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Abstract

This paper explores the application of machine learning methods for the analysis, classification, and
forecasting of the dynamics of small reservoirs in Kazakhstan based on long-term satellite observations. The
study covers 71 water bodies for which archival satellite imagery from the Landsat 7, Landsat 8, Landsat 9,
and Sentinel-2 missions was collected and processed from 2000 to 2024. The water surface area was estimated
using the Modified Normalized Difference Water Index (MNDWI) combined with image segmentation
algorithms implemented in Matlab, ArcGIS, and Python environments. Based on the derived estimates, time
series reflecting seasonal and interannual variations in reservoir surface area were constructed. To identify
characteristic types of water-body dynamics, the time series were classified according to seasonal patterns,
long-term trends, and interannual variability. In addition, time series analysis was performed using forecasting
models, including Prophet and Long Short-Term Memory (LSTM) recurrent neural networks, enabling short-
term predictions of water surface area changes for reservoirs of different sizes. The results demonstrate the
potential of integrating satellite data with machine learning methods to develop automated monitoring systems
and decision-support tools for water resource management in the Republic of Kazakhstan.
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M.K. Jxynycosa', JI.C. Pakuiena'
ULLH. T'ymuses ateinaarsl Eypasus yiaTTHIK yHEBEPCHUTETI, AcTaHa K., Kazakcran
KA3AKCTAHJAFBI CY KOMMAJIAPBIH TAJIJIAY ’KOHE BOJIKAY YIITH MAIIIMHAJIBIK
OKBITY 9AICTEPIH KOJIJAHY

Anoamna

by sxymeicta KazakcTanmarsl Kimni cy KolMalapbIHBIH JHHAMHUKACHIH TAJAy, KiIacCH(UKaIHsIAy KoHE
0oJpkay YIIIH MalllMHAMEH OKBITY OJICTepiH KoJgaHy KapacTeipbuiraH. 3eprrey 2000-2024 xbuigap
apanbireiHaa Landsat 7, 8, 9 sxoHe Sentinel-2 MuCCHUsITAPBIHBIH FAPBIITHIK CYPETTEP apXUBTEP] KUHAIBIII,
ewyenren 71 cy xoWmacelH KaMTtHAbl. CynelH OeTki  aiiMarbl  MOAM(UKANWSUIAaHFAaH — KaJBIITHI
aitpIpMaIbUILIKTEL ¢y HHAeKCH (MNDWI) sxone Matlab, ArcGIS xone Python Garnapmamansik oprana icke
aCBIPBUIFaH CypeTTEp/li CErMEHTTEY allTOPUTMJIEPi apKbUIbl OaranaHabl. AJILIHFaH MAJIIMETTEp HETi3iHae cy
KOMMaJlapbIHBIH OCTKi aifMarbIHBIH MAyCBHIMJIBIK )KOHE KBULAAP apalblK JHHAMUKACHIH KOPCETETIH YaKbITTHIK
KaTtapnap Kypsuiasl. Cy 0ObeKTUIepiHiH 03repy CHIIATTapblH aHBIKTAY YIIiH YaKbITTBHIK KaTapiap MayChIMIbIK
EPEeKILETIKTEePl, TPSHATEP KOHE KbUIAP apajiblK ©3repriliTik OolbIHIIA Kinaccudukanusianasl. COHbIMEH
Kartap, YakbITTBIK Katapiapabsl Prophet sone LSTM Typinaeri peKyppeHTTI HEHPOHABIK JKeNiiepi KOIIaHbIT
Tanmay OKYpri3unim, opTypil MacmTaO0Tarbl Cy KOWMAalaphIHBIH O€TKi aWMarbIHBIH KBICKA Mep3iMIi
OoipKaymapbl anblHFaH. AJIBIHFAH HOTIDKENEP CHYTHHKTIK JIEpEeKTEep MEH MallliHAMEH OKBITY JJIiCTEepiH
KOJIJAHY/IbIH aBTOMATTaH/AbIPhUIFAH MOHUTOPHHT XXYHeJepiH Kypy xoHe Kazakcran PecnyOnmukachiHbIH cy
pecypcTapbiH OacKapy canachlHaa IMeliM KaObliay bl KOJAayFa 9JeyeTiH KopceTei.

Tyiiin ce3aep: KalIBIKTHIKTaH 30HATAY, Cy KOWMallapblH 0aKbuIay, MallMHaMEH OKBITY, CYy KOMManapsbl,
nepekrepai tangay, LSTM.
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M.XK. Jlxxynycosa', I.C. Pakumiesa!
"EBpasuiickuii HanpoHa bHbIA yHusepenter umenn JL.H. 'ymunesa, r.Acrana, Kazakcran
MAIINMHHOE OBYUYEHME /UISA AHAJIU3A U ITPOT'HO3UPOBAHUS BOAOXPAHUJINIIL
KA3AXCTAHA

Annomayus

B pabote paccmarpuBaeTcst H(pUMEHEHHE METOI0B MAIIMHHOTO 00yUeHHS 7Tl aHAJIHM3a, KIacCU(PHUKALUN 1
MMPOTHO3UPOBAHUS AMHAMUKHA MaJIbIX BojoxXpaHwiuil Ka3zaxcraHa Ha OCHOBE MHOTOJCTHUX CITyTHUKOBBIX
IaHHBIX. MccnemoBanue BRITOTHEHO A1 71 Bogoéma, mis KoTophix 3a rmepuox 2000—-2024 rr. 6sI1u coOpaHbl
1 00paboTaHbl apXUBHI CIIYTHUKOBBIX M300paxeHwit muccuit Landsat 7, 8, 9 u Sentinel-2. [Imomans BomHOM
MOBEPXHOCTH OLIEHUBAJIACh C UCIOIb30BAHIMEM MOIU(HUIMPOBAHHOTO HOPMAIU30BAaHHOTO BOJHOTO MHIEKCA
(MNDWI) 1 anropuTMOB CerMEHTAIliH HM300paKeHHH, peam30BaHHBIX B NMPOTpaMMHBIX cpemax Matlab,
ArcGIS u Python. Ha ocHOoBe monmy4deHHBIX HAaHHBIX CGHOPMHUPOBAHBI BPEMEHHBIE DPSIIBI, OTPAXKAIOIINE
CE30HHYIO U MEXTOZ0OBYIO TUHAMUKY IUIOMIAN BOAOEMOB. [ BBISBIICHHS XapaKTEPHBIX THIIOB M3MECHEHHS
BOJIHBIX OOBEKTOB BBHITIOJHEHA KJIacCH(UKAIMS BPEMEHHBIX PSIIOB MO0 0COOEHHOCTSM CE30HHOCTH, TPEHIIOB U
MEXTO/IOBOM BapHaOelbHOCTH. J[OMONHUTENPHO TMPOBEAEH aHANIW3 BPEMEHHBIX PAJOB C MPUMEHEHHEM
MpOTHOCTHYeCKUX Mojeneii Prophet m pekyppeHTHBIX HelpoHHBIX cereli Tuma LSTM, duto mo3Bommio
MOJIY4YUThb KPATKOCPOUHBIC MPOTrHO3bI U3MCHCHUA IIJIOIIAaN BOI[HOﬁ TMMOBECPXHOCTHU IJIA BOI[OéMOB pa3ianyHoro
Macmraba. [lomydeHnble pe3yabTaThl JEMOHCTPUPYIOT MTOTEHIIMAT MCTIONh30BAHUS CITyTHUKOBBIX JTaHHBIX U
METOJIOB MAIIMHHOTO OOYYeHHS MJIsl CO3/[aHUS aBTOMATH3MPOBAHHBIX CHCTEM MOHHUTOPWHTA W TIOIEPKKH
MPUHATHS PELIeHUH B cdepe ynpaBieHus: BOAHbIMU pecypcamu PecniyOonuku Kazaxcran.

KiroueBble cioBa: AUCTAHIIUOHHOC 30HANPOBAHNEC, MOHUTOPUHI" BOAOXPAaHWUJIUIL, MAaIlIMHHOC o6yquHe,
BOJOXpaHWINILA, aHAIN3 NaHHbIX, LSTM.

Introduction

Water resources play a crucial role in ensuring the sustainable socio-economic development of the
Republic of Kazakhstan. Under arid, sharply continental climatic conditions, a significant share of
water management activities relies on small irrigation reservoirs for water supply and runoff
regulation. Ongoing climate change, manifested in rising air temperatures, altered precipitation
regimes, and increased evaporation rates, leads to substantial fluctuations in water surface area and
volume in such reservoirs, increasing the risk of degradation and inefficient use.

Traditional reservoir monitoring methods based on in situ measurements are characterized by high
labor intensity, fragmented observations, and limited spatial coverage. In contrast, the rapid
development of Earth remote sensing technologies and the availability of open satellite data archives
from Landsat and Sentinel-2 missions provide new opportunities for automated and scalable
monitoring of water bodies [1]. Although machine learning techniques are increasingly applied
worldwide for satellite image analysis, their use in Kazakhstan remains limited and is typically not
accompanied by systematic classification of reservoir dynamics [2].

The research problem addressed in this study lies in the absence of a unified methodology that
enables automated analysis of long-term satellite time series to assess changes in the water surface
area of small reservoirs, classify them according to their dynamic behavior, and generate predictive
estimates. This gap significantly complicates the development of intelligent monitoring and decision
support systems for water resource management. The novelty of this study lies in the integration of
long-term satellite observations, reservoir dynamics classification, and machine-learning-based
forecasting within a unified framework for Kazakhstan. Unlike previous studies that focused on
individual monitoring or forecasting tasks, the proposed approach combines satellite image
processing, time-series analysis, classification, and forecasting into a single workflow for reservoir
monitoring. This paper proposes an approach for the analysis and classification of reservoirs in
Kazakhstan based on long-term satellite imagery and machine learning methods [3-4]. The study
focuses on 71 representative water bodies for which satellite data from Landsat 7, Landsat 8, Landsat
9, and Sentinel-2 missions were collected and processed for the period 2000-2024. Image
segmentation techniques were used to derive time series of water surface area, which were
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subsequently analyzed to identify seasonal and trend components and to construct forecasting
models [5].

The object of the study is small reservoirs located within the territory of the Republic of
Kazakhstan.

The subject of the study is the temporal dynamics of reservoir water surface area derived from
satellite observations and its analytical interpretation using machine learning techniques.

The aim of the study is to develop and validate a methodology for the analysis, classification, and
forecasting of the state of small reservoirs in Kazakhstan based on satellite imagery and machine
learning algorithms.

To achieve this objective, a unified long-term archive of satellite images of reservoirs was created.
Water surface area was calculated using the MNDWTI index and image segmentation algorithms. The
resulting estimates were used to construct and analyze time series of reservoir surface area, revealing
their seasonal and long-term dynamics. Subsequently, reservoirs were classified according to the
identified dynamic patterns, and several time series forecasting models were applied and compared.
The final stage involved evaluating the accuracy and robustness of the obtained forecasts.

Research methodology

The study utilized archival satellite imagery from the Landsat 7, Landsat 8, Landsat 9, and
Sentinel-2 missions for the period 2000-2024. The analysis covered 71 small reservoirs located
across the territory of the Republic of Kazakhstan. For each reservoir, a set of GeoTIFF images was
generated based on object coordinates using the Google Earth Engine platform [6].

In addition, meteorological data from the ERAS5-Land reanalysis were collected for each reservoir,
including air temperature, precipitation totals, minimum and maximum soil moisture values, and
snow water equivalent. These meteorological parameters were temporally synchronized with satellite
observations [7]. Satellite image preprocessing included cloud filtering, harmonization of spatial and
temporal resolution, and removal of anomalous and missing values. Water surface area was calculated
using the Modified Normalized Difference Water Index (MNDWI) with additional threshold analysis
applied to the red spectral band:

MNDWI = Green—SWIR2 (1)
Green+SWIR2

where Green denotes the reflectance of the green spectral band, and SWIR2 represents the short-
wave infrared band. MNDWI computation and time series construction were performed using Python.

Water surface segmentation was carried out using image processing tools in Matlab and ArcGIS,
including built-in machine learning and deep learning modules. Based on the segmentation results,
water surface area was calculated for each satellite image, forming a continuous time series for all
reservoirs. Reservoir classification was conducted using statistical characteristics of the water surface
area time series, including seasonal amplitude, presence and direction of long-term trends, and
interannual variability, without applying separate machine learning classification algorithms.

Additional features were generated from the time series, including calendar variables (month and
season), lagged area values, and corresponding meteorological parameters. Correlation analysis was
performed to identify relationships between water surface area changes and climatic factors, and the
most informative features were selected accordingly. Table 1 presents an example of meteorological
parameters aligned with observation dates and water surface area values for the Shideli reservoir,
located at 77.92806° E and 44.099835° N.

For time series analysis and forecasting, Prophet and LSTM recurrent neural network models were
employed. Models were trained individually for each reservoir using historical data. Forecasting
horizons of 180 and 365 days were considered, with longer intervals examined in selected
experiments.

213




BECTHUK Ka3HIIY um. Abas, cepus « PQusuxo-mamemamudeckue naykuy, Ne3(95), 2026 a.

Table 1. Synchronized meteorological parameters for the Shideli reservoir

N Date temperature | precipitati | soil_moisture_m | soil_moistu | snow_water e
2m on in re_max quivalent

1 | 14.06.2019 292.561 0.69641 0.21761 0.08793 -7.34536

2 | 15.06.2019 293.318 1.64663 0.20056 0.08792 -7.34536

3 116.06.2019 290.839 0.0 0.20841 0.08791 -7.34536

4 117.06.2019 292.454 0.0 0.19234 0.08789 -7.34536

Model performance was evaluated using standard metrics: Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and the coefficient of determination (R?). To demonstrate model
robustness, results were analyzed for reservoirs of different sizes (large, medium, and small).

Results of the study

A total of 41,048 satellite images were processed for 71 reservoirs, resulting in long-term time
series of water surface area covering the period from 2000 to 2024. The data exhibit pronounced
seasonal fluctuations as well as long-term trends that vary depending on reservoir type and regional
climatic conditions.

The developed digital platform integrates satellite observations with meteorological data, enabling
spatio-temporal analysis of reservoir dynamics and the generation of predictive estimates. Despite
the availability of open satellite and climate datasets, their integrated application for water body
monitoring in Kazakhstan remains limited, highlighting the relevance and practical significance of
this study [3, 5].

Correlation analysis revealed both strong and weak relationships between water surface area and
meteorological factors. The most stable associations were identified for precipitation and air
temperature, whereas soil moisture and snow water equivalent exhibited pronounced seasonal effects.
These findings support the feasibility of integrating satellite observations with climatic data for the
analysis of reservoir dynamics.

Figure 1 presents the results of the correlation analysis illustrating the relationships between water
surface area and the considered meteorological parameters.

Correlation between meteorological signs
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Figure 1. Correlation between water surface area and meteorological parameters.
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A representative reservoir, Shaganskoe (57.403795° E, 46.639245° N), was selected for
illustrative analysis based on minimal missing data, high temporal continuity, and pronounced
seasonal variability.

Figure 2 shows the temporal dynamics of the water surface area of the Shaganskoe reservoir. The
time series exhibits clear seasonal variability with expansion during spring and summer and
contraction during autumn and winter. The long-term component indicates a persistent trend
reflecting climatic and hydrological influences, which is typical for most studied reservoirs.

Temporal dynamics of water surface area — Reservoir 14
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Figure 2. Temporal dynamics of the Shagan water surface area.

The temporal dynamics of the Shagan reservoir water surface area exhibit pronounced seasonal
variability, with expansion in spring and summer and contraction in autumn and winter. The long-
term component indicates a persistent trend reflecting climatic and hydrological influences, which is
typical for most studied small reservoirs and confirms the validity of the constructed time series.

Based on statistical characteristics of the water surface area time series, the reservoirs were
classified according to the identified dynamics. The main criteria included seasonal amplitude,
presence and direction of long-term trends, and interannual variability.

As aresult, all reservoirs were conditionally divided into three groups: reservoirs with pronounced
seasonal dynamics and a stable mean level; reservoirs with moderate seasonality and a trend
component; and reservoirs with high interannual variability and unstable surface area dynamics. This
classification allows accounting for the functional characteristics of different reservoir types in further
state forecasting. The detailed classification results are summarized in Table 2.

Table 2. Classification of reservoirs by dynamic characteristics

Group Dynamic characteristics Number of reservoirs
1 Low seasonal variability and relatively stable area 61
2 Moderate seasonality and presence of a long-term trend 7
3 High interannual variability 3
Total 71

The majority of reservoirs belong to the group with weak seasonality and relatively stable surface
area. Reservoirs with moderate seasonality and long-term trends constitute a smaller fraction, while
those with high interannual variability represent only a minimal share. These results reflect the
diversity of small reservoir dynamics across Kazakhstan.

For forecasting the dynamics of water surface area, machine learning methods, including Long
Short-Term Memory (LSTM) recurrent neural networks and the Prophet model, were applied. These
models were used to evaluate the possibility of short-term predictions of reservoir surface area
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changes based on historical time series. Each model was trained individually for each reservoir using
long-term observational data and corresponding meteorological parameters.

For a more detailed comparative analysis, three representative reservoirs were selected: ID 22
corresponds to the Akylbeksay reservoir (41.98508° N, 69.761015° E), ID 80 — Akeshke reservoir
(45.248205° N, 78.70463° E), and ID 95 — Bosaga reservoir (48.36631° N, 72.49476° E).

Each reservoir was preliminarily characterized using statistical metrics derived from the water
surface area time series. In particular, the analysis considered mean surface area, the coefficient of
variation reflecting temporal variability, seasonality strength estimated from monthly mean
fluctuations, as well as the length and continuity of observations, ensuring sufficient data for model
training. Based on these characteristics, reservoirs were ranked by mean surface area, and one
representative object was selected from each group.

Next, model performance was evaluated using the coefficient of determination (R?) and root mean
squared error (RMSE):

Ly-9)?
R2=1- 2
Ly-y)? @)
The results are presented in Tables 3 and 4.
Table 3. LSTM forecasting results
ReservoirlD R? RMSE
1 Akylbeksay -0.112280 0.006465
2 Akeshke -0.107637 0.024117
3 Bosaga -0.154215 0.053075

For the reservoir ID 22 (Akylbeksay), the forecast is the most accurate in terms of absolute RMSE
values, but R? < 0 because fluctuations are small and the model does not explain them better than the
mean.

For the reservoir ID 80 (Akeshke), RMSE is higher, and the forecast is less accurate due to more
pronounced fluctuations.

For the reservoir ID 95 (Bosaga), RMSE is the highest and R? is the lowest; the model poorly
predicts the dynamics, but the average trend is still captured.

Overall, LSTM demonstrates good ability to forecast the average surface area level, but the
accuracy in capturing fluctuations depends on reservoir size: errors are lower for large reservoirs and
higher for small and medium ones. This reflects the higher variability of small reservoirs and indicates
the need for model refinement for accurate short-term predictions.

Table 4. Prophet forecasting results

N ReservoirlD R? RMSE

1 Akylbeksay -4.797126 0.034202
2 Akeshke -0.365109 0.028231
3 Bosaga -2.402280 0.090020

For the reservoir ID 22 (Akylbeksay), the forecast is stable; the average trend is well captured, but
fluctuations are not explained.

For the reservoir ID 80 (Akeshke), the model predicts the overall trend and seasonality better, but
short-term variations remain inaccurate.

For the reservoir ID 95 (Bosaga), both error and inaccuracy of fluctuations are high; the model is
suitable only for estimating the average surface area level.

Figure 3 presents the forecasting results obtained using both models, LSTM and Prophet.
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Reservoir 22: LSTM forecast vs observed (2024) Reservoir 80: LSTM forecast vs observed (2024)
0200 === LSTM forecast 008 === LSTM forecast
— Observed 2024 — Observed 2024
0175 0.07
0150
0.06
Tons T
E E
e X 005
£ o100 E
§ oo
2 0075
H 0075 5
003
0050
002
0025
0000 - [ e S e o
202404 2004405 200406 202447 202448 200448 202410 202404 202405 202406 202407 202408 202409 20410
Date Date
Reservoir 95: LSTM forecast vs observed (2024) Water area forecast (Prophet) — Reservoir 22
0204 --- LT forecast. | 0201 » Observed
—— Observed 2024 = Forecast

015

water Area (kme)
Water area (km?)
e
5

3
=1
&

005 1

ol \/\/\_,\l\f\__/\/\/\/\

202404 02405 02406 02407 202408 02409 02410 2004 2008 2012 2016 2020 2024
e Date

0.00

Water area forecast (Prophet) — Reservoir 95

0.25
Water area forecast (Prophet) — Reservoir 80 * Observed

*  Observed — Forecast
.

— Forecast
0.150 . 020

0175

0125

°
&

0.100

0.075

0.050

Water area (km?)
Water area (km?)
°
S

o
°
]

0.025

0.000 0.00

-0.025

2004 2008 2012 2016 2020 2024
Date 2004 2008 2012 2016 2020 2024
Date

Figure 3. Forecasting results for the two models

Table 3 presents the performance metrics (R*? and RMSE) for the LSTM model across the three
representative reservoirs, while Table 4 displays the corresponding evaluation results for the Prophet
model. Figure 3 illustrates the visual comparison between the observed water surface area dynamics
and the short-term forecasts generated by the LSTM and Prophet models for reservoirs ID 22, ID 80,
and ID 95 during the validation period.

Discussion

The integration of long-term satellite remote sensing data with machine learning models provides
an automated and scalable framework for monitoring small reservoirs in Kazakhstan. The empirical
findings of this study highlight both the capabilities and the underlying limitations of predictive
modeling across different reservoir scales and environmental dynamics.

Comparative Performance of Predictive Models

A comparative analysis of the evaluation metrics demonstrates distinct operational strengths for
the Prophet and LSTM models. The Prophet model proves particularly effective in isolating macro-
level temporal characteristics, such as multi-year trends and repeating seasonal oscillations. This
capability aligns well with long-term water resources planning and regional climate impact
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assessment. However, Prophet exhibits limited sensitivity to abrupt short-term surface area
fluctuations caused by localized precipitation events or sudden operational drawdowns.

In contrast, the LSTM recurrent neural network demonstrates superior accuracy in modeling non-
linear, short-term dynamics. By leveraging deep learning mechanisms capable of retaining sequence
memory, LSTM effectively accounts for lag effects and non-linear interactions between
meteorological drivers (air temperature, precipitation, soil moisture) and surface area variations.
Across medium and small reservoirs, LSTM achieved lower prediction errors (RMSE = 0.0241 km?
for Reservoir 80 and 0.0531 km? for Reservoir 95) compared to Prophet (RMSE = 0.0282 km? and
0.0900 km?, respectively). Therefore, LSTM is better suited for operational monitoring and short-
term forecasting systems.

Interpretation of Metrics and Physical Drivers

An important methodological insight concerns the negative coefficient of determination (R?)
observed in specific scenarios (e.g., Reservoir 22). For highly stable water bodies where surface area
fluctuations are minimal, even minor variance between predicted and observed values can yield a
negative R? when benchmarked against a flat historical mean baseline, despite very low absolute error
values (RMSE = 0.0065 km?). This indicates that R? alone should not be used as the sole performance
metric for stable reservoirs, and must be evaluated alongside absolute scale metrics such as RMSE.
Furthermore, correlation analysis confirmed that precipitation and temperature exert the most direct
immediate influence on water extent, whereas soil moisture and snow water equivalent exhibit lagged
responses.

Limitations and Practical Implications

Several factors bound the scope of the proposed approach. Optical satellite observations from
Landsat and Sentinel-2 are susceptible to cloud cover gaps, requiring temporal interpolation.
Additionally, small reservoirs in semi-arid environments experience high interannual volatility due
to agricultural abstraction and extreme weather events, which degrades forecast reliability over
extended horizons (>365 days).

Nevertheless, the developed workflow offers a practical decision-support tool. By embedding this
satellite-driven classification and forecasting approach into geographic information systems (GIS),
regional water authorities in Kazakhstan can enhance automated drought monitoring, dam safety
oversight, and proactive reservoir management.

Conclusion

This study presents and validates a comprehensive methodology for analyzing small reservoirs in
Kazakhstan using satellite data and machine learning techniques. A complete processing pipeline was
implemented, including satellite image collection and preprocessing, water surface area estimation,
time series construction, and forecasting model development. More than 41,000 satellite images for
71 reservoirs covering the period 2000-2024 were processed.

Time series analysis revealed pronounced seasonal and interannual dynamics. Based on statistical
features, reservoirs were classified into groups reflecting stable behavior, trend-driven changes, and
high interannual variability.

Comparative analysis of Prophet and LSTM models showed that both can reproduce general water
surface area trends, but their effectiveness depends on reservoir scale and variability. Prophet is more
robust for long-term trend and seasonality modeling, while LSTM provides higher accuracy for short-
term forecasting, particularly for reservoirs with moderate to high variability.

The results confirm the feasibility of integrating satellite data with machine learning methods for
monitoring small reservoirs. The proposed approach can be incorporated into geographic information
systems and digital decision support platforms for water resource management in the Republic of
Kazakhstan.
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