 10(b)
presents a comparison between the “complete fusion” and “pure

1.5
10 - q logk\‘k'”hx-:w
. logk\\clllcﬂ\ 10
8
0.5
6 ~
& 0.0 B
= -
4 -0.5
2 -1.0
-1.5
0 2 4 6 8 10 12
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Fig. 9. Permeability map predicted by the trained 3DCNN using solely seismic attri-
butes. The color scale denotes log k; green-to-yellow colors indicate higher perme-
ability values, whereas blue-to-purple colors represent lower permeability. Although
the data from the wells, well-log- and well-test-interpreted permeabilities are not
used in the generation of this map, they are demonstrated for the sake of comparison.
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Fig. 10. Comparison of permeability maps: (a) Permeability map from “complete fusion” of the well test, well logs, and seismic data; (b) Computed difference map of the

“complete fusion” map and the “pure fusion” map, which was presented in Fig. 7(a).

fusion” maps by displaying the percentage difference, which is
computed using the following formula.

omplete fusion (?) *Kpure fusion (?)

Kpure fusion (?)

- K.
Percentage error (7)) =100 x

(9)

By considering the difference percentage map in Fig. 10(b)
together with the results presented earlier in Fig. 8(b), it can be
concluded that the incorporation of seismic cubes predominantly

model and facilitated the modeling of predictions in regions
lacking direct permeability observations yet potentially promising
for exploration. The comparison of permeability maps constructed
with all wells included versus maps generated after excluding
wells of high/low permeability is illustrated in Fig. 11.

In comparison to the “complete fusion” map that was fused
with all wells with well logs and well tests, see Fig. 10(a), the new
map fused after excluding wells, see Fig. 11(a) noticeably differs in
the regions of the removed wells. To analyze it, the percentage
difference map was computed using the following formula.

Percentage error (T') = Kot ot e ()
with all wells

influences regions located far from the wells, where permeability
estimations from well logs and well tests are not available. These
results clearly confirm the behavior anticipated from the proposed
kernel approach.

5.3. Ablation study

An ablation study was performed to validate the final perme-
ability map by excluding wells characterized by either low or high
permeability values. After the wells were excluded from the data,
the whole workflow (see Fig. 3) was repeated completely.

Employment of such an approach allowed the assessment of
the differences in permeability predictions generated by the fusion

Complete fusion(with seismic)

Q 1ogk 10z
D 10gk, e

6
x/km

(a)

12
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100 Kafter excluding wells( r ) - Kwith all wells( r )
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In the difference map, presented in Fig. 11(b), red regions corre-
spond to the areas where the permeability map fused after
excluding wells has larger values than the one fused with all wells.
Blue color, on the other hand, indicates regions in which the
permeability became lower after removing wells. The white color
corresponds to no change in permeability values. The difference
map shows that in most regions near the remaining wells, the
permeability values were not changed. In the regions where the
wells were removed, either an increase or a decrease in perme-
ability values is observed. This could happen due to two reasons.
First, the information has propagated from the nearest remaining
wells. If those wells have high or low interpreted permeability

Difference from pure fusion
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Fig. 11. Comparison of permeability maps: (a) new map, fused without excluded wells (marked in red), and (b) difference from the map fused with all wells, which was presented

in Fig. 10(a).
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Table 1
Comparison of the performance of fusion model with and without seismic data,
with all and excluded wells.

Metric Fusion
Pure (without seismic) Complete (with seismic)
All Excluded All Excluded
MSE 0.015 0.014 0.008 0.01
R? 0.96 0917 0.972 0.935

values, the regions will replicate those values. Second, the new
seismic CNN has not learned too-high or too-low permeability
values from excluded wells, and now its predictions are more
moderate. This leads to an increase in permeability in regions that
originally had low permeability and a decrease in permeability in
regions that had high permeability values.

The error metrics’ values achieved for permeability predictions
generated by the fusion model with seismic, “complete fusion”,
and without seismic, “pure fusion”, are summarized in Table 1. The
metrics include mean squared error (MSE) and coefficient of
determination (R%) along with their corresponding standard
deviations.

Based on Table 1, a noticeable reduction in the R? and an in-
crease in MSE values were observed after excluding wells with
high/low permeability for both the “pure fusion” and “complete
fusion” models. This suggests that the ability of the fusion model
to explain permeability variability decreased when fewer
extreme-permeability data were available, potentially impacting
the reliability of the predictions for areas with heterogeneous
permeability. The complete fusion model (with seismic data)
consistently exhibited lower MSE and higher R?> compared to the
“pure fusion” model, regardless of the inclusion or exclusion of the
wells with extreme permeability values. This confirms that adding
seismic data improves the reliability of permeability predictions
generated by the fusion model.

For all experiments, the optimized kernel values from Eq.
(3)-(5) are provided in Appendix A, Table A.1.

6. Conclusions

This paper presents the methodology of fusing geological data
from well logs, pressure build-up tests, and seismic RMS ampli-
tude cubes. The approach proposed uses kernel regression to fuse
the data with a specially designed kernel shape, accounting for
different data locality and reliability. A deep 3D-convolutional
network is trained to predict permeability based on seismic data.
Fused data from the first two sources, namely well log- and well
test-based permeability estimations, helps to extend the effective
number of training points for the seismic predictor and thus to
prevent overfitting. Based on that, the permeability map is rebuilt
with the same kernel regression method, but including seismic
information.

This approach is tested on permeability prediction for the part
of a selected Western Siberia oilfield. The permeability map
generated with seismic displays a better regression performance
as well as more information in regions far from the wells:
MSE = 0.008, R? = 0.972. Also, the map with seismic is validated by
excluding wells in the low- and high-permeability zones, and the
model successfully predicts the zones with excluded data. In
addition, all maps were preprocessed with Q-Q transformation so
that well logs show the same distribution as build-up test data,
and this transformation alleviates the “bull's eye” effect.

Petroleum 11 (2025) 813-824

The proposed methodology still needs several potential im-
provements to be considered in future studies. For instance, the
incorporation of a broader range of seismic attributes and inte-
grating them with well data directly within the neural network
framework. Another direction that could be considered is to use
prior reservoir geology knowledge by restricting the generated
fields to certain patterns (e.g., to riverbeds for fluvial reservoirs).
The approach can also be extended to the 3D case to account for
multi-layeredness and fractures. Another potential extension in-
volves conditioning on production data. The methodology could
further be refined to incorporate initial data measurement errors
and to produce the final results together with their uncertainties.
Improving the validation procedure by considering metrics related
to business goals is also a direction of further development (e.g.,
enhancing production forecast accuracy by using a fused perme-
ability field as an initial input for model adaptation).
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List of abbreviations

CNN
IDW

Convolutional neural network
Inverse distance weighting
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Loocv Leave-one-out cross-validation
MAPE Mean or median absolute percentage error
MSE Mean squared error

PDF Probability density function

Q-Q transformation Quantile-quantile transformation
R? Coefficient of determination
RMS amplitudes Root mean square amplitudes
SCAL Special core analysis

SVM Support vector machine

WL Well logs

WT Well tests
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