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Annotanus. HanéxHas skcrutyaTanusi THAPOTEXHUYECKHX COOPYKEHHU SIBISIETCS KIIIOYEBBIM YCIIOBHEM OOeCIeueHust
6e301macHOCTH MH(PACTPYKTYPBI, 0COOCHHO B YCIOBHSIX BO3PACTAIONIEH N3MEHUYMBOCTH MPHUPOHBIX GakTopoB. OHAKO
paHHUE IPU3HAKKA HEYCTOHYMBOCTH IJIOTHH, KaK MPaBUIIO, HOCST cJIa0OBBIPaKEHHBIH XapaKTep U TPYIHO BBISBISIOTCS C
WCIIOJIb30BaHUEM TPAIUIIMOHHBIX METOJIOB MOHUTOPUHTA. B 1aHHO# paboTe mpejacTaBieH MOAX0M, OCHOBAHHBIN Ha
aHaJM3e AaHHBIX, JUId paHHEro OOHAapyXKEHHsI PUCKa HEYCTOHYMBOCTH IUIOTHH C HCIOJB30BAHUEM MHOTOMEPHBIX
T'UJIPOMETEOPOIIOTHUECKIX BpeMEeHHbIX psijioB. [Ipeanaraemas Mosiens 00beMHsET cBepTOUHbIe HelipoHHbIe ceTH (CNN)
U JIByHaIIpaBJICHHYIO peKkyppeHTHylo ceThb Tuma Gated Recurrent Unit (BiGRU), uTo mo3BonseT OAHOBPEMEHHO
YUUTHIBATH JIOKAJbHbIE BPEMEHHBIE TATTEPHbI W  JOJNTOCPOYHBIE 3aBHCUMOCTH B JWHAMUKE CHCTEMBL

[pensokeHHBIN MOIX0/1 aTpOOUPOBaH Ha PEATbHBIX IAHHBIX MOHHTOPHHTA, BKITIOUAsi U3MEPEHUS YPOBHS BOJIBI
B BOJOXpaHWIHWINIE M MeTeoposiornueckue mapameTpbl. [ns yuéra gucOanaHca MeXAy HOPMalbHBIMH H
BBICOKOPUCKOBBIMH COCTOSIHHSIMH HCIIOJIB3yeTCS CTOMMOCTHO-OPUEHTUPOBaHHAs cTparterdss oOydyeHus. Monenb
JEMOHCTPHUPYET CIEAYIOIINE TOKa3aTeNN: TOYHOCTH (accuracy) — 0,96, npersnonnocts — 0,90, momxora — 0,75, F1-
mepa — 0,82 1 ROC-AUC — 0,911TonyuyeHHble pe3ynbTaThl MOKa3bIBAIOT, YTO MOJENb CIIOCOOHA BBISBIATH PaHHUE
OTKJIIOHEHHS OT HOPMAaJbHOIO pEeXUMa (YHKIMOHMPOBAHHA IIPU HHU3KOM YpPOBHE JIOXKHBIX CpaOaThIBaHUIM.
[NpennoxeHHbIH MOAXOA MOXET OBITh HHTETPUPOBAH B CHCTEMbl MOHHTOPHHIA B PEabHOM BPEMEHH M CIIOCOOCTBYET
MOBBILICHUIO HAAEKHOCTH U 0€30I1aCHOCTH THAPOTEXHUYECKOH HH(PPACTPYKTYPBL

Abstract. Reliable operation of hydraulic structures is a critical requirement for ensuring infrastructure safety, particularly
under increasingly variable environmental conditions. However, early signs of dam instability are often subtle and
difficult to detect using conventional monitoring approaches. This paper presents a data-driven framework for early
detection of dam instability based on multivariate hydrometeorological time-series data. The proposed model combines
convolutional neural networks (CNN) with a bidirectional gated recurrent unit (BiGRU) to jointly capture local temporal
patterns and long-range dependencies in system dynamics. The framework is validated using real monitoring data,
including reservoir water levels and meteorological variables. To address the imbalance between normal and high-risk
states, a cost-sensitive training strategy is employed. The proposed model achieves an accuracy of 0.96, precision of 0.90,
recall of 0.75, F1-score of 0.82, and ROC-AUC of 0.91. The results demonstrate that the model is capable of
identifying early deviations from normal operating conditions while maintaining a low false alarm rate. The proposed
approach can be integrated into real-time monitoring systems and contributes to improving the reliability and safety of
hydraulic infrastructure.

Ensuring the reliability of dam systems remains a challenging task due to the complex interaction between
hydrological, environmental, and operational factors. In practice, failure events are typically preceded by weak and
gradual deviations that are difficult to capture using conventional threshold-based techniques. As a result, there is a
growing need for data-driven approaches capable of identifying early warning signals in complex time-series data.
In his work, a hybrid deep learning model based on CNN and BiGRU is proposed for analyzing multivariate
hydrometeorological observations. The convolutional component extracts short-term temporal features, while the
bidirectional recurrent unit captures long-term dependencies and temporal evolution in both forward and backward
directions. This combination allows the model to better represent the nonlinear dynamics inherent in dam monitoring
data.

The model is trained using real measurements, including water level and meteorological variables such as
precipitation, temperature, and wind speed. Given the rarity of critical states, a cost-sensitive learning approach is
applied to improve sensitivity to high-risk conditions. The overall architecture of the proposed model is illustrated
in Fig. 1.
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CNN-BiGRU MODEL ARCITECTURE

Specifically developed CNN-BIGRU model for Sardoba Catastrophe Prediction

1. INPUT LAYER

« Time Sequence Length: 12 hours
« Number of Features: 25

~
2. CNN LAYERS
« Conv1D (128 filters, kernel=3) + BatchNorm + RelLU
» MaxPooling1D (pool=2) + Dropout (0.3)
« Conv1D (64 filters, kernel=3) + BatchNorm + RelLU
» MaxPooling1D (pool=2) + Dropout (0.3)

T
3. BIGRU LAYERS

« Bidirectional GRU (64 units) + Dropout (0.3) + BatchNorm
« Bidirectional GRU (32 units) + Dropout (0.2) + BatchNorm

.
4. DENSE LAYERS
= Dense (128 units) + L1/L2 Regularization + BatchNorm +
BatchNorm + Dropout (0.4)
= Dense (64 units) + Dropout (0.3)
« Dense (32 units) + Dropout (0.2)

.
5. OUTPUT LAYER

> « Dense (1 unit, sigmoid activation) Probability of
catastrophe

Model Parameters:
+ Optimization Algorithm: Adam (li=0.0005)
= Loss Function: Focal Loss (gamma=2.0, alpha = 0.25)
» Batch Size: 32
« Epochs: 50 (Early stopping)
= Class Weights: Auto-balanced

Fig. 1. Architecture of the proposed CNN-BiGRU framework for dam failure risk early warning, illustrating
convolutional temporal feature extraction, bidirectional recurrent sequence modeling, and probabilistic risk
estimation.

Experimental evaluation demonstrates that the proposed model provides stable and consistent performance
across multiple metrics. In particular, the model achieves an accuracy of 0.96, precision of 0.90, recall of 0.75, F1-
score of 0.82, and ROC-AUC of 0.91. These results indicate that the approach is capable of detecting early-stage
anomalies while maintaining a reasonable balance between detection rate and false alarms.

The obtained results confirm that the proposed framework can serve as an effective tool for improving the
reliability of dam monitoring systems and supporting early warning of potential failure scenarios.
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