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Seismic facies analysis, essential for subsurface geological exploration, has traditionally
challenged the ability to capture subtle variations in complex stratigraphic environments.
This study uses spectral decomposition and unsupervised machine learning, specifically
the Kohonen Self-Organizing Map, to improve the identification of detailed seismic facies.
Spectral decomposition enables frequency-based seismic data analysis, capturing intricate
geological features often missed by traditional methods. The Continuous Wavelet Trans-
form was applied to decompose seismic signals, and the resulting frequency components
were clustered using a Self-Organizing Mabp to classify seismic facies. This paper validated
this approach using seismic data from the South Caspian Basin. The results successfully
identified channel systems and facies boundaries, enhancing their delineation and en-
abling a more accurate interpretation of channel systems and their internal variability.
This automated methodology offers valuable insights for reservoir characterization and
hydrocarbon exploration, potentially reducing exploration risks and enhancing resource
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estimation.
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Introduction. One of the techniques uti-
lized to explore subsurface geology is seis-
mic facies analysis, which uses seismic data
to classify seismic wave behavior and features
to extract subsurface stratigraphic character-
istics [Brown, 2011; Kourki, Ali Riahi, 2014;
Song et al., 2017; Wrona et al., 2018]. While
effective in identifying major geological fea-
tures, traditional seismic interpretation meth-
ods often fall short in capturing subtle varia-
tions in complex stratigraphic environments
[Partyka et al., 1999; Chopra, Marfurt, 2008].
Therecent rise in machine learning technolo-
gies, particularly unsupervised learning algo-
rithms such as the Kohonen Self-Organizing
Map (SOM), provides new opportunities for
automating the classification of seismic fa-
cies, thereby improving the accuracy and ef-

ficiency of subsurface interpretations [Roden
et al., 2015; Meyer et al., 2022].

The frequency content of seismic data con-
tains more information than is immediately
apparent. Spectral decomposition, a tech-
nique that decomposes seismic signals into
their component frequencies, is known for its
ability to highlight subtle geological features
such as thin beds, fluid content, and strati-
graphic variations [Partyka et al., 1999; Shan
et al., 2019; Castagna et al., 2003]. Focusing
on the frequency domain, this approach pro-
vides a more detailed representation of sub-
surface structures than traditional amplitude-
based methods, which often fail to capture the
full complexity of the geological signal [Sinha
et al., 2005]. The power of spectral decom-
position lies in its ability to reveal geological
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heterogeneities at multiple scales, making it
a valuable tool in seismic facies analysis.

Extracting the full potential of frequency
content through manual interpretation alone
is challenging, especially in the context of
seismic attribute analysis, where the human
factor can contribute to missing important
geological features [Chopra, Marfurt, 2008;
Naseer, 2021]. Therefore, automated facies
classification algorithms are employed that
incorporate various combinations of fre-
quency components, blending techniques,
and both conventional and unconventional
attributes [Guo et al., 2009; Kourki,Ali Riahi,
2014; Zhao et al., 2016; Wrona et al., 2018; Ray
etal., 2022]. These algorithms enable the gen-
eration of highly detailed, multi-dimensional
facies distributions that increase interpreta-
tion accuracy, improve well planning, and
refine reservoir evaluation.

In recent years, unsupervised machine
learning techniques, particularly the SOM,
have emerged as effective tools for seismic fa-
cies classification [Kohonen, 1982]. The SOM
uses unsupervised neural networks to repre-
sent high-dimensional data in an accessible
two-dimensional format, effectively cluster-
ing similar data points [Kohonen, 1982; Zhou,
Fu, 2005; Roden et al., 2015]. This capability is
particularly significant in geosciences, where
the intricate relationships embedded in seis-
mic data can obscure important geological
insights, highlighting the growing need for
advanced analytical techniques in an era of
ever-increasing data collection [Kourki, Ali
Riahi, 2014]. The application of SOM pro-
vides a better understanding of subsurface
conditions, allowing geoscientists to more
accurately interpret geological structures
such as splays, levees, and subtle geological
elements [de Matos et al., 2006; Roden et al.,
2015; Zhao et al., 2016; Song et al., 2017;Mey-
er et al., 2022]. SOM's multi-attribute analysis
combines various seismic attributes such as
amplitude, frequency, and dip into coherent
visualizations that help identify subtle geo-
logic features often missed by traditional seis-
mic interpretation methods [Kourki, Ali Riahi,
2014; Roden et al., 2015; Zhu et al., 2022]. Suc-
cessful implementations of SOM in areas such
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as the Eagle Ford Shale demonstrate its effec-
tiveness in revealing geological complexities
critical to resource exploration and reservoir
characterization [Roden et al., 2015].

Despite the advantages of SOM, its ap-
plication in seismic analysis faces several
challenges. The massive amounts of data
generated from modern seismic surveys can
overwhelm interpreters, complicating the ex-
traction of meaningful interpretations. The
presence of outliers and the inherent com-
plexity of geological features can impact the
accuracy of SOM classification, raising con-
cerns about the reliability of the results [Mey-
er et al., 2022]. Addressing these challenges is
crucial for refining the utility of SOM in seis-
mic interpretation and enhancing geological
understanding derived from complex datasets
[Kourki, Ali Riahi, 2014].

This study aims to evaluate the effective-
ness of integrating the unsupervised SOM
technique with multiple spectral decompo-
sitions of seismic data to analyze seismic fa-
cies. To assess the proposed methodology's
potential, it was applied it to a real seismic
dataset from the Caspian Basin. This work-
flow offers an alternative approach to seismic
facies analysis by automating the interpreta-
tion process while providing higher resolu-
tion and detail. This empowers geoscientists
to make more informed decisions, reducing
exploration risk and improving the accuracy
of subsurface characterization.

Methodology. The workflow consists of
interpretating seismic horizons followed by
multiple frequency decompositions around
the surface. The approach allows using
spectral decomposition for a wide frequency
range, starting from low frequencies up to the
Nyquist limit. The choice of the frequency
boundaries depends on the dominant fre-
quency range and the signal-to-noise level
of the target seismic data.

The whole process starts with a surgical
horizon interpretation. This step requires pre-
cise matching to the target horizon, as the
algorithm is intended to work at high frequen-
cies as well, which narrows the frequency
search window. Multiple spectral decompo-
sitions are applied to the seismic data at the
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horizon level to extract different frequency
ranges and obtain all possible geological in-
formation.

Spectral decomposition methods are used
to obtain spectral amplitudes in specified fre-
quency ranges. For seismic facies classifica-
tion, various methods can be used to convert
seismic reflection data into sets of spectral
characteristics. Common approaches to spec-
tral decomposition include the Short-Time
Fourier Transform, wavelet transform, S-trans-
form, and their combinations [Chakraborty,
Okaya, 1995; Castagna et al., 2003; Sinha et
al., 2005; Kazemeini et al., 2008; von Hart-
mann et al., 2012; Wu, Castagna, 2017, Huang
et al., 2018].

In this study, the Continuous Wavelet
Transform (CWT) method was applied. This
method offers advantages over the Short-
Time Fourier Transform, particularly when
high time-frequency resolution is required
for spectral information, which is typical in
analysing seismic reflected signals [Castagna
et al., 2003; Qodri et al., 2019].

A key aspect of the CWT is choosing the
appropriate wavelet for signal transformation.
With numerous wavelet functions available,
the selection should be based on the char-
acteristics of the signal and the features of
interest. In CWT, the two main operations

Wavelet scaling

performed on the selected mother wavelet:
scaling (&) and translation (3). The scaling
parameter & is employed to stretch and com-
press the wavelet, while the parameter 3 con-
trols the wavelet's position along the time axis
(Fig. 1).

The CWT of a signal s(¢) at scale & and
translation (shift) 9 is expressed by the inte-

gral (Eq. 1):

Z(&,9)=|§|% | s(t)w[%jdr, ()

where Z(§,3) is the CWT coefficient at (§,9),
y(?) is the mother wavelet [Addison, 2017].
The mother wavelet, y(?), is the base function
from which all scaled and shifted versions are
derived in the CWT. Its selection is important
as it determines the time-frequency charac-
teristics of the transform. Various mother
wavelets have been proposed, each tailored
to specific applications [Ngui et al., 2013].
The CWT transforms a one-dimensional
signal into a two-dimensional matrix, where
the two axes represent translation and scale.
When the input signal is defined in the time
domain, the translation dimension corre-
sponds to time. In the context of signal pro-
cessing, however, the concept of scale is more
precisely interpreted as pseudo-frequency.

Wavelet translation

— Ricker wavelet at & = 0.5
4|l |- Ricker wavelet at £ = 1
A\ |eeee Ricker wavelet at & = 1.5

0.8

e
=~

Amplitude
[=}
[3*)

----- Ricker wavelet at 0,
=== Ricker wavelet at 0
— Ricker wavelet at 0,

Fig. 1. Two processes applied to the mother Ricker wavelet: scaling (a) and translation (b).
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This pseudo-frequency establishes a relation-
ship between the wavelet scale and a specific
frequency band, thus enabling an analysis of
the signal's frequency components across
different time intervals. The formal relation-
ship between scale and pseudo-frequency is
expressed in (Eq. 2):

ps — % ' (2)
where f_ is the center frequency and fpS is the
pseudo-frequency of the mother wavelet.

In this study, a Ricker wavelet (Mexican
hat wavelet) [Addison, 2017] was chosen due
to its similarity to wavelets derived from the
seismic cube and because the regional seis-
mic data is assumed to be zero-phase. The
Ricker wavelet is the second derivative of the
Gaussian function and a zero-phase wavelet.
It has a central frequency of 0.251 Hz and is
commonly used for creating synthetic seismic
data. Its time-domain expression is provided
in (Eq. 3):

[2

2 —
\If(t)=W(l—t2)e 2 3)

Spectral decomposition maps correspond-
ing to the predefined frequency range were
calculated by applying the CWT to the tar-
get horizon for each trace using a given time
window centered at the picked time sample.
These maps are input to the SOM algorithm
for the subsequent training phase. In this
phase, SOM organizes the high-dimensional
spectral data into a two-dimensional grid of
neurons while preserving the spatial relation-
ships between the data points. This topologi-
cal preservation is essential for identifying
latent patterns and structures within the spec-
tral data. As a result, the SOM map provides
an intuitive and effective visualization that
facilitates the exploration and interpretation
of underlying geological features and poten-
tial anomalies [de Matos et al., 2006; Song et
al., 2017].

The training process of a SOM follows a
workflow that begins by initializing a grid of
neurons; each represented as a vector of ran-
dom values with the same dimensionality as
the input data. These vectors are commonly
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called the neurons' weights (wl-j). At each it-
eration of the training process, a random data
point from the input dataset is selected. The
algorithm then identifies the Best Matching
Unit (BMU), the neuron whose weight vec-
tor is the most similar to the selected input
data. The similarity between the input and
the neuron's weight is measured using the Eu-
clidean distance, as defined by the following

equation:
n
d Z\/Z(xi ‘sz)z .
i=1

where x; and n represent the components of
the input data vector and the number of data
samples in the training data, respectively.
Once the BMU is identified, its weight vec-
tor is updated to become more similar to the
input data. Simultaneously, the weights as-
sociated with neighboring neurons in the grid
undergo a lesser adjustment. This degree of
adjustment is controlled by the neighborhood
function, which decreases as the distance
from the BMU increases. The weight update
at each time step ¢ is governed by the follow-
ing equation:

w;(t+1)=w;(¢)+
()R e (LW (D)) x—wi (D], ()

where A(?) is the learning rate, which decreas-
es over time, and A, ;(f,w,(?)) is the neighbor-
hood function. The learning rate is defined by
the following formula of exponential decay:

()= (0exp( L ).

where ¢ is the iteration number and » is the
total number of iterations. The neighbor-
hood function A (t,w{t)), which dictates how
neighboring neurons adjust their weights, is
defined as:

hnei(t,w,-(r»:exp[—%g‘”} @)

4)

(6)

In Eq. 7, dgyu(w (1)) represents the
squared distance between the BMU and an-
other neuron in the grid, and o(?) is the neigh-
borhood radius at iteration ¢. The neighbor-
hood radius decreases over time, following
the equation:
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c(t)zc(O)exp(—@). (8)

As the training progresses, the neighbor-
hood function decays, reducing the BMU's
influence on distant neurons. This gradual
reduction ensures that the SOM converges
toward a stable state, where the topological
relationships of the input data are preserved
in the two-dimensional neuron grid. This pro-
cess allows the SOM to capture and repre-
sent the structure of high-dimensional data
effectively.

As aresult of the learning phase, the SOM
returns generalized patterns characterized by

their frequency distributions. The input data
with similar frequency variations are grouped
together, forming clusters reflecting these
shared characteristics. These generalized
patterns provide a coherent representation of
the data, with closely related inputs organized
based on their frequency pattern similarities
(Figs 2 and 3).

During the application phase, each data
pattern vector is presented to the trained
SOM, where the corresponding winning neu-
ron is identified based on the minimal dis-
tance between the input sample and the gen-
eralized patterns learned during training. The
position of the winning neuron on the SOM

:’:gk"\:K:N\\f\\‘\‘\
oo I e e e
oI I e e e e
;g/\/\N/\N/\mKAA
%;ZEK./\:/\:/\/\/\/\/\:/\</\
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Frequency, Hz

Fig. 2. Amap of nodes with 10x10 topology of generalized frequency patterns generated after SOM application.

All plots share a common x-axis and y-axis.
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Fig. 3. An example of the corresponding patterns for
one generalized frequency pattern. The bold line is the
generalized pattern obtained through the SOM algo-
rithm for the group of similar patterns in grey color at
the background.

Fig. 4. A 2D colorbar with 10x10 grid used to visualize
the obtained SOM grid after the training process.

grid defines the seismic facies type, which is
further associated with a specific color code
for visualization purposes.

Results and discussion. The above-de-
scribed workflow was appliedto analyse the
horizon picked within the entire post-stack
seismic data from the South Caspian Sea. The
South Caspian Seaq, located east of Azerbai-
jan, west of Turkmenistan, and north of Iran,
serves as the central point of the South Cas-
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pian Basin (SCB). The SCB, a Tertiary basin,
is notable for its high sedimentation rates,
sediment thickness reaching up to 20 km,
low compaction, low geothermal gradient,
and exceptionally high-pressure gradients
[Smith, 2006]. This area's structures were
shaped by large amounts of deltaic sediments,
sea-surface subsidence, and intense regional
tectonic activity. The SCB is a remnant of the
back-arc basin from the Tethys paleo-ocean,
dating back to the Pliocene [Kaz'min, Verzh-
bitskii, 2011]. During the Miocene to Recent
period, the Paleo-Amu Darya and Paleo-Volga
deltas were the main sediment contributors,
with lesser input from the Paleo-Kura and
Paleo-Sefid Rud systems. Though the SCB is
currently a deepwater basin, it experienced
predominantly shallow conditions throughout
most of the Pliocene and early Pleistocene.
Aregional clinoform horizon is chronostrati-
graphically linked to the Absheron Stage of
the Lower Pleistocene, characterized by thick
shale sequences interbedded with marl and
sand. This stage represents a shale-dominated
lacustrine environment with minor riverine
input. During the Pleistocene, the contribu-
tion of Amu Darya was significant among the
various paleo-river systems.

As a result of the SOM application, a map
of nodes with 10x10 topology is generated
(Fig. 2). Each node represents a generalized
pattern of amplitude distribution in the fre-
quency domain. An example of a single node,
with patterns derived from the original data
assigned to that cluster, is shown in Fig. 3. To
visualize a SOM grid with a large number of
nodes, a 2D colorbaris utilized (Fig. 4). Each
cluster is assigned a distinct color that cor-
responds to the generalized patterns repre-
sented on the 2D colorbar. Subsequently, each
sample point in the predicted map is depicted
using the corresponding clustercolor.

Fig. 5, a presentsthe clustered map of mul-
tiple frequency components obtained using
SOM. The frequency components range from
a minimum of 10 Hz to a maximum of 50 Hz,
with a sampling rate of 2 Hz, resulting in a
total of 21 frequency components used for
clustering. This frequency range was selected
based on the —10 dB bandwidth of the aver-
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age frequency spectrum of the target interval
(Fig. 6).The final map consists of 100 clusters,
effectively highlighting channels, channel
boundaries, and lateral heterogeneity. Fig. 5,
b displays an RGB blend composed of three
frequency components: 10 Hz (red), 30 Hz
(green), and 50 Hz (blue), which further il-
lustrates the channel system.

The meandering channels, characterized
by a relatively high degree of sinuosity and
oriented from North-West to South-East,
are clearly depicted within the two primary
channel systems on both the spectral decom-

position and clustered maps. A comparison
between Fig. 5 reveals enhanced visibility
of these channel features (green arrows), at-
tributed to the inclusion of higher-frequency
components, particularly in the Eastern re-
gion, where smaller tributary channels be-
come evident (yellow arrows). An additional
strength of the clustering method is its abil-
ity to delineate sharp facies boundaries, al-
lowing for precise interpretation of channel
margins. Furthermore, the method preserves
intra-channel heterogeneity (white arrows),
essential for accurate volumetric estimations.

Fig. 5. The clustered map for the target horizonis generated using a trained SOM based on multiple frequency
components and visualized with an applied 2D colorbar (a). An RGB blend was generated from three seismic
frequency decompositions: red corresponds to 10 Hz, green to 30 Hz, and blue to 50 Hz (b).Colored arrows high-
light key geological features: green arrows indicate enhanced channel visibility, yellow arrows mark the smaller
tributary channels, and white arrows emphasize intra-channel heterogeneity.

Power, dB
o
<

|
N
(5]
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S
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60 70 80 90 100 110 120

Frequency, Hz

Fig. 6. The average frequency spectrum of the target interval from the seismic data, with the red dashed line

indicating the bandwidth at the —10 dB level.
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Fig. 7. The clustered map for the horizon 50 ms deeper than the target horizon is generated using a trained SOM
based on multiple frequency components and visualized with an applied 2D colorbar (a). An RGB blend was gener-
ated from three seismic frequency decompositions: red corresponds to 10 Hz, green to 30 Hz, and blue to 50 Hz (b).

These detailed insights facilitate a more com-
prehensive understanding of the channel sys-
tems and their associated facies, making the
approach valuable for geological analysis.
Fig. 7 provides an additional example of
applying the trained SOM model to a differ-
ent horizon 50 ms deeper than the reference
surface. The results demonstrate that the
model, trained on the initial horizon, could
effectively adapt by allocating the channel to
a distinct part of the SOM map, allowing to
separate it from the surrounding clusters cor-
responding to the floodplain. This outcome
can be achieved using seismic properties,
which have remained relatively consistent
over the specified interval. Consequently,
these suggest that the methodology has the
potential for application to a 3D seismic vol-
ume, enabling the extraction of 3D geobodies.
It is important to note that certain geo-
logical features are not separated into dis-
tinct clusters due to the non-uniqueness of
the seismic response. In other words, similar
seismic trace behaviors result in similar fre-
quency characteristics, which are, therefore,
assigned to the closest clusters on the SOM
map. In addition, the algorithm shows a high
sensitivity to seismic amplitudes, which is evi-
dent from the imprint of seismic acquisition
footprints on the obtained maps. All of this
requires further study to find a more robust
feature extraction algorithm and modifica-
tion of the SOM algorithm to consider both
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the amplitudes and patterns of the provided
features.

Conclusion. Integrating the SOM tech-
nique with spectral decomposition has proven
to be a powerful tool for automated seismic
facies classification, offering significant im-
provements in identifying complex subsur-
face geological structures. By exploiting the
frequency content of seismic data through the
CWT application, the method effectively en-
hances the detection of subtle geological fea-
tures, such as meandering channels and their
tributaries. The use of multiple frequency
components has improved the visibility and
delineation of facies boundaries, allowing
a precise interpretation of channel systems
and their internal heterogeneity that could be
used for reserve estimation. However, the re-
sults show a high sensitivity of the SOM algo-
rithm to seismic amplitude variations and the
challenges posed by non-unique seismic re-
sponses, which can result in ambiguous clus-
tering of certain geological features. These
issues point to the need for further refinement
of feature extraction methods and potential
enhancements to the SOM algorithm, such as
incorporating additional seismic attributes or
modification of the algorithm for better facies
discrimination.

Application of the trained SOM model to a
deeper horizon demonstrated the adaptability
and consistency of the model in identifying
similar geological features over intervals of
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relatively stable seismic properties. This sug-
gests the potential for extending the meth-
odology to the entire 3D seismic data for
volumetric clustering. Analyzing the entire
seismic dataset for facies distributions could
provide a more comprehensive understand-
ing of the reservoir, map spatial variations,
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3acToCyBaHHS CIIEKTPAAbHOI AeKOMITIO3MILii
AO KAacTepu3sailii cericMiyHuXx (paiii 3a A0OIIOMOIOI0
HEKOHTPOABOBAHOT0 MAIIMHHOTO HaBYaHHS

P. Menikos, I. babaes, 2025

[HCTHTYT reoaorii Ta reodizuku MiHicTepcTBa HayKU Ta OCBITH
AzepbaripxaHcbKol PeciyOniky, baky, Azepbatipkad

Amnani3 celicMiuHUX (palliti, HeOOXIAHUMI AAS TEOAOTTUHUX AOCAIAKEHb HAAD, TPAAUIIIHO
CTHKAETHCS 3 TPYAHOIIIAMHU Yy BUSIBA€HHI APIOHUX Bapialii y CKAQAHUX cTpaTUrpadiuHux
yMOBax. Y IbOMY AOCAIAJKEHHI AAS ITOAITIIIIeHH iAeHTHdiKalil AeTaAl30BaHUX CEMCMIUYHUX
dallifi BUKOPUCTOBYIOTHCS CIIEKTPaAbHA AeKOMIIO3UIIiS Ta METOAU HEKOHTPOABOBAHOTO
MAaIIMHHOIO HaBYaHHS, 30KpeMa KapTu KoxoHeHa, 1110 caMoopraHizyeTbcs. ClieKTparbHa
AEKOMIIO3UIIis AQ€ 3MOI'y IPOBOAUTHU aHAAI3 CEUCMIYHUX AQHUX Ha OCHOBI 4aCTOT, BUSIB-
ASIFOUU CKA@AHI T€OAOTIUHI 0COOAMBOCTI, SIKi 4aCTO 3aAUIIIAIOTHCSI HEeIIOMiUeHUMU IIPU BU-
KOPUCTAHHI TPAAULIIMHAX METOAIB. AAT PO3KAAAQHHS CEUCMIUHNX CUTHAAIB 3aCTOCOBYBAAU
Oe3lnlepepBHE BEUBAET-IEPETBOPEHHS, @ OTPUMaHi 4aCTOTHI KOMIIOHEHTHU KAACUiKyBarn
3a AOIIOMOIOr0 KapTu KOXOHEeHa, 1110 CaMOOPraHi3yeThbCs, A BU3HAUEHHS CeMCMIYHNUX (ha-
i, et miaxip 6yAo ITepeBipeHO Ha CeCMiuHMX AQHUX [ TiBA€HHOKACIIIMCHKOTO OacelHy.
3a pe3yAbTaTaMU yCIIITHO BUSIBA€HO CUCTEMU KaHaAiB Ta MeXKi dallil, ToKpallleHo IXHIO0
AeTaAi3allito, 10 AAAO 3MOTY TOYHIIIle IHTepHpeTyBaT! CUCTEMM KaHAaAIB Ta IX BHYTPIIII-
HIO BapiaTUBHICTE. Llell aBTOMATU30BaHUU METOA HAAA€ LiHHI AQHI AT XapaKTEePUCTUKU
KOAEKTOpa Ta PO3BIAKH BYTA€BOAHIB, 1110 MOJKe 3HU3UTHU PU3UKU PO3BIAKY Ta MIABUIIUTH
TOYHICTB OLIIHIOBAHHS PECYPCiB.

KAarouoBi caoBa: celicMiuHi (paliii, ClieKTpasbHA A€KOMIIO3UIlisd, KapTa, 110 caMoopra-
Hi3yeThbCs, Oe3lepepBHe BeHBAET-IEPETBOPEHHS, HEKOHTPOABOBAHE MalllMHHe HaBYaHHS,
MalllMHHe HaBYaHHSI.
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