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This study investigates the seismicity and recent geodynamic features of the Dnis-
ter Hydropower Complex in Ukraine, emphasizing the application of machine learning
methods to analyze their interrelationships. The complex, situated in a seismically active
transitional zone, is influenced by natural tectonic processes and anthropogenic activi-
ties, including the operations of the Dnister Hydroelectric Power Plant and active water
level changes at the Dnister Reservoir. Data from digital seismic stations of the Carpathian
Seismological Network, permanent Global Navigation Satellite System stations of GeoTer-
race and SystemNet networks, as well as reservoir water level records of Dnister Reservoir,
were collected and analyzed together. Machine learning algorithms, including Random
Forest, Isolation Forest, and DBSCAN clustering, were employed to identify patterns and
correlations between crustal deformations, water level fluctuations, and seismic events.
Results reveal a significant association between water level changes — both short-term and
long-term — and earthquake occurrences, suggesting that hydrological variations impact
seismic activity. Geodynamic analysis indicates heterogeneous deformation patterns, with
increased velocities in seismically active southwestern regions. Global Navigation Satellite
System data shows velocities increasing by about 2 mm/year near the Dnister Hydropower
Complex. Seismicity near the Dnister Hydropower Complex from 2012 to 2023 was char-
acterized by peak earthquake years of 2014—2016 and 2022, each with over 100 events.
The total seismic energy released increased from Ig(XE)=7.5 in 2012 to 10 in 2016, then
steadily declined to 7 by 2023. The findings enhance understanding of the mechanisms
of induced seismicity related to reservoir operations and provide valuable insights for risk
assessment and mitigation strategies in hydroelectric regions. This integrated approach
demonstrates the effectiveness of machine learning in deciphering complex geodynamic
and seismic interactions in tectonically sensitive environments.

Key words: seismicity, recent geodynamics, reservoir-triggered seismicity, water level
changes, Dnister Hydropower Complex, machine learning.
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Introduction. Powered by the waters of
the Dnister River, the Dnister Hydropower
Complex is located at the junction of the
Chernivtsi, Vinnytsia, and Khmelnytskyi re-

gions. It is one of the most important energy
facilities in Ukraine. It includes the Dnister
Hydroelectric Power Plant (HPP), the Dnister
Pumped Storage Power Plant (PSPP), and the
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Lower Dnister HPP. The facility relies on the
Dnister main reservoir and a buffer reservoir
situated between the Dnister and Lower Dnis-
ter HPPs. Construction commenced in 1973
with the Dnister HPP, followed by work on
the Lower Dnister HPP in 1982. The ongoing
construction of the Dnister PSPP underscores
the importance of geodynamic and engineer-
ing monitoring across the entire region. It is
evident that such a large-scale, prolonged
construction project has a significant an-
thropogenic impact on the region. This in-
fluence is particularly pronounced given that
the area of the Complex is seismically active
and, according to Ukraine's seismic zoning,
lies within the transitional zone between the
intensity isoseisms VI and VII [DBN V.1.1-
12:2014]. These factors considerably affect
the region's geodynamic and seismic char-
acteristics, which have been extensively stud-
ied in recent decades by various researchers
[Brusak et al., 2022; Zyhar et al., 2023].
According to tectonic zoning, the Com-
plex is located at the junction of the Dnis-
ter-Buh megablock of the Ukrainian Shield
and the Volyn-Podillia and Moldavian Plates
[Hurskyi, Kruglov, 2007], separated by the
boundary of Vendian sedimentary deposits.
The geological structure of the upper crust
in this area includes two distinct structural
levels: the upper level, composed of sedimen-
tary and slightly volcanogenic-sedimentary
deposits of the cover rock complex, and the
lower level, represented by crystalline forma-
tions of the folded complex [State ..., 2007].
The Podillia fault zone forms the southwest-
ern boundary of the Ukrainian Shield and is
oriented northwest. It is complicated by trans-
verse faults with a northeastern strike, and is
considered a series of low-amplitude faults
that fragment the basement into small blocks.
The Podillian Dnister region, due to its struc-
tural features, is a tectonic node within a rota-
tional stress-release field, forming a «vortex»
fault system [Sarnavski, Ovsiannikov, 2005].
Additionally, a fan-like system of intersect-
ing arcuate fractures surrounds central-type
structures and is expressed in the interblock
zones. These are known as geoenergetic (or
geodynamic) zones, which serve as areas of
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accumulation, transformation, and release of
tectonic stress. Local earthquake epicenters
are also associated with these zones.

The interrelationship between recent geo-
dynamics and earthquakes has been studied
by many researchers and remains unresolved.
Tretyak and Romaniuk [2018] identified a
stable correlation between the vertical defor-
mations across Europe and manifestations of
generalized seismicity. As a continuation of
this work, less stable but still significant cor-
relations were found between horizontal com-
pression-extension of territories, derived from
Global Navigation Satellite System (GNSS)
data, and generalized seismicity. The verifica-
tion of regional geodynamic models and iden-
tification of zones with potential seismic risk
based on lithospheric dynamics, geophysical,
and geodetic data is demonstrated in [Pospisil
et al., 2019]. Kao et al. [2018] trace the rela-
tionship between earthquake moments and
regional tectonic stress in western Canada
and highlight tectonic deformation as the
primary factor behind induced seismicity.

Recent studies focused specifically on the
territory of the Complex indicate an increase
in earthquake occurrences and the presence
of induced seismic activity in the region. Some
researchers attribute this to the construction
of hydroengineering structures and the filling
of the Dnister Reservoir basin [Sarnavski, Ov-
siannikov, 2005; Savchyn, Pronyshyn, 2020].
Others examine the mechanisms of detected
earthquakes around the Dnister HPP and de-
termine the critical stress values (based on
the Coulomb-Mohr theory) that lead to the
breakdown of structural bonds and define op-
timal reservoir operation regimes. Zyhar et
al. [2023] suggest that the highest density of
earthquakes occurs in soils with an internal
cohesion coefficient of C=0.2 MPa. The lat-
est studies demonstrate a correlation between
changes in reservoir water levels, reqgulated
by the operation of the Dnister HPP, and
the occurrence of earthquakes at depths of
2—3 km nearby [Tretyak et al., 2024b]. Such
findings emphasize the importance of con-
tinuous monitoring of the technical condition
of the Dnister HPP and the development of
risk management strategies.
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The aim of this study is to comprehensively
examine the seismicity and geodynamics of
the Complex, taking into account both natu-
ral and induced seismicity. To this end, data
on earthquakes were collected from seismic
stations in the region, current geodynamic
features were assessed using permanent
GNSS stations, data on reservoir water level
fluctuations were obtained, and these results
were analyzed using machine learning meth-
ods.

Methods and results. Recent geodynamic
features of the region. At present, the most ef-
fective approach for assessing the contempo-
rary geodynamics of large territories is to use
data from permanent GNSS stations [Doskich
et al., 2023; Naumowicz et al., 2024; Fazilova
etal., 2025; Wu et al., 2025]. The geodynamics
of the area during construction of the Dnister
PSPP has also been evaluated through long-
term GNSS campaigns [Sidorov et al., 2015;
Savchyn, Pronyshyn, 2020]. The results over
the past two decades indicate a redistribution
of compression and extension zones in the
region, induced by the large-scale construc-
tion of this hydraulic facility. However, these
elastic deformations are not irreversible.

To identify and quantitatively assess the
deformations of the Complex, multi-year
GNSS data from 2019 to 2024 were utilized
(from the GeoTerrace and System.NET net-
works) [Tretyak et al., 2024a]. The input con-
sisted of daily 24-hour RINEX satellite files.
The results were processed using the Bernese
GNSS software package via the double-differ-
ence method. The daily solutions for all three
coordinate components, with sub-centimeter
accuracy, allowed the construction of multi-
year time series. From these time series, the
trend component was extracted, enabling the
characterization of the stations' current spa-
tial motions and, when processed collectively,
the region's deformation.

The primary selection criteria for GNSS
stations from the GeoTerrace and System.
NET networks included the number of daily
solutions, the duration and stability of station
operations, as well as the geometric configu-
ration and spatial coverage of the network.
Eight permanent GNSS stations were se-
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lected, namely KLMN, NDNS, RALI, VINK,
VINT, VOVK, VRBK, TULC, and YAMP. Most
stations (KLMN, NDNS, VOVK, and partly
VINT) demonstrated high data integrity
(>80 %). However, in 2023, there was a sig-
nificant decrease in data acquisition integ-
rity and stability for RALI (59 %) and VRBK
(58 %), which is attributed to the operational
complications of CORS during the war. These
challenges include blackouts, communica-
tion failures, electronic warfare, and spoofing
effects [Brusak et al., 2024].

Based on the calculated coordinates, an-
nual velocity vectors of displacement were
determined in the coordinate directions V),
(north) and Vj, (east). The coordinates were
transformed into the ETRF-2020 reference
frame to ensure compatibility with the motion
of the European Tectonic Plate. Detailed sta-
tion graphs and statistics are provided in the
study [Tretyak et al., 2025]. Typical velocity
values for the region, reflecting large-scale
plate movements, were defined. As these vec-
tors dominate the signal, correction was ap-
plied by subtracting the maximum velocity
components along each axis. This approach
proved effective at detecting millimeter-scale
displacements, which are typical of slow
geodynamic processes, and is particularly
relevant for monitoring the stability of large
hydraulic structures in geologically complex,
seismically active regions. Table 1 presents
the annual GNSS CORS velocities near the
Dnister Hydropower Complex.

Table 1.Annual velocities of GNSS CORS
near the Dnister Hydropower Complex

Annual velocity,
GN.SS mm/year ETRF-2020 Accuracy, mm
station
\4N; Vg 73 mVy | mVg
NDNS -1.1 -1.7 2.0 0.1 0.1
RALI -1.7 -2.0 2.6 0.1 0.1
VOVK -1.1 -1.7 2.0 0.1 0.1
YAMP -5.0 -2.3 5.5 0.2 0.1
KLMN -1.8 0.7 2.0 0.1 0.1
TULC 0.1 -0.6 0.6 0.1 0.1
VINK -0.0 -0.5 0.5 0.1 0.1
VINT 0.2 -0.4 0.4 0.1 0.0
VRBK -5.2 -3.8 6.4 0.2 0.2
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Fig. 1. The map of annual velocities of GNSS CORS
(orange) and a model of a condensed vector field (white)
of geodynamic deformations around the Dnister Hydro-
power Complex (blue circles).

Based on the obtained values, a dense vec-
tor model of the horizontal displacement ve-
locities of the GNSS stations was constructed,
reflecting local deformation processes within
the study area. This map is presented in Fig. 1.

As shown in Fig. 1, the identified natural
seismicity based on GNSS CORS data exhib-
its heterogeneous geodynamic characteris-
tics. In the western part of the region, which
is underlain by the more stable crystalline
basement of the Ukrainian Shield, the natural
deformation field is minimal and falls within
the margin of measurement error. In contrast,
in the southeastern part of the region, the de-
formation vectors increase up to 5 mm/year.
This area hosts the main structures of the
Dnister HPP and, as previously mentioned,
is also seismically active. It is noteworthy that
even such straightforward comparisons reveal
a clear relationship within the system: recent
geodynamics of the territory and seismicity.

Seismic Features of the territory. Instru-
mental observations of earthquakes in the re-
gion began in 1961. Until 2004, the regional
seismic station network could detect only
earthquakeswith a local magnitude (ML>2.0).
Consequently, during the filling of the reser-
voir, many weak seismic events in the area of
the Complex went unrecorded due to the lack
of seismic stations. Currently, three seismic
stations are operating in close proximity to
the Dnister HPP. These stations belong to the
Carpathian regional seismic network [Ver-
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bytskyi et al., 2019; Pronyshyn et al., 2024,
2025]. At present, a seismic monitoring net-
work consisting of 23 permanent seismic sta-
tions operates in the Carpathian region. The
digital seismic stations of the Carpathian Seis-
mological Network and the main technical
parameters of the instruments that recorded
seismic events are provided in Table 2.

The «Novodnistrovsk» seismic station has
been operating in the vicinity of the Complex
since 2006. Nearby stations also include «Ka-
menets-Podilskyi» (since 2005) and «Medzhy-
bizh» (since October 2021; situated 30 km east
of Khmelnytskyi). All stations are equipped
with digital tools developed by the Seismic-
ity Department of the Carpathian Region at
the Institute of Geophysics of the National
Academy of Sciences of Ukraine. At all sta-
tions, events were recorded along three com-
ponents: N-S (North-South), E-W (East-West),
and Z (Vertical).

Observations were processed according
to the methodology outlined in the Instruc-
tion [Pronyshyn et al., 2024, 2025]. To deter-
mine the dynamic characteristics, amplitude-
frequency response data of the channels in
PAZ GSE1 format were used. To process and
interpret the digital recordings, we applied
several frequency filters and corrections for
the instruments' amplitude-frequency trans-
fer functions. This allows to detect relatively
weak seismic events. The digital format of
recordings enables direct storage in the da-
tabase. To reliably identify indistinct or noise-
contaminated seismic phases, a Butterworth
band-pass filter (0.5—15 Hz) was used during
the processing and interpretation of digital
data. The choice of filter parameters depends
on the quality (signal-to-noise ratio) and the
spectral characteristics of the analyzed signal.

To calculate the energy characteristics
of seismic events, the signal spectrum was
corrected using the instrument's amplitude-
frequency response and then converted into
ground motion units. For this purpose, the
amplitude-frequency response and sensitivity
(in units of velocity, um/s) were individually
calculated for each seismic channel. To deter-
mine the main parameters — origin time, co-
ordinates, and hypocentral depths, as well as

63



L.V. BRUSAK, O.A. HAIDUS, B.YE. KUPLOVSKYI

Table 2. Equipment and technical characteristics of digital seismic stations of the Car-
pathian Seismological Network

5 Coordinates Equipment specifications

g Station name (year | H, : : —

5 of establishment) m ° o Equipment | Dynamic | Frequency |Sensitivity count,

z ¢°N ME type range range um/sec

1 LV\];‘(’%%) 320 | 49.820 | 24.031 CS/[“(EE_‘}I%T 140 0.03—12 0.8107°

2 Mgﬁ??f;8) 260 | 49.124 | 23.876 Dél%w 120 0215 -

3 I?;ggg%i) 160 | 48.629 | 22.291 Déf{gs 120 0.2—15 1.0510°°

4 1\1/\1/1[51;}1(}113(;) 460 | 48.514 | 23.514 DQEXS 120 0.02—15 9.6:101°

5 T;;%Sﬁg‘g?) 120 | 48.095 | 22.957 CDl\éI-S?;IO{SB 120 0.2—15 2.05101

6 Nylfgi%s(‘igzl;;he 250 | 48.198 | 23.457 CDQ??;%% 120 0215 _

7 RARI?IZE‘;@ 460 | 48.036 | 24.173 DéIS(XS 120 0.02—15 498101

8 KS%"(TQ’(S 5 | 450 | 48314 | 25065 Dé;‘ﬁ‘l 120 0.02—15 6.64-10 "

9 C%%%‘?;’;gi?) 300 | 48.298 | 25.922 DCAIS{XS 120 0.02—15 1.2710°°

0| 4 gﬁ{?ﬁogkgl) 340 | 49.214 | 26.426 Dgﬁ'_? 120 0215 _

| g OI?GO(TQ’%) 160 | 48.157 | 23.134 CDQ_S?:I%SB 120 0.2—15 1.0510°°

12 %uigcgz‘g%) 125 | 48.454 | 22687 CDQ_S:;IO(SB 120 0.2—15 1.17-1071°

13 Bgﬁ{?}(‘gggo) 160 | 48.234 | 22.646 DCA;'_%S 120 0.2—15 —

14 BRISIESOOO) 180 | 48.338 | 23020 | OO0 120 0.215 1851071

15 I%Eﬁ?ﬁ; 121 | 48.563 | 26.460 Déizs 120 0.02—15 —

KMPU (2005)

16 | OONU Booe, | 242 | 48595 | 27.366 | SOSR% | 120 0.2—15 3.04101°

17 | S Ohos, | 600 | 49225 | 23.350 | RATY 120 0.2—15 6.9810°

18 51"51&%11(%37) 301 | 48710 | 24502 | A5 120 0.2—15 —

19| GerYs, | %5 | w016 | 22623 | BASRY | 120 0.2—15 1.84-1071°

20 | gorUGels | 194] 48527 | 22384 | DASRS 1 120 0.2—15 —

20| OROEnte, | 9ss| 49500 | 24378 | BATRY | 120 0.03—12 1.84-1071°

2 | gt | 202] 49457 | 2a051 | DASRS 1 120 0.03—12 184101

23 hﬁ%géh(igézz}i) 276 | 40437 | 27.412 | DA% 120 0.03—12 1.84-101°
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the residuals of solutions and dynamic char-
acteristics — additional seismic data from the
national services of Moldova, Romania, Slo-
vakia, Poland, and Hungary were also used.

During the comprehensive earthquake
data processing at the stations, the following
energy parameters of the recorded seismic
events were determined:

—the seismic-energy class Kp according to
the T.G. Rautian scale;

—thelocal magnitude ML according to the
Richter scale, based on the maximum ampli-
tude of the vertical component 4, .., calcu-
lated using the following formula:

ML:lg(Azmax)_lg(AO); (D

—the magnitude MSH calculated from the
amplitude of the S-wave Agq at the epicentral
distance A, using the formula:

MSH =1g Ag +1.321g(A, km), (2)

with a correction of +0.8 for intermediate-
depth earthquakes in the Vrancea zone with
h>70h km;

— the magnitude MD based on the signal
duration D is determined using the A.S. Mala-
mud formula:

MD =2.671g(D,sec)+1.65. 3)

This value is subsequently converted into
the seismic-energy class (assuming KD=Kp)
using the equation proposed by T.G. Rautian:

KD=18MD+4.0. (4)

Fig. 2 summarizes the annual distribution
of the number of earthquakes N and the loga-
rithm of the total seismic energy £ in joules
(1g(ZE)) released in the area of the Complex
from 2012 to 2023. In terms of the number
of earthquakes, there were four peak years,
namely 2014, 2015, 2016, and 2022, when
more than 100 earthquakes were recorded.
The logarithm of the total seismic energy E
in joules released in the region initially in-
creases gradually from Ig(2E)=7.5 in 2012 to
lg(XE)=10in 2016, and then decreases gradu-
ally according to a linear law from Ig(2£)=10
in 2016 to Ig(XE)=7 in 2023.

The epicenters of recorded earthquakes
over the past decade in the region of the Com-
plex are predominantly concentrated near the
Dnister HPP and the main Dnister Reservoir.
Therefore, we will focus more specifically on
this region in further analysis. The causes of

Seismic Activity near Dnister Hydroelectric Complex (2012-2023)
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Fig. 2. The distribution of the earthquakes number N and the logarithm of the total seismic energy £ in joules
(1g(ZE)) released in the area of the Complex during 2012—2023.
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these earthquakes include both natural fac-
tors, since the area is intersected by tectonic
faults [Sarnavski, Ovsiannikov, 2005], and
the induced (triggered) seismicity [Zyhar et
al., 2023; Tretyak et al., 2024b] related to the
artificial regulation of the Dnister HPP dam.
These low-magnitude earthquakes typically
range from 0.1 to 1.3, with hypocenters at ap-
proximately 2 km depth. In view of this, we
further consider reservoir water level fluctua-
tions as a contributing factor to seismicity.

Changes in the water level in Dnister Res-
ervoir. Archival data on the water level of the
upper reservoir of the Dnister HPP were ob-
tained directly from Ukrhydroenergo [2025]
upon request. These records consist of auto-
matic hourly measurements of the reservoir
water level but are not systematically collect-
ed. Over the past decade, the lowest recorded
water level was in 2015 at 112.92 meters, while
the highest was in 2018 at 121.62 meters. The
difference between the maximum and mini-
mum levels during this period is 8.70 meters,
which corresponds to a pressure change of
approximately 85 kPa at the bottom of the
reservoir. The average water level over these
years is 118.56 meters.

When earthquakes in the region are plot-
ted alongside water level graphs, it becomes
challenging to identify clear patterns [Zy-
har et al., 2023; Tretyak et al., 2024b]. To ad-
dress this issue, we used machine learning
techniques to detect underlying patterns in
these datasets. A comprehensive machine
learning-based approach was developed to
analyze the interconnections between geody-
namics and seismic activity in the area, con-
sidering fluctuations in the reservoir's water
level. To explore the complex, nonlinear re-
lationships among crustal deformations, the
reservoir's hydrological regime, and seismic
events, a multi-step approach involving three
sequential machine learning algorithms was
designed and implemented in Python with
Scikit-learn library [Pedregosa et al., 2011].
The objectives of this methodology were
not only to establish correlations but also to
identify key predictor variables and classify
earthquakes based on the behavioral patterns
of these parameters.
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The developed algorithm consists of three
key stages.

1. Building a Random Forest predictive
model to identify days with an increased
probability of seismic events and determine
the most influential factors.

2. Using Isolation Forest to generate an ad-
ditional feature — the presence of anomalies
in geodetic data, which improves the quality
of the predictive model.

3. Clustering DBSCAN (Density-Based
Spatial Clustering of Applications with Noise)
behavior patterns to analyze and interpret
scenarios preceding different types of earth-
quakes.

Such a sequential analysis allows us to
move from raw data to conclusions about the
nature of seismicity in the Complex.

Overall picture of correlations. The initial
analysis identified numerous temporal coinci-
dences between seismic events and anomalies
in GNSS and water level data. All recorded
events are visualized on a comprehensive
timescale (Fig. 3), facilitating an overall as-
sessment of the process dynamics. Accord-
ing to the correlation table, of 81 unique
seismic events analyzed, 31 (38 %) coincided
with either a GNSS anomaly or a significant
change in water level within a 10-day window.
This proportion is substantial and suggests a
strong connection that extends beyond mere
chance coincidences.

Fig. 3 confirms that seismic activity fre-
quently occurs during periods of abnormal
fluctuations in both the crust and the hydro-
logical regime, suggesting a potential correla-
tion. For instance, increased seismic activity
in 2021 coincides with significant water level
variations and notable anomalies in GNSS
data. This pattern supports the hypothesis
that the lithosphere-hydrosphere system in
this region is closely interconnected, and
disturbances in one component can trigger
responses in the other.

Initially, the predictive modeling was per-
formed, and the significance of the features
was assessed. The first stage involved a bi-
nary classification task: training the model
to recognize whether an earthquake would
occur on a given day. The target variable (Y)
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was a time series in which 1 corresponded to
the earthquake dates s and 0 to days without
seismic events. To build the model, a 'met-
rics laboratory' was created, within which a
large set of derived features (X) was generated
based on raw data (GNSS coordinates, water
level). These features included:

— different averaging periods and water
level lags;

—water level change rates and accelera-
tions;

— statistical characteristics of time series
(moving averages, standard deviations);

— geodynamic parameters (velocities, ac-
celerations of GNSS station displacements).

As an additional feature, the result of the
Isolation Forest algorithm was used [Hariri et
al., 2021], which identified days with anoma-
lous behavior of vertical displacements of the
GNSS station [Brusak et al., 2025]. The inclu-
sion of this feature (is_height_anomaly) im-
proved the overall forecast quality by an av-
erage of 10 %. The Random Forest ensemble
method was used to train the classifier. The

results showed that the developed model is
capable of predicting days with seismic activ-
ity with an F1-score accuracy in the range of
58—62 % and an F0.5-score accuracy of 45—
55 %. The most important result of this stage
was the ranking of features according to their
impact on the forecast (Feature Importance).
This made it possible to objectively identify
the key factors preceding seismic events. The
list of the most important features included:

—water_level (WL,) — absolute water level
in the Dnister Reservoir (average per day);

— wl_roll_mean_240d (WL,(240)) — long-
term average water level for the last 240 days;

— wl_lag_240d (WL, 5,0 — water level
value with a lag of 240 days, i.e., the differ-
ence between today's value and the value 240
days ago;

—wl_lag_60d (WL,_g,) — water level value
with a lag of 60 days;

—wl_roll_std_90d (c,(90)) — standard de-
viation of water level over 90 days;

— is_height_anomaly — anomaly feature
from Isolation Forest [Brusak et al., 2025];
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— Up-delta (AU) — current displacement
of Up component of GNSS station;

— Up-delta.mm_velocity (V,) — vertical
displacement velocity of Up component of
GNSS station.

The presence of both hydrological and
geodynamic parameters in this list confirms
the complexity of the processes that lead to
earthquakes in the region. Next, clustering of
behavior patterns and differentiation of seis-

0.3

Normalized Value (Z-score)

-25 -20 -15

micity were carried out. After identifying the
most important features, the next step was to
study their collective behavior immediately
before earthquakes. If we simply average the
time series of all 81 events, as shown in Fig. 4,
the individual patterns cancel each other out,
and the overall picture appears noisy and un-
informative. This highlights the need to use
clustering to identify hidden groups with
similar dynamics.
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Fig. 4. Average behavior of key features for all seismic events.

Normalized Value (Z-score)

~30

-25 -20 -15

Earthquake Day

-10

Days Relative to Earthquake

= water_level
== wl_roll_std_90d

== wl roll_mean_240d

== is_height_anomaly

- wl_lag_240d
=== Up-delta

— wl_lag _60(1
== Up-delta_velocity

Fig. 5. Average behavior of features for the 'loading' cluster (28 events) based on the water_level feature.
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Fig. 4 shows that, based on the parameters
we have selected, it is difficult to differentiate
events by probable causes when considering
all events. However, it is interesting to note
that 10 days before the earthquake, there is
an intersection of the blue curve, which char-
acterizes the average water level rise over 240
days, and the pink curve, which at the same
time characterizes a decrease in the accuracy
of the water level over the last 60 days.
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The purpose of this stage was to group
events according to similar preparation sce-
narios, which allows them to be differentiated
by their probable mechanisms of occurrence.
For this purpose, the DBSCAN density-based
clustering algorithm was used. For each seis-
mic event, a time window (30 days before and
10 days after) was taken with data on 9 key
metrics. DBSCAN grouped these multidimen-
sional time series based on the similarity of
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Fig. 6. Average behavior of features for the ‘unloading’ cluster (25 events) based on the water_level feature.
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Fig. 7. Average behavior of features for the 'noise’ events based on the water_level feature.
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their shape, which allowed us to identify two
stable clusters and a 'noise’ group.

Analysis based on short-term changes
in the water level (water_level). In the first
stage, clustering focused on the water_level
feature, which reflects the direct influence
of hydrostatic pressure. In total, three clus-
ters were identified: loading, unloading, and
natural background. The first cluster, 'load-
ing', includes 28 events. As shown in Fig. 5,
this largest cluster is characterized by a clear
and stable increase in the absolute water level
(water_level) over the 20—25 days preceding
the earthquake. This is likely a pattern of in-
duced seismicity, where a gradual increase
in hydrostatic load and the diffusion of pore
pressure deep into the array act as triggers.

The next cluster, ‘unloading’, exhibits the
opposite behavior (Fig. 6). It is preceded by a
prolonged and significant decrease in the wa-
ter level for 25 events. This scenario is another
physically plausible mechanism for induced
seismicity, where a reduction in the load on

the reservoir bed leads to a decrease in the
normal stresses that ‘clamp’ the fault.

The last group includes events that did not
show consistent similarity to any of the two
clusters (Fig. 7). The behavior of key features
here is chaotic, with no clear trends. This gives
good reason to assume that these earthquakes
are predominantly of natural tectonic origin.

The results of the analysis of short-term
changes in water level (water_level) are also
shown on the map below. Fig. 8 illustrates the
groups identified by their rapid response to
hydrostatic pressure: ‘loading’ (blue) and ‘un-
loading' (purple).

Analysis based on long-term water lev-
el trends (wl_roll_mean_240d). Since the
long-term average of water level (wl_roll_
mean_240d) was also identified as a key fea-
ture, additional clustering was performed to
identify patterns associated with long-term
hydrological cycles. This analysis provided
insight into groups of events, highlighting
scenarios that unfold over many months.
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Fig. 9. Average behavior of features for cluster 'long-term loading' (29 events) based on the wl_roll_mean_240d
feature.
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Fig. 10. Average behavior of features for the 'long-term unloading’ cluster (18 events) based on the wl_roll_
mean_240d feature.

This cluster is characterized by a steady,
almost linear increase in the long-term mean
water level over the 30-day period prior to the
earthquake. This indicates that the seismic
event occurs at the peak of a prolonged pe-
riod of water accumulation in the reservoir.
This pattern points to a mechanism in which

ISSN 0203-3100. Geophysical Journal. 2026. Vol. 48. Ne 2

it is not a short-term surge, but a prolonged,
gradual increase in the load on the crust that
plays an important role, slowly changing the
stress state in the faults to a critical level.
Fig. 9 shows the average behaviour of features
for cluster ‘long-term loading' (29 events)
based on the wl_roll_mean_240d feature.
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Fig. 11. Average behavior of features for the 34 'noise’ events based on the wl_roll_mean_240d feature.
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Unlike the previous cluster, this one shows
a steady, prolonged decrease in the average
water level. The event occurs against the
backdrop of a long-term 'unloading’ of the
reservoir. This may correspond to a scenario
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in which a prolonged decrease in water pres-
sure destabilizes faults that were previously
in a stable state under the weight of the water.
Interestingly, against the backdrop of a gen-
eral decline in wl_roll_mean_240d, there are
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slight fluctuations in the current water level
(water_level), suggesting a complex interac-
tion between short- and long-term effects.
Fig. 10 demonstrate the average behaviour
of features for cluster ‘long-term unloading’
(18 events) based on the wl_roll_mean_240d
feature.

The last group includes noise events for
which no clear long-term trend has been iden-
tified. It could be transient processes or natu-
ral background. Average behavior of these 34
events is shown on Fig. 11.

Fig. 12 shows the distribution of events as-
sociated with long-term hydrological cycles:
‘Long-term loading' (green) and ‘Long-term
unloading' (red).

Conclusions and discussion. This study
examines seismic activity and geodynamic
characteristics in the area surrounding the
Dnister Hydropower Complex for the last
decade. In the first stage, time series from
nine GNSS stations in the GeoTerrace and
SystemNet networks were analyzed from 2019
to 2024. Analysis of data from GNSS CORS
stations in the region indicates that annual
velocities have increased by nearly 2 mm per
year, reflecting geodynamic deformations
around the Dnister Hydropower Complex
that coincide with an active seismic zone. It
can also be noted that geodynamic activity,
i.e., the annual velocities of GNSS stations,
increases from the north-west from 1 mm/year
to 3—4 mm/year, which corresponds to re-
gions with higher seismic hazard.

The paper also provides details on the
equipment and technical specifications of the
digital seismic stations within the Carpathian
Seismological Network, as well as the distri-
bution of the number of earthquakes and the
logarithm of the total seismic energy released
in joules in the vicinity of the Dnister Hydro-
power Complex from 2012 to 2023. Regard-
ing the earthquake frequency, four peak years
were identified: 2014, 2015, 2016, and 2022,
during which more than 100 earthquakes
were recorded. The logarithm of the total seis-
mic energy released in the region, measured
in joules, initially exhibits a gradual increase
from Ig(XE)=7.5in 2012 to 1g(ZE)=10 in 2016.
Subsequently, it shows a steady decline fol-
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lowing a linear trend from Ig(X£)=10 in 2016
to 1g(ZE)=7 in 2023.

Next, we examined two potential factors
that could influence seismicity: geodynamic
factors derived from data collected at the
nearby GNSS station NDNS and variations
in the reservoir water levels. No evident cor-
relation was observed between the GNSS
deformation factor and earthquake occur-
rences. However, by applying machine learn-
ing techniques and the DBSCAN clustering
method, we were able to identify meaningful
clusters based on this information. The estab-
lished correlations indicate a probable con-
nection between changes in water pressure
in the reservoir and the number and energy
of earthquakes in the Dnister Reservoir area.
It is clear that this connection is not clearly
expressed mathematically. However, it allows
us to conclude that changes in the water level
of the Dnister Reservoir affect local seismic
activity.

To evaluate whether different earthquake
mechanisms are linked to specific geological
structures, a spatial analysis of the identified
clusters was conducted. The application of
clustering to features with varying time scales
(water_level and wl_roll_mean_240d) enables
the differentiation of seismic events not only
by immediate triggers such as rapid loading
or unloading but also by background condi-
tions accumulated over several months. This
suggests a complex nature of induced seis-
micity in the Dnister Hydropower Complex
area. A key and consistent finding from both
analyses is the lack of distinct spatial segre-
gation between clusters. Whether triggered
by sudden water level changes or long-term
trends, seismic events appear randomly dis-
tributed across the study region, primarily
concentrating along the reservoir bed. This
fundamental observation indicates that the
same fault zones are responsive to different
types of trigger effects. The occurrence of
earthquakes triggered by both rising and fall-
ing water levels across different time scales
in the same locations points to a critically
stressed state of the local geological struc-
tures. The lithosphere-hydrosphere system
in this region is highly sensitive, where any
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significant change in stress — regardless of
its direction or duration — can activate pre-
existing faults, leading to seismic events.
Acknowledgements. The research was
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3acToCyBaHHS METOAIB MAIIMHHOTO HaBYaHHA
AASI BUBYEHHSI B3a€MO3B'SI3KIB CeMCMIiYHOCTI
Ta reOAMHaMiYHUX 0COOAUBOCTEN AHICTPOBCHKOTO
riApoeHepreTuYHOro KOMIIAEKCY

LB. Bpycak', O.A. T'aiiaycs’, B.€. KynasoBcsknii, 2026

lHaL[iOHaAI:HI/Ifl YHiBepCcUTET «ABbBIBChbKa ITOAITEXHIKa», [HCTUTYT reopesii,
ABLBIiB, YKpaiHa
“Biaain ceficmigroCT Kapnarcekoro periony lHcTuTyTy reodisnkmn
im. C.I. Cyb6otina HAH Ykpainu, AbBIB, YKpaiHa

[MTpuBepeHO pe3yABTATH AOCAIAKEHDb CECMIUHOCTI Ta Cy4aCHUX reOAMHAMIUHUX 0CO0-
AUBOCTeN AHICTPOBCBKOI'O TAPDOEHEPreTUYHOIO KOMIIAEKCY B YKpAaiHi 3 aKIleHTOM Ha
3aCTOCYBaHHI METOAIB MAIIMHHOTO HaBYaHHS AN @HAAI3Y IXHIX B3a€MO3B'I3KiB. AHICTPOB-
CBKUU TiAPOEHEePreTUYHUN KOMIIAEKC, PO3TAllIOBAHUN Y CEMCMIYHO aKTUBHIN ITepexipAHIn
30Hi, IepeOyBa€ MiA BOAWUBOM IPUPOAHUX TeKTOHIUYHMX MPOIECiB Ta @aHTPOIIOTEHHO] Ai-
SIABHOCTI, 30KpeMa eKCIIAyaTarnil AHICTPOBCBKOI IAPOEAEKTPOCTAHIIIT Ta aKTUBHUX 3MiH
PiBHS BOAU Y AHICTPOBCBKOMY BOAOCXOBUII. 3i0paHo Ta IpoaHaAi30BaHO AaHI Iudpo-
BUX CEMCMIYHUX CTaHIlil KapnaTchbKol CEMCMOAOTIYHOI MepeKi, IepMaHEeHTHUX CTaHII N
I'roGanbHOI HaBiraminHol CynyTHUKOBOI cucTeMu Mepexx GeoTerrace ta SystemNet, a
TAaKOXK 3allUCU PiBHA BOAU B AHICTPOBCBKOMY BOAOCXOBHUIL. AAS BUSABAEHHS 3aKOHO-
MIpHOCTEHN Ta KOPEeAdIlid MiXK pAedpopMallisMyi 3eMHOI KOPU, KOAMBAHHSIMM PiBHS BOAU
Ta CEMCMIYHUMU IOAIsIMU OyAM 3aCTOCOBAHI aATOPUTMM MalllMHHOrO HaBuaHHS Random
Forest, Isolation Forest Ta kaactepusanito DBSCAN. Pe3yabTaTu ITOKa3ylOTh 3HAUHUN
3B'S130K MiK 3MiHaMM PiBHS BOAM — SIK KOPOTKOCTPOKOBUMH, TaK i AOBTOCTPOKOBUMU —
Ta BUHUKHEHHSIM 3€MAETPYCIB, 110 CBIAUNTE IIPO BIIAMB MAPOAOTIUHUX 3MiH HA CEMCMIUHY
AKTUBHICTB. ['e0OAMHAMIYHUI aHAAI3 BKa3ye Ha HEOAHOPIAHI 3aKOHOMIPHOCTI AedopMariii
3 HIABUIIIEHUMU IMIBUAKOCTSIMU B CEUCMIYHO aKTUBHUX ITiBA€HHO-3aXIAHUX YaCTUHAX pe-
riony. AaHi 3 mepMaHeHTHUX CTaHIIiM 'A0OaAbHOI HaBiranifHoOI CyIyTHUKOBOI CUCTEMU
ITOKA3YIOTh 30iABIIEHHS IIIBUAKOCTEH NPUOAM3HO Ha 2 MM/pik mo6AM3y AHICTEPCHKOTO
riApoeHepreTUYHOro KoMIAeKcy. CelCcMiuHICTh T00AN3Y KoMIAaeKcy 3 2012 o 2023 p.
XapakTepusyBanacs mikoBuMU pokamu (2014—2016 ta 2022), y Ko>KHOMY 3 IKUX 3adik-
coBaHo 1oHaA, 100 moaiti. 3araarbHa BHUBiAbHEHAa celicMiuHa eHepris 3pocaa 3 Ig(ZE)=7,5
y 2012 p. po 10 y 2016 p., a OTiM NOCTYyNIOBO 3HU3MAACS A0 7 y 2023 p. Lli BUCHOBKU
CHPUAIOTE KPAIJOMy PO3yMIiHHIO MeXaHi3MiB iHAYKOBAHOI CeHMCMIYHOCTI, IIOB'A3aHOI 3
€KCIIAyaTalliel0 BOAOCXOBHUIL, i HAAQIOTh [IHHY IH(OPMAIlil0 AAS OLIHIOBAHHS PU3UKIB 1
PO3POOKU CTpaTeriil iIXHLOTO 3MEHIITEHHS B TIADOEAEKTPUUHUX perioHax. InTerpoBanmii
MiAXIA AEMOHCTPYE €(PeKTUBHICTb MAIIIMHHOI'O HABYAHHS B PO3IIU@PPOBIIL CKAAAHUX I'eo-
AMHAMIYHUX 1 CeCMIYHMX B3a€EMOAIN Y TEKTOHIYHO YYTAUBUX CEPEAOBUIIAX.

KAro4oBi cAOBa: CeMiCMIiUHICTD, CydacHa reOAMHAMIKa, iIHAYKOBaHa CelCMIUHICTh, 3MiHU
PiBHS BOAY, AHICTPOBCHKUM MiAPOEHEPrOKOMIIAEKC, MallIMHHE HaBYaHHS.
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