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Highlights 

• Real-time monitoring of hydropower critical data requires high-performing AI tools 
• Existing models are built on already collected data 
• The new proposed approach consists of building models on the forecasted data 
• Achieving comparable or higher classification accuracy than other existing models. 

Abstract 

Real-time system monitoring without human intervention is an important issue nowadays. The 
challenge is to find the learning model that best suits each system. In hydropower systems, critical 
situations occur when the water reaches the spill level or the minimum exploitation level. The actual 
learning models use past data to detect such instances. Our approach is to build models on future 
data, which is more appropriate for learning from real data. Given that the current forecasting 
methods are well developed and have proven their performance (the RBF Regressor achieved an 
RMSE of 0.291 in the current work), we propose forecasting data stored within the next month and 
using it to build clustering and classification models. The results show that our proposed approach 
achieves higher classification accuracy (99.51%) and higher or comparable Precision, Recall, F-
Measure, and MCC than those of other models trained on similar datasets. 

Keywords: classification; forecasting; partitioning clustering; critical data; real-time data 
 

1. Introduction 

In hydropower developments, continuous monitoring and forecasting of reservoir quotas are 
among the most important tasks performed by both the staff of the hydropower dispatch and the 
operating personnel of hydroelectric power plants and reservoir dams. The monitoring of the level 
of the quota has main implications in the functional ensemble of a hydropower development and not 
only, namely: electricity production, calculation of mechanical power transformed into electrical 
power, establishing the hydropower reserve, management of critical situations (reaching the spill 
level or reaching the minimum exploitation level), scheduling of electricity production, monitoring 
the correlation between the elevation and the flow of infiltration from the dam body, scheduling of 
certain maintenance actions, efficient management of flood periods, preventing emergencies such as 
flooding. Monitoring the quota is essential for establishing the water reserve, and reservoir elevations 
are important parameters for the Romanian Waters National Administrationʹs activities. 

Recent studies aim to enhance energy consumption forecasting [1], [2], [3], [4], hydropower unit 
vibration forecasting [5], [6], optimization of hydropower reservoir operations [7], [8], [9], [10] or the 
fusion of preprocessing methods and deep learning to predict deformation in a damaged arch dam 
[11]. Regarding abnormalities, these are identified by comparing the joint cumulative distribution 
function value against a predefined alarm limit [12]. 

Anomalies are discovered by combining k-means partitioning clustering with quadratic 
discriminant analysis, yielding a 0.23 silhouette score [13], or by applying HDBSCAN density-based 
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clustering, yielding a 0.4935 score [14]. Clustering methods do not predict human-defined labels. 
They learn from past data and are used to determine which cluster center is closest to the new 
instances. 

Forecasting hydropower data is performed using Cascaded Adaptive Network-Based Fuzzy 
methods that reach a root mean square error of 1.01, and with the Gated Recurrent Unit algorithm 
with a root mean square error of 6.5 [15]. The reported results remain quite high, and forecasting is 
useful for observing future trends in data, but it cannot be used to label newly collected data. For the 
PC-MTS-GCN prediction model, the authors report a determination coefficient (R²) of 0.98 and a 
Kline Gupta Efficiency Coefficient (KGE) of 0.96 for water level [16].  

Other studies report coupling large language models, specialized intelligent agents, and 
traditional automation technologies to enhance the automation of hydropower operations [17] and a 
framework that integrates structural fatigue and flood modeling to identify probabilistic risk data 
[18]. Hydropower stations are monitored using Artificial Intelligence and the Internet of 
Things/Cloud-native technology [19], [20], [21], [22] or a time-series Transformer method that 
integrates vibration, electrical, and hydraulic monitoring data [23]. 

The main objective of the proposed intelligent system is to provide the most precise assistance 
to the operating personnel and hydropower dispatchers. The proposed procedure consists of 
applying several machine-learning steps to the collected data. First, we applied various forecasting 
methods to accurately predict the evolution of Oașa Lake in Romania. Second, a clustering procedure 
was applied to obtain the cluster centroids corresponding to the three water-level types: normal water 
level, the minimum technical level of exploitation, and the spillway level. Next, the labelled data were 
classified. We have trained the classifiers to identify the most suitable one, which can accurately 
detect critical data in real time. Finally, the system was able to make decisions and send notifications 
to operating personnel and the hydropower dispatcher regarding critical water levels. 

2. Methodology 

The proposed approach consists of an architecture that enables the construction of classification 
models from forecasted data. Given that existing forecasting methods are highly performant, the 
predicted data is closer to the data that will be collected and classified in the short term. In this way, 
the classification model proved to be more performant than models built on past data.  

The proposed system is composed of a set of iterative steps, as follows (Figure 1): collecting data 
from a SCADA system, forecasting the collected data to find the next instances of the system, 
clustering the previously forecasted data to identify the critical data, building a classifier that can 
predict such data, and activating a decision/notification system when critical data occur. Once the 
system is built and trained, new data from the SCADA system can be used to monitor the 
hydropower system in real time. 

 
Figure 1. System’s architecture. 
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In particular, the proposed process includes (Figure 2) forecasting the entire dataset to analyze 
forecasting methods on a large amount of data stored over a longer period, then splitting the dataset 
into a training set (80% of instances) and a testing set (20% of instances). The proposed process then 
proceeds with two parallel operations: first, the system uses the 80% training instances to predict the 
remaining 20% instances with the most suitable classifier discovered in the previous step, and then 
applies partitioning clustering methods and evaluates the discovered clusters; on the other hand, the 
system clusters the testing set (20% of instances) and evaluates the discovered clusters.  

 

Figure 2. The workflow of the process. 

The results obtained from the two parallel cluster evaluations are compared, and the proposed 
approach (the first proposed clustering procedure) is validated. At the end of the learning process, 
the best classifier is discovered using the dataset clustered with the proposed procedure. 

Models were trained and tested on 4122 instances using a workstation with an Intel i7-1165G7 
CPU and 8 GB of RAM. 

3. Experimental Results 

3.1. Hydropower System Description 

The proposed system aims to monitor and predict reservoir level and infiltration within the Oaşa 
Dam body in Romania. The purpose is to assist hydropower dispatchers and operating personnel in 
monitoring and predicting the Oaşa Lake elevation and infiltration within the dam body, especially 
for the most efficient management of critical situations (reaching the discharge level, reaching the 
minimum technical level of exploitation, and reaching the critical levels of infiltration within the dam 
body). 

The complex arrangement of the Sebeș River includes four hydropower plants arranged in a 
cascade, a pumping station, and two micro-hydropower plants. The first and largest of the lakes that 
form the waterfall, located along the course of the Sebeș River, is the Oașa Lake. It concentrates the 
waters of the Sebeș River and other local watercourses through secondary catchments. At the normal 
retention level (1255 m³/m), Oașa Lake has a volume of 136 million cubic meters and an area of 454 
hectares. The dam, which is 91 meters high, is made of rock. The Gîlceag underground power plant, 
commissioned in 1980, harnesses the energy potential stored in Lake Oașa. The plant, equipped with 
two vertical hydrogenators driven by turbines, has an installed capacity of 150 MW. In 2003, the 
Gîlceag Pumping Station was put into operation, which, with the help of two 10 MW pumps, transfers 
the water accumulated in Lake Cugir, through the penstock of the Gîlceag hydropower plant, to Lake 
Oașa, to supplement the energy produced in the Sebeș Hydropower Development [24], [25]. 

In hydropower developments, the SCADA system is essential for monitoring and controlling 
dam and hydropower plant operations. At a reservoir dam, SCADA collects data from a diverse 
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network of sensors that measure parameters such as water level, flow, pressure, and the damʹs 
structural condition. Terminal stations (RTUs) at the measurement points convert the analog or 
digital signals from the sensors into data transmitted over the hydropower developmentʹs internal 
network. This data reaches the central SCADA servers, where it is processed and stored. Within the 
internal network, the SCADA server uses specialized software to analyze and display information in 
real time via HMI interfaces, providing operators with a clear picture of the dam and hydraulic 
system status [26]. The system also allows automatic or manual control of equipment (e.g., turbines, 
exhaust valves), ensuring optimal operation and maximum safety. 

3.2. Dataset Description 

The main data collected by the SCADA system for the reservoir and the Oașa dam include: 
recording date, lake level (water level in the lake), temperature, rainfall amount, snow layer thickness, 
total influent flow, turbine flow, power group1, function group1, power group2, function group2, 
pump1 running time, pump1 flow, pump2 running time, pump2 flow, and infiltration flows from the 
body of the Oașa dam (DM22, downstream spillway 1). 

We simulated data for the period from January 1, 2025, to June 21, 2025, and collected 4122 
instances. The data was preprocessed in the Attribute-Relation File Format (.arff) for use with 
machine learning algorithms. The attribute types and a sample of the preprocessed data are shown 
in Figure 3. 

 

Figure 3. Sample of preprocessed data. 

3.3. Evaluation of the Applied Forecasting Methods 

To identify the most accurate forecasting method for predicting the evolution of the Oașa Lake 
water level, we applied LinearRegression, RBFRegressor, and SMOReg from the Weka Machine 
Learning Tool [27], [28]. The obtained results are presented in Table 1, Figure 4, Figure 5, and Figure 
6. Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE) 
are the main benchmarks for evaluating forecasting models. For all metrics, lower values are better; 
0 indicates a perfect forecast.  
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The results indicate that RBFRegressor accurately predicted the data. The MAE for predicting 
2000 instances with RBFRegressor (50% more instances than the initial training set) was equal to 
0.178, and the MAE for predicting 824 instances (20% more instances) was equal to 0.172. The MSE 
for the 824 predicted instances was 0.086, indicating that the RBFRegressor is a suitable forecaster for 
the considered dataset. 

Table 1. Forecasting results for predicting 824 instances (20% more instances than the initial dataset). 

Forecaster MAE MSE RMSE 
LinearRegression  0.338 0.260 0.457 

RBFRegressor 0.172 0.086 0.291 
SMOReg 0.411 0.297 0.502 

 
Figure 4. Water-level forecasting using LinearRegression to predict 2000 instances. 

 

Figure 5. Water-level forecasting using an RBFRegressor to predict 2000 instances. 
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Figure 6. Water-level forecasting using SMOReg to predict 2000 instances. 

3.4. Clustering the Proposed Dataset 

For the clustering procedure, we used the XMeans partitioning method and the FarthestFirst 
heuristic method, both from the Weka Machine Learning tool [27], [28].  The cluster centroids 
returned by the applied methods corresponded to three water-level types: normal water levels, those 
reaching the minimum technical exploitation level, and those reaching the spillway level. The 
XMeans model discovered on the entire dataset is described below: 
Cluster 0 

1.742702055052265E12 1251.39 -0.04 0.15 39.24 7.61 8.36 18.25 18.44 13.34 13.22 60.0 4.5 

35.12 2.63 3.215679442508741E-5 14.46 

Cluster 1 

1.7475842978313252E12 1254.30 8.15 0.14 1.45 13.12 14.27 30.12 30.02 23.89 23.71 0.0 0.0 

4.24 0.31 6.450923694779208E-5 15.43 

Cluster 2 

1.7401356936957778E12 1249.74 -4.00 0.16 60.27 4.33 4.04 9.95 10.61 5.26 5.55 0.0 0.0 4.12 

0.30 1.376865240023133E-5 13.91 

In XMeans clustering, Distortion and the BIC (Bayesian Information Criterion) are used together 
to balance how well clusters fit the data against how many clusters are used. Distortion measures the 
compactness of the clusters and is defined as the sum of the squared distances from each data point 
to the cluster centroid to which it is assigned. The ideal value for distortion is lower. BIC is used in 
XMeans to decide whether to split a cluster into two smaller ones and combines the likelihood 
(related to distortion) with a penalty for the number of clusters to prevent overfitting. 

In Weka’s implementation of XMeans, the highest (least negative) BIC value identifies the best 
clustering structure. For the considered dataset, the Distortion value for the discovered clusters was 
5134.19, and the BIC value was -10749.93 (Figure 7), indicating a less accurate model. Also, the 
graphical representation of the water-level and downstream-spillway clusters shows that they are 
not well separated, and the model did not distinguish between their instances. 
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Figure 7. XMeans performance metrics for the entire dataset. 

The Farthest-First heuristic method discovered the following cluster centroids: 
Cluster 0 

1.7453268E12 1253.33 -5.0 0.0 0.0 8.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 5.4E-5 15.11 

Cluster 1 

1.7386344E12 1249.15 -5.0 0.0 101.0 3.58 33.25 65.0 60.0 60.0 60.0 60.0 4.5 60.0 4.5 7.0E-

6 13.72 

Cluster 2 

1.7471052E12 1254.88 17.0 3.0 0.0 15.04 39.6 75.0 60.0 75.0 60.0 60.0 4.5 0.0 0.0 7.1E-5 

15.63 

 
Figure 8. Water level clusters and downstream spillway clusters were discovered on the entire dataset using 
XMeans. 

The cluster distribution (Figure 9) and the graphical representation of clustered instances (Figure 
10) show that for the monitored attributes, namely water level and downstream spillway, the clusters 
are not well separated. 
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Figure 9. FarthestFirst performance metrics for the entire dataset. 

 

Figure 10. Water level clusters downstream spillway clusters discovered on the entire dataset using 
FarthestFirst. 

3.5. Splitting the Dataset into a Training Set and a Testing Set 

Next, we decided to use 80% split percentage method to divide the dataset into a training set 
(80% of instances, 3298 instances, Figure 11) and a testing set (the remaining 20% of instances, 824 
instances, Figure 12), due to the results returned by the RBFRegressor forecasting model. The 
obtained datasets will be used in the next phases of the proposed process. 

 

Figure 11. Training set description. 
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Figure 12. Testing set description. 

3.6. Clustering the Actual Testing Set 

The cluster centroids returned by the XMeans partitioning method at this stage, corresponding 
to the three analyzed situations, are described below: 
Cluster 0 

1.7491001098265896E12 1254.88 11.27 0.14 0.0 14.35 4.24 0.0 0.0 16.09 17.16 6.93 0.523 

5.026 0.37 7.087861271676348E-5 15.62 

Cluster 1 

1.7491582229508196E12 1254.86 10.83 0.14 0.0 14.32 15.10 57.21 60.0 0.0 0.0 6.55 0.49 3.93 

0.29 7.081420765027323E-5 15.62 

Cluster 2 

1.7488866630508474E12 1254.87 10.10 0.15 0.0 14.46 30.53 57.10 53.08 58.55 54.71 22.37 1.67 

18.71 1.40 7.084745762711896E-5 15.623 

For the considered testing set, the Distortion value was 957.33, and the BIC value was -2339.63 
(Figure 13).  

 
Figure 13. XMeans results for clustering the actual testing set. 

As a remark, the discovered clusters were not well separated for either the water level or the 
downstream spillway attributes (Figure 14), given the temporal variation in both attributes. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 May 2026 doi:10.20944/preprints202605.0347.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.0347.v1
http://creativecommons.org/licenses/by/4.0/


 10 of 17 

 

 

Figure 14. Water level clusters downstream spillway clusters discovered on the actual testing set. 

3.7. Applying the Best Forecasting Method to the Train Instances. Predict the Test Instances 

RBFRegressor was used on the training set, and 824 instances were forecast. The actual and 
predicted water level values were evaluated using graphical representations (Figure 15), and the 
predicted values for all attributes (Figure 16) were sent to the clustering component. 

 

Figure 15. Actual (train set) and predicted values for water level. 

 

Figure 16. Sample of forecasted data. 
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3.8. Clustering the Forecasted Data 

At this stage, we applied the XMeans clustering method to the dataset provided in the previous 
step. The discovered model consisted of the following cluster centroids: 
Cluster 0 

1.7500069484536082E12 1254.80 2.90 1.24 0.82 18.35 6.92 -1.27 0.96 11.55 37.00 11.06 1.73 

5.90 0.44 9.999999999999968E-5 15.58 

Cluster 1 

1.7494624472727273E12 1254.69 2.42 1.28 1.75 19.05 5.02 -4.83 -1.19 8.41 33.37 13.29 1.75 

6.40 0.48 9.999999999999965E-5 15.55 

Cluster 2 

1.748348956097561E12 1254.53 2.26 1.16 3.16 18.95 3.32 -6.05 -1.59 5.07 26.40 14.89 1.71 

7.75 0.58 1.0000000000000036E-4 15.51 

The Distortion (equal to 309.96) and BIC-Value (equal to 6014.03) indicate that the obtained 
model is better than the model obtained on the actual data (Figure 17), and the identified clusters are 
well separated for both water-level and downstream-spillway attributes (Figure 18). 

 

Figure 17. XMeans results for clustering the forecasted dataset. 

 

Figure 18. Water level clusters and downstream spillway clusters discovered on predicted data. 

Our proposed approach proved more accurate at discovering clusters for the considered dataset, 
and the labelled data from this step were used to identify the most suitable classifier for accurately 
detecting critical data in real time. 
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3.9. Classification of the Labelled Forecasted Data 

The next step was to identify the most suitable classifier for the data cluster under consideration. 
The classification model was evaluated on a dataset comprising 824 instances. The evaluation results 
for each classifier are presented in Table 2 and Figure 19. 

Table 2. Evaluation results of the classification models. 

Classifier 

Correctl
y 

Classifi
ed 

Instance
s    

Incorrectl
y 

Classifie
d 

Instances 

Kappa 
statistic

s    

Mean 
absolut

e 
error  

Root 
mean 

squared 
error   

Relative 
absolute 

error   

Root 
relative 
squared 

error   

IB5 98.67% 1.34% 0.9794 0.0201 0.0894 4.66% 19.2541 
PART 98.91% 1.09% 0.983 0.0084 0.0833 1.96% 17.93% 
JRip 98.67% 1.34% 0.9794 0.0103 0.0926 2.39% 19.93% 
J48 98.79% 1.21% 0.9813 0.0091 0.0896 2.10% 19.29% 

RandomForest 99.15% 0.85% 0.9869 0.0081 0.0599 1.88% 12.90% 
MLP 98.54% 1.46% 0.9775 0.0099 0.0786 2.29% 16.92% 

SimpleLogistic 98.67% 1.34% 0.9794 0.0156 0.0882 3.62% 19.00% 
CostSensitive1 99.27% 0.73% 0.9887 0.0087 0.0591 2.03% 12.72% 
CostSensitive2 99.51% 0.49% 0.9925 0.0088 0.06 2.04% 12.92% 

Figure 19 shows the performance of each classifier measured by Precision, Recall, F-Measure, 
and MCC. CostSensitive2 and SimpleLogistic achieved the highest overall predictive quality, while 
simpler models like IB5 and PART performed moderately. 

 

Figure 19. Comparative performance of classifiers in terms of Precision, Recall, F-Measure, and MCC. 

The scatter plot from Figure 20 illustrates the trade-off between Precision and Recall. Classifiers 
closer to the top-right corner exhibit balanced high Precision and Recall. 

To assess the classifiers’ ability to distinguish between classes, we selected the ROC Area and 
PRC Area for analysis. Higher values indicate better performance. RandomForest, CostSensitive1, 
and CostSensitive2 achieved the highest ROC and PRC Areas. 
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Figure 20. Area under the ROC and PRC curves for each classifier. 

Figure 21 shows the computational cost of each classifier. Some models, such as MLP, 
SimpleLogistic, and RandomForest, take longer to build than rule-based classifiers. 

 

Figure 21. Time taken to build each classifier (seconds). 

The results using the CostSensitive2 classifier (Figure 22) indicate high overall predictive 
performance, with 99.51% of instances correctly classified and 4 (0.48%) incorrectly classified. The 
Kappa statistic, which measures agreement between predicted and actual classifications beyond 
chance, was 0.9925. Error metrics, including the Mean Absolute Error (MAE), Root Mean Squared 
Error (RMSE), Relative Absolute Error (RAE), and Root Relative Squared Error (RRSE), were 
computed to assess the magnitude of prediction errors. 
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Figure 22. Classification results using the Cost-Sensitive classifier and the best-discovered Cost Matrix. 

These metrics collectively demonstrate that the classifiers achieved highly reliable predictions 
with minimal deviation from the true class labels. 

4. Conclusions 

In this paper, we propose a novel approach for detecting critical hydropower data in real time. 
Instead of learning from past data, our approach builds a model from forecasted future data. The 
experimental results show that our proposed approach achieves higher classification accuracy, 
meaning 99.51% and higher or comparable Precision, Recall, F-Measure, and MCC than those of other 
models trained on similar datasets. Real-time water level monitoring is performed using classification 
techniques and reaches high accuracy levels in other works as well: in [29] the authors applied the k-
nearest neighbour algorithm and found models that detect data with 90% accuracy, in [30] a neural 
network was trained, leading to 98.6% accuracy, in [31] deep learning models were applied (YOLOv5 
and CNNs) leading to a mean average precision of 96.8%, a quantum-inspired neural network 
algorithm is proposed in [32] with an accuracy rate of 93%, a recall rate of 89%, and an F1 value of 
91%, and in [33] Long Short-Term Memory models are proposed and the authors report an accuracy 
rate as high as 98.50%, and the F1 score is 96.14%. The Hydrostatic-Seasonal-Time model and transfer 
learning detected anomalous sensor data with a false detection rate below 0.11% and an average F1-
Score of 97.7% [34]. An F-score of 99.73% is reported in [35], where the authors propose an optimized 
auto-learning and class-detection network model. 

As further work, we propose building a multi-agent system to automate the proposed tasks. The 
multi-agent system will include a monitoring agent that communicates with the other agents, makes 
decisions, and sends notifications to the end user.  
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