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DEVELOPMENT OF A DELTA-BASED
XGBOOST MODEL FOR FORECASTING
RESERVOIR STORAGE DYNAMICS

Accurately forecasting reservoir water volumes is crucial for climate
change adaptation, drought mitigation, and provides a basis for energy
planning and management, particularly in continental basins, where
hydrological variability poses challenges to traditional modeling. In turn,
reduced reservoir inflows limit the water available to hydroelectric power
plants for optimal hydroelectric generation. To address this issue, we
propose a novel delta-based learning framework using extreme gradient
boosting (XGBoost) that forecasts daily volume increments (AV) rather
than total water volume. The proposed model represents a novel solution
where standard machine learning approaches often struggle to capture
short-term dynamics due to non-stationary trends in absolute water volume
data. The model integrates meteorological and hydrological characteristics
of the ERAS reanalysis lag, is trained on 2019-2022 data, tested on
2023-2025 data, and is adapted to regional specificities. The results
demonstrate exceptional performance: the reconstructed volume achieved an
R?0f 0.983, a Nash—Sutcliffe efficiency (NSE) of 0.983, and a Kling—Gupta
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efficiency (KGE) of 0.984. Most importantly, the delta-model-based approach
reduced the root mean square error (RMSE) by 16 % compared to the
baseline direct volume forecasting method, effectively eliminating systematic
trend leakage. Performance analysis confirmed the physical dominance of
delays in water volume and precipitation integrals. This study confirms
that differential dynamics modeling significantly improves the stability and
interpretability of forecasts, offering a reproducible and reliable tool.

Keywords: reservoir forecasting, delta-based learning, hydrological
machine learning, XGBoost, ERAS5 reanalysis, multi-horizon prediction,
remote sensing, predictive modeling.

Introduction

Water resources currently play a crucial role in the development of the energy
sector in the Republic of Kazakhstan, as the main sources are generated along
rivers and reservoirs. Energy facilities such as combined heat and power plant
(CHP), state district power plant (SDPP), and nuclear power plant (NPP) cannot
exist without water, as it is used primarily in technological processes and cooling
systems. Consequently, water resources play a crucial role in the overall energy
system and have a significant impact on the region’s energy security. Energy
facilities require a nearby water source, as this allows for early assessment of
water availability, informs subsequent energy planning, and requires monitoring
and forecasting systems for uninterrupted operation. This relevance is reflected
in the Concept for the Development of the Water Resources Management System
of the Republic of Kazakhstan for 2024-2030, where effective water resources
management is considered a key factor in ensuring the country’s energy security
and provides for the improvement of control systems. Furthermore, water resources
are an essential component in maintaining the planet’s ecological system, where
drought is a priority environmental issue in Kazakhstan, particularly in arid and
agriculturally intensive regions. Water shortages and depletion are common
problems in the Zhambyl region of Kazakhstan.

Increased climate variability and limited water resources require the
development of monitoring systems capable of providing rapid assessment of water
shortages [1]. In these conditions, the integration of remote sensing, predictive
models, and Al algorithms for sustainable water management is essential [2].
Traditional methods based on historical data and assumptions are unprepared
for evolving climate changes, such as variable precipitation and the frequency
of extreme weather events [3]. Al facilitates monitoring and analysis, which
supports decision support systems and has the potential to revolutionize water
resource management [4].
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Machine learning algorithms allow computers to learn from data and are used
to create predictive models, thereby improving decision-making processes [5].
Deep learning is a good tool that works based on huge data sets and is suitable
for areas with a large historical data set, but difficulties can arise with a small
amount of data [6]. Al is used for real-time monitoring and alerts to any changes,
thereby assisting in informed decision-making [7]. When monitoring various water
bodies, various space images are used and various methods are used to extract
information from these images [8].

Research using GIS, remote sensing technologies, and Sentinel-3 satellite
images has achieved accurate identification, extraction, and analysis of water data.
However, this method has the disadvantage that cloud obscuration greatly affects
the accuracy of the data, which is then considered invalid [9]. The image analysis
method maximizes the enhancement of water bodies and attenuates other regions
by obtaining Sentinel-3 satellite images with a 15-fold enhancement of spectral
bands B21 and B03, but requires high computing resources and processing time.
In contrast, the Normalized Difference Water Index (NDWI) method uses cloud
mask processing, which improves accuracy when there are few clouds [10].

Considering all existing methods, machine learning approaches such as
extreme gradient boosting have demonstrated good performance in reservoir water
level forecasting over the past decade compared to traditional approaches [11; 12].
Machine learning methods are used to create models for specific systems based on
existing modeling data [ 13]. Machine learning methods demonstrate good results
in system modeling and provide more accurate results [14; 15].

This study focuses specifically on the Tasotkel Reservoir in the Zhambyl
region of Kazakhstan. The reservoir’s importance to regional socio-economic
activity justifies its choice as a research object. Although some regional water
resources studies have been conducted, comprehensive applications of machine
learning-based reservoir water level forecasting remain rare. The study aims to
identify a model capable of achieving high accuracy with a limited data set.

The scientific novelty of the study lies in the proposed adapted approach
based on Delta-based XGBoost. Instead of directly forecasting absolute water
volume, the model forecasts daily changes in water volume. This makes the model
more robust, better able to cope with non-stationarity in hydrological series, and
improves forecast quality in the Tasotkel reservoir.

A distinctive feature of the study is that the developed approach is oriented
toward application in operational management systems under conditions of climate
uncertainty and a shortage of hydrological observations.
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The objective of this study is to evaluate and compare the predictive
performance of linear regression and machine learning algorithms for water
forecasting in the Tasotkel reservoir in the Zhambyl region of Kazakhstan.

The implementation of this goal includes the identification of significant
forecast indicators characterizing water resources management processes, the
creation of a data pre-processing sub-module using the NDVI vegetation index
and surface temperature (LST) parameters, as well as the development of a main
forecasting module focused on assessing the volume and dynamics of water
resources in the considered.

Materials and Methods

The study was conducted at the Tasotkel Reservoir, located in the Shu
district of the Zhambyl region, Republic of Kazakhstan. The reservoir regulates
the flow of the transboundary Shu River and represents a critical component of
the regional irrigation and water management system. Its hydrological regime
directly influences irrigation planning, operational reliability, and the mitigation
of critical hydrological events.

The analysis covers the period from 1 January 2017 to 2025 and integrates
bathymetric data, satellite observations, and climate reanalysis products. Physical
reservoir characteristics were obtained from the 2025 bathymetric survey report
provided by UNI Project Group LLP. The digitized Area—Volume—Elevation
(AVE) relationship curve derived from this survey formed the basis for
reconstructing storage volume (million m®) and water level (m) from satellite-
derived surface area observations.

Surface water dynamics were assessed using data from the MultiSpectral
Instrument (MSI) onboard Sentinel-2 satellites within the Copernicus program.
Image processing and time-series extraction were performed in the Google Earth
Engine (GEE) cloud platform. The Normalized Difference Water Index (NDWTI)
was applied to delineate water surfaces. A daily time series of reservoir surface
area was generated and subsequently transformed into volume and water level
estimates using the AVE curve.

Meteorological predictors were derived from the ERA5-Land reanalysis
dataset produced by the European Centre for Medium-Range Weather Forecasts
(ECMWF) and accessed through GEE. ERA5-Land provides spatially continuous
coverage at approximately 9 km resolution, offering improved representation
of basin-scale processes compared to point-based meteorological observations.

The following daily variables were selected to represent key hydrological
drivers: total precipitation, 2 m air temperature, potential evaporation, and
snow water equivalent. All meteorological variables were spatially aggregated
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by averaging across the entire upstream catchment of the Shu River above the
Tasotkel Reservoir.

After harmonization of temporal resolution and spatial aggregation, all
datasets were merged into a single daily time series. Each record contains the
date, reconstructed reservoir volume and water level, and the corresponding
catchment-averaged meteorological predictors. This integrated dataset served as
the foundation for subsequent model development.

1 Study Area and Hydrological Context

The study focuses on the Tasotkel Reservoir (Tasotkel’skoye
Vodokhranilishche), a strategic hydraulic infrastructure located in the Jambyl
Region, Kazakhstan shown in Figure 1. The reservoir is situated on the Chu (Shu)
River, centered at coordinates 43,3638°N, 73,9323°E.

Commissioned to regulate the flow of the Chu River, the Tasotkel Reservoir
serves as a primary irrigation node for the agricultural zones of the Chu-Talas basin,
supplying water to approximately 35,000 hectares of arable land. The reservoir
has a design full storage capacity of approximately 620 x 10° m* and a surface
area of 77 km? at the normal retention level.

Figure 1 — Tasotkel region

The region is characterized by a sharp continental semi-arid climate, exhibiting
significant seasonal thermal amplitude. Winters are cold with stable snow cover,
while summers are hot and dry, with high evaporation rates. The hydrological
regime of the Chu River is predominantly nival-glacial fed, originating from the
Northern Tian Shan mountain ranges (Kyrgyz Ala-Too and Trans-Ili Alatau).
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Consequently, approximately 65-70 % of the annual runoff occurs during the
spring-summer flood season (typically April to July), driven by snowmelt and
glacial ablation. This distinct seasonality introduces high variance in inflow rates,
making the system prone to non-stationary dynamics where rapid filling events
during warm springs contrast with water scarcity risks during the vegetative period.

Understanding these climatic and morphological characteristics is essential
for the modeling strategy, as the “memory” of the system-represented by lag
features—and the delay between precipitation/snowmelt and inflow are physically
determined by the catchment’s topography and the distance from the glacial
headwaters to the reservoir inlet.

The dataset constructed for this study spans a period of six years, from January
1,2019, to September 30, 2025, comprising a total of 2,465 daily observations. The
data pipeline integrates local hydrological telemetry with global meteorological
reanalysis products.

Daily records of reservoir water levels (H, meters above sea level), water
surface area (S, km?), and total storage volume (V, 10°m?). The raw data underwent
a rigorous quality control (QC) procedure. Missing values, which constituted
less than 0,5 % of the dataset, were imputed using linear interpolation, a valid
approach given the high autocorrelation of reservoir storage dynamics. Outliers
caused by sensor transmission errors were detected using the Interquartile Range
(IQR) method and replaced with the rolling median of the adjacent 3-day window.

2 The Delta-Based Feature Engineering Framework

Due to the low density of in-situ meteorological stations in the upper Chu
basin, we utilized the ERA5-Land reanalysis dataset produced by the ECMWF.
ERAS5-Land provides a consistent view of land variables at a horizontal resolution
of 9 km.Using the Google Earth Engine (GEE) API, we aggregated daily mean
values for the following variables over the catchment area upstream of the
Tasotkel dam: Total Precipitation (P, mm): The sum of large-scale and convective
precipitation. 2m Air Temperature : Essential for determining the phase of
precipitation (rain vs. snow) and melt rates. Snow Depth Water Equivalent (SDWE,
mm): A critical proxy for the accumulated snowpack available for melting in the
Tian Shan mountains. Potential Evaporation (Epm, mm): Used to estimate water
losses from the reservoir surface, which is critical in the semi-arid Jambyl region.

A core methodological contribution of this study is the Delta-Based Approach.
Traditional ML models in hydrology often map input features (X) directly to
absolute volume (V). However, reservoir volume time series are inherently non-
stationary.
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To address this, we defined our target variable as the daily change in volume (AV):

AVy =V, = Viy (1)

where V. denotes the reconstructed reservoir storage volume (10° m®) at
time step ¢, and AV, represents the net daily storage increment. Physically, AV,
represents the net balance of the reservoir system (Inflow — Outflow — Losses).
This variable is quasi-stationary and fluctuates around zero. We engineered a
feature space of 32 predictors: Autoregressive Terms (Volume Lags): V , V ,
V. V.., V., Meteorological Lags: Precipitation and Temperature lags (t-1,
t-3, t-7). Accumulated Indices: Rolling sums of precipitation ( ) and
rolling means of temperature. Cyclical Encoding: To explicitly model seasonality:

2

where is the day-of-year index at time ¢, and ¢_, ¢
form an orthogonal pair encoding annual seasonality without discontinuity at the
year boundary. To address this, we defined our target variable as the daily change
in volume (AV).

The complete data processing and modeling pipeline is illustrated in Figure 2.
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Figure 2 — Schematic representation of the proposed
forecasting framework

The workflow integrates ERAS-Land reanalysis and telemetry data, applies
the delta-transformation to remove non-stationarity, utilizes an XGBoost

regressor with chronological validation, and reconstructs absolute volumes for
final evaluation.
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3 Machine Learning Algorithm: Extreme Gradient Boosting

The forecasting framework was implemented using the Extreme Gradient
Boosting (XGBoost) algorithm. The model represents predictions as an additive
ensemble of Kregression trees:

AV, = ¥R fi %), fk€F (3)

where is the predicted daily volume increment for observation ; is the
feature vector of 32 engineered predictors; is the total number of regression trees;
is the -th tree; and denotes the space of regression tree functions.

“4)

where m indexes the current boosting round; AV’ is the observed daily volume

change; is the ensemble prediction after m — / rounds; /| is the tree added
at round m; and €(+,+) is the mean squared error loss function.

Q(f) =T + 172w’ )

where T'is the number of leaves in tree f; w € RT is the vector of leaf output
scores; ¥ = 0 is the minimum loss reduction required to split a leaf (complexity
penalty); and A = 0 is the L2 regularization coefficient on leaf weights.

To preserve the chronological structure of the hydrological system and
prevent look-ahead bias, the dataset was split sequentially rather than randomly.
Random k-fold cross-validation can introduce information leakage in strongly
autocorrelated time series; therefore, a strictly time-ordered strategy was adopted.
The dataset was divided into two contiguous periods: Training set (in-sample):
1 January 2019 — 31 December 2022 (~60 % of observations). Testing set
(out-of-sample): 1 January 2023 —30 September 2025 (~40 %). The testing period
was reserved exclusively for final performance evaluation.

Hyperparameter tuning was conducted using grid search combined with
time-series cross-validation. A rolling-origin scheme with five splits was applied,
in which the training window expands iteratively and validation is performed on
the subsequent temporal block. This approach reflects operational forecasting
conditions where models are periodically updated as new observations become
available. The optimization objective was the minimization of validation MSE.
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Early stopping was employed with a patience of 20 boosting rounds to reduce
overfitting.

The selected configuration (learning rate = 0.05, max depth = 6) provided a
balance between capturing nonlinear interactions among meteorological drivers
and avoiding excessive model variance. Evaluating a delta-based model requires
a two-step verification process. While the model predicts the daily change (AV),
the operational utility depends on the accuracy of the reconstructed absolute
volume (V). Therefore, all metrics were calculated on the reconstructed volume
series, defined recursively as

Ve = Veoy + AV, (6)

where V, is the reconstructed absolute storage volume (100 m?) at day ¢,
obtained by cumulatively summing model-predicted increments AV, from the
known initial condition V, = V. We employed a suite of five complementary
metrics to assess different aspects of model performance:

R? =1—- U =D"(; —9))/E0E =" = (7)
Coefficient of Determination (R?). Used to quantify the proportion of

variance in the observed volume explained by the model. While standard, R? can
be insensitive to systematic bias in trended data

NSE=1-Q0=D"0: —)/EE=D"0i =9 (8

Nash-Sutcliffe Efficiency (NSE). A standard hydrological skill metric
evaluating predictive performance relative to the mean of observed data.

KGE=1—/((r— D2+ (a— 12+ (B—1)2) )

Kling-Gupta Efficiency (KGE). We included KGE to address known
limitations of NSE (which over-penalizes peak flow errors). KGE decomposes the
error into three orthogonal components: correlation (r), variability ratio (a), and
bias ratio (B), providing a more balanced diagnostic of hydrological consistency.

RMSE = \/(1/n X = D"(y; — $)?) (10)
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Root Mean Square Error (RMSE). This metric is particularly critical for flood
risk management as it penalizes larger errors more heavily. It provides an estimate
of the standard deviation of the prediction error in volumetric units,

MAE = 1/n 3G = D"y; — 3l (11)

Mean Absolute Error (MAE). Used to assess the average magnitude of errors
during normal flow conditions, providing a linear score that is less sensitive to
extreme outliers than RMSE.

Results and discussion

The forecasting performance of the proposed Delta-based XGBoost
framework was evaluated over an independent testing period spanning 1 January
2023 to 30 September 2025. This 33-month horizon includes contrasting
hydrological conditions at the Tasotkel Reservoir, encompassing nival-glacial
flood seasons (2023-2024) and prolonged low-flow periods characteristic of the
continental climate of the Zhambyl region.

The evaluation framework was structured along four complementary
dimensions. First, the Delta-based approach was quantitatively benchmarked
against a conventional direct-volume prediction model. Second, predictive
accuracy was assessed at a medium-term horizon (7 days), reflecting short-term
operational decision-making needs. Third, long-term forecasting performance
(30 days) was examined to evaluate the model’s suitability for strategic reservoir
planning. Finally, model interpretability and performance stability were analyzed
under hydrological stress conditions, including peak inflow periods and rapid
storage transitions.

1 Overall Predictive Performance and Temporal Alignment

The primary assessment of the model’s efficacy is based on its ability to
reconstruct the absolute reservoir volume trajectory from daily delta predictions.
Figure 3 illustrates the time series comparison between the observed volume (solid
blue line) and the predicted volume (dashed orange line) over the test horizon.
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Figure 3 — Time Series Comparison of Actual
and Predicted Reservoir Volume

Visual inspection indicates a high degree of agreement between simulated and
observed storage dynamics. The model reproduces both low-frequency seasonal
variability (annual filling and drawdown cycles) and higher-frequency fluctuations
associated with synoptic meteorological forcing. In particular, peak storage levels
during the spring snowmelt period (April-May) are represented without substantial
amplitude attenuation, a limitation frequently reported in direct regression-based
reservoir forecasts.

Quantitatively, the model achieved a Coefficient of Determination (R?) of
0.983, indicating that approximately 98 % of the variance in observed storage
dynamics is explained by the predictor set.
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Figure 4 — Scatter Plot of Predicted
vs Actual Reservoir Volumes

The Nash—Sutcliffe Efficiency (NSE) reached 0.983, and the Kling—Gupta
Efficiency (KGE) was 0.984. The consistency among these metrics suggests that
the model preserves not only correlation structure but also the mean and variability
of the observed series, indicating minimal systematic bias. The scatter plot shown
in Figure 4 supports this assessment. Predicted values are closely aligned with the
1:1 reference line, with limited dispersion across the full storage range.

2 Medium-Term Operational Forecasting (h=7 days)

From an operational perspective, the 7-day forecast horizon is tactically
relevant, as it approximately corresponds to the travel time of runoff from the
upper glacial catchment of the Chu River to the Tasotkel Reservoir. This lead
time enables proactive reservoir regulation, including controlled pre-release to
increase flood-buffer capacity.

Figure 5a, 5b illustrates model performance for the 7-day lead time. Panel
Figure 5a presents the reconstructed volume time series, while panel Figure 5b
summarizes the monthly distribution of forecast errors.
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S5a

5b
Figure 5a — Time Series Comparison of Actual and Predicted Reservoir
Volume for 7-Day Horizon. Figure 5b — Boxplot of Prediction
Errors by Month for 7-Day Horizon

The 7-day forecast demonstrates strong agreement with observed storage
dynamics, achieving an NSE of 0.954. The model reproduces the principal
inflection points of the hydrograph and accurately captures the onset of the filling
phase associated with snowmelt and early spring precipitation. No systematic lag
is observed along the rising limb, indicating that the selected lagged predictors
adequately represent basin concentration time. Peak storage during the glacial
melt period is represented without systematic attenuation, suggesting that the
model avoids the common tendency of machine learning approaches to under-
predict high-flow conditions. The subsequent depletion phase, driven by irrigation
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withdrawals and elevated evaporative demand, is also reproduced with stable
error behavior.

The monthly error distribution Figure 5b provides further insight into seasonal
model performance. During winter months, the interquartile range (IQR) of errors
remains narrow (<1.5 X 10® m?). This period is characterized by ice cover and
groundwater-dominated baseflow, resulting in relatively stable inflow conditions.
Under these quasi-stationary dynamics, the model exhibits minimal dispersion.

In contrast, spring months show increased error variability, with outliers
reaching y4.0 x 10° m?. This expansion is physically consistent with zero-isotherm
sensitivity: small temperature shifts (1-2°C) determine whether precipitation
contributes to immediate runoff or is temporarily stored as snow. Although ERAS-
Land adequately captures large-scale temperature trends, unresolved microclimatic
variability in mountainous regions introduces additional uncertainty.

During the glacial melt period, absolute volumes are high, yet relative error
decreases. Melt-driven inflow is primarily temperature-controlled and exhibits
smoother temporal evolution compared to episodic spring rainfall. This process
continuity likely enhances the predictive utility of rolling temperature features
within the XGBoost framework.

3 Strategic Long-Term Forecasting (h=30 days)

Extending the forecast horizon to 30 days shifts the utility from tactical gate
operations to strategic water allocation (e.g., determining monthly quotas for
irrigation districts).

Astheoretically expected, the predictive accuracy declines as the horizon expands,
yet the model retains an NSE of 0.943 and an R2 of 0.943. This retention of skill over
a monthly horizon is significant. In many hydrological applications, performance
degrades exponentially after 10 days; here, the decay is linear and manageable. Figure
6a, 6b visualizes the model’s performance over this extended horizon.

The time series Figure 6a shows that the 30-day forecast acts as a “smoothed”
version of reality. It captures the broader seasonal envelope but filters out high-
frequency daily noise. This behavior is ideal for strategic planning, where the
goal is to estimate the total available volume for the coming month rather than
the exact volume on a specific day.

The boxplots for the 30-day horizon Figure 6b show a wider spread
compared to the 7-day horizon, particularly in May and June. The IQR
expands to approximately y5.0 x 10°m>. At h=30d, the autoregressive power of
Volume Lag 1 diminishes. The model relies more heavily on climatic seasonality
(encoded via DOY _sin/cos) and accumulated meteorological indices.
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6a

6b
Figure 6a — Time Series Comparison of Actual and Predicted Reservoir
Volume for 30-Day Horizon. Figure 6b — Boxplot of Prediction
Errors by Month for 30-Day Horizon

The increased error in late spring reflects the cumulative uncertainty of
weather patterns: predicting the exact timing of the peak melt volume 30 days
in advance is meteorologically impossible. However, the median error remains
centered near zero, indicating that while the precision drops, the accuracy
(unbiasedness) is preserved.

4 Feature Importance
A key advantage of tree-based ensembles like XGBoost is their interpretability.

To verify that the model is learning physically meaningful hydrological processes
rather than spurious correlations, we analyzed the Gain-based feature importance.
Figure 7 displays the top 15 features driving the model predictions.
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The feature importance ranking supports the physical consistency of the delta-
based formulation. The most influential predictors are the short-term storage lags
(Volume Lag 1 through Volume Lag 7), indicating strong system inertia. Given
the large storage capacity of the reservoir, abrupt state transitions are physically
implausible; therefore, recent storage levels provide a stable baseline for short- to
medium-term forecasts.

Precipitation-related variables, particularly Precip Lag 3 and Precip_
Sum_7d, also rank highly. Their prominence suggests that runoff generated in the
upper catchment typically propagates to the reservoir within a 3—7 day window.

This range is consistent with the estimated hydraulic travel time along the
~200 km river reach between the mountainous headwaters and the reservoir.

Snowmelt-related predictors (e.g., Temp Mean Lag 1 and Snow_Depth)
appear among the top-ranked features and likely contribute through nonlinear
interactions. Tree-based splits on these variables plausibly differentiate between
winter accumulation conditions (precipitation contributing to snow storage)
and spring ablation phases, when the combination of temperature increase and
precipitation accelerates inflow generation.

Figure 7 — XGBoost Feature Importance (Top 15 Features)

The optical method utilizes satellite-derived indicators, including Sentinel-2
NDWI and MODIS Land Surface Temperature, to estimate surface water extent
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and relate it directly to total storage volume (). Although widely applied for
reservoir monitoring, this approach is subject to several physical constraints.

In particular, signal attenuation under cloud cover and the inability to detect
water beneath ice or snow introduce seasonal data gaps, often requiring the
exclusion of winter observations.

Table 1 — Performance comparison between Optical-Based Direct Prediction and

the Proposed Delta-Based Framework.

Metric Optical-Bas-ed. Proposed Delta-Based | Relative

Direct Prediction Framework Improvement
R 0.673 0.983 +0.310
RMSE 60.276 14.50 75.9 % reduction
MAE 52.793 10.20 75.9 % reduction
MSE 3633.252 210.25 75.9 % reduction

In contrast, the proposed meteorological Delta-learning framework relies on
continuous ERAS5-Land reanalysis data and models incremental storage changes
(AV,) rather than absolute volume. As shown in Table 1, this reformulation
substantially improves predictive performance across all evaluation metrics.

Funding information

This research was funded by the Science Committee of the Ministry of Science
and Higher Education of the Republic of Kazakhstan, grant number BR24993128:
‘Information-analytical system development for the transboundary water resources
effective use in the Zhambyl region agricultural sector’.

Conclusions

This study presents a Delta-based XGBoost framework for daily reservoir
volume forecasting in data-scarce continental catchments. By redefining the
prediction target from absolute storage to daily volume change, the approach reduces
the impact of non-stationarity commonly observed in hydrological time series.

Using ERAS reanalysis data in combination with historical telemetry from
the Tasotkel Reservoir, the proposed model achieved high predictive accuracy
(R?=0.983; NSE = 0.983), outperforming the conventional direct-level forecasting
strategy with a 16.4% reduction in RMSE.

The delta-based formulation demonstrated stable performance across
contrasting hydrological conditions and retained predictive skill at forecast
horizons up to 30 days. Feature importance analysis indicates that the model
integrates storage persistence (lagged volume terms) with meteorological forcing
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variables, particularly precipitation and temperature, while maintaining physical
interpretability.

These findings suggest that combining open-source reanalysis products
with differenced-target learning constitutes a practical and computationally
efficient framework for operational reservoir forecasting. This approach could be
particularly valuable in regions with limited in situ observations, where reliable
short- and medium-term forecasts facilitate drought risk management and energy
planning in the face of increasing hydroclimatic variability.
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CY KOMMAJAPBIHIAFBI CY dKUHAJIY
JUHAMUMKACBIH BOJI'KAYFA APHAJIFAH
JEJbTA-®PAKTOPFA HET'T3AEJIT'EH
XGBOOST MOJIEJITH 93IPJIEY

Cy xoumanapvinsly cy Konemin 091 60INCAY KIUMAMMmblly o32epyine
betiimoeny, Kyp2aKubliblKmbly CAl0ApblH a3aumy Yuin eme Manbl30bl
JHCOHE IHEPSUSIHBL HCOCNAPIAY MeH 6acKapy YUiiH He2i3 601bln mabdwbLiaobl,
acipece 2UOPONOUANBIK, 032eP2IUMIK 09CMY i MoOerboeyee KUbIHObIKIAp
my2vl3amblH KOHMUHeHmmiIK baccelindepoe. O3 Ke3e2iHoe, Cy KOUMAIAPbIHbIY
ABLIHBIHBIY A3AI0bl OHMALLL 2UOPOINEKMPOCMAHYUANAPObL OHOIDY YULIH
¢yowl wexkmetloi. Byn moceneni wiewty yuiin 6i3 cyOblH Jcannsl KOIeMiH emec,
KyHOenikmi kenemoik ecyoi (AV) bonsrcaiimsin 3Kcmpemandbl 2paoueHmmi
kywetimyoi (XGBoost) konoanamuin dcaya [enoma nezizinOezi oxvlmy
KYPbLIbIMbIH YCLIHAMbL3. ¥ cblnblizan Mooes cmanoapmmol Mawunansix,
oKblmYy mocinoepi cyOvly abconommi Keniemi mypanvl 0epekmepoeci
mypaKcol3 mpenomepee O0AULIAHbICMbL KbICKA MeP3IMOI OUHAMUKAHDYI
AHBIKMAYOa Hcui KUbIHObIKmapaa man 601amvlH s#ca20auiapoa dHeana
wewim b6onvin mabwinadvl. Moodenv ERAS peananu3siniy kewticyinin
MemeopON0SULTBIK HCOHE 2UOPOTIOSUSILIK, CUNAMMAaManapsli 6ipikmipedi,
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2019-2022 scvinoapoazsl depekmepoe oxvimwliaowl, 2023-2025
arcvL0apoazvl Oepekmepoe ColHANA0bl HCOHE AUMAKMBIK epeKuienikmepee
betiimoenedi. Homuoicenep epexuie oHimMOinikmi Kopcemeoi: KAINblHA
kenmipineen konem R’ anvixmay xoagppuyuenmine 0,983, How—Camxnugpgh
muimoinik koapuyuenmine (NSE) 0,983 srcone Knune—I ynma muimoinix
koa¢ppuyuenmine (KGE) 0,984 scemmi. Ex 6acmuicel, Oenvma mooenine
Hezi30eNeeH MACLL MPeHOmiy JHcyueni asbin Kemyin muimoi Hcor apKulibl
Kenemoi mikeneil 6oncayobiy He2isei d0IiCiMEH Canblcmblpeanod Opmauid
keaopammoix, kKameni (RMSE) 16 %-ea azaiimmolr. Ouimoinikmi manoay
CY MeH JHCAYbIH-UAUbIH UHMEeSPanioapbiHOazbl Kidipicmepoiy (u3uKaiblK
apmulKbLIblabll pacmadsl. Byn sepmmey oughpepenyuanovt ounamurkarvl
MoOenvoey KaumaianamolH HCoHe CeHIMOI Kypanovl YCblHA OMbIPbIN,
bondcamoapobly mypakmulibi2bl MEH UHMEPNPeMAayusiCcoli aumapiblkmail
apmmuipamsiHblH pACmMauiobl.

Kinmmi ce3dep: cy Kotimanapwindazvl cy Oeneetiin bomxcay, oenvma
He2I3IHOe2] OKbIMY, 2UOPOIoUANLIK MawuHanwik okbimy, XGBoost, ERAS
Peananusi, KONKOKHCUeKmMi O0AHCAY, KAUbIKMbIKMAH 30HOMAY, 00IHCAMOb
Moodenvoey.
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PA3PABOTKA MOJIEJIM XGBOOST HA OCHOBE
JAEJBTA-®AKTOPA JJIA TIPOI'HO3UPOBAHUA
JUHAMUKHN HAKOIUVIEHUA BOAbI
B BOJOXPAHMUJINIIIAX

Tounoe npocHosuposanue 00beM08 6000l 6 eodoxpayuﬂuu;ax umeem
peutaroujee 3naverue ons adanmauuu K UBMEHEHUIO Kiumama, CMASYEeHUA
nocireocmeutl 3acyxu coz0aem OCHO8BY onst JHepeemu4ecKoco nilaHupoeanus
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u ynpaeienus, ocoOeHHO 8 KOHMUHEeHMAlbHbIX bacceuHnax, 2oe
2UOPONIO2UYECKAS USMEHYUBOCTb CO30aem NpodaeMbl 015 MPAOUYUOHHOZO
MoOenupoganus. B ceolo ouepedsb ymenvuienue KOIU4eCmed npumoxd
68 8000XPAHUIUWAX O2pAHUYUBAEm OOCMYNHbIL 00beM 800bl 0
2UOPOINIeKMPOCMAHYULL, HEOOXO0OUMbBLUL Ol ONMUMATILHO20 PeHCUMA
pabombl bipabomku 2udpodrekmpodrnepeuu. s pewenus 3mou
npobnemvl Ml npednazaem HOBYI0 CIMPYKmMypy 00yueHusi Ha OCHO8e
0enbmyl ¢ UCNOAb30BAHUCM IKCMPEMATLHOO 2PAOUEHMHO20 OyCmuHed
(XGBoost), komopas npocHo3upyem edceOHesHble npupaujerus oovema
(4V), a e obwuii 06vem 800vl. Ilpednosicennas modenv npedcmasisiem
€000l HOBOE pelieHUue 8 mex CAY4asx, Ko20d CMAaHOApmHvle n00X00bl
MAUWUHHO20 00YHEeHUsL YACMO UCTLIMbIBAIOM MPYOHOCHU C GbIAGLEHUEM
KpPamKoCpOYHOU OUHAMUKU U3-30 HECMAYUOHAPHBIX MPEHO08 8 OAHHBIX 00
abconromuom obveme 800vl. Mooenv unmezpupyem mMemeopoiocuyecKue
u 2uoponocuieckue xapaxmepucmuxku 3aoepicku peananusa ERAS,
obyuena Ha oannvix 3a 2019-2022 200v1, npomecmupo8ana Ha OAHHLIX
3a 2023-2025 2006l u adanmupo8ana K pe2uoHAIbHOU chneyuguxe.
Pe3synomamut 0eMOHCmMPUPYIOmM UCKIIOUUMENbHYIO NPOUB0OUMENLHOCTD.
PEKOHCMPYUPOBAHHBIL 00beM 0ocmue Kodgduyuenma oemepmMuHayuu
R? 0,983, koagpdpuyuenma s¢pgpexmuenocmu Hawa—Camrnughgpa (NSE)
0,983 u koappuyuenma s¢gppexmusenocmu Knunea—I'ynmer (KGE) 0,984.
Ymo naubonee 8axicHo, N0OX00, OCHOBAHHBIU HA 0CNbMA-MOOCAU, CHUSUT
cpeoneksaopamuunyio ouuoxy (RMSE) na 16 % no cpasnenuio ¢ 6a306vim
MemMoOOM NPAMO20 NPOSHO3UPOBAHUsL 00beMd, IPPeKmMUsHO YCmpaHue
cucmemMamuieckyio ymeyky mpenod. Anaiuz npou3eooumenbHoCmu
noomeepoun usuueckoe npesocxo0Cmeo 3a0eprceK 8 UHMe2paiax obvema
80001 U 0CAOK08. DMO UCCIe008aHUe NOOMBEPIHCOAe, YO MOOCTUPOBAHUE
oughgepenyuanbHol OUHAMUKU 3HAYUMETLHO NOBbIULAEN CINAOUTbHOCb
U UHMePNpemupyemocms npPocH0308, NPeoadzdas 60CNPOU3IEOOUMbIU U
HAOECHBIT UHCIPYMEHM.

Kniouesvie cnosa: npoernosuposanue yposHs 600bi 6 6000XPAHUNULYAX,
obyueHue Ha OCHOBe Oenbmbl, cUOPOIOcULEeCKOe MAWUHHOe 00yueHue,
XGBoost, peanaruz ERAS5, mnozoeopuzonmmnoe npozHosuposanue,
OUCMAHYUOHHOE 30HOUPOBAHUE, NPOZHOCIUYECKOe MOOETUPOBAHUE.
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