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Prediction of sand reservoir properties plays a key role in the exploration and development of oil and gas fields. Traditional
approaches often face limitations associated with nonlinear functions, heterogeneities, and variability of rocks. These chal-
lenges lead to a decrease in the accuracy of net reservoir prediction, which entails risks in reservoir engineering and field de-
velopment. In this regard, the implementation of machine learning methods that can automatically identify complex patterns,
take into account multi-factor relationships, and adjust to changing conditions becomes relevant, which opens up new op-
portunities to improve the predicting accuracy and reliability.

This paper discusses modern neural prediction methods, their advantages and disadvantages, as well as practical as-
pects of applying machine learning to predict sand reservoirs. Particular attention is paid to the selection of input data, cre-
ation of neural network architecture, setting up estimation parameters, and interpreting the results.

The study is aimed at demonstrating the high performance of neural network technologies in solving problems of pre-
dicting the sand reservoir properties. It is expected that the results of the study will contribute to the optimization of geo-
logical exploration and improve the economics of field development.
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IloBbIllIeHVEe KaueCcTBa TPEXMEPHOI reoJIOrMYeCcKoi Moje/n 3a cueT
CeiCMMYECKOro IIPOrHo3a Ha OCHOBE HelpoceTeBOro MoaelInpoBaHus
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MporHo3mMpoBaH1e CBOMCTB NecYaHblX KOJNEKTOPOB UIPaeT KIUYEBYIO posib B pa3Beake U pa3paboTke HedTerasoBbix
MECTOPOXAEHMIA. TpagULMOHHbIE NOAXOAbI 3a4aCTYH0 CTAIKUBAIOTCS C OFPaHMYEHUAMM, CBA3AHHBIMU C HENIMHEMHOCTHIO
3aBMCUMOCTEN, HEOLHOPOAHOCTbIO M M3MEHUMBOCTbIO NMOPOL. ITW NPOBNEMbI NPUBOAAT K CHUKEHMIO TOUHOCTU NMPOTHO3UPOBAHMS
KOJINEKTOPOB, YTO BNIEYET 33 COBOI PUCKM NPU NPOEKTUPOBAHUM U pa3paboTke MECTOPOXKAEHHMS. B CBA3M C 3TUM aKTyasbHbIM
CTaHOBWTCS BHEAPEHME METOAOB MALIMHHOIO 06Yy4YeHMS, COCOBHbBIX aBTOMATUUYECKM BbISIBASATD C/IOXKHbIE 3aKOHOMEPHOCTH,
YYWUTbIBATb MHOFOMAKTOPHbIE B3aMMOCBS3M M alanTMPOBATLCS K U3MEHSIIOLLMMCS YCTIOBUSIM, YTO OTKPbIBAET HOBblE BO3MOXHOCTH
AJ191 NOBbILLEHUS TOYHOCTU M HALEXHOCTM MPOrHO30B.

B maHHOM CTaTbe paccMaTpUBAOTCS COBPEMEHHbIE METOLbI HEMPOHHOTO NPOrHO3MPOBAHMSI, UX MPEUMYLLECTBA U HEAOCTATKM,
a Take NpakTUYecKmne acnekTbl NPUMEHEHWS MALLMHHOTO 0By4YeHMs AN NPOrHO3MPOBaHMS necyaHbix konnektopos. Ocoboe
BHUMMAHWE yAeNeHo BONpocaM BbiGopa BXOAHbBIX AAHHbIX, CO3AaHUS apXMTEKTYPbl HEMPOHHOM CETU, HACTPOIKKM NapaMeTpoB
pacyéTa 1 UHTeprpeTaLmmn pe3ybTaTos.

MccnenoBaHme HanpaBieHo Ha AeMOHCTPaLMo 3DMEKTUBHOCTU HEMPOCETEBBIX TEXHONOMMIA B PeLUEHMM 3aa4 NMPOrHO3MPOBaHMS!
XapaKTePUCTMK MEeCYaHbIX KONNEKTOPOB. OXMAAETCS, YTO pe3y/bTaTbl paboTbl MOCNOCOOCTBYIOT ONTMMMU3aLMM FE0NI0r0-Pa3BefOYHbIX
paboT v NOBbILEHMIO 3KOHOMUYECKO 3DHEKTUBHOCTH pa3paboTKu MECTOPOXKAEHMIA.

KnroueBble cnosa: Helipocemegoli npo2H03, uepapxudeckasi HelipOHHAs cemes, CaMoop2aHu3syoujuecs kapmsi KoxoHeHa

Introduction among the largest Russian companies. One of these in

The long-term presence of the oil and gas industry in
a number of key sectors of the thermal power complex has
resulted in a shift away from simple-structured reservoirs
to reservoirs with complex spatial morphology and hard-
to-recover reserves. Today, the focus is on technologies
that simplify the process of supporting the development
of such assets, which are becoming more and more common

Rosneft is a site in the north of West Siberia, where the
target object is PK1-7 reservoirs of the Pokur Series, which
show extremely complex geological structure. The upper
part of the reservoir is saturated with gas, and a highly-
viscous oil zone under the gas cap is currently under
development. The layers were formed in a wide range of
transitional depositional environments: from continental
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to marine. The layers are represented by interbedded sandy
and silty clayey units of varying thickness with high facies
heterogeneity. According to the latest sedimentological
analysis, three distinct cycles of reservoir formation have
been identified (Fig. 1).

A special problem is the development of the second
cycle, where a significant discrepancy between the geo-
logical model forecast and the actual data is recorded dur-
ing drilling, which leads to an incorrect assessment of the
well potential in this zone. The accuracy of the initial flow
rate forecast drops by 30% in the cycle 2. At the same time,
it is this cycle that accounts for the majority of the remain-
ing planned well stock, which makes it relevant to improve
approaches to building a geological model. A high per-
centage of model non-confirmation is associated with ex-
treme lateral variability, which is rather difficult to track
even with available 3D seismic data. Seismic data, in turn,
is distorted by a massive gas reservoir, creating a “shad-
owing” effect due to a sharp decrease in the density and
velocity of elastic waves in gas-saturated rocks. In order
to minimize the impact of the above-mentioned compli-

Fig. 1. Location of sand bodies by cycles: Cycle 1 — layer PK1,

was formed in a marine environment and is the most continuous

unit in the field; cycle 2 — layers PK2-PK4, extremely hetero-

geneous and compartmentalized deposits; cycle 3 — layers

PK5-PKS8, continental deposits with a high concentration of
channels and good reservoir properties

Puc. 1. Cxema pacnonoxxeHusl MecYaHbIX TeI MO0 IUKIAM:
1k 1 — mwracr [TK1: popmupoBasicst B MOPCKOIt 06CTaHOBKE
0CaJIKOHAKOTIIJIEHMSI, SIBJISIETCSI CAMbBIM BbIZ€p’KaHHBIM Ha
MeCcTOpokIaeHun; Tuka 2 — maactel [1K2-11K4, oTnoskeHnst
C KpariHeli HeOGHOPOAHOCTBIO U PACUTIEHEHHOCTBIO; LMK 3 —
ractel [TK5-TIK8, oT/I0KeHMsSI KOHTMHEHTaIbHbIE, HO C BBICO-
KO KOHIIEHTpAIMeli PyceNl U XOPOIIUMY QYIbTPAI[MOHHO-
€MKOCTHBIMYU CBOMCTBaMU

cating factors on seismic data, a new technique based on
local detailing of the seismic prediction using a neural
network analysis module in the domestic software was
tested in this paper.

Materials and methods

To improve the quality of geological model predic-
tion, a method has been developed that allows a local de-
tailing of the accuracy of seismic predicting based on neu-
ral networks.

Work methodology:

1. Select a prediction zone in the area of planned pro-
duction drilling.

2. Select input data (wells for learning and testing,
estimated curves, seismic base).

3. Perform neural network prediction runs.

4. Update the geological model.

5. Optimize production drilling.

6. Repeat the process for every new production well
pad.

The advantage of this method is the speed of the geo-
logical model history matching (1-2 days).

Selecting a Prediction Zone

For a detailed seismogeological analysis and improv-
ing quality of the forecast, a key area in the northern part
of the field was chosen. The selection was based on three
criteria:

1) The presence of a representative dataset of actu-
al wells, providing a reliable statistical foundation for
model building.

2) A recorded significant discrepancy between the
predictions of the current geological model and the well
logging data (high model misfit), indicating an area of
substantial uncertainty.

3) The presence of Planned development drilling
within the area in the near future, enabling prompt veri-
fication of the analysis results.

In accordance with these criteria, an area of 19 km?
was selected, containing 7 pads with actual wells and 22
pads of the development wells planned for drilling. The
forecasting was conducted within the oil-saturated inter-
val of PK2-PK5.

Selecting Input Data

The minimum set of input data required for the pre-
diction includes well data (prediction curve) and a seis-
mic volume. The prediction quality directly depends on
the volume and representativeness of the initial sample:
the better the prediction parameter is described, the high-
er the prediction quality.

The study involved data from 91 wells, with 70% used
to train the model, which corresponds to generally ac-
cepted machine learning standards (70/30 ratio). The net-
reservoir/non-reservoir curve was used as a prediction
parameter, which is relevant for problems of assessing
reservoir properties. The wells for training were selected
to be spaced at a sufficient distance from each other to
ensure a more comprehensive characterization of the
study area. The lithology logs used as input data were not
subjected to any prior reprocessing.

Note the geological features of the study area: a com-
plex geological structure due to the transition from con-




)]

Becinusk 2eofiayk, AHBapb, 2026, Ne 1

tinental to coastal-marine depositional environments;
the cross-section is characterized by a high degree of het-
erogeneity, frequent interbedding of sand reservoirs up
to 1 m thick with clay interlayers. That is why the more
detailed and accurate the initial prediction volume, the
higher the modeling accuracy, especially in complex geo-
logical sections.

The following seismic volumes, which were prelim-
inary resampled to a common 1 m discretization, were
tested as the seismic basis in the depth domain:

1) Amplitude volume.

2) Elastic properties volumes: acoustic impedance
and Vp/Vs ratio, i.e. the key parameters for lithological
separation based on seismic data (Ampilov et al., 2009).

3) Volumetric lithology forecast based on results of
deterministic simultaneous inversion.

4) Volume of net-reservoir/non-reservoir probabili-

IP Seismic Machine Learning

ty based on high-resolution stochastic inversion (Yakovlev
etal., 2011).

It should be noted that no additional preprocessing
of the seismic volumes is necessary, since the application
software inherently accounts for data dimensions.

Neural Network Prediction

Neural networks are a type of machine learning where
the program operates on the principle of the human brain,
using various neural connections.

This work considered various options for neural net-
work prediction:

» Multiple linear regression — a statistical method
that analyzes the relationship between a dependent vari-
able and several independent variables, allowing for the
simultaneous consideration of the influence of multiple
factors.

Machine Learning Seismic Cubes prediction version 08 Feb 2025
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Fig. 2. Parameter selection window in the Hierarchical Neural Network run
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» Classical Neural Networks — nonlinear regression,
prediction operator based on a classical neural network
with hybrid learning technologies.

 The Kolmogorov neural network. It is not a practi-
cal algorithm for training networks, but a fundamental
theoretical theorem proven by the Soviet mathematician
Andrey Nikolaevich Kolmogorov in 1957. The essence of
the theorem is that any continuous function of many vari-
ables can be represented with any given accuracy as a su-
perposition (combination) of a finite number of functions
of one variable and the addition operation.

* A hierarchical neural network — a deep learning-
based extension of the Kohonen self-organizing map
(SOM), where clustering is performed using a nearest
neighbors similarity measure.

Testing of neural network prediction methods showed
that the running time for linear regression and classical
neural networks takes about 40 minutes for 63 wells, with
no correlation between the “net-reservoir/non-reservoir”
curves in “blind” wells and the prediction results. The
Kolmogorov Neural Network performed the run in 15-20
minutes, the result showed a poor relationship between
the data. The Hierarchical Neural Network took a short
time (1-2 minutes) and showed the highest quality pre-
diction with a large number of wells.

Based on the test results, it was decided to use a
Hierarchical Neural Network. The basis is the method of
analogies. If the seismic field is similar to the field around
a well point, then the property values may also be similar.

Let us consider the algorithm in more detail (Priezzhev
etal., 2025):

1) Form a training sample

The training sample is formed by creating a set of
“seismic response — predictive parameter” pairs in wells.
Each pair is formed as follows:

— The predicted parameter is calculated as the aver-
age value of the target characteristic within a specified
interval along the well deviation. In this study, the dis-
crete property of "reservoir/non-reservoir" along the wells
was forecasted. The averaging is performed by selecting
the most frequent value among the nearest neighbors,
which allows for obtaining the most probable predicted
parameter.

— The seismic response is a fragment of the wave
field of size m x n, where m is the number of vertical sam-
ples and n is the number of adjacent traces. Parameters
m and n are set by the user, allowing the analysis to be
adjusted to the specific discretization of the seismic base.

2) Build a search cluster decision tree

The clustering process is performed using an unsu-
pervised classification algorithm —Kohonen's Self-
Organizing Map (SOM) (Kokhonen, 2008) using multidi-
mensional space projection (1D, 2D, 3D). The clustering
criterion is a measure of response signature similarity de-
termined by the distance in the multidimensional space.
With this approach, two seismic responses will be assigned
to the same cluster if their signatures are similar. In a sim-
ple case, the distance can be defined as the squared dif-
ference between the two responses. The result of the pro-
cedure is a cluster decision tree.

3) Perform prediction runs based on a cluster decision
tree

Each seismic response is compared with reference
samples stored in the nodes of the search cluster decision
tree. The comparison process starts from the root node
and ends with one of the tree leaves. As a result, the seis-
mic response is assigned a value of the predictive param-
eter according to the pairs in the training sample.

This approach effectively considers nonlinear func-
tions between seismic attributes and predicted parame-

Table 1. Assessment of prediction accuracy before and after neural network training in “blind” wells, %

Ta6nauia 1. OeHka TOYHOCTM ITPOTHO3a [I0 U TTOC/Ie HEIPOCETEBOTO O6YUEHMS B «CIIEMbIX» CKBaKMHAX, %

Before training

After training / Ilocie oGyueHust

o oGyueHus
S Accuracy Accuracy -
Svelsmlc volumes OBimas ToTHOCTS O6mas Precision | Recall Fl-score | ROC-AUC
CejicMnuecke Kyobl TOYHOCTh | TouHocTh | ITomHOTaA
TPOTHO3a
MMPOTHO3a
The reservoir can’t be
Amplitude vol dicted
mplitu evouume predicte 5 48 53 sz 53
AMITIUTYIHBIN Ky6 Konnekrop
He TIPOTHO3UPYeTCS
Elastic property volumes The reservoir can’t be
(P-impedance, Vp/UVs) predicted 51 47 51 49 51
Ky6bI yIIpyTMX CBOMCTB Konnexrop
(P-umnieganc, Vp/Vs) He MIPOrHO3MPYeTCs
Volumetric lithology prediction
) fr?m inversion 50 57 53 60 56 53
O6bEMHBII TTPOTHO3 JIUTOIOTUA
10 IHBEPCUU
Lithology probability volume
from stochastic inversion
51 61 56 64 59 62
Ky6 BepOSITHOCTYM TUTONOTUA
110 CTOXaCTUYECKOl MHBEPCUU
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ters which improves interpretation accuracy when ad-
dressing complex geological problems.

During testing, all computation modes were tried;
the following, presented in Figure 2, were chosen as op-
timal. Parameter testing showed that with a vertical dis-
cretization of 1 m, the number of the nearest neighbors
should be around 20. The greater the number of the near-
est neighbors, the smoother the prediction volume. With
values greater than 30, the layering of the section disap-
pears; with values less than 10, the prediction volume be-
comes noisy.

The nearest neighbor computation mode has 4 types:

1) an average value with weights based on similari-
ty and distance;

2) an average value with weights based on similari-
ty only;

3) an average value with weights based on distance
only;

4) a median value.

The similarity and distance mode proved to be more
accurate than the others.

The option with the addition of a low-frequency com-
ponent (LFM, a low frequency model) stabilizes the com-
putation result, since the volume with a low-frequency
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Fig. 4. Comparing estimated net pays (MD) with actual well data from the test sample
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trend, bounded by horizons, is entered into the neural
network to consider the low frequencies in the log curve
that are absent in the seismic spectrum.

Various options for the seismic base were tested. To
evaluate the training results, the average prediction ac-
curacy values in “blind” wells were estimated using the
formula:

Meop + Muoncol
)

P= (D

n
where: m_,; is the number of true positive outcomes,
Mponeor 1S the number of true negative outcomes,
n is the total number of outcomes.

The best prediction was shown by the lithology prob-
ability volume based on stochastic inversion where the
prediction accuracy in “blind” wells increased from 51%
to 61%. Table 1 shows how much the prediction accura-
cy changed before and after neural network training us-
ing various seismic bases in “blind” wells. A comprehen-
sive description of the model parameters, the volumes of
input data, and the results achieved is available in Appen-
dix 1.

The application of neural prediction improved the
prediction accuracy by 7-10% depending on the input da-
ta. Given the high geological heterogeneity of the target
reservoir, it is expected that the absolute values of clas-
sification metrics do not reach levels typical of more ho-
mogeneous formations. Nevertheless, the proposed ap-
proach demonstrated a statistically significant improve-
ment over both random prediction and the pre-training
baseline, particularly when tested using the stochastic in-
version cube. For this cube, the model achieved a recall
of 0.64 after training, indicating correct identification of
approximately two-thirds of all reservoir bodies. The pre-
cision-recall trade-off reveals that the model is predom-
inantly optimized to minimize the omission of reservoir
intervals — a strategic priority during the field develop-
ment drilling stage.

Fig. 3 shows the net-reservoir/non-reservoir curves
before neural network training (prediction option based
on the net-reservoir/non-reservoir probability volume
from stochastic inversion), actual data (log-based lithol-
ogy), and curves after neural network prediction in train-
ing and “blind” wells. The log displays clearly show the

Table 2. Quality Evaluation of Geological Models

Taoauma 2. OeHKa KauecTBa reojiormueckmx Mogeseit

Neural network Neural network Neural network Neural network
Model Current rediction based on prediction based on prediction based prediction based
Accurac model Etochastic inversion stochastic inversion on deterministic on deterministic
Metricsy . +SGS + Kriging inversion + SGS inversion + Kriging
MeTpuki ﬂgﬁg{y- HeiApOHHBIi IIPOTHO3 HeitpoHHbIit HevipoHHbiii HeiipoHHbIN TPOrHO3
KauecTBa MOJIEeJb | TI0 CTOXAaCTUYeCKOM TIPOTHO3 TPOTHO3 110 AETEPMIHNCTITIE -
MHBeDCI + CIC T10 CTOXaCTUYECKOIi | MO JeTePMUHUCTAYE- CKOVi MHBEPCUU
p nHBepcun + Kpuruar| ckoii masepcun + CI'C + KPUTUHT
Correlation
coefficient
0.63 0.82 0.78 0.78 0.75
Koadduiment
KOppessiumn
Root Mean
Square Error
Cpense- 1014 87.2 98.1 99.2 103.2
KBaJpaTUIHAs
ommnbka
Maximum error
MakcuMasbHas 437 444 462 472 504
ommbKa

Table 3. Comparison of predicted vs. actual total net pay for new and current models

Ta6nauma 3. ComocrapiieHe MPOrHO3HbIX CYMMAapHbIX He(dTeHAaChIIeHHbIX TOIIMH IT0 HOBOJ
U IIeiCTBYIONIEi MOIe ¢ PaKTUUECKUMU JaHHbIMMU

Well
CKBaxkMHa
30pl 33pl 35pl 36pl 37pl
Model
Mogpenb
_Current model 15.8 4.1 49.9 32.9 26.1
HericTByio1asi MOZAelnb
New model 24.1 21.2 224 25.1 30.8
HoBas mopenb
Well logging data
®axr PUTC 19.2 279 24.2 26.2 34.2
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predicting performance in both thin-bedded sand reser-
voirs and in thicker units.

The application of neural prediction using the lithol-
ogy probability volume from stochastic inversion data
showed the best result when compared with well curves.
The prediction accuracy was evaluated in "blind" wells
both before and after training, with a detailed description
provided in Appendix 2.

The resulting net-reservoir/non-reservoir prediction
volumes based on volumetric lithology prediction from
deterministic inversion and the lithology probability vol-
ume from stochastic inversion were handed over for fur-
ther testing and updating of the geological model.

/ Horizontal wells

Building a Geological Model

To update the geological model, the existing struc-
tural framework and two reservoir probability volumes
obtained from the described neural network analysis were
used. Based on this data, four model options were built:
two kriging-based and two Sequential Gaussian Simulation
(SGS)-based options. All four options demonstrated an
improved accuracy in net reservoir prediction compared
to the current geological model. The modeling results are
shown in Figure 4.

The best results were achieved using the SGS meth-
od based on the neural network prediction from stochas-
tic inversion. The modeling result, presented as a com-

@ Directional wells
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Fig. 5. Map of “blind” well locations
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parison of the estimated net pays and well data for the
test well set, is shown in Figure 4.

Table 2 also presents model evaluation metrics, cal-
culated from the estimated net pays (MD) in the test wells,
allowing for a comparison with the current model in use.

Despite an increase in the maximum error, the new
models show a significant improvement in reproducing
the spatial trends of reservoir distribution — the correla-
tion coefficient rose from 0.63 to 0.82 a critical enhance-
ment for geological modeling. This indicates that the mod-
el now better reflects the geological heterogeneity of the
intervals, though it requires additional calibration in lo-
cal zones of complex structure.

Results

To assess the feasibility of the methodology, the cor-
rectness of lithology prediction by the geological model
was verified in the area of new drilling, located at a sig-
nificant distance (1 km) from the wells used for neural
network training and local model update (Fig. 5). To date,
five new vertical wells have been drilled in this area, and
the logging interpretation data has been compared with
the model prediction runs.

Figure 6 shows the correlation for the new vertical
wells (pilots), where:

Left track — lithology in the current model

Middle track — lithology in the new model

Right track — actual lithology from well logging in-
terpretation data.

Also, Table 3 presents a comparison of total oil net
pays from the current and new models with actual well
logging interpretation data.

The metrics obtained for assessing the quality of the
geological model indicate a significant improvement in
estimating oil net pays in the studied area, as well as ac-
curate selection of the target interval within the cross-
section. This confirms improved predicting capability of
the model even in areas remote from drilling zones.

Summary

The conducted analysis showed that the direct ap-
plication of the neural network algorithm increased the
accuracy of reservoir determination from 0.51 to 0.61.

Although the gain in absolute accuracy may seem mod-
est, the key effect manifested at the next stage. The re-
sulting probability cube of the reservoir was integrated
into the geological model. This led to a substantial im-
provement in the model adequacy: the correlation coef-
ficient between the estimated and actual data increased
from 0.63 to 0.82. Thus, despite the modest improvement
at the classification stage, the proposed methodology
demonstrates significant potential for enhancing the re-
liability of geological modeling in complex reservoirs. The
developed method can be applied to all fields if 3D seis-
mic data and a sufficient volume of actual drilling data is
available for training the neural network.
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Appendix to the article by K. A. Senkina, D. V. Istomina “Refinement of a 3D geological model through

neural-simulation-based seismic prediction”

Ipunoxcerus k cmamoe K. A. CenvknuHoti, /I. B. UicmomuHoti «I1ogsluieHue kauecmea mpexmepHoll 2e0102uuecKkoli
Mo0enu 3a cuem ceticMu4eckozo NpozHo3d Ha 0CHO8e Helipocemesozo MOOENUPOBaAHUSI»

Appendix 1. Information about neural network modeling parameters

IMpunoskenune 1. udopmariys o mapaMeTpax HeifpOCETEBOTO MOIEIMPOBAHMS

Neural network Input data Output data — reservoir probability volumes
HejipoceTeBoe MomenupoBaHme BxopHble naHHbIe BbIxofiHbIE TAHHbIE — KyO BEPOSITHOCTY KOJUIEKTOPA
Well loggin Accur
gging data Accuracy ceuracy
CKBakKMHHbIE TAHHbIE . of reservoir False False
of reservoir .. i .
. - . prediction positive negative
Model Training set . Seismic prediction .
. Test set size after Machine results results
parameters Value size volumes before Learning
. i i JIokHO- JIO>XHO-
TapameTpsl 3HaueHMe 06BeM Obbem Cejicmu Machine Learning PKH PKH
TecTu TouHOCTb TTOJIOKM- oTpuia-
Mozesn TPeHMpo- . yeckue Kyobl To4HOCTb . .
. pyemoit MIPOrHo3a TeJIbHbII TeJTbHBIIA
BOYHOI IIPOTHO3a JI0 o N
BBIGOPKM obyuerst (%) rocie MPOTHO3 (%) | MpOrHO3 (%)
BBIGOPKM Y4 obyuenmst (%)
Algorithm Hierarchical
of Neural regression
network Vepapxu-
Anroputm yeckast Th .
HeipoCeTeTBOro | HeiipoHHast Amplitude k ebresergfnr q
MOJIe/IMPOBAHMS ceTh volume can’t be predicte
Multiwell O I§ AMIUIUTYIHBIN Konnexrop 52 2 19
u t{we ne result TYI He MpOTHOS-
option all wells Ky
pyercst
Onuyst UCHIONb- together
30BaHMS OpyuH
HECKOJbKUX pesynbTaT st
CKBasKVMH BCEX CKBaKVMH
Nearest neighbor
number (Seismic
Surve
Y) 20
Kommuectso 61m- lasti
JKalImx coceneit E astlcl property
(CeitcmoTpacc) volumes )
(Pimpedance, The reservoir
Similarity Vp/Vs) can’t be predicted
and (.ililttarzlce Ky6b1 Kormnexkrop 51 26 23
. eighte
Nearest neighbor v:wgra o yIpy- He IIPOTHO3U-
calculation mode g I'MX CBOVICTB pyercst
CpenHee
Pesxuim Bbrumciie- BHI;::IME (PMVMneﬂaHC’
HUS GIVDKAIINX 70 % 30 % p/Vs)
cocereit ¢ Becamu of data of data
110 TIOXOMXECTH (63 wells) (28 wells)
U 10 PacCTosi-
HUIO
Hidden neurons .
Volumetric
Konmuectso Heit- 10 lithology
POHOB B CKPBITOM prediction
croe from inversion
. . 50 57 24 19
Number OGBEMHBIIT
of hidden layers s IIPOTHO3 JINTO-
KomnyecTBo CKpbI- JIoTMM TIo
TBIX CJIOEB VIHBEpCHI
Additional X?r:h l?griee;t
options quency
JloTIONIHUTE IbHBIE € Hy3KOUACTOT- Lithol b
HOVJ COCTaBISI- it 10108y prob-
onuun L ability volume
o1eit .
from stochastic
Trimming the inversion 51 61 93 16
result cube based .
liabl 100 % (minimal Ky6 BeposiTHO-
on un{e lable trimming) CTY JINTOJIOT U
values
O6beana besu. 100 % (MuHm- o cToXacTIe
p pesy MasTbHAs 06~ CKOJ1 MHBEpCUA
TaTMBHOTO Kyba 1o
pesKa)
HEeIOCTOBEPHBIM
3HaYeHUSIM
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Appendix 2. Assessment of prediction accuracy using the lithology probability volume from stochastic inversion data
in “blind” wells

HpM.TIO)KeHI/Ie 2. O1leHKa TOYHOCTU IMTPpOrHo3a C UCII0/JIb30BaHNEeM Ky63 BEPOSTHOCTU JIMTOJIOTUM I10 JAHHBIM CTOXa-

CTUYECKO VHBEPCUN B «CJIEMbIX» CKBa’KMHAX

Stochastic Inversion Neural Prediction
(before ML) / CToxacTm4uecKkasi MVHBEpCUS (after ML) / HeiipOHHBIV IIPOTrHO3
(mo obyueHus) (mocsie 06yvYeHms)
Pad Well Prediction | False positive | False negative | Prediction | False positive False negative
Kyer | CkBaxuHa | accuracy results results accuracy results results
TouHOCTH JloskHonono- | JIoskHooTpuua- | TOYHOCTB JloskHOMOMO- JloskHOOTpUIIA-
MPOrHO3a SKUTETbHBIE TeJIbHbIE MPOrHO3a SKUTETbHbIE TeJIbHbIe
(%) 3HaueHus (%) 3HavyeHus (%) (%) 3HaueHus (%) 3HaueHus (%)

1 49 7 44 65 24 11

4 2 58 14 27 67 15 18
3 45 28 27 48 19 33

4 50 31 19 56 24 20

5 46 37 17 59 23 18

6 62 23 15 61 17 22

2 7 87 11 2 67 7 25
8 44 33 23 62 14 23

9 48 25 28 50 25 26

10 62 14 23 55 38 7

11 53 28 19 84 5 11

. 12 55 24 21 64 25 12
13 31 38 31 52 24 23

14 31 69 1 79 8 13

15 31 58 11 54 43 2

16 70 17 12 58 31 11

17 46 54 0 81 19 0

18 55 24 21 65 15 20

19 58 24 18 75 16 9

20 60 13 27 57 23 20
21 46 26 29 55 32 14

4 22 60 13 27 56 37 8
23 49 39 11 53 24 23

24 46 34 21 66 12 22

25 61 13 26 67 18 15

26 41 18 41 48 42 9

27 37 25 38 48 19 33

28 53 23 25 64 13 23

Average 51 27 22 61 22 17
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