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ABSTRACT

Background. Organic water pollution has complex, nonlinear, nonstationary, and self-
similar dynamics that conventional forecasting models often fail to represent. This study
develops an automated hybrid framework combining multifractal analysis and deep learning
to improve Biochemical Oxygen Demand (BOD) forecasting and support early risk
identification.

Materials and Methods. A retrospective BOD time series from a river monitoring station
was processed through an automated data and modeling pipeline. Sliding windows
extracted localized features and captured long-range correlations. Multifractal Detrended
Fluctuation Analysis (MFDFA) estimated generalized Hurst exponents and singularity
spectra for each window. A fractional-exponential approximation converted the continuous
spectra into discrete coefficients while preserving their structural characteristics. These
multifractal descriptors were combined with statistical measures to form the feature space.
A Long Short-Term Memory (LSTM) network was trained using time-series cross-validation
and hyperparameter search. Results were compared with Autoregressive Integrated Moving
Average (ARIMA) and Autoregressive Fractionally Integrated Moving Average (ARFIMA)
benchmarks.

Results and Discussion. The hybrid MFDFA-LSTM framework produced more
accurate and stable forecasts than the benchmark models across short-term and extended
horizons. Fractional-exponential descriptors supplied information about multi-scale
fluctuations, persistence, spectrum width, and asymmetry, enabling the LSTM to represent
nonlinear pollution dynamics more effectively. Hyperparameter optimization balanced
temporal memory, model complexity, and generalization, reducing root mean square error
(RMSE) and maintaining stable predictive performance.

Conclusion. The study validates an automated system for water-quality forecasting. Its
innovation is transforming continuous multifractal spectra into informative discrete features
through fractional-exponential approximation. Combined with LSTM modeling, this
framework improves forecast reliability and provides environmental authorities with an early-
warning and decision-support tool for proactive water-quality management.

Keywords: LSTM, BOD, multifractal analysis, MFDFA, ARFIMA, singularity spectrum.

INTRODUCTION

The aquatic environment is currently undergoing significant transformation driven by the
dual pressures of global climate change and the rapid expansion of industrial and agricultural
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sectors [1, 2]. Statistical data indicates a staggering global discharge of approximately 400
billion cubic meters of wastewater into natural water bodies, leading to the contamination of
nearly 5.5 trillion cubic meters of water worldwide [3]. Critically, over 80% of this wastewater
enters the environment without adequate treatment. This escalating anthropogenic burden
systematically erodes the self-restoration capacity of aquatic ecosystems [4].

The Dnipro River is fundamental to Ukraine's water security, supplying more than 70%
of the population and driving the country’s industrial and agricultural productivity. However,
the basin is currently under immense anthropogenic stress. Among the pollutants recorded
by the monitoring network, organic substances pose a significant threat to the ecosystem’s
health [5]. The resulting depletion of dissolved oxygen, combined with nutrient loading from
urban and agricultural sources, fosters massive water 'blooming’ through the intensive
reproduction of blue-green algae.

The diversity of contaminants infiltrating river systems underscores the absence of a
singular, universal monitoring methodology. Effective ecosystem management
necessitates continuous, real-time tracking of various physicochemical parameters to
ensure compliance with environmental standards. Among these, Biochemical Oxygen
Demand (BOD) serves as a critical integrative indicator of water quality. It quantifies the
concentration of dissolved oxygen consumed by aerobic microorganisms during the
biochemical oxidation of organic matter into stable inorganic compounds [6]. Consequently,
BOD provides a comprehensive assessment of the biological load on the aquatic
environment. Elevated BOD levels signify excessive contamination from municipal or
agricultural discharges, posing a severe risk of hypoxia and significantly impeding the
river's natural self-purification mechanisms.

Notwithstanding the rapid advancements in electronic and sensor technologies, the
direct real-time measurement of BOD via physicochemical sensors remains unattainable.
Consequently, traditional laboratory methods are inherently incapable of providing the
early-warning functions necessary for environmental disaster prevention. To address this
limitation, environmental monitoring practices are increasingly shifting toward predictive
strategies. By leveraging easily measurable parameters — such as temperature, pH,
electrical conductivity, dissolved oxygen, and turbidity-mathematical models can ‘calculate’
probable BOD concentrations. This approach underpins the 'soft sensor' concept: a
software-based algorithm that acts as a virtual replacement for complex laboratory
analyses [7, 8]. This paradigm necessitates the application of neural networks, which are
uniquely suited to identifying the intricate, nonlinear correlations between these proxy
indicators. Alternatively, predictive modeling can be driven by longitudinal datasets of
historical BOD observations [9-12]. The precision of such forecasts is directly correlated
with the scale and quality of the historical database.

While standard methods, such as Support Vector Regression (SVR), provide reliable
point forecasts, they often fail to capture the underlying complexity of dynamic systems.
This limitation stems from two primary factors: first, the 'inertial memory' inherent in the
Dnipro River system, where current water quality is intrinsically linked to upstream historical
events — a dependency that classical algorithms often treat as a series of independent
occurrences. Second, the physicochemical parameters within the Dnipro basin exhibit
intricate nonlinear correlations; for instance, the relationship between dissolved oxygen and
BOD is highly non-stationary and fluctuates with seasonal temperature shifts. Building upon
the findings of recent research [13], which highlights the potential of hybrid modeling for
such complex systems, this article aims to develop a synergistic framework for BOD
prediction. This approach integrates a Long Short-Term Memory (LSTM) recurrent
architecture, capable of retaining systemic temporal dependencies, with multifractal
analysis for advanced data characterization and preprocessing.
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MATERIALS AND METHODS

Software tools analysis

The computational framework for this study integrates both Python and R to leverage
their respective analytical strengths. Data preprocessing and the implementation of the
LSTM architecture were performed in Python, utilizing TensorFlow for deep learning and
NumPy and Pandas for efficient numerical operations. However, the multifractal
characterization and fractal modeling using the AutoRegressive Fractionally Integrated
Moving Average (ARFIMA) were executed in the R environment. This dual-language
approach was adopted because R offers a more mature and comprehensive ecosystem
for fractal analysis, specifically through the mfdfa, forecast, and arfima packages, which
currently lack equivalent robust implementations in Python’s standard libraries.

Dataset of river water pollution

Data utilized in this research originates from the official environmental monitoring
program of Ukraine, accessed via data.gov.ua [14]. The dataset encompasses a wide array
of water quality indicators collected from 2003 onwards across major river basins. To
ensure the high-frequency and long-term data needed for multifractal modeling, this study
focuses on the Dnipro-Donbas Canal station. This site was selected because it provides
the largest dataset, containing 410 observations. While the monitoring station records
various indicators such as nitrogen, ammonium ions and dissolved oxygen levels, BOD
was specifically isolated as the critical variable for assessing organic pollution due to its
comprehensive ability to reflect the oxygen-consuming potential of organic matter.

Raw data were retrieved using automated HTTP GET protocols, yielding numerous
CSV-formatted files covering various time intervals. The data extraction focused
exclusively on monitoring records from the Dnipro-Donbas Canal station. Following
retrieval, the dataset underwent preprocessing to address non-recorded BOD
measurements, thereby validating its suitability for deep learning applications. The final,
refined time series was structured to include only chronological date records and their
corresponding BOD values.

Investigating seasonality, trend, stationarity, and long-memory presence

To ensure the best model selection, we first analyzed the characteristics of the Dnipro
River BOD time series. Following data cleaning and preparation, we studied the
measurements' statistical properties to build a reliable foundation for the forecasting process.

Fig. 1 depicts the time series decomposition, highlighting well-defined seasonal
fluctuations and an overall trend. The remaining residual series captures the noise
component, providing a clear visualization of data outliers that deviate from the established
patterns. The residual analysis reveals a high degree of model convergence over the stable
period. However, distinct spikes in the residual plot at the temporal boundaries suggest
transient non-linear shocks in the BOD levels that exceed the predictive capacity of the
trained model. These anomalies highlight the stochastic nature of the river ecosystem.

An important characteristic of time series analysis is examining evidence of long-term
memory. Fig. 2 presents the Autocorrelation Function (ACF) and Partial Autocorrelation
Function (PACF) graphs. The ACF measures the linear relationship between the current
value of the series and its past values at specific lags, capturing both direct and indirect
effects. In contrast, the PACF isolates the direct correlation between an observation and
its lag by removing the influence of intermediate observations. In the analyzed dataset,
several time lags in both the ACF and PACF plots extend beyond the 95% confidence
interval (depicted by the shaded blue area). This observation confirms that the series
possesses a structured memory, which carries critical implications for model selection.

To validate the stationarity of the Dnipro River BOD data, we applied the ADF and
KPSS statistical tests. The ADF test rejected the null hypothesis of non-stationarity
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Fig. 1. BOD time series of the Dnipro River (a), decomposed trend (b), seasonality (c) and residuals (d)

(p < 0.05), while the KPSS test failed to reject the null hypothesis of stationarity (p > 0.05)
[15]. The consistency between these two complementary tests confirms that the time series
does not possess a unit root and is characterized by stationary dynamics, facilitating more
accurate modeling.

Mathematical description of the MFDFA method

While sharing core conceptual mechanics with conventional Detrended Fluctuation
Analysis (DFA), Multifractal Detrended Fluctuation Analysis (MFDFA) [16] introduces
expanded evaluation phases designed to analyze a diverse spectrum of scaling exponents.
Consequently, this technique has become a standard analytical instrument for uncovering
hidden non-linear structures and determining the degree of multifractality in temporal data.

The execution of the MFDFA algorithm yields a distinct set of mathematical outputs
that characterize the multi-scale structure of the time series. The key mathematical vectors
output by this pipeline are the generalized Hurst exponent curve (h(q)), the scaling
exponent function (7(q)), and the singularity spectrum (f(a)). This spectrum plots the
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Fig. 2. ACF (a) and PACF (b) functions for the BOD time series of the Dnipro River

singularity dimension against the singularity strength a, providing the foundational curves
necessary for calculating crucial structural parameters such as the spectrum width,
asymmetry, and peak location.

The mathematical apparatus for the MFDFA processing and the subsequent singularity
spectrum f(a)) derivation follows the exact theoretical framework detailed in [12, 16].

To derive quantitative descriptors, the multifractal spectrum is approximated by a
second-order polynomial centered at its maximum o, by the following function:

fl@) = A(a — ap)? = B(a —ag) +C, (1)

where the coefficients A, B, and C are obtained by the least squares method [16].
To provide a more versatile and adaptable fit for the multifractal spectrum, an
exponential function was proposed as follows:

f(a) = A(O( - amin)B1 (amax - a)BZ t¢ (2)
where the coefficients A, 1, S, and € are obtained by the nonlinear least squares method.

RESULTS AND DISCUSSION

The raw time series was organized into sliding windows of 150 observations each,
advancing by one point at a time. This window size provided enough observations for
reliable multifractal and statistical analysis while preserving sufficient temporal resolution.
This approach allowed us to calculate multifractal and statistical descriptors for every step.
We chose this specific window size to balance two needs: providing enough data for an
accurate multifractal analysis and creating a long enough sequence to effectively train the
LSTM model.

To quantify the multifractal properties of each data window, we employed the MFDFA
algorithm, utilizing the specialized MFDFA R package. Key parameters included a defined
scale range for segment-wise detrending and a comprehensive set of g-values.
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The scaling range for the MFDFA procedure was optimized based on the temporal span
of the dataset to ensure a robust and statistically reliable detrending process. We defined the
minimum scale at 5 data points (s;,;, = 5) to maintain accuracy in the local fluctuation
calculation. The maximum scale (S;,4,) Was dynamically set at 25% of the window length
(N/4), following standard recommendations to avoid artifacts caused by insufficient segment
counts at large scales. To achieve a uniform distribution across all time scales, the values
were calculated using an exponential sequence of 25 unique points, determined by:

In(Simax) — In(Spin)
n—1

: 3)

s = exp |In(spin) + 1 *

where i ranges from 0 ton — 1, and n = 25.

The g parameter, ranging from —10 to 10, served as a multi-resolution filter: negative
values were used to capture the scaling behaviour of small fluctuations, while positive
values were dedicated to assessing the scaling of large-magnitude events, thereby
providing a complete multifractal profile of the river's organic load.

The MFDFA procedure generated a comprehensive set of parameters, including the
Hurst exponent, scaling exponent, singularity spectrum, and fluctuation function. To
characterize each sliding window with discrete multifractal properties, the following values
were extracted: the Hurst exponent at g = 2 (H(2)), which describes the persistence and
long-range correlations of the signal; AH, which reflects the variation of the Hurst exponent
across different (q)-orders; the spectrum width Aa, which quantifies the degree of
multifractality; «,, the singularity exponent corresponding to the maximum of the spectrum;
the asymmetry parameter B, and the estimated coefficients A, B,, B, derived from the
exponential expression in Eq. (2). Here, A controls the overall amplitude of the
approximated spectrum, while ; and S, determine its shape on the left and right sides,
respectively. Their relative values describe how rapidly the spectrum rises and falls and
therefore provide additional information about its asymmetry.

A comparison of fitting residuals confirmed that the fractional-exponential model
provided a more precise representation of the empirical data. This is evidenced by its lower
root mean square error (RMSE) of 0.012, which represents a substantial improvement over
the quaderatic fit's error of 0.034. The superior performance of this approach in representing
the empirical f(a) values were statistically proven in our analysis and visually
demonstrated in the comparative plots in Fig. 3.

To construct the high-dimensional feature space for the 100-step-ahead forecast, we
integrated discrete multifractal properties with fundamental statistical descriptors. This
feature vector included volatility, slope, mean, entropy, skewness, kurtosis, and data-
window width. The computational extraction was performed using the R-language, with the
resulting multidimensional dataset exported as a CSV file to a local data repository. This
intermediate storage facilitated a seamless transition to the Python-based environment for
the subsequent modeling and forecasting phases.

The original time series contained 410 BOD observations. Applying a 150-observation
sliding window produced 261 possible feature windows. However, the last window could
not be paired with a subsequent BOD observation; therefore, 260 valid feature—target pairs
were available for forecasting. The final 100 pairs were reserved as an independent
chronological test set, leaving (N = 160) observations for model development. Thus,
(N = 160) refers to the number of labeled features — target samples used for training and
validation, rather than the number of raw measurements. The 100-step-ahead forecast
should also be understood as a 100-observation forecast horizon composed of consecutive
one-step-ahead predictions.
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Fig. 3. Singularity spectrum and its quadratic (blue line) and fractional-exponential (red line) approximations

The predictive modeling phase was initiated by aligning each high-dimensional feature
vector with its corresponding target BOD observation. We structured the data for
supervised learning by aligning the multifractal and statistical features of each 150-
observation window with the immediate following BOD record. In other words, the first 150
data points were used to predict the 151st observation, the next shifted window predicted
the following observation, and so forth. This one-step-ahead mapping generated a
continuous sequence of training pairs. The data were divided chronologically, without
random shuffling, to prevent information from future observations from entering the training
process. Within the first 160 observations, three expanding time-series folds were used for
validation: earlier observations formed the training subset, while the subsequent
contiguous observations formed the validation subset. The final 100 observations remained
untouched until the final performance evaluation.

The LSTM was selected for its ability to utilize internal memory cells and gating
mechanisms, which allow the model to retain long-term dependencies and capture the
“inertial memory” inherent in the Dnipro River’s pollution dynamics [17]. The model used a
many-to-one structure: several consecutive feature vectors were provided as input, and the
network generated one prediction for the immediately following BOD observation. In the
final configuration, the input consisted of consecutive time steps and the selected feature
variables. A single LSTM layer with hidden units and a hyperbolic-tangent activation
function transformed this sequence into a temporal representation. Each LSTM unit
maintained both a cell state and a hidden state, while the input, forget, and output gates
controlled which information was stored, discarded, or passed to the next time step. The
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resulting hidden representation was passed through a dropout layer to reduce overfitting
and then through a fully connected output layer with one neuron for the BOD prediction.
The network was trained using the Adam optimizer and mean squared error loss.

To ensure the LSTM architecture remained robust despite a relatively small sample size
(N = 160), a feature selection process was conducted prior to training. By limiting the input
space to an optimal range of 5-7 features, we prevented the model from capturing noise,
thereby addressing potential overfitting constraints. Feature and target values were scaled
using parameters calculated from the corresponding training data. This dimensionality
reduction, together with chronological validation, dropout regularization, and early stopping,
was critical for maintaining the reliability of the multifractal-based forecasting.

We employed a tree-based Random Forest Regressor algorithm to perform feature
importance estimation. This allowed for a streamlined selection of the most influential
predictors, ensuring a more efficient and robust forecasting process by utilizing only the
highest-ranking features. The forecast was executed using a refined feature space
consisting of six key predictors: width, mean, Hurst exponent, entropy, «,, and slope.
Together, these variables represent the signal’s multifractal scaling, complexity, local
variability, and temporal trend, providing the LSTM network with a compact but informative
description of the BOD dynamics.

A critical challenge in this stage involved optimizing the model’s hyperparameters,
which define the network’s learning capacity and temporal sensitivity [18]. Specifically, we
tuned the lookback window, which determines the 'temporal memory' or the number of
previous time steps the model analyses to capture the inertial dynamics of the river system.
We also optimized the number of model units, representing the hidden neurons that
facilitate the learning of complex, non-linear mappings between multifractal descriptors and
pollution levels. To control the learning process, the batch size (the number of samples
processed before internal weight updates) and the number of epochs (full passes through
the training set) were carefully calibrated to ensure convergence without overfitting.

To determine the most robust model configuration, we employed a hyperparameter
grid search integrated with time-series cross-validation (a specialized k-fold method for
sequential data). We implemented an exhaustive grid search to optimize the neural
network, testing combinations of model units (16, 24, 32), batch sizes (8, 16, 24), epochs
(100, 150), and lookback windows (2, 3, 4). This rigorous evaluation of 54 distinct
configurations allowed for the selection of an optimal model structure. The process was
designed to balance high-precision forecasting with robust performance across different
stages of the water quality time series.

By utilizing the RMSE metric to minimize error across these chronological splits, the
optimal hyperparameter set was selected to produce the final forecasting output. The
optimal LSTM configuration for the 100-point forecasting horizon of the Dnipro River BOD
time series was identified through a minimized RMSE of 0.8617. This top-performing model
utilized a lookback window of 2, a batch size of 8, 100 training epochs, and 32 hidden units.
Accordingly, the network processed two consecutive feature vectors and generated a
single prediction for the following BOD observation. The LSTM layer maintained internal
cell and hidden states and used input, forget, and output gates to regulate the retention
and updating of temporal information. Its 32 hidden units, together with the hyperbolic-
tangent activation, enabled the model to learn nonlinear relationships between the selected
multifractal descriptors and BOD levels. The resulting predictive performance is depicted
in Fig. 4, where the orange forecast line is plotted against the observed data.

To evaluate the predictive efficiency of the hybrid MFA-LSTM model against traditional
Auto Regressive Integrated Moving Average (ARIMA) and Auto Regressive Fractionally
Integrated Moving Average (ARFIMA) benchmarks, we utilized independent test datasets
comprising 10-point (short-range) and 100-point (long-range) horizons. These data points
were strictly excluded from the training phase to ensure an unbiased assessment of model
generalization. The comparative performance was quantified using the RMSE metric,

104 Electronics and Information Technologies ¢ 2026 ¢ Issue 35



Analysis and Forecasting of River Water Pollution...

—— Actual Data
14 100-Points Forecast

12 4

104

BOD (mg/l)

t LM ” MM“‘WVMJ o

(I) S‘D 16{] 150 2E|l(] E:IE(] 360 35;0 460
Date
Fig. 4. LSTM forecasting (orange line) for the next 100 observations of BOD time series

allowing for a rigorous evaluation of each model's accuracy across different forecasting
scales. The results of this analysis is presented in Table 1.

Table 1. Evaluation of the prediction accuracy using RMSE metric

Model 10 test data 100 test data
ARFIMA 1.2786 0.9875
ARIMA 1.2782 0.9878
MFA-LSTM 1.1808 0.8617

Based on the comparative RMSE results, the hybrid MFA-LSTM model demonstrates
the highest predictive efficiency among the evaluated architectures for both short-term and
long-term forecasting horizons. However, this superior accuracy is associated with
increased computational complexity, requiring significant time and CPU resources for high-
dimensional feature engineering and extensive hyperparameter optimization.
Computational efficiency was evaluated by measuring training times on an Intel(R)
Core(TM) i7-8550U processor. While the optimization of the MFA-LSTM architecture
necessitated a 13-minute execution window to evaluate the complete hyperparameter grid,
the ARIMA and ARFIMA benchmarks were processed nearly immediately. These results
underscore the substantial overhead associated with high-dimensional feature engineering
and neural network tuning compared to traditional statistical modeling. Furthermore, given
that different training runs can yield models with varying internal characteristics, the 'black-
box' nature of the LSTM must be acknowledged, necessitating careful interpretation of the
model's decision-making process.

CONCLUSION

This research presents a predictive framework for BOD dynamics that integrates
LSTM neural networks with multifractal analysis.

The methodology encompasses an assessment of stationarity, long-memory, and
multifractal properties using the MFDFA algorithm, followed by a custom fractional-
exponential approximation of the resulting singularity spectrum. By combining these
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multifractal measures with statistical features within a sliding window approach, a high-
dimensional feature vector was constructed for the LSTM model. Feature selection was
optimized using a Random Forest Regressor, while model hyperparameters were refined
through grid-search cross-validation.

The hybrid MFA-LSTM framework demonstrated superior predictive performance
compared to all tested models, consistently achieving the lowest RMSE for the Dnipro River
station. Specifically, the model yielded an RMSE of 1.1808 for a 10-step-ahead forecast
and improved to 0.8617 for the 100-step-ahead horizon. While this performance advantage
required greater computational time and CPU resources due to the intensive
hyperparameter optimization process, the results validate the model’s capacity to capture
the complex, multi-scale dynamics of organic water pollution. Consequently, this
methodology provides a robust analytical tool for the early detection and proactive
management of river pollution events.
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AHANI3 TA NMPOrHO3YBAHHA OANHAMIKU 3ABPYOHEHHA PIYKOBUX
BO[ 3A 4OMNOMOIOK0 HEMPOHHUX MEPEX JOBIOI
KOPOTKOCTPOKOBOI NAM'ATI TA MYNIbTUD®PAKTAIIbHOIO AHANI3Y

Muxaiino BopdyH', Sipocnae Cokonoecbkuii?

" Kagbedpa iHghopmauitiHux cucmem, HauioHanbHul yHisepcumem im. leaHa ®@paHka,
eyn. YHisepcumemchbka, 1, Jlbsis, 79007, YKPAIHA

2 Kaghedpa cucmem aemomamu308aHo20 NpoekmysaHHs, HauionansHull yHisepcumem
«/Ibgiechbka nonimexwikay, 8yn. Cmenara baHdepu, 12, m. flbsis, 79013, YKPAIHA

AHOTALIA

Bctyn. OpraHiyHe 3abpyaHeHHA BOAWM XapakTepu3yeTbCH CKMagHOW, HENIHINHOM,
HecTauioHapHOI Ta caMonogibHO AMHAMIKOK, SKy TpaawuuiviHi Mogeni nMporHO3yBaHHS
YacTo He BiATBOPHOOTL. MeTo AOCNifXeHHs1 € pO3pObneHHa aBTOMaTU30BaHOI ribpuaHoi
CUCTEMM, LU0 NOEAHYE MyNbTUPAKTaNbHUI aHani3 i HEMPOHHE HaBYaHHA ANS NiABULLEHHS
TOYHOCTiI NPOrHO3yBaHHs BioximiyHoro cnoxwmeaHHsA kucHo (BCK) Ta paHHbLOro BUSIBNEHHS
€KOMOri4YHMX PU3BKKIB.

Martepianu Ta metoam. PeTtpocnektvBHui yacosui psig BCK i3 pidykoBoro nyHkTy
MOHITOPVHIy 06pobnsanu 3a JOMOMOrol aBTOMaTU30BaHOrO KOHBEEPA MiArOTOBKM AaHUX i
mogentoBaHHa. KOB3HI BikHa BMKOPUCTOBYBanW ANS BWAIMEHHS NOKanbHWX O3HaK i
BpaxyBaHHA OOBroTpmBanux kopensuii. Metop mynbTudpakTanbHOro AeTpeHAoBaHOro
dnykryauinHoro axanisy (M®OPA, anrn. MFDFA) 3actocoByBanu Ans OUHIOBaHHS
y3aranbHeHVUX MoKa3HWKiB XepcTa Ta CNeKTpiB CUHIYNSAPHOCTI B KOXHOMY BikHi. 3a
[onomMorol Apo6oBO-eKCNOHEHLiMHOT anpokcMMalLii HenepepBHiI CNeKTpY NepeTBopoBanu
Ha [OWCKpeTHi koediuieHTn 3i 30epeXeHHAM iXHiIX CTPYKTYPHUX XapaKTepUCTUK.
MynbTudpakTaneHi 4eckpunTopy NoedHyBanu 3i CTaTUCTUYHUMKU NoKasHukamu. Mepexy
[oBroTpmBanoi kopoTkodacHoi nam’ati (OKYM, anrn. LSTM) HaByanu 3a [OMOMOrow
nepexpecHoi MepeBipku 4YacoBMX psdiB Ta NOWyKy rinepnapameTpis. PesynbTatu
MOPiBHIOBaNu 3 eTarnoHHMMMW MOKa3HWKaMyW aBTOPErpeCUMBHOMO iHTErPOBAHOINO KOB3HOIO
cepegHboro (APIKC, anrm. ARIMA - AutoRegressive Integrated Moving Average) Ta
aBTOpErpecuBHOro ApoboBo iHTerpoBaHoro koB3Horo cepeaHboro (APOIKC, anrn. ARFIMA
— AutoRegressive Fractionally Integrated Moving Average).

PesynbTatu. lMNbpngHa cuctema MOODA-IKYI 3abe3neunna TouHiwi 1 cTabinbHiLwi
nporHo3u, Hik ©6asoBi Mogeni, ANs KOPOTKUX i TpuBanmuMx Tropu3oHTiB. [dpoboeo-
EKCMOHEHLUjNHI  geckpunTopu Haganu iHdopmauito npo 6GaraTtomacwtabHi nykTyauii,
NEePCUCTEHTHICTb, LUMPUHY CNekTpa Ta acumeTpito, wo aano 3mory OK4YI edektuBHiwe
onucyBaTM  HermiHiHy  AuvHamiky  3abpygHeHHs.  OnTtumisauis  rinepnapameTpis
3b0anaHcyBana 4acoBy nam’'sTb, CKMaAHICTb MOAENi Ta y3aranbHIOBanbHYy 34aTHICTb,
3MEHLUMBLUM CepeaHbOKBaapaTUYHY NOXMOKY.

BucHoBkn. [ocnigxeHHa niaTBepaxye edqeKTUBHICTb aBTOMaTu3oBaHOI cUcCTeMMU
NPorHoayBaHHA AKocTi Boau. [i iHHOBALMHICTL Monsrae y nepeTBOpeHHi HenepepBHMX
MynbTU(paKTanbHUX CMeKTpiB Ha iHOpMaTMBHI AUCKPETHI O3HaKM 3a [ONOMOro
Op0o60BO-eKCMOHEHLINHOT anpokcumadii. Y noegHanHi 3 OKYM uen nigxig nigsuwye
HadiNHICTb NMPOrHO3iB i 3abe3nevye NPMPOOOOXOPOHHI OpraHu iHCTPYMEHTOM PaHHLOro
nonepeakXeHHs Ta NIATPUMKM pilleHb ANA NPOaKTUBHOIO YrpaBniHHA AKICTIO BOAM.

Knroyoei cnoea: KU, BCK, mynbtudpaktansHun aHanis, MOODA, APLOIKC, cnektp
CUHIYNAPHOCTI.
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