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SUMMARY 

 

Management of water resources has come to a point 

where its complexity often cannot be resolved with use 

of existing empirical or theoretical methods [1] [2]. The 

complexity has arised with the ever increasing demands 

from water resources, primarely needs for clean drinking 

water, water for irrigation of agricultural fields, energy 

production, and flood protection on the other end [3]. 

Most reservoir schemes have become multi-user, 

complying with needs opposing eachother in quantity, 

quality and timing. In the past and at some extend at the 

present also, scheme operators use simple charts of data 

correlation on which decisions are made for release of 

water to a certain water user. However, many schemes 

are not single-reservoir but multi-reservoir, and decisions 

made on upper reservoirs impact the impoundment on the 

downstream reservoir by default. Therefore, scheme 

operators are facing incresed pressure on optimal 

operation with their schemes and release of water for 

downstream users. As a result, research has been 

conducted on possible use of machine learning 

algorithms to find a target parameter of interest, in the 

following case chosen as water level of the most 

downstream reservoir in a complex, multi-reservoir 

scheme. 

 

Through the process of train and test, prediction on water 

level of a reservoir is conducted for the chosen scheme of 

three existing reservoirs in the lower valley of ‘Treska’ 

river located in Republic of North Macedonia. The 

scheme consists of ‘Kozjak’, ‘Sv. Petka’ and ‘Matka’ 

reservoirs, all existing and in function. ‘Kozjak’ is the 

most upstream reservoir, whereas ‘Matka’ is the most 

downstream reservoir of all, and the oldest dam in 

operation in North Macedonia, ever since 1938 [4]. 

 

Six machine learning methods are applied for analyses of 

the water level fluctuations in ‘Matka’ reservoir: 

Artificial Neural Networks (ANNs), Support Vector 

Machines/ Support Vector Regression (SVM/SVP), 

Random Forest (RF), Decision Trees (DT), Gaussian 

Process Regression (GPR) and Boosted regression trees 

(BT). The results are focused on combination of different 

parameters that impact the water level of the most 

downstream reservoir of the system as target parameter. 

Based on the analyses, the RF, DT, and BT models are 

recommended for further analyses of the system’s 

operations, as they demonstrated the best performance 

during both the training and testing phases, as well as in 

the prediction period. 

 

Key words: machine learning, reservoir scheme 

management, Python code, simulation models, water 

level fluctuation 

 

1. INTRODUCTION 

 

The field of machine learning (ML) is concerned with the 

question of how to construct computer programs that 

automatically improve with experience [5]. Ever since 

computers were invented, people have wondered whether 

they might be made to learn. A few specific achievements 

provide a glimpse of the state of the art: programs have 

been developed that successfully learn to recognize 

spoken words, predict recovery rates of pneumonia 

patients, detect fraudulent use of credit cards, and many 

more [5]. Although soft computing theory and techniques 

were first introduced in 1980s, it has now become a major 

research and study area in automatic control engineering. 

The techniques of soft computing are nowadays being 

used successfully in many domestic, commercial, and 

industrial applications. With the advent of the low-cost 

and very high performance digital processors and the 

reduction of the cost of memory chips it is clear that the 
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techniques and application areas of soft computing will 

continue to expand [6]. Given the inherent complexity of 

challenges in dam engineering and water resources 

management, exploring the application of ML in these 

areas presents an exciting and valuable research 

direction. 

 

Water, being vital for all living organisms and 

indispensable for sustaining modern civilization, covers 

approximately 71% of the Earth’s surface. However, 

only about 2.5% of this total is freshwater [7]. 

Furthermore, the spatial and temporal distribution of 

water rarely aligns with the demands of the growing 

human population, making the management of this 

limited and essential resource an increasingly complex 

and critical endeavor. 

 

In respect of dams and reservoirs, few articles have been 

published with outstanding results of application of ML. 

Hariri-Ardebili and Purkamali-Anaraki proposed use of 

machine learning in finding the optimal cross section of 

concrete dam based on predefined constraints such as 

seismic loads, hydrostatic load, geology of the dam site 

and more [8]. The results were very promising, with the 

model being tested for a specific set of demands and 

afterwards checked with a finite element model to 

confirm the design of the proposed cross section [8]. Chet 

et al. propose the use of deep kernel extreme learning 

machine and a cloud model for novel dynamic early 

warning model for dam deformation [9]. Valeriano et al. 

proposed a decision support system for real-time dam 

operation during heavy rainfall with use of operational 

mesoscale quantitative precipitation forecast [10]. Sen 

successfully implemented different machine learning 

algorithms in forecasting water level in a reservoir in 

Turkey, with outstanding results showing promising 

potential for implementation these models in real-time 

operation with the schemes [11]. 

 

The focus in the present article is the use of machine 

learning algorithms in prediction of water level in the 

most downstream reservoir out of a scheme of three 

cascade reservoirs. The case study is located in North 

Macedonia, in the catchment area of one of the largest 

rivers in the country – ‘Treska’ river. The study includes 

analyses of operational parameters for three existing 

reservoirs – ‘Kozjak’ reservoir, ‘Sv. Petka’ reservoir and 

‘Matka’ reservoir. 

 

‘Matka’ reservoir is the most downstream reservoir of all. 

The dam was constructed back in the 1938 and now 

stands as the oldest dam in North Macedonia. ‘Kozjak’ is 

the largest reservoir in the scheme, impounded for the 

first time in 2004. ‘Sv. Petka’ dam is the youngest dam 

amongst the three, put in service in 2012. In Fig. 1 and 

Fig 2. two geographic presentations are given for the 

selected area of interest. The physical capacity of the 

dams and reservoirs in question are given in Table 1. 

 

Table 1. Physical characteristics of the reservoirs. 

Dam and 

reservoir 

Crest level 

in [masl] 

Normal 

operation 

level in 

[masl] 

Active 

volume in 

[·106 m3
] 

Kozjak 471.10 459.00 267.00 

Sv. Petka 366.00 357.30 1.10 

Matka 318.40 315.50 3.30 

 

 

Figure 1. Location of the catchment of ‘Treska’ river in 

North Macedonia. 

 

 

Figure 2. Location of the reservoir scheme of the three 

existing reservoirs in the downstream end of ‘Treska’ 

river – ‘Kozjak’, ‘Sv. Petka’ and ‘Matka’ reservoirs. 



Frosina Panovska Georgievska i saradnici  Prognoza nivoa vode u akumulaciji primenom mašinskog učenja 

VODOPRIVREDA   0350-0519, Vol. 57 (2025) No. 337-338  p. 201-212 203 

The man behind the idea and design for construction of 

‘Matka’ dam was engineer Miladin Pecinar. The purpose 

of the dam was electrification of Skopje with modest 4.2 

MW installed power of the first turbines in the 

hydropower plant. At the time, the power plant produced 

far more power than the population could consume. The 

dam saved Skopje from erratic flood consequences back 

in 1962 and 1979, retaining water from ‘Treska’ river. 

 

‘Kozjak’ dam was constructed in order to fully protect 

the city of Skopje from the raging waters of ‘Treska’ 

river. The reservoir has 100·106 m3 of retention volume 

always kept free and ready for double flood event. 

 

‘Sv. Petka’ dam was constructed in order to use the 

energy potential of ‘Treska’ river up to the maximum 

level. The reservoir is ends at the downstream toe of 

‘Kozjak’ dam. 

 

Excluding ‘Kozjak’ dam and its retention purposes, this 

reservoir scheme has one main goal – energy production 

at peak hours. At the downstream toe of each of the dams, 

hydropower plants (HPP) are installed and functioning. 

‘Kozjak’ HPP has total installed power of 82MW and 

100 m3/s installed turbine flow. ‘Sv. Petka’ HPP ‘Sv. 

Petka’ has installed power of 36.4 MW and 100 m3/s 

installed turbine flow. ‘Matka’ HPP has been refurbished 

in 2008 with total installed power of 9.6 MW and 42 m3/s. 

 

‘Kozjak’ and ‘Sv. Petka’ reservoirs are operated by the 

national company ‘Power Plants of RN Macedonia’, 

whereas ‘Matka’ reservoir is independently operated by 

the private company ‘EVN’. 

 

Firstly, simulation model is prepared to simulate 

operation with the scheme under predicted energy 

demands and inflow in ‘Kozjak’ reservoir. Afterwards, 

time-series derived from the simulation model are used 

as input data set for the machine learning models. The 

target parameter of the model shall be the water level in 

the most downstream reservoir of all – ‘Matka’ reservoir. 

 

The machine learning algorithms are created in Python 

with use of existing libraries for Artificial Neural 

Networks (ANNs), Support Vector Machines/ Support 

Vector Regression (SVM/SVP), Random Forest (RF), 

Decision Trees (DT), Gaussian Process Regression 

(GPR) and Boosted regression trees (BT). 

 

Data is chosen, split into train and test sets, and then 

evaluated through metric coefficients and the best models 

are used for prediction for a period where the target 

parameter will stay unknown. 

2. SIMULATION MODEL 

 

Since data on real-time operation with the system is 

currently unavailable, as part of the research simulation 

model is created. A simulation model is a mathematical 

replica of the scheme, including all reservoirs, dams and 

appurtenant structures defined through their physical 

capacities. The simulation model is created in HEC 

ResSim tool [12]. Aside physical parameters of the 

reservoir and appurtenant structures, the model requires 

entry of inflow time-series, as well as operational policy 

for management of the water. A representation of water 

flow in the simulation model is given in Fig. 3. 
 

 

Figure 3. Representation of the water flow in HEC 

ResSim. The model consists of all reservoirs, dams and 

appurtenant structures included in the analyses. 

 
As per the operational policy, energy generation with the 

available flow is entered, without specific requirements 

for energy production. In ‘Kozjak’ reservoir, the storage 

planned for flood retention is left empty without any 

operational policy assigned to it, as it is in rea-time 

operation with the reservoir. 

 

The simulation model is 30-years-long with a daily time-

step, generating over 10,000 pieces of data for each 

parameter related to reservoir operation. 
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Following time-series are picked as crucial for their 

impact towards the water level in ‘Matka’ reservoir: 

1) Inflow in ‘Kozjak’ reservoir, 

2) Produced power in ‘Kozjak’ HPP, 

3) Turbine flow through ‘Kozjak’ HPP, 

4) Water level in ‘Kozjak’ reservoir, 

5) Produced power in ‘Sv. Petka’ HPP, 

6) Turbine flow through ‘Sv. Petka’ HPP, 

7) Water level in ‘Sv. Petka’ reservoir. 

These time-series will serve as input variables for the 

machine learning models to come. The target variable 

will be water level in ‘Matka’ reservoir. 
 

All time – series are presented as follows in the form of 

graphs. The inflow hydrograph in ‘Kozjak’ reservoir is 

given in Fig. 4. The average inflow is 22.90 m3/s. In Fig. 

5 time – series on produced power in ‘Kozjak’ HPP and 

‘Sv. Petka’ can be observed, with averages of 12.51 MW 

and 6.55 MW respectively. In Fig. 6, turbine flow 

through HPPs ‘Kozjak’ and ‘Sv. Petka’ are presented, 

with averages of 16.93 m3/s and 13.99 m3/s respectively. 
 

In Fig. 7, presentation of water fluctuation in all three 

reservoirs is given. 
 

Before continuing with the models themselves, few 

words on initial data split must be given. 10 years of the 

data set, from 2021 until 2030, will be used in the test and 

train phase. Data from the remaining 20 years, from 2030 

until 2050, will be used for prediction. 

 

 

Figure 4. Inflow hydrograph for ‘Kozjak’ reservoir. 
 

 

Figure 5. Time – series on produced power in ‘Kozjak’ HPP and ‘Sv. Petka’ HPP. 
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Figure 6. Time – series on turbine flow in ‘Kozjak’ HPP and ‘Sv. Petka’ HPP. 

 

 

Figure 7. Fluctuation of water level in the reservoirs throughout the simulation period. 

 

3. MACHINE LEARNING MODELS 

 

In a Python created code, six machine learning models 

are fed with the large prepared data set. The code is 

prepared with use of existing libraries of SKLearn on 

Artificial Neural Networks (ANNs), Support Vector 

Machines/ Support Vector Regression (SVM/SVP), 

Random Forest (RF), Decision Trees (DT), Gaussian 

Process Regression (GPR) and Boosted regression trees 

(BT). All models are tested through coefficients of 

correlation, and the best ones are picked for prediction.  

 

The methodology is presented in Fig. 8. 

In order to evaluate the machine learning models, four 
parameters for evaluation of the metrics are calculated 
– the mean squared error (MSE), the root mean squared 

error (RMSE), mean absolute error (MAE) and 

coefficient of determination (R2). 
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MSE measures the average of the squares of the error, i.e. 

the average squared difference between the actual and 

predicted values. The formula of MSE is given in 

Equation 1. The lower the MSE, the better the model’s 

performance. 
 

MSE =
1

n
∑ (yi − yi

′)2n
i=1                               (1) 

 

where: yi = the actual value, yi
’ = the predicted value, n = 

number of observations. 

 

 

Figure 8. Workflow chart of the methodology used in the 

analyses; ANN = artificial neural network, SVR = 

support vector regression, RF = random forest, DT = 

decision trees, GPR = Gaussian process regression, BT = 

boosted trees, MSE = mean squared error, RMSE = root 

mean squared error, MAE = mean absolute error, R2 = 

coefficient of determination. 

RMSE is the square root of the MSE. It brings the error 

measure back to the same units as the original data, 

making it easier to interpret than MSE. The formula of 

RMSE is given in Equation 4. The lower the RMSE, the 

accuracy of the prediction is better. 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖

′)2𝑛
𝑖=1  (2) 

 

MAE is the average of the absolute differences between 

actual and predicted values. Unlike MSE and RMSE, it 

does not square the errors, making it more robust to 

outliers. The formula of RMSE is given in Equation 5. 

The closer to 0, the better the model. 

 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦𝑖

′|𝑛
𝑖=1  (3) 

 
R² represents the proportion of variance in the dependent 

variable that is predictable from the independent 

variables. It measures how well the model explains the 

variability of the output. The formula of R2 is given in 

Equation 6. R2 ranges from 0 to 1, with values closer to 1 

showing better prediction. 

  

𝑅2 = 1 − (
∑ (𝑦𝑖−𝑦𝑖

′)
2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦𝑎𝑣𝑒𝑟)2𝑛
𝑖=1

 (4) 

 
where: yaver = the mean of the actual values. 

 

During the development of the models, two phases are 

distinguished – at first, train and test input data, and 

second – observe prediction. The first phase is conducted 

with 10 years-long data, from 2021 to 2030. The second 

phase of prediction is conducted with 20 years-long data, 

from 2031 to 2049.  

 

In the train and test period, five-fold cross validation is 

used for parameter tuning. Five-fold cross-validation is a 

resampling technique used to estimate the generalization 

performance of a machine-learning model. Its purpose is 

to reduce bias and variance in model evaluation, 

especially when the available dataset is limited [13]. 

 

Target parameter in the models is the water level in 

‘Matka’ reservoir, observed through the dependencies 

with the following variables:  

1) Inflow in ‘Kozjak’ reservoir, 

2) Produced power in ‘Kozjak’ HPP, 

3) Turbine flow through ‘Kozjak’ HPP, 

4) Water level in ‘Kozjak’ reservoir, 

5) Produced power in ‘Sv. Petka’ HPP, 
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6) Turbine flow through ‘Sv. Petka’ HPP, 

7) Water level in ‘Sv. Petka’ reservoir. 

 

After train and test period is finished, the Python code 

produces results on the metrics for each algorithm. 

 

Table 2. Metrics results for each model. 

Model MSE RMSE MAE R2 

Random Forest 21.38 4.62 2.25 0.75 

Boosted Trees 21.64 4.65 2.83 0.75 

ANN 22.92 4.79 3.17 0.73 

SVR 33.27 5.77 2.98 0.61 

Decision Tree 43.28 6.58 2.45 0.49 

GPR 70166.01 264.89 234.12 -824.60 

 

The results show that the ensemble methods—

particularly Random Forest and Gradient Boosting 

(Boosted Trees)—deliver the most accurate predictions, 

achieving the lowest errors (MSE ≈ 21–22) and the 

highest coefficient of determination (R² ≈ 0.75). This 

indicates that both models successfully capture the 

nonlinear relationships in the data and provide stable, 

generalizable performance. 

 

The Artificial Neural Network (ANN) performs 

reasonably well (R² = 0.73), slightly below the ensemble 

models, suggesting that while it can model nonlinearity, 

it may require further tuning to reach comparable 

accuracy. 

 

The Support Vector Regressor (SVR) shows moderate 

performance (R² = 0.61), with higher error values, 

indicating limitations in capturing the data complexity—

possibly due to kernel or hyper parameter settings. 

 

The Decision Tree, as expected, performs worse (R² = 

0.49), reflecting its tendency to over fit and its lower 

ability to generalize compared to ensemble models. 

 

Finally, the Gaussian Process Regression (GPR) fails 

entirely on this dataset, producing extremely large errors 

and a highly negative R² (≈ −825). This suggests severe 

numerical instability or mismatch between the kernel 

assumptions and the data structure, making GPR 

unsuitable without substantial kernel redesign or 

preprocessing. 

 

In order to evaluate importance of the variables, feature 

importance is calculated for RF, DT and BT model. The 

feature importance can be observed in Fig.9 through Fig. 

11. The most influential parameter is the turbine flow 

from ‘Sv. Petka’ HPP, followed by produced power in 

‘Sv. Petka’ HPP. The remaining variables have smaller 

impact on the target variable. 

 

 
Figure 9. Feature importance from the RF model. 

 

 
Figure 10. Feature importance from the DT model. 

 

 
Figure 11. Feature importance from the BT model. 

 

In order to investigate the impact of shuffle of values for 

the SVR, RF and DT models, permutation importance is 

conducted. From Fig. 12 through Fig. 14 it can be noted 

that again turbine flow exiting the ‘Sv. Petka’ HPP 

located just upstream from the furthest end of ‘Matka’ 

reservoir has the greatest impact in the target variable. 

Next in line is produced power in ‘Sv. Petka’ HPP. 
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These results are expected and are giving an insight of 

the ensemble models that ensures good variable 

correlation and stability of the model. 

 

 
Figure 12. Permutation importance for SVR model. 

 

 
Figure 13. Permutation importance for RF model. 

 

 
Figure 14. Permutation importance for DT model. 

 

After exploring all the train and test data metrics, the 

GPR model is excluded for the prediction period, and 

prediction is conducted with ANN, SVR, RF, DT and BT 

models. 

 

Results compared to expected values, are presented 

below, from Fig. 15 through Fig. 19. 

 

 

Figure 15. Expected vs. predicted results with ANN model. 

 

 

Figure 16. Expected vs. predicted results with SVR model. 

 

 

Figure 17. Expected vs. predicted results with RF model. 

 

 

Figure 18. Expected vs. predicted results with DT model. 

 

 

Figure 19. Expected vs. predicted results with BT model. 
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All models used for prediction give more or less similar 

results to the expected values. Additional residuals 

analysis is conducted to appreciate differences between 

expected and predicted values in more depth.  

 

The residuals analysis for ANN paints a picture for a 

model that underestimates the prediction results, with a 

lot of residuals accumulated in the positive quadrant, 

presented in Figure 20. A noticeable group of points has 

large negative residuals (–10 to –20), meaning the ANN 

strongly overestimates the target in this range. This 

suggests poor learning for the lower segment of the data 

distribution. 

 

 

Figure 20. Residual plot for ANN prediction values. 

 

The SVR residual plot (Fig. 21) shows clear signs of 
systematic prediction error rather than random noise. 
For the lowest actual values, the model consistently 
overestimates the target, producing large negative 
residuals. In the middle range, the residuals become 
more dispersed and tend to shift above zero, indicating 
underestimation. Although the spread narrows slightly 
at the upper end, the variability remains visible. Overall, 
the curved structure of the residuals suggests that SVR 
does not fully capture the underlying data relationships, 
which aligns with its lower predictive performance 
compared to the stronger tree-based models. 
 
The residual plot for the Random Forest model (Fig. 22) 

shows generally well-behaved errors, with most residuals 

clustered closely around zero across the majority of the 

value range. Although the lowest actual values still 

produce larger negative residuals—indicating 

overestimation in that region—the spread is narrower 

compared to the ANN and SVR models, suggesting 

improved stability. In the mid- and high-value ranges, 

residuals remain relatively small and symmetrically 

distributed, reflecting the model’s strong ability to 

capture the underlying relationships in the data. Overall, 

the Random Forest model exhibits more consistent and 

accurate predictions, which corresponds with its higher 

performance metrics. 

 

 
Figure 21. Residual plot for SVR prediction values. 

 

 

Figure 22. Residual plot for RF prediction values. 

 

The residual plot for the Decision Tree model (Fig. 23) 

shows clear signs of overfitting and unstable 

generalization. The model produces very large negative 

residuals at the lowest actual values, indicating strong 

overestimation, while in the upper range several points 

display large positive residuals, reflecting substantial 

underestimation. In the mid-range, the residuals collapse 

toward a narrow band around zero, which is typical of 

decision trees memorizing training patterns rather than 

learning smooth relationships. The overall spread of 

errors is noticeably larger and more erratic than in the 

ensemble models, confirming that the single Decision 

Tree has difficulty capturing the underlying structure of 

the data and performs less reliably across different value 

ranges. 
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Figure 23. Residual plot for DT prediction values. 

 

The residual plot for the Boosted Trees model (Fig. 24) 

shows a generally stable pattern with residuals clustering 

close to zero across most of the actual value range. As 

with the other models, the lowest actual values produce 

larger negative residuals, indicating persistent 

overestimation in that region, but the spread is smaller 

and more controlled compared to the ANN, SVR, and 

Decision Tree models. In the middle and upper ranges, 

the residuals remain relatively tight and balanced, 

suggesting that Boosted Trees effectively captures the 

nonlinear structure in the data. Overall, the residual 

distribution reflects strong predictive performance, 

consistent with the model’s high accuracy and similarity 

to the Random Forest results. 

 

 

Figure 24. Residual plot for BT prediction values. 

 

4. CONCLUSIONS 

 

The overall results clearly demonstrate that ensemble 

learning techniques, particularly Random Forest and 

Boosted trees, provide the most reliable and accurate 

predictive performance for the given dataset. Their 

evaluation metrics (MSE ≈ 21–22, RMSE ≈ 4.6, R² ≈ 

0.75) significantly outperform the remaining models, 

indicating a strong ability to capture the underlying 

nonlinear relationships and maintain stable 

generalization. The Artificial Neural Network achieves 

comparable but slightly lower accuracy (R² = 0.73), 

suggesting that it can model the data effectively, although 

further hyper parameter tuning may be required to reach 

ensemble-level performance. The SVR model 

demonstrates moderate predictive capability (R² = 0.61), 

while the single Decision Tree exhibits weaker accuracy 

and clear signs of overfitting (R² = 0.49). The Gaussian 

Process Regression model fails to converge properly on 

this dataset, producing extremely large errors and a 

highly negative R², and is therefore excluded from further 

analysis. 

 

Feature-importance and permutation-importance 

analyses consistently identify the turbine flow from the 

upstream “Sv. Petka” HPP as the most influential 

variable, followed by the produced power at the same 

plant. These findings are aligned across Random Forest, 

Decision Tree, and Boosted Trees models, as well as in 

permutation-based assessments for SVR, RF, and DT. 

This agreement across different model families confirms 

the strong predictive relevance of upstream hydropower 

operations for reservoir-level modeling at “Matka” and 

provides confidence in the stability and interpretability of 

the ensemble models. 

 

When applied to the prediction period, the ANN, SVR, 

RF, DT, and BT models all produce results that broadly 

follow the expected trends. However, residual analyses 

reveal important differences in their predictive behaviors. 

The ANN displays bias toward underestimation over 

much of the value range and exhibits substantial 

overestimation for the lowest actual values. The SVR 

shows systematic patterns of error, with overestimation 

at the lower end and underestimation near the mid-range, 

indicating that the model does not fully capture the 

underlying nonlinearities. In contrast, the Random Forest 

and Boosted Trees models present residuals that are 

tightly clustered around zero, with notably smaller spread 

and reduced systematic bias. These residual patterns 

further confirm the superior stability and predictive 

robustness of ensemble methods. The Decision Tree 

residuals, characterized by extreme deviations and non-

random patterns, reinforce its tendency to overfit and its 

limited capacity for generalization. 

 

In summary, the combined evaluation of metrics, feature 

importance, prediction accuracy, and residual behavior 

demonstrates that ensemble models—particularly 

Random Forest and Gradient Boosting—are the most 

suitable and dependable approaches for predicting 
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reservoir levels in this study. Their consistent 

performance and stable interpretation make them strong 

candidates for further operational use and for integration 

into decision-support tools for hydropower and reservoir 

management. 
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Rezime 

 
Upravljanje vodnim resursima danas je dostiglo stepen 

složenosti koji se često ne može adekvatno rešiti 

oslanjanjem isključivo na postojeće empirijske ili 

teorijske metode [1][2]. Ovakva složenost proizilazi iz 

stalnog rasta zahteva koji se postavljaju pred vodne 

resurse: obezbeđenje dovolјnih količina kvalitetne pijaće 

vode, snabdevanje vodom za navodnjavanje 

polјoprivrednih površina, proizvodnja energije, kao i 

potrebe zaštite od poplava [3]. Većina akumulacionih 

sistema postala je višenamenska, pri čemu različiti 

korisnici često imaju međusobno suprotstavljene zahteve 

u pogledu količine, kvaliteta i dinamike korišćenja vode. 

U prošlosti, a delimično i danas, upravljanje takvim 

sistemima zasnivalo se na jednostavnim grafičkim 

prikazima uzročno–posledičnih veza između pojedinih 

hidrolоških parametara, koji su služili kao osnova za 

donošenje odluka o ispuštanju vode. 

 

Međutim, značajan broj akumulacija više nije 

organizovan kao pojedinačni objekat već kao deo 

kompleksa međuzavisnih akumulacija, u kojima svaka 

odluka doneta na uzvodnoj brani neposredno utiče na 

režim rada nizvodnih akumulacija. Zbog toga su 

operateri suočeni sa sve izraženijom potrebom za 

optimizacijom rada sistema i donošenjem pouzdanijih 

odluka o raspodeli voda nizvodnim korisnicima. Kao 

odgovor na ove izazove, poslednjih godina intenzivirana 

su istraživanja usmerena na primenu metoda mašinskog 

učenja u predikciji ključnih parametara upravljanja — u 

ovom slučaju nivoa vode najnizvodnije akumulacije u 

složenom višereservoirskom sistemu. 

 

Prediktivna analiza sprovedena je kroz proces treniranja 

i testiranja modela za odabrani sistem od tri postojeće 

akumulacije u donjem delu sliva reke Treske u Republici 

Severnoj Makedoniji. Sistem obuhvata akumulacije 

„Kozjak“, „Sv. Petka“ i „Matka“. „Kozjak“ predstavlja 

najuzvodniji, a „Matka“ najnizvodniji i ujedno najstariji 

objekat, u funkciji još od 1938. godine [4]. 

 

Za analizu promena nivoa vode u akumulaciji „Matka“ 

primenjeno je šest metoda mašinskog učenja: veštačke 

neuronske mreže (ANN), mašine potpornih vektora i 

regresija potpornih vektora (SVM/SVR), Random Forest 

(RF), stabla odlučivanja (DT), Gausov proces regresije 

(GPR) i Boosted Regression Trees (BT). Analize su bile 

usmerene na kombinacije ulaznih parametara koji utiču 

na nivo vode najnizvodnije akumulacije, posmatrane kao 

ciljnu promenljivu. Rezultati pokazuju da modeli RF, DT 

i BT postižu najbolje performanse u fazama treniranja, 

testiranja i predikcije, te se preporučuju za dalje analize 

rada sistema. 

 

Ključne reči: mašinsko učenje, upravljanje 

akumulacionim sistemima, Python kod, simulacioni 

modeli, promena nivoa vode 

 


