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ÖZET 

 

AĞAÇ TABANLI MAKİNE ÖĞRENMESİ ALGORİTMALARIYLA 

HİDROELEKTRİK GÜÇ TAHMİNİ 

 

Bektaş Aykut ATALAY 

Yüksek Lisans, Elektrik-Elektronik Mühendisliği Anabilim Dalı 

Danışman: Dr. Öğr. Üyesi Kasım ZOR 

Haziran 2024, 48 sayfa 

 

Hidroelektrik enerji, en eski ve temel yenilenebilir enerji kaynağıdır. Türkiye'de hızlı ekonomik 

ve nüfus artışı nedeniyle enerji talebi sürekli artmaktadır ve bu durum hidroelektrik enerjiyi 

Türkiye'nin enerji kaynakları için kritik hale getirmektedir. Hidroelektrik santral planlaması ve 

uygulaması, devlet ve enerji işletmeleri için büyük önem taşımaktadır. Hidroelektrik enerji, 

mevsimsel bağımlılığı nedeniyle tahmin algoritmaları için uygundur. Hidroelektrik enerjinin 

doğru tahmin edilmesi, karbon emisyonlarının azaltılması, üretim verimliliği ve çevresel 

sürdürülebilirlik sağlar. Bu tez, kapasitesi 100 MW'ın üzerindeki faal bir hidroelektrik güç 

santralinin güç üretimini tahmin etmek için ağaç tabanlı makine öğrenmesi algoritmalarından 

faydalanarak model geliştirmeyi, incelemeyi ve uygulamayı amaçlamaktadır. Bu amaçla, 

üretim verileri, tarih-saat kayıtları, geçmiş güç üretimi ve sıcaklık ölçümleri kullanılmıştır. Tez 

kapsamında, EÜAŞ Aslantaş HES seçilmiştir. Güç üretim verileri, EXIST Şeffaflık 

Platformu'ndan alınmıştır. Veriler, Python kullanılarak işlenmiş, kodlanmış ve tahmin 

edilmiştir. Rastgele orman ve gradyan artırımlı karar ağaçları algoritmalarının uyumluluğu ve 

etkinliği incelenmiştir. En uygun algoritma, kapsamlı testlerle performansa bağlı olarak 

belirlenmiştir. Bu sistematik yaklaşım, hidroelektrik güç üretim tahmini için en uygun 

algoritmayı belirleyecektir. Analizler, rastgele orman ve gradyan artırımlı karar ağaçları 

modellerinin hidroelektrik üretimi tahmin etmede etkili olduğunu göstermiştir. Ancak, rastgele 

orman modeli daha üstün performans sergilemiştir. 

 

Anahtar Kelimeler: Hidroelektrik, güç, tahmin, rastgele orman, gradyan artırımlı karar 

ağaçları. 
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ABSTRACT 

 

HYDROELECTRIC POWER FORECASTING 
VIA TREE-BASED MACHINE LEARNING ALGORITHMS 

 

Bektaş Aykut ATALAY 

M.Sc., Department of Electrical and Electronic Engineering  
 

Supervisor: Asst. Prof. Dr. Kasım ZOR 

June 2024, 48 pages 

 

Hydroelectric power is the oldest and essential renewable energy source.  Because energy 

demand constantly increases due to rapid economic and population growth in Türkiye, 

hydroelectric energy is crucial to Türkiye's energy resources. Hydroelectric plant planning and 

execution are pivotal for the state and energy enterprises. Hydroelectric power is proper for 

forecasting algorithms because of its seasonal dependency. Accurate forecasts of hydroelectric 

power provide carbon emission reduction, generation yields, and environmental sustainability. 

This thesis aims to develop, examine, and implement tree-based machine learning algorithms 

for forecasting power generation in an operational hydroelectric power plant with a capacity 

over 100 MW using generation data, date-time records, historical power generation, and 

temperature measurements. EÜAŞ Aslantaş HPP was selected to apply this thesis. The power 

generation data was fetched from the EXIST Transparency Platform. The data was processed, 

coded, and predicted using Python. Random forest (RF) and gradient boosted decision trees 

(GBDT) were examined for their compatibility and effectiveness. The most suitable algorithm 

was identified based on its performance through rigorous testing; this systematic approach will 

determine the optimal algorithm for hydroelectric power generation prediction. The analysis 

demonstrated that RF and GBDT models effectively forecasted hydroelectric power production. 

However, the Random Forest model showed slightly superior performance. 

 

Keywords: Hydroelectric, power, forecasting, random forest, gradient boosted decision trees. 
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1. INTRODUCTION 

In this chapter, an introduction to the thesis with its primary goals, background and 

motivation, objectives, methodology are presented in order.  

1.1. Background and Motivation 

Hydroelectric power is an important renewable energy source, and it plays a significant 

role in global energy production. Together with power generation, flood control, irrigation, and 

water supply are its main benefits. It means agriculture, economy, protection of people and land 

against natural disasters, and clean water are linked to hydroelectric power, and vice versa as 

well. 

 

Energy Info Bank of Türkiye shows that 36.3% of Türkiye's electricity is generated from 

coal, 21.4% from natural gas, 19.6% from hydraulic energy, 10.4% from wind, 5.7% from solar, 

3.4% from geothermal and 3.2% from other sources. As seen in Figure 1.1, hydroelectric power 

shares 1 out of 5 in 2023 electricity power generation of Türkiye.  

 

 

Figure 1.1. Türkiye's Electricity Generation Sources in 2023 

 

In addition to its share in electricity generation, the cost of electricity generation and 

renewability are critical factors for Türkiye. As it uses the potential and kinetic energy in the 
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water, only water and water control are required for hydroelectric energy production. The 

environment is not polluted as no other fuel is also needed.  

 

Hydroelectric power generation is linked to many factors. Its generation is essential and 

priceless. Hydroelectric power generation should be maximised and maintained to get 

maximum benefits. For this purpose, hydroelectric power generation needs to be planned. This 

planning is done according to the supply and demand balance of the electricity market and 

seasonal conditions. For these reasons, the primary motivation of this thesis is forecasting 

hydroelectric power generation. 

 

As the thesis aims to forecast hydroelectric power generation with tree-based machine 

learning (ML) algorithms, one hydroelectric power plant (HPP) is chosen. Aslantaş HPP is 

settled on the Ceyhan River. The Ceyhan River is one of the main waterways in the Eastern 

Mediterranean Region. Aslantaş HPP harnesses the Ceyhan River's energy to produce 

electricity. With a 138 MW installed capacity, Aslantaş HPP generates approximately 569 GWh 

of electricity annually with an average capacity factor of 47%. The vast reservoir created by the 

dam, with a capacity of 1,150 million m3 at average water level, plays a crucial role in irrigation. 

It irrigates a substantial land area, estimated to be around 149,849 hectares. Aslantaş HPP is 

vital for managing floods along the Ceyhan River. The dam helps regulate water flow and 

mitigate potential flooding events. The construction of the Aslantaş Dam and HPP in the 

Ceyhan Basin began in 1976 and was completed in 1984. The dam, constructed with an earth-

fill type structure, has a body volume of 8,493,000 m³, a crest length of 585 m, and a height of 

95 m. The dam's maximum water level is 155 m, storage capacity is 1,799 hm³, and lake area 

is 63 km². The electrical energy generated at the power plant is levelled up to 154 kV and 

connected to the national electricity grid. (EÜAŞ Aslantaş HPP) 
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Figure 1.2. Aslantaş HPP Location 

 

The motivation of the thesis is expressed as follows: 

• Forecasting of hydroelectric power production is a crucial factor for optimising grid 

operations, ensuring a stable energy supply, and reducing operational expenses 

(Cassagnole et al., 2021).  

• This thesis seeks to improve the precision of these forecasts to support more efficient 

electrical energy management. 

• The variability of hydroelectric power generation and weather conditions underscores 

the importance of forecasting in Türkiye. While hydropower is the country's most 

widely used renewable energy source, its availability depends on rainfall, snowfall, and 

droughts. So, precise forecasting of hydroelectric power generation enables energy 

planners and operators to anticipate and mitigate the impacts of such variations, 

ensuring a reliable and stable electricity supply for the nation (Acaroğlu et al., 2023). 
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Figure 1.3. Electricity generation by source, Republic of Türkiye, 1990-2022. Source: IEA 
Energy Statistics Data Browser 

 

• Since climate change and environmental sustainability are ongoing problems, better 

and more hydroelectric power production can reduce reliance on fossil fuels. This 

helps lower gas emissions and provides more sustainable energy sources. 

• Better forecasting models can improve the financial planning of electricity and 

investment strategies for HPP projects. As forecasting generation accurately, 

maintenance schedules of plants and irrigation can be optimised, and water 

resources can be used more economically and effectively. 

• HPPs are critical for controlling floods and managing water resources. Proper water 

flow and energy production forecasting help manage water management, reduce 

flood risks, and provide sufficient water for irrigation and tap water supply. 

• Hydroelectric power is strategically essential in Türkiye, which has abundant water 

resources. The project "Flow Forecasting and Basin Optimization System for Dams 

and HPPs (ATHOM)" undertaken by DSİ and TÜBİTAK MAM, highlights this 

significance. This project aims to refine flow forecasts and basin management for 

hydroelectric dams and power plants. Proper flow forecasts and effective basin 

water management improve energy production efficiency and ensure the 

sustainable management of water resources.  
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• The thesis is looking for a contribution to renewable energy and artificial 

intelligence knowledge, potentially leading to further innovations in these fields. 

1.2. Objectives 

The main objectives of the thesis are described as follows: 

• The main objective is forecasting hydroelectric power generation using tree-based 

ML algorithms. 

• To determine variables for forecasting and find data sources for these variables. 

• To define the critical variables affecting hydroelectric power generation. This 

objective requires analysing various factors such as water inflow, reservoir levels, 

weather conditions, and historical power generation data to determine the most 

critical variables for the model. 

• The development of a forecasting model is central to this thesis. The model will be 

designed to predict hydroelectric power generation with high accuracy using tree-

based ML algorithms. The focus will be on selecting and optimising algorithms that 

can handle the complexities and dynamics of hydroelectric power generation. 

• To validate the effectiveness of the tree-based ML algorithms, one HPP will be 

chosen as a case study. This plant will provide the data necessary for training and 

testing the forecasting models. The plant selection criteria will include data 

availability, operational complexity, and representativeness of typical HPPs. 

• Gathering meaningful and high-quality data is crucial for forecasting accurate 

models. From the chosen HPP and relevant external databases, the data are acquired 

on various parameters such as water inflow rates, reservoir levels, weather 

conditions, and historical power generation data. Cleaning and preprocessing the 

data to ensure it is suitable for analysis. This includes handling missing values, 

normalising data, and splitting the dataset into training and testing sets. Validating 

the quality and relevance of the dataset to ensure it is appropriate for training the 

forecasting models. 

• To forecast electrical energy generation of an HPP by tree-based ML techniques 

containing gradient boosted decision trees (GBDT) and random forest (RF). 



6 
 

 

• To benchmark and understand the results using several key metrics: coefficient of 

determination (R2), mean absolute error (MAE), and root mean squared error 

(RMSE). 

 

Figure 1.4. Steps of the Applied Methodology 

 

1.3. Methodology 

The steps of the applied methodology for the thesis are summarised in the previous 

figure given as follows:  

• The input variable categories are energy generation, meteorological, and calendar 

variables. 

• The target variable is real generated energy. 

• Power generation data is obtained from the EPIAS Transparency Platform.  

• 1-hour, 1-day, and 1-week lagged generation data is prepared in Python. 

• Meteorological variables are taken from the MERRA-2 datasets (Global Modeling 

and Assimilation Office (GMAO) (2015)). It includes temperature, radiance, 

humidity, wind, rainfall, and short-wave irradiation. It was collected with a Python 
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script (Aiken, 2018). The GES DISC portal was used to fetch weather data for 2020, 

2021, 2022, and 2023 respectively. 

• Calendar variables include the month of the year, week of the year, day of month, 

hour of day, sample number of hours, and day type.  

• After all energy generation, meteorological, and calendar variables are prepared, 

time stamps are equalled. As EPIAS Transparency Platform data’s time zone is +3, 

MERRA-2 data’s time zone is 0. In Python, MERRA-2 data’s time column is 

shifted to 3 periods so that time zones are the same. 

• Next, tree-based ML techniques, including GBDT and RF, were employed. 

• Consequently, a benchmark analysis of the results achieved is presented 

meticulously by R2, MAE, and RMSE 
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2. LITERATURE REVIEW 

In this chapter, a summary of related literature, including master’s and doctoral theses, 

journal and conference publications, which are contained by ProQuest Dissertations and Theses 

Database, Institute of Electrical and Electronics Engineers (IEEE) Xplore and ScienceDirect 

Digital Libraries, and other databases and libraries, are presented. Related journal and 

conference publications in the literature are mentioned. It should be noted that the literature is 

narrowed according to the following criteria: 

 

• As the subject of the thesis, “hydroelectric power forecasting”, “hydroelectricity power 

forecasting”, “hydraulic power forecasting”, and “hydropower forecasting” are selected 

for search. 

• The search results are narrowed to “tree-based” and “machine learning.” 

• Next, the search was run using combinations of the terms respectively 

“hydroelectricity”, “hydropower”, “HPP”; “energy”; “power”, “use”, and “generation”, 

“production”; “forecast”, “forecasting”, “prediction”, “predicting”, “estimation”, and 

“estimating”. 

 

2.1. Related Theses 

Demir (2015) proposed a method employing artificial neural networks (ANN) to 

estimate the energy production of Dim Dam in Türkiye. He developed a model using various 

ANN architectures to forecast the energy output based on input variables such as water level, 

volume, and discharge rates. He utilised historical data to train the networks and employed a 

backpropagation learning algorithm to adjust the weights and neuron connections according to 

changing conditions. He offered a solution for different operational scenarios of the dam, 

including varying water inflows and seasonal changes. Consequently, he compared his ANN-

based model with a traditional energy production formula and multiple regression analysis for 

the same data. The proposed method provided lower errors, demonstrating its effectiveness in 

accurately predicting energy production. Demir’s work highlights the potential of ANN in 
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optimising hydropower generation by providing reliable forecasts and addressing the 

complexities of water resource management. 

 

Dmitrieva (2015) explored several ML and statistical methods to forecast hourly energy 

production for two small hydropower plants in Hyen, Western Norway. Her study aimed to 

determine the best one-step-ahead prediction model for these plants, which have different 

hydrological characteristics due to their distinct locations. The first plant, located in the 

mountains, experiences immediate and short effects from rain, while the second plant, situated 

in a valley with a nearby pond, benefits from a more consistent water supply year-round. 

Dmitrieva compared methods, including ARIMA, regression analysis, neural networks, and 

support vector machines (SVMs). She found that ML models, particularly neural networks and 

SVMs, outperformed traditional statistical models in capturing the complex, nonlinear 

relationships inherent in the data. Her results indicated that these advanced models provided 

more accurate and reliable forecasts for the energy production of the small hydropower plants, 

demonstrating significant improvements in prediction accuracy and operational efficiency. The 

study highlighted the importance of selecting appropriate forecasting models tailored to each 

hydropower plant's specific characteristics and data patterns. 

 

Afonso De Sousa (2019) proposed a method using various statistical models to forecast 

electricity generation for small hydropower plants (PCHs) in Brazil. The study, conducted as a 

master's thesis at PUC-Rio under the supervision of Reinaldo Castro Souza, focused on using 

causal models like the Box and Jenkins transfer function and dynamic regression and univariate 

models like Holt-Winters exponential smoothing and ARIMA. The primary aim was to improve 

the accuracy of generation forecasts, particularly in the absence of regulation reservoirs, by 

incorporating inflow data from neighbouring hydro plants as an exogenous variable. The study 

analysed historical data from several PCHs, applying spatial autocorrelation to identify the best-

neighbouring inflow series for improving forecast accuracy. The results demonstrated that 

causal models incorporating neighbouring inflow data outperformed univariate models 

regarding forecast accuracy. Specifically, the Box and Jenkins transfer function and dynamic 

regression models provided better predictions for the small hydropower plants by effectively 

capturing the influence of nearby hydrological conditions. The improved forecasts, with 
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reduced mean absolute percentage error (MAPE) and root mean square error (RMSE), suggest 

practical applications for managing PCH operations and planning in the Brazilian energy sector. 

The study highlights the importance of utilising spatial and hydrological data to enhance the 

reliability of energy production forecasts, ensuring more stable and efficient power generation 

from renewable sources. 

 

Mnguu (2020) proposed a method which employs the ARIMA model to forecast hydro-

power generation at Mtera Dam in Tanzania. He compared several time series models in his 

work, including SARIMA, SVM, and ANN. The study identified ARIMA as the most adequate 

model for the data, achieving a high prediction precision. The nonlinear relation of electric net 

power generation was explored using historical monthly recorded data. Experimental results 

demonstrated that the ARIMA model provided suitable predictions, and TANESCO was 

recommended to use the model for operational and planning activities. The proposed method 

provided accurate forecasts with a MAPE of 3.12%, ensuring the stability and efficiency of the 

power grid. The research utilised historical monthly recorded data to explore the nonlinear 

relationship between various factors affecting electric net power generation. Through extensive 

data analysis, Mnguu found that the ARIMA model outperformed the other models regarding 

prediction accuracy. The ARIMA model was particularly effective in capturing the seasonal 

patterns and trends in the data, making it the most adequate model for the dataset. Experimental 

results demonstrated that the ARIMA model provided accurate forecasts, with a Mean Absolute 

Percentage Error (MAPE) of 3.12%. This level of precision in prediction ensured the stability 

and efficiency of the power grid.  

 

Wergeland (2023) proposed an ML-based method to forecast hourly hydropower 

production for the Bjørgum and Furegardane run-of-river power plants in Norway. This study 

aimed to enhance the accuracy of next-day production forecasts to ensure better grid stability 

and minimise imbalance fees. Wergeland compared the performance of three ML models: a 

random forest regressor, a multilayer perceptron neural network (MLP), and a long short-term 

memory (LSTM) neural network. The methodology involved extensive data preprocessing and 

feature engineering, using historical production data from 2017 to 2022, weather forecasts and 

observational data. Features included accumulated rainfall and snowmelt, which are critical for 
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capturing the hydrological inputs affecting power generation. The study found that the LSTM 

neural network outperformed the random forest regressor and the MLP neural network in 

predicting hourly production for both power plants. The LSTM model's ability to capture long-

term dependencies in time series data resulted in more accurate forecasts, significantly 

improving Småkraft's. For Bjørgum, the LSTM model achieved lower mean absolute error 

(MAE) and mean squared error (MSE) compared to the other models and the existing 

forecasting approach. Similarly, for Furegardane, the LSTM model provided the best 

predictions, demonstrating its robustness across different hydrological conditions. Wergeland 

also identified the most critical weather variables for making accurate predictions, highlighting 

the practical application of these models for enhancing the stability and efficiency of the power 

grid. 

2.2. Related Journal and Conference Publications 

Joaquim et al. (2005) used ANN for temporal processing in the context of electric power 

generation. They utilised historical time-series data to train their models, focusing on capturing 

seasonal and temporal patterns. The results demonstrated that ANNs could effectively model 

complex temporal relationships in power generation data, providing accurate short-term 

forecasts. (Joaquim et al., 2005). 

 

S. Wang et al. (2011) Propose a seasonal decomposition-based least squares support 

vector machine (LS-SVM) model using historical power demand data to decompose the time 

series into seasonal components before applying the LS-SVM for forecasting. The results 

showed that this method improved prediction accuracy by effectively capturing seasonal 

variations, making it a valuable tool for power system operators. 

 

Monteiro et al. (2013) presented an original short-term forecasting model for electric 

power systems based on adaptive neuro-fuzzy inference systems (ANFIS) using a dataset of 

historical power system variables, including load, temperature, and humidity. The results 

demonstrated that the ANFIS model could adapt to changing conditions and provide accurate 

short-term forecasts, highlighting its potential for improving power system reliability and 

efficiency. 
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Aleksandrovskii and Borshch (2013) used a multiple linear correlation with stepwise 

regression analysis to predict electric power generation at Rybinsk HPP and Nizhegorodskaya 

HPP using historical generation data, hydrological variables, and weather. The findings 

indicated that the selected statistical methods could provide reliable predictions of hydropower 

generation, assisting in better operational planning and resources.  

 

Uzlu et al. (2014) proposed a method including the ANN (artificial neural network) 

model with the ABC (artificial bee colony) algorithm to estimate annual hydraulic energy 

production of Türkiye using energy demand, energy consumption, temperature, and population 

to estimate hydroelectric generation in Türkiye using neural networks. The results showed that 

neural networks could effectively predict hydroelectric generation, with a high correlation 

between predicted and actual values. 

 

G. Li et al. (2014) developed a short-term power generation energy forecasting model 

for small hydropower stations using a Genetic Algorithm - Support Vector Machine (GA-SVM) 

approach. The model's performance was benchmarked against the ARMA model, showing 

superior performance and effectiveness in forecasting short-term power generation energy for 

small hydropower stations. 

 

Monteiro et al. (2014) proposed a short-term forecasting model for aggregated regional 

hydropower generation. The H4C2 model utilised past recorded hourly electric power values, 

hourly water precipitation forecasts, load demand, and wind generation. The model achieved 

satisfactory next-day forecasts for real-life scenarios in Spain and Portugal. (Monteiro et al., 

2014) 

 

G. Li et al. (2015) applied a correlation analysis method to long-term power production 

forecasting at small hydropower plants. The method achieved a prediction accuracy of 87.9% 

and an average relative error of 18.5% 

 

G.-D. Li et al. (2016) enhanced the traditional grey model (GM(1, 1)) by integrating it 

with a regression model and applying the Markov chain to improve prediction accuracy. The 
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model was validated with data from 2010 to 2015, showing its effectiveness in predicting 

hydroelectric power generation in Japan, although the growth rate remained relatively stable. 

 

M. Li et al. (2016) addressed the unpredictability in small hydropower generation by 

combining wavelet decomposition with a backpropagation (BP) neural network optimised by 

Particle Swarm Optimization (PSO). This method decomposed historical load data to enhance 

prediction accuracy. Applied to a small hydropower-rich region, the approach achieved a 

prediction precision of 93.7%, significantly improving over traditional high-voltage system 

criteria. 

 

Hussin et al. (2016) proposed a hybrid metaheuristic approach combining ANN with the 

Bat Algorithm (BA) to forecast electricity production and water consumption at Sultan Azlan 

Shah Hydropower Plant. The hybrid ANN-BA model demonstrated superior performance over 

conventional ANN models, effectively handling time series input data and assumptions specific 

to the study. 

 

Fan Qiang et al. (2016) developed a short-term power forecast system for run-of-river 

small hydropower stations (RSHSG) in Guizhou, China. The system, tested with April and May 

2016 data, showed significant improvements in grid dispatch management and operational 

safety. The system's application in the Guizhou Power Grid underscored its practical utility and 

effectiveness. 

 

Konica and Staka (2017) applied fuzzy time series techniques to forecast energy 

production in small hydropower plants in Albania. This method effectively handled vague and 

incomplete data, providing better accuracy and reduced computational overhead compared to 

other models. 

 

Razi et al. (2017) focused on predicting power generation in small hydropower systems 

at Sungai Perting Bentong, Malaysia, using ultrasonic level sensors to measure water flow rates. 

Their study demonstrated that the power output exceeds 1 MW and is highly dependent on 
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water flow fluctuations. This model is helpful for daily and monthly monitoring of system 

efficiency. 

 

Z.-X. Wang et al. (2017) proposed a data grouping approach based on the grey model 

GM(1,1) to forecast quarterly hydropower production in China. By dividing the time series into 

seasonal groups, their method improved prediction accuracy, with a mean absolute per cent 

error (MAPE) of 16.2%, outperforming traditional GM(1,1) and SARIMA models. 

 

Kiruthiga and Amudha (2018) saw advancements in hydropower generation 

optimisation and forecasting using Particle Swarm Optimization (PSO). This approach aimed 

to optimise the generation process and improve forecasting accuracy, though the available 

literature did not detail specific metrics and results. 

 

Hammid et al. (2018) utilized a feed-forward back-propagation ANN to predict power 

production at the Himreen Lake Dam in Iraq. Their model, trained on 3570 data points over ten 

years, achieved a correlation coefficient (R) above 0.96 between predicted and observed 

outputs, demonstrating high accuracy in performance predictions. 

 

Dehghani et al. (2019) presented the prediction of hydropower generation using a Grey 

Wolf Optimization Adaptive Neuro-Fuzzy Inference System (GWO-ANFIS). This method 

combines Grey Wolf Optimization with an Adaptive Neuro-Fuzzy Inference System to enhance 

forecasting accuracy.  

 

Lopes et al. (2019) compared polynomial neural networks and conventional ANNs to 

predict hydropower generation potential in the Amazon region. This case study demonstrated 

the applicability of ANN in diverse geographical contexts, though specific results and error 

metrics were not mentioned. Their study found that the group method of data handling (GMDH) 

slightly outperformed conventional ANN models, indicating its usefulness for energy planning. 

 

L. Li et al. (2019) proposed a deep neural network approach combining residual and 

recurrent neural networks for hydroelectric power generation prediction. Their model, which 
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integrated multiple data granularity levels, significantly improved prediction performance, 

showcasing the potential of deep learning in industrial applications. The model incorporated 

multi-grain hydropower generation data divided into recent, daily, weekly, and time-series 

sequences and used a multi-information fusion method to integrate these predictions. 

 

Barzola-Monteses et al. (2019) developed an ARIMAX model incorporating past 

generated energy and precipitation data to predict hydroelectric power production in Ecuador. 

This study utilised Box-Jenkins and Box-Tiao time series analysis techniques, specifically the 

ARIMA and ARIMAX models, to predict hydroelectric power production in Ecuador.  

 

de Sousa et al. (2020) used time series models correlating future inflow and past 

generation data to forecast electricity generation for Brazil's small hydropower plants (SHPs). 

The methodology showed reduced forecasting errors, providing a reliable tool for electricity 

distribution companies to estimate future electricity generation accurately. 

 

Zhou et al. (2020) introduced DeepHydro, a novel stochastic method for modelling 

multivariate time series and forecasting power generation in hydropower stations. It uses 

conditioned latent recurrent neural networks to capture temporal dependencies and 

uncertainties in co-evolving time series data, such as temperature, outflow, and inflow. The 

model employs continuous normalising flow and neural ordinary differential equations to 

handle discrete observations within continuous dynamic systems.  

 

Lian et al. (2020) proposed a trend-guided extreme learning machine (TG-ELM) model 

to improve the accuracy of hydropower generation forecasts for small hydropower groups in 

Guangxi. The model enhances traditional extreme learning machines by incorporating trend 

features extracted from smoothed and repaired historical data. Based on August 2019 data, 

simulation analysis showed that TG-ELM achieved a root mean square error of 4.16 MW and 

an average absolute error of 6.11%, outperforming backpropagation neural networks and 

support vector machines in accuracy and computation time. 
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Javed et al. (2020) developed a forecasting model for electricity generation at Tarbela 

Dam in Pakistan, incorporating temperature and rainfall data from the dam's catchment area. 

The model applied various supervised ML and time-series methods to forecast energy 

production, achieving a mean absolute error of 2.47. This approach helps policymakers manage 

the gap between energy demand and production and detect anomalies in electricity generation. 

 

Ahmad and Hossain (2020) explored the optimisation of reservoir operations based on 

short-term inflow forecasts derived from numerical weather prediction (NWP) models. The 

study used forecast fields from the Global Forecast System (GFS) and the Variable Infiltration 

Capacity (VIC) hydrologic model to predict reservoir inflows for 1–16 days. The optimisation 

approach significantly improved hydropower generation at two US dams without 

compromising flood control and dam safety. 

 

Zhong et al. (2020) combined a macro-scale distributed hydrological model with an 

optimal operation model to predict future hydropower generation in the upper Yangtze River 

basin under climate change scenarios. The study covered 62 reservoirs and used the Statistical 

Downscaling Model (SDSM) to predict future rainfall and temperature trends. Results indicated 

no significant change in hydropower generation under the RCP2.6 scenario, while the RCP4.5 

and RCP8.5 scenarios showed increasing trends, particularly under RCP8.5, highlighting the 

sensitivity of hydropower generation to climate change. 

 

Rahman et al. (2021) reviewed ML-based approaches, particularly ANN models, for 

predicting renewable energy generation, including hydropower. The study emphasised the use 

of various ANN architectures such as multi-layer perceptron (MLP), recurrent neural network 

(RNN), convolutional neural network (CNN), and long short-term memory (LSTM) for short-

term time-series predictions. These models are particularly suitable for processing complex 

time series inputs in hybrid renewable energy systems, offering accurate and reliable 

predictions. 

 

S. Yang et al. (2021) developed a multimodal deep learning method combining CNN 

and MLP to forecast daily power generation for small hydropower stations in South China. By 
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considering the temporal and spatial distribution of precipitation, the model achieved a 

prediction accuracy of 93%, outperforming support vector regression (SVR) and LSTM 

methods. This approach improved accuracy by approximately 5.8% compared to models that 

did not account for spatial precipitation distribution. 

 

Sessa et al. (2021) applied Random Forest models to forecast run-of-river hydropower 

generation based on climate variables across Europe. The study demonstrated that finer spatial 

resolution of climate data significantly improved model accuracy, highlighting the importance 

of precise climate data in hydropower forecasting. 

 

Al Rayess and Ülke Keskin (2021) utilised various ML techniques, including Decision 

Tree, Deep Learning, Generalized Linear, Gradient Boosted Trees, and Random Forest models, 

to forecast hydropower generation at Almus Dam in Türkiye. The Gradient Boosted Trees 

model achieved the highest correlation value, indicating its effectiveness for hydropower 

prediction. 

 

Ekanayake et al. (2021) developed regression-based models using rainfall, temperature, 

and evaporation data to predict power generation at the Samanalawewa plant in Sri Lanka. 

Gaussian process regression (GPR) and support vector regression (SVR) provided the most 

accurate predictions, with GPR producing the best correlation coefficient closer to 1 with 

minimal error (Ekanayake et al., 2021). 

 

Polprasert et al. (2021) proposed a long-term forecasting model using the autoregressive 

integrated moving average (ARIMA) method for the Son La hydropower plant in Vietnam. The 

model demonstrated an upward trend in future electricity generation, providing a useful tool for 

strategic energy planning and addressing environmental variability. 

 

Yildiz and Açikgöz (2021) proposed a hybrid method combining extreme learning 

machine (ELM) with the artificial bee colony (ABC) algorithm to forecast small hydropower 

plant generation. This approach improved prediction accuracy by optimising the input weights 

of the ELM, showing significant advantages over traditional methods. 
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Zolfaghari and Golabi (2021) combined adaptive wavelet transform (AWT), LSTM, and 

Random Forest (RF) algorithms to predict electricity production in hydropower plants. The 

hybrid model outperformed benchmark models such as ARIMA-GARCH and wavelet 

transform-feed forward neural networks, demonstrating superior predictive power for non-

stationary and nonlinear EP series. 

 

Z. Yang et al. (2021) developed a framework for short-term hydropower generation 

scheduling that accounts for uncertainties in load demand forecasts. The framework utilized a 

martingale model of forecast evolution (MMFE) and an enhanced shuffled frog leaping 

algorithm (SFLA) to solve scheduling problems and quantify risks efficiently. 

 

Ren et al. (2021) proposed the DWHO algorithm to optimize water resource 

management and predict hydropower generation. The algorithm demonstrated superior 

convergence speed and accuracy, producing about 17% more electricity than others, with high 

reliability and resilience indices. 

 

Huangpeng et al. (2021) the DCSA algorithm combined with an ANN model was used 

to predict future hydropower generation under climate change scenarios. The model showed a 

decrease in annual power generation under RCP2.6, RCP4.5, and RCP8.5 scenarios, with the 

highest accuracy among compared algorithms. 

 

Barzola-Monteses et al. (2022) applied ANN models to predict short and medium-term 

hydroelectric production in Ecuador, considering historical production and precipitation data. 

The MLP univariate model outperformed other ANN architectures, offering a valuable tool for 

energy planning and decision-making (Barzola-Monteses et al., 2021). 

 

Sarpong and Agyei (2022) applied an Autoregressive Integrated Moving Average 

(ARIMA) model to forecast the water level and power generation at Ghana's Akosombo dam. 

The study predicted a decrease in power generation from 398 MW/hr in December 2019 to 

approximately 374 MW/hr by December 2022. Similarly, the water level was forecasted to 
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decline from 264.8 ft to approximately 255.19 ft by the same period. The study emphasises the 

need for proactive measures to expand renewable energy sources. 

 

Xia et al. (2022) investigated forecasting models for small hydropower stations. 

Although the abstract did not provide specific model details, the study contributes to 

understanding and improving power generation forecasts for small-scale hydropower facilities. 

 

Drakaki et al. (2022) developed uncertainty-aware forecasts for day-ahead energy 

production in small hydropower plants (SHPPs) without storage capacity. The study found that 

incorporating expert knowledge about hydrological regimes and SHPP technical characteristics 

within model training significantly improved forecasting accuracy. 

 

J. Wang et al. (2022) proposed a fusion model combining Ensemble Empirical Mode 

Decomposition (EEMD), Adaptive Moment Estimation (ADAM), and Gated Recurrent Unit 

(GRU) neural networks. This model outperformed traditional forecasting methods, providing 

accurate forecasts of China's monthly hydropower generation and estimating economic 

benefits. 

Rathnayake et al. (2022) utilised a Cascaded Adaptive Network-Based Fuzzy Inference 

System (ANFIS) to forecast hydropower generation at the Samanalawewa Reservoir, 

accounting for climate change impacts. The ANFIS algorithm performed superior to other state-

of-the-art regression models, with minimal error rates. 

 

Ji et al. (2022) developed a multi-model fusion approach combining GBDT, extreme 

gradient boosting (XGBoost), and light gradient boosting machine (LightGBM) for short- and 

medium-term power demand forecasting. The XLG-LR fusion model outperformed neural 

network models such as GRU, LSTM, and TCN in accuracy and computational efficiency, 

making it a reliable tool for power enterprises and future power construction planning. 

 

Corbari et al. (2022) presented a system that integrates numerical weather prediction 

models with snow melting and accumulation models to forecast hydropower production in 

mountainous areas. Despite challenges in providing reliable quantitative weather forecasts in 
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complex alpine regions, this system proved effective in simulating lake inflow and energy 

production. 

 

Bilgili et al. (2022) applied a Long Short-Term Memory (LSTM) neural network for 

one-day-ahead energy production forecasting from run-of-river hydroelectric plants in Türkiye. 

The LSTM model demonstrated higher accuracy than other data-driven methods like ANFIS 

with different clustering techniques, achieving a mean absolute percentage error (MAPE) of 

5.98%. 

 

Prakash et al. (2022) utilised statistical analysis and ML models to predict energy 

generation at the Tedzani hydropower plant in Malawi. This study demonstrated the potential 

of ML in optimising energy harnessing and consumption. 

 

Velasquez and Flores (2022) proposed deep learning models for predictive maintenance 

at the Peña Blanca HPP. Their models, including a Deep Neural Network and an LSTM with 

an Autoencoder, effectively detected anomalies, enhancing maintenance efficiency and 

reliability. 

 

Safaraliev et al. (2022) addressed medium-term forecasting (MTF) of power generation 

by hydropower plants in isolated power systems, incorporating atmospheric parameters such as 

air temperature, wind speed, and humidity. The study compared various ML models and found 

the Adaptive Boosting Linear Regression model to be the most straightforward and reliable for 

tasks with limited training samples (Safaraliev et al., 2022). 

 

Kumar et al. (2022) proposed using ANN to predict energy generation targets for 

individual hydropower plants. The study achieved a correction coefficient higher than 0.99, 

utilising yearly energy generation data from multiple plants, demonstrating the reliability and 

predictability of hydropower as an energy source. 

 

S. Zhang et al. (2022) introduced a hybrid model combining improved ensemble 

empirical mode decomposition (EEMD) and adaptive switching among artificial neural 
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networks (ANNs) to predict generation at Pubugou Hydropower Station in Sichuan, China. This 

approach reduced prediction complexity and improved accuracy by switching between extreme 

learning machine (ELM), backpropagation neural network (BP), and general regression neural 

network (GRNN) based on performance. The model demonstrated vital forecasting accuracy 

and computational efficiency. 

 

Zeng et al. (2023) developed a novel grey combination optimisation model based on the 

three-parameter discrete grey model TDGM (1,1) to predict China's hydropower generation. 

The model forecasts a 24.5% increase in hydropower generation by 2025 compared to 2020. 

The study highlights the optimisation algorithm and its implementation process, offering 

solutions to the low accuracy of traditional models in China's hydropower prediction. 

 

İnal et al. (2023) developed a Linear Weighted Normalized Radial Basis Function 

(LWNRBF) neural network to estimate next-day energy generation at Darıca-2 Hydropower 

Station in Türkiye. Using reservoir inflow rates, current water levels, and weather forecasts, the 

model achieved average training and testing error percentages of 0.0012% and -0.0044%, 

respectively, indicating high accuracy. 

 

Zou et al. (2023) proposed a prediction method combining SSA, PCA, EMD, and 

LTSM. This method, applied to a hydropower station in Sichuan, China, effectively reduced 

random fluctuation and improved prediction accuracy through optimised model parameters. 

 

H. Zhang et al. (2023) developed an EEMD-LSTM model to forecast hydropower 

generation by considering the coupling effects of adjacent plants and multidimensional 

Meteorological factors. Applied to a basin hydropower plant, the model significantly improved 

prediction accuracy by integrating data from neighbouring. 

 

Cheganova et al. (2023) used ARIMA models to forecast water inflow to the Sayano-

Shushenskaya HPP reservoir. The k-nearest neighbour model, with a depth of retrospective data 

of 24 months, yielded the best results, achieving a determination coefficient of 0.749. 
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Sattar Hanoon et al. (2023) investigated various ML algorithms, including artificial 

neural networks (ANN), ARIMA, and support vector machines (SVM), to predict power 

production at the Three Gorges Dam. The models were effective across different prediction 

scenarios (daily, monthly, and seasonal), with high accuracy and reliable uncertainty measures. 

 

Achig et al. (2023) utilised LSTM neural networks to predict the flow necessary to meet 

energy demands. This model achieved an absolute error of 5.12%, significantly contributing to 

Ecuador’s National Development Plan for optimising water resource use. 

 

Çakır (2023) proposed a hybrid methodology combining intuitionistic fuzzy time series 

and fuzzy c-means methods for renewable energy generation forecasting in Türkiye. The model 

showed high accuracy, making it applicable to various time series forecasting problems. 

 

Z. Li et al. (2023)  introduced a novel model using the Weighted Average Weakening 

Buffer Operator based on the Fractional order accumulation Seasonal Grouping Grey Model 

(WAWBO-FSGGM(1,1)). This model achieved the lowest MAPE values across multiple 

regions, indicating superior predictive performance. 

 

Tebong et al. (2023) developed a two-level deep learning ensemble model for short-

term hydropower forecasting, incorporating LSTM, Conv1D, and dense neural networks. This 

model outperformed individual deep learning models, demonstrating high predictive accuracy 

with an NSE of 0.702. 

 

Ehtearm et al. (2023) proposed a hybrid model combining CNN-ANN with Gaussian 

Process Regression and the Salp algorithm for predicting hydropower production. This 

approach enhanced forecasting accuracy by integrating deep learning with regression 

techniques. 

 

Abu et al. (2024) employed the Box-Jenkins model to forecast hydropower production 

at Tasik Kenyir, Terengganu. This traditional time series approach provided reliable predictions 

for hydropower generation. 
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Wei et al. (2024) introduced a transfer learning method for predicting power generation 

in data-scarce areas by integrating public knowledge from run-off small hydropower (RSHP) 

databases. The method involved a CNN-BiLSTM hybrid pre-trained network and hyper-

parameter fine-tuning, significantly improving prediction accuracy with an average error 

reduction of 16.27% compared to traditional models. 
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3. MATERIALS AND METHODS 

3.1. Data 

• The input variable categories are energy generation, meteorological, and calendar 

variables. 

• The target variable is real generated energy. 

• The historical electrical energy generation variables are data from the previous 1 

hour, the previous day (the same time in the previous day), and the previous week 

(the same time and day in the previous week). 

• The period selected for input data collection is from 01.01.2020 to 01.01.2024. 

• Power generation data was taken from the EPIAS Transparency Platform. The data 

covers 2020, 2021, 2022, and 2023, with hourly records for each year. 

• Meteorological variables are taken from the MERRA-2 datasets (Global Modelling 

and Assimilation Office (GMAO) (2015)). It includes temperature, radiance, 

humidity, wind, rainfall, and short-wave irradiation. It was collected with a Python 

script (Aiken, 2018). The GES DISC portal was used to fetch weather data for 2020, 

2021, 2022, and 2023. 

• Month of the year, week of the year, day of month, hour of day, number of hours 

sampled, and type of day are calendar variables. 
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Figure 3.1. Monthly Generated Data 

 
Figure 3.2. Hourly Data 
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The figures illustrate the trends and patterns in the generated energy data, visually 

confirming the quantitative evaluation. Figure 3.1 shows the overall generated energy, while 

Figure 3.2 details the monthly variations, highlighting seasonal dependencies and the impact of 

varying inflow conditions. 

 

3.2. Tree-Based Machine Learning Algorithms 

In this section, tree-based ML algorithms, including GBDT and RF, are expressed in 

detail. 

3.2.1. Random Forests 

RF construct multiple decision trees during training and combines their outputs to 

improve predictive performance and robustness. This method is known for its accuracy, ability 

to handle high-dimensional data, and minimal parameter tuning requirements. RF are 

ensembles of decision trees where each tree is built using a random subset of features and data 

samples. Predictions are made by averaging the outputs of individual trees (Breiman, 2001; 

Scornet et al., 2015). 

 

Bagging involves generating multiple training datasets by random sampling with 

replacements from the original dataset. Each of these datasets is used to train a separate decision 

tree. The final prediction is made by aggregating the predictions of all the individual trees, 

usually through majority voting for classification or averaging for regression. At each split in 

the tree, a random subset of features is selected, and the best split is chosen only from these 

features. This introduces diversity among the trees and helps reduce the correlation between 

them (Biau and Scornet, 2016). 
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Figure 3.3. An illustration of RF (Luwe et al., 2023) 

 

RF are composed of numerous decision trees that are trained on various subsets of the 

data. The prediction for a single tree in the forest is given by: 

 

𝑚𝑛(𝑥; Θj, 𝐷𝑛) = ∑
𝟙𝑋𝑖∈𝐴𝑛(𝑥;Θj,𝐷𝑛)𝑌𝑖

𝑁𝑛(𝑥; Θj, 𝐷𝑛)
𝑖

 (3.1) 

 

where Θj represents the random parameters for the 𝑗-th tree, 𝐷𝑛(Θj) is the subset of data used 

for the 𝑗-th tree, 𝐴𝑛(𝑥; Θj, 𝐷𝑛) is the cell containing 𝑥, and 𝑁𝑛(𝑥; Θj, 𝐷𝑛) is the number of points 

in 𝐴𝑛(𝑥; Θj, 𝐷𝑛), 𝑖 𝑖𝑠 an element of set 𝐷𝑛(Θj). 

 

Each tree predicts the average of the 𝑌𝑖 values in the leaf node containing 𝑥. The overall 

prediction of the RF is obtained by averaging the predictions of the individual trees: 

 

𝑚𝑀,𝑛(𝑥; Θ1, … , Θ𝑀, 𝐷𝑛 ) =
1
𝑀

 ∑ 𝑚𝑛(𝑥; Θj, 𝐷𝑛)
𝑀

𝑗=1

 (3.2) 

 

where M represents the number of trees in the forest, Θ1, … , Θ𝑀 is the random variables 

governing the construction of the 𝑀 trees and 𝑚𝑛(𝑥; Θj, 𝐷𝑛) is the prediction of the 𝑗-th tree for 

input 𝑥. 
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As the number of trees 𝑀 tends to infinity, the forest prediction converges to the 

expected prediction over the random parameters: 

 

𝑚∞,n(𝑥; 𝐷𝑛 ) = 𝐸Θ[𝑚𝑛(𝑥; Θ, 𝐷𝑛)] (3.3) 

 

 

3.2.2. Gradient Boosted Decision Trees  

GBDT is a robust algorithm that combines multiple decision trees to form a strong 

predictive model. The method involves building trees Sequentially, with each new tree 

attempting to correct errors made by the previous ones. This approach enhances the model's 

performance by focusing on the most difficult-to-predict cases. GBDT has become one of the 

most popular and practical algorithms for various ML tasks, including classification and 

regression. 

 

Friedman developed the method of gradient boosting by applying the gradient descent 

technique to optimise loss functions, leading to the creation of GBDT (Friedman, 2001). Over 

the years, various improvements and extensions have been proposed, such as XGBoost, 

LightGBM, and CatBoost, each optimising different aspects like computational efficiency and 

handling of categorical features (Coadou, 2022). 

 

The mathematical foundation of GBDT lies in gradient descent optimisation. The 

algorithm iteratively adds decision trees to minimise a specified loss function. Each tree is built 

to fit the residual errors (the differences between the observed and predicted values) of the 

combined ensemble of trees from previous iterations. The new trees are constructed to predict 

the negative gradient of the loss function concerning the current model's predictions. This 

process continues until the model reaches a predetermined number of trees or an acceptable 

level of performance. (Z. Zhang and Jung, 2019). 
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Figure 3.4. The Architecture of GBDT (Deng et al., 2021) 

 

GBDT are an advanced form of boosting algorithms that combine the predictions of 

multiple decision trees to improve the overall predictive performance. Unlike AdaBoost, which 

adjusts the weights of misclassified instances, GBDT use gradient descent to minimise a loss 

function. GBDT build the model in a stage-wise fashion. At each stage, a new tree is added to 

the ensemble to correct errors made by the existing model (Coadou, 2022; Zor and Çelik, 2021). 

 

GBDT are formulated as follows: 

• The model F(x) is built iteratively by adding a new tree ℎ𝑘(𝑥) to improve the 

prediction: 

 

𝐹𝑚(x) = 𝐹𝑚−1(𝑥) + ℎ𝑚(𝑥) (3.4) 

 

• The process begins with an initial model 𝐹0(𝑥) which can be a constant value: 

 

𝐹0(𝑥) = 𝑎𝑟𝑔𝑚𝑖𝑛𝑐 ∑ 𝐿(𝑦𝑖, 𝑐)
𝑛

𝑖=1

 (3.5) 
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where 𝐿(𝑦𝑖, 𝑐) is the loss function, and 𝑦𝑖 are the target values, 𝑎𝑟𝑔𝑚𝑖𝑛𝛾 denotes finding 

the value of 𝑐 that minimises the sum of the loss function overall target values. 

• To predict the response 𝑌𝑖,𝑡+𝑘  from the training set for the best  

 

𝐹𝑚(𝑥𝑖,𝑡) = 𝐹𝑚−1(𝑥𝑖,𝑡) + ℎ𝑚(𝑥𝑖,𝑡) = 𝑌𝑖,𝑡+𝑘 (3.6) 

ℎ𝑚(𝑥𝑖,𝑡) = 𝑌𝑖,𝑡+𝑘 − 𝐹𝑚−1(𝑥𝑖,𝑡) (3.7) 

• The new model hm(x) is chosen to be the negative gradient of the loss function 

concerning the current model's predictions: 

 

𝑟𝑖𝑚 = − [
𝜕𝐿(𝑦𝑖, 𝐹(𝑥𝑖))

𝜕𝐹(𝑥𝑖)
]

𝐹(𝑥)=𝐹𝑚−1(𝑥)
 

(3.8) 

𝑟𝑚,𝑖,𝑡 = −
𝜕 1

2 (𝑌𝑖,𝑡+𝑘 − 𝐹𝑚−1(𝑥𝑖,𝑡))
2

𝜕𝐹𝑚−1(𝑥𝑖,𝑡)
 

(3.9) 

 

• The model is updated by adding the new tree, weighted by a learning rate 𝑣. 

 

𝐹𝑚 = 𝐹𝑚−1(𝑥) + 𝑣ℎ𝑚(𝑥) = 𝑦 (3.10) 
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4. RESULTS AND DISCUSSION 

Two models, Random Forest (RF) and Gradient Boosting Decision Trees (GBDT), were 

trained on the same dataset to predict hydroelectric power production. Their performances were 

evaluated and compared using R-squared (R2), Mean Absolute Error (MAE), and Root Mean 

Squared Error (RMSE) as key metrics across a range of tree counts (1-100 for RF, 1-100 for 

GBDT). 

𝑅2(%) = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1
∑ (𝑦𝑖 − 𝑦)2𝑛

𝑖=1
 

(4.1) 

𝑀𝐴𝐸 =
∑ |𝑦𝑖 − 𝑦̂𝑖|𝑛

𝑖=1

𝑛
 

(4.2) 

𝑅𝑀𝑆𝐸 = √∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛
𝑖=1

𝑛
 

(4.3) 

  

where 𝑦 is actual or measured output, 𝑦̂ is predicted output, 𝑦 is the mean of 𝑦, and 𝑛 indicates 

the number of observations (Zor et al., 2020). 

 

Simple random sampling was performed to split 80% for training and 20% for testing. 

 

RF model was constructed using 100 trees, each with a depth of 16 and varying numbers 

of leaves (1622-1885). This depth represents the maximum number of decisions a tree makes 

before reaching a prediction, while the number of leaves indicates the possible outcomes for a 

given input.  

 

GBDT model was constructed using 100 trees, each with a depth of 6 and approximately 

150.22 group splits. Each tree focuses on different features and split points to progressively 

enhance the model's predictive accuracy. 
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Table 4.1. Test Set Results 

Model Number of 
Trees 

RMSE R2 MAE Comp. Time 
(MWh) (%) (MWh) (s) 

RF 90 4.450 98.6 1.331 0.852 
GBDT 100 5.449 97.9 2.351 0.256 

 

 

Table 4.1 summarises the performance metrics for both RF and GBDT models. The 

results reveal that both models effectively forecast hydroelectric power production, albeit with 

subtle variations in accuracy and computational efficiency. 

 

The RF model exhibited a higher R² value of 98.6%, surpassing the GBDT model's 

97.9%. This suggests that the RF model explained a slightly greater proportion of the variance 

in hydroelectric power production, indicating a marginally better fit to the observed data. 

 

Regarding prediction accuracy, the RF model consistently outperformed the GBDT 

model. The RF model's RMSE of 4.45 MWh was notably lower than GBDT's 5.449 MWh. This 

signifies that the RF model's predictions were, on average, closer to the actual hydroelectric 

power production values, resulting in a mean absolute percentage error improvement of 18.33% 

over GBDT. This substantial enhancement underscores the superior accuracy of the RF model 

in this context. 

 

Furthermore, the RF model maintained its advantage in prediction accuracy with an 

MAE of 1.331 MWh, considerably lower than GBDT's 2.351 MWh. This further solidifies the 

conclusion that the RF model's predictions deviated less, on average, from the actual 

hydroelectric power production values. 

 

However, the GBDT model demonstrated a significant advantage in computational 

efficiency. With a computation time of 0.256 seconds, the GBDT model outperformed the RF 

model by 233%, as the latter required 0.852 seconds to generate predictions. This remarkable 

difference highlights the GBDT model's exceptional computational speed in this forecasting 

task. 
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Table 4.2. Top 10 Results of RF 

Model 
Number of 

Trees 
RMSE R2 MAE Comp. Time 
(MWh) (%) (MWh) (s) 

RF 90 4.450 98.6 1.331 0.852 
RF 85 4.450 98.6 1.332 1.185 
RF 91 4.451 98.6 1.331 0.927 
RF 100 4.451 98.6 1.330 0.985 
RF 87 4.452 98.6 1.332 0.852 
RF 86 4.452 98.6 1.332 0.929 
RF 99 4.452 98.6 1.330 0.999 
RF 92 4.453 98.6 1.331 0.951 
RF 97 4.453 98.6 1.331 0.986 
RF 88 4.454 98.6 1.332 0.840 

 

 

Table 4.3. Top 10 Results of GBDT 

Model 
Number of 

Trees 
RMSE R2 MAE Comp. Time 
(MWh) (%) (MWh) (s) 

GBDT 100 5.449 97.9 2.351 0.256 
GBDT 99 5.458 97.9 2.355 0.218 
GBDT 98 5.465 97.9 2.357 0.228 
GBDT 97 5.479 97.9 2.361 0.254 
GBDT 96 5.491 97.9 2.366 0.364 
GBDT 95 5.525 97.8 2.380 0.252 
GBDT 94 5.537 97.8 2.384 0.205 
GBDT 93 5.567 97.8 2.398 0.217 
GBDT 92 5.572 97.8 2.400 0.218 
GBDT 91 5.58 97.8 2.403 0.207 

 

Tables 4.2 and 4.3 provide a more detailed breakdown of the top 10 performing models 

for both RF and GBDT, respectively. The results show that even with minor variations in 

hyperparameters, both models consistently achieve high levels of accuracy in predicting 

hydroelectric power production. 
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The performance of the RF model can be attributed to its ensemble nature. Multiple 

decision trees work together to improve predictive accuracy. The random selection of features 

for each split reduces the likelihood of overfitting, making the model robust and generalisable.  

 

In contrast, the GBDT model, while a powerful tool, is sensitive to hyperparameters and 

requires careful tuning. The iterative boosting process, which corrects errors of previous trees, 

can sometimes lead to overfitting if not adequately managed. It is important to note these 

challenges and the need for parameter optimisation when using the GBDT model. 

 

In conclusion, while the RF and GBDT models effectively forecast hydroelectric power 

production, the RF model exhibited superior predictive accuracy across multiple metrics.  

However, the GBDT model compensated for its slightly lower accuracy with 

exceptional computational efficiency, making it over twice as fast as the RF model in generating 

predictions.  

 

The findings of this study have significant practical implications. Accurate forecasting 

of hydroelectric power generation enables better grid management, optimising the balance 

between supply and demand. This is particularly important in regions with variable renewable 

energy sources, where predicting generation can reduce the reliance on fossil fuels and improve 

grid stability. 

 

 Furthermore, these models can assist in operational planning, allowing for better 

scheduling of maintenance activities and resource allocation. The improved accuracy of the RF 

model provides a reliable tool for energy planners and operators to make informed decisions, 

enhancing the efficiency and sustainability of HPPs. 
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Figure 4.1. Compared data 

 

 

 
Figure 4.2. RF Results 
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Figure 4.3. GBDT Results 

 

The choice of RF and GBDT depends on the goals and the specific application. GBDT 

might be preferable for real-time dam operations due to its inherent parallelism, allowing for 

faster predictions when analysing incoming data. However, RF might be favoured for long-

term planning efforts that prioritise accuracy. 

 

The level of interpretability required in a hydroelectric power system can also influence 

model choice. With its ensemble of decision trees, RF can provide some level of interpretability 

through feature importance scores. However, GBDT can be more challenging to interpret, 

especially with deeper trees and complex feature interactions. 

 

Lastly, model maintenance is another crucial consideration. RF models can be relatively 

stable over time, as the randomness inherent in their construction provides some robustness to 

changes in the underlying data. GBDT models, however, might require more frequent retraining 

as they can be more sensitive to changes in the data distribution. 
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5. CONCLUSIONS 

The study has shown promising results in forecasting hydroelectric power production at 

the Aslantaş HPP by utilising historical power generation, meteorological, and calendar data 

with tree-based ML models, namely RF and GBDT. Proposed models have demonstrated 

reliable performance in predicting future hydroelectric power generation.  

 

The RF and GBDT models have consistently demonstrated robust performance in 

forecasting hydroelectric power production. This reliability paves the way for more informed 

decision-making in resource allocation, reservoir management, and grid integration, all crucial 

aspects for a sustainable future. The RF model shows promising results in enhancing the 

precision of hydroelectric power forecasting. Its contribution to sustainable energy practices is 

significant, ensuring the efficient use of natural resources for electricity generation and water 

management. These results should inspire confidence in the effectiveness of these models for 

our professional colleagues and researchers in the field.  

 

The research advances the understanding of hydroelectric power forecasting and offers 

practical opportunities for decision-makers in the energy sector. Incorporating AI-based 

algorithms into forecasting models is essential to meet the increasing demand for renewable 

energy. Future research may explore more AI-based algorithms and optimisation techniques to 

enhance accuracy in diverse operational settings. 

 

Accurate forecasting of hydroelectric power generation is crucial for efficient grid 

management, optimising the balance between supply and demand. The RF model's superior 

performance provides a reliable tool for energy planners and operators, enabling better 

scheduling of maintenance activities, resource allocation, and operational planning. This leads 

to improved efficiency and sustainability of HPPs. Precise hydroelectric power forecasting 

reduces reliance on fossil fuels, lowering carbon emissions and promoting environmental 

sustainability. Additionally, it supports the economic planning of electricity generation, 

optimising investment strategies for hydroelectric projects, and ensuring the stable and efficient 

operation of the power grid. 
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6. RECOMMENDATIONS 

Future research should explore other AI-based algorithms, such as deep learning models 

(e.g., LSTM, CNN), hybrid models, and ensemble methods, to further enhance the accuracy 

and robustness of hydroelectric power forecasting. 

 

Incorporating real-time data from various sources, such as satellite imagery, advanced 

meteorological forecasts, and IoT-based sensors, can improve the timeliness and accuracy of 

predictions. This real-time integration will help address the dynamic nature of hydroelectric 

power generation. 

 

It is important to note that these results are specific to the dataset and parameters used 

in this study. The performance of the models may vary depending on the data's characteristics 

and the models' specific configuration. Further research is needed to explore the generalizability 

of these findings to other datasets and forecasting scenarios. 

 

Implementing advanced optimisation techniques, such as genetic algorithms, particle 

swarm optimisation, and grid search, can fine-tune model parameters, enhancing the predictive 

performance of AI models. 

 

Extending the research to different types of HPPs, including run-of-river, pumped 

storage, and small-scale hydro plants, will validate the generalizability of the proposed models 

and identify any unique challenges associated with these settings. 

 

Developing models for long-term forecasting can aid in strategic planning and 

policymaking, ensuring sustainable energy development and resilience against climate change 

impacts. 

 

The study advances the understanding of hydroelectric power forecasting using AI-

based algorithms, offering practical tools for enhancing the efficiency and sustainability of 

HPPs. The RF model shows excellent potential for improving the precision of hydroelectric 
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power forecasts, supporting better decision-making in resource management and grid 

operations. By incorporating AI into hydroelectric power forecasting, the energy sector can 

move towards more sustainable and reliable energy solutions, contributing to global efforts in 

combating climate change and promoting renewable energy adoption. 
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