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Abstract. Increased electricity consumption in Indonesia requires coal-fired power plants to 

operate at high efficiency. This study proposes a data-driven approach to predict the efficiency 

of coal-fired steam turbines by utilizing 844 historical operational data points from the XYZ 

coal-fired power plant. Input variables include main steam pressure and temperature, main steam 

flow, final feedwater temperature, and condenser vacuum pressure. Four machine learning 

algorithms, namely Random Forest, Extra Trees, XGBoost, and Support Vector Regression, 

were evaluated using R², RMSE, and MAE. Based on the results of the study, it can be concluded 

that predictive models using Random Forest, Extra Trees, and XGBoost can predict steam 

turbine efficiency with high accuracy, especially after hyperparameter adjustments that increase 

the R² value and reduce the RMSE and MAE values in all models. The Extra Trees model proved 

to be the best model with an R² value of 0.8655 and an MAE of 0.5612, demonstrating its ability 

to capture the complex relationship between operational variables and turbine efficiency. This 

approach has practical implications for continuous improvement strategies in coal-fired power 

plant operations. 

Keywords: Data-based predictions, importance of features, machine learning, steam turbine 

efficiency, thermal power plants. 
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1. Introduction  

Electricity demand in Indonesia continues to increase, with per capita electricity consumption reaching 

1,337 kWh/capita in 2023, up 13.98% from 1,173 kWh/capita in the previous year [1],[2]. Steam power 

plants play an important role as a primary energy source and must operate reliably to meet increasing 

electricity demand [3]. The efficiency of turbines, which convert thermal energy from steam into 

mechanical energy to turn generators, greatly affects the reliability of steam power plants [4]. Turbines 

are the second largest source of exergy loss after boilers, accounting for 6,403 kW (7.6%) of the total 

84,193 kW [5], making improving turbine efficiency a crucial factor. Low efficiency not only increases 
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fuel consumption, but also increases operating costs and reduces the competitiveness of power plants 

[6]. 

The method of monitoring steam turbine efficiency has thus far relied on physical approaches and 

manual inspections that are time-consuming, inflexible, and less than optimal in handling the complexity 

of operational variables. The availability of real-time operational data opens up opportunities for the 

application of machine learning (ML) as an alternative solution. ML algorithms are capable of handling 

non-linear relationships between variables, processing large amounts of data, and generating faster and 

more accurate predictions. This approach can not only detect efficiency declines earlier, but also provide 

recommendations for improvements and information about the operational variables that most affect 

turbine performance [7]. 

The application of ML in the energy sector has been proven to improve efficiency and predictive 

capabilities, for example through DNN and LS-SVM to predict SOx-NOx emissions in coal-fired power 

plants and the service life of transformers in nuclear power plants [7],[8]. Other studies show the role of 

ML in asset management, energy diagnostics, gas turbine prediction, power plant health monitoring, 

and steam turbine efficiency analysis based on operational data [9]-[12]. RF and SVR algorithms are 

effective in predicting power plant output [13], while Extra Trees excel in boiler data classification [14]. 

Furthermore, data approaches are used in steam turbine optimization to address load, design, and 

environmental variations [15], while the integration of IoT and ML has also been proven to improve 

energy prediction [16]. ML is increasingly being used for predictive maintenance, RUL prediction, 

hydro energy estimation, and factory performance monitoring, which have been proven effective in 

preventing early failure of critical components [17]-[20]. As the demand for electrical energy increases, 

the application of ML in monitoring and optimizing the efficiency of steam turbines in coal-fired power 

plants is becoming increasingly relevant [21]. 

However, there is still a significant research gap, where most studies focus more on power prediction, 

emissions, fault detection, load forecasting, and predictive maintenance, while studies targeting steam 

turbine efficiency in actual power plant operating conditions are still limited. In-depth analysis of the 

causal relationship between operational variables such as main steam pressure, main steam temperature, 

and condenser vacuum with turbine efficiency is rarely explained explicitly, as is the use of feature 

importance analysis in ML for operational improvement strategies.  

The uniqueness of this research lies in the development of an ML-based steam turbine efficiency 

prediction model that emphasizes prediction accuracy and interpretability through feature importance. 

Using historical data from the DCS of the XYZ Company power plant, this study not only produced an 

accurate prediction model but also identified the most influential operational variables, thereby 

providing added value compared to previous studies that focused more on model evaluation metrics 

(MAE, RMSE, R²). 

The objective of this study is to develop a prediction model for the efficiency of coal-fired steam 

turbines using machine learning algorithms, while identifying the operational variables that most 

influence efficiency. In terms of managerial implications, this study is expected to support technical 

decision-making in coal-fired power plants through data-based optimization strategies. The practical 

benefits that can be achieved include increased turbine thermal efficiency, reduced fuel consumption, 

lower operating costs, and increased competitiveness of power plants. Thus, this research makes a real 

contribution to the sustainability of the national power generation system through the application of 

intelligent technologies that are adaptive to the complexity of power plant operations. 

  

2. Methods 

This study uses a data-based quantitative approach by applying machine learning algorithms (Random 

Forest, XGBoost, Extra Trees Regression, and Support Vector Machine) to predict steam turbine 

efficiency. The input variables used include Main Steam Pressure (MPa), Main Steam Temperature (°C), 

Main Steam Flow (tons/hour), Final Fuel Water Temperature (°C), and Condenser Pressure (kPa), while 

the target variable is Turbine Efficiency (%). 
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Figure 1. Research Flowchart 

 
2.1 Pre-Processing and outlier removal 

Operational turbine data was obtained from the Centralized Control System (DCS) of the XYZ Power 

Plant with a resolution of one hour, producing 844 data points. Preprocessing included the removal of 

irrelevant columns (‘No’, ‘TIME’), checking for duplicates, and detecting and removing outliers using 

the Interquartile Range (IQR) method. To maintain model stability, normalization and standardization 

were performed with StandardScaler, especially on SVR, which is sensitive to scale. Correlation 

analysis with heatmaps was used to evaluate the relationship between variables, and features with very 

low correlations were eliminated. 

 
2.2 Training and testing data method, feature selection and feature importance 

Feature selection was performed using the embedded method through feature importance analysis on 

Random Forest, Extra Trees, and XGBoost. The data was divided into 80% training and 20% testing 

using train_test_split with a fixed random_state to ensure reproducibility. The 80/20 ratio was chosen 

because the dataset size was limited but still provided enough data for validation.  

 
2.3 Model Development 

The modeling stage is carried out using Random Forest, Extra Trees, XGBoost, and SVR algorithms in 

a structured pipeline to maintain the flow of pre-processing and training consistently on each model 

tested. The model utilizes five input variables: Main Steam Pressure (x₁, in MPa), Main Steam 

Temperature (x₂, in °C), Main Steam Flow (x₃, in ton/hour), Final Feedwater Temperature (x₄, in °C), 

and Condenser Pressure (x₅, in kPa), with Turbine Efficiency (y, in %) serving as the target output 

variable. 

Random Forest Regression Mathematical Model: where each Decision tree is trained from a random 

subset of data and a random subset of features and the average of all trees will be the final prediction. 

(Eq. 1) 

ŷ𝑅𝐹(𝑥) =
1

𝑁
∑ 𝑇𝑖(𝑥1,

𝑁

𝑖=1

𝑥2, 𝑥3, 𝑥4, 𝑥5,) 

(1) 

𝑇𝑖 is the i-th Decision tree 

Each𝑇𝑖 generates efficiency predictions based on a tiered division of features up to 𝑥1 𝑥5  

Random Extra Tree Mathematical Model where there is no boostrap and all data is used (Eq. 2) 

ŷ𝐸𝑇(𝑥) =
1

𝑁
∑ 𝑇̃𝑖(𝑥1,

𝑁

𝑖=1

𝑥2, 𝑥3, 𝑥4, 𝑥5) 
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(2) 

𝑇̃𝑖 is the I-th tree with random splits  

XGBoost Mathematical Model (Eq. 3) 

ŷ𝑋𝐺𝐵(𝑥) = ∑ 𝑓𝑚(𝑥1,

𝑀

𝑚=1

𝑥2, 𝑥3, 𝑥4, 𝑥5,)    𝑓𝑚 ∈ ℱ 

(3) 

With total loss function (Eq. 4) 

ℒ(𝑡) =  ∑[𝑙(

𝑛

𝑖=1

𝑦1, ŷ𝑖
(𝑡−1)

+ 𝑓𝑡(𝑥𝑖))] + 𝛺(𝑓𝑡) 

(4) 

Model regularization function (Eq. 5) 

𝛺(𝑓) = 𝛾𝑇 +  
1

2
𝜆 ∑ 𝑤

2 

𝑗

𝑇

𝐽=1

 

(5) 

To improve model performance, hyperparameter tuning was performed using GridSearchCV with 

10-fold cross-validation for each algorithm. Hyperparameter tuning was performed on Random Forest, 

Extra Trees, XGBoost, and SVR to improve prediction accuracy and reduce error. In Random Forest 

and Extra Trees, important parameters that were set included “the number of trees (n_estimators), 

maximum depth (max_depth), minimum number of samples at a node (min_samples_split, 

min_samples_leaf), and the number of features considered (max_features)”. In XGBoost, the settings 

include “n_estimators, max_depth, learning_rate, subsample, and colsample_bytree” to balance model 

capacity and the risk of overfitting. 

For SVR, adjustments are made through a pipeline with StandardScaler, including kernel selection 

(linear, rbf, or poly), regulation parameters (C), error tolerance (epsilon), and kernel-specific parameters 

such as gamma, degree, and coef0. 

In conclusion, the hyperparameter tuning process through grid exploration with cross-validation 

successfully produced an optimal configuration that improved R² and reduced error values (RMSE and 

MAE), enabling the model to better capture data characteristics without overfitting. 

An analysis of feature importance in tree-based models is also presented to identify the most 

influential variables in efficiency prediction, which can be used as a basis for decision-making in coal-

fired power plant operational optimization. 

 
2.4 Model validation (RMSE, R2 and MAE) 

Model performance evaluation was conducted using Root Mean Squared Error (RMSE) [22](Eq. 8), 

Mean Absolute Error (MAE) (Eq. 7), and R-squared (R²) [23] (Eq. 6)metrics, which were selected 

because they provide a comprehensive overview of the model's ability to predict steam turbine efficiency 

compared to actual values. 

𝑅2 = 1 − 
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖 − 𝑦̅𝑖)2𝑛
𝑖=1

 

(6) 

 

𝑀𝐴𝐸 =  
1

𝑛
 ∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1
 

(7) 

 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
 ∑ (𝑦𝑖 −  𝑦̂𝑖)2

𝑛

𝑖=1
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(8) 

R² (Eq. 6) is used to measure the variation in data explained by the model, MAE (Eq. 7) for mean 

absolute error, and RMSE (Eq. 8) to detect large errors. Scatter plot and time series graph visualizations 

are used to compare predicted values with actual values, while also verifying trend patterns and detecting 

deviations. 

 

2.5 Reproducibility and Ethics Notes 

All analyses were performed in Python (NumPy, Pandas, Matplotlib, Seaborn, Scikit-learn, XGBoost) 

with a consistent random_state. The dataset is limited and cannot be made public, but the processing 

procedures are described in detail so that they can be replicated on other PLTU data. 

 

3. Results and Discussion 

3.1 Data Pre-processing 

Data preprocessing began with correlation map analysis (Figure 2) to examine the relationship between 

input features and turbine efficiency. The results show that Main Steam Flow (0.77) and Main Steam 

Pressure (0.72) have a strong correlation with efficiency, while Main Steam Temperature (0.20) has 

only a weak correlation, and Final Fuel Water Temperature shows a negative correlation. These findings 

form the basis for feature selection in the modeling stage 

 
Figure 2. Heat Map Correlation Features for Initial Data 

Initial examination of the dataset removed irrelevant columns such as No and TIME, and detected 

abnormal distributions and outliers through histograms. Outliers were then cleaned using the IQR 

method, so that the data distribution became more symmetrical and consistent. The results (in Figure 3) 

show that correlation analysis indicates an increase in the strength of the relationship, particularly 

between Final Inlet Water Temperature and turbine efficiency (from 0.40 to 0.79), as well as a small 

increase in Main Steam Pressure (0.73) and Main Steam Flow (0.77). 
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Figure 3. Heat Map Correlation Feature for the Cleared Dataset 

Table 1. Descriptive Statistics of Features 
 Feature count mean std min 25% 50% 75% max 

Main Steam 

Pressure 
844 6.510142 1.085548 4.79 5.52 6.11 7.72 8.17 

Main Steam 

Temp 
844 520.9736 5.068686 510.04 518.035 521.38 524.2925 533.47 

Main Steam 

Flow 
844 274.7638 62.15693 201.89 214.4575 248.655 345.3775 366.09 

Final FW 

Temperatur

e 

844 215.6453 10.1794 202.13 205.475 212.325 227.4425 229.4 

Condenser 

Pressure 
844 -88.4719 1.710292 -91.72 -90.3125 -87.91 -87.31 -83.99 

Turbine 

Efficiency 
844 35.04387 2.242806 31.10668 33.06052 34.38769 37.47813 40.44481 

Based on Table 1, the data shows stable characteristics and is suitable for modeling. Main Steam 

Pressure has an average of 6.51 MPa with a fairly symmetrical distribution (4.79–8.17 MPa), while 

Main Steam Temperature is relatively stable at 520.97°C with small variations (510.04–533.47°C). The 

Main Steam Flow Rate shows a wide range with an average of 274.76 tons/hour, reflecting variations 

in operating load. The Feed Water Final Temperature is stable (215.65°C, range 202.13–229.4°C), and 

the Condenser Pressure is consistent at -88.47 kPa with small variations (-91.72 to -83.99 kPa). The 

average Turbine Efficiency Target is 35.04%, with considerable variation (31.11–40.44%), indicating 

significant differences between operating conditions. Overall, the data does not show extreme values 

and can be used directly as a basis for predictive modeling without the need for additional cleaning. 

 

3.2 Feature Selection 

Feature selection was performed using an embedded method by calculating the importance level of 

features from Random Forest, Extra Trees, and XGBoost. Only features that contributed significantly 

to the target (Turbine Efficiency) were retained, while features with low contributions were not 

prioritized. The main features used include Main Steam Pressure (MPa), Main Steam Temperature (°C), 

Main Steam Flow Rate (tons/hour), Feed Water Final Temperature (°C), and Condenser Pressure (kPa). 

These five variables were selected because they are directly related to energy conversion efficiency, 

thermodynamic performance, power output, thermal cycle, and turbine discharge conditions. 

All features were then processed through normalization or standardization to ensure consistency in 

the data scale. This is particularly important for scale-sensitive algorithms, such as Support Vector 

Regression (SVR), to improve the accuracy of model predictions. 

 



  

02604013-07 

3.3 Hyper Parameter Tuning Strategy 

Hyperparameters were adjusted on four main models: Random Forest, XGBoost, Extra Trees, and SVR. 

The process was carried out with grid search and 10-fold cross-validation using the R² score as the main 

metric. 

 
3.3.1 Random Forest Regressor 

For the Random Forest model, tuning was performed on five important parameters: 

a) n_estimators: [100, 200, 300, 400, 500] : Indicates the number of trees (decision trees) in the forest. 

b) max_depth: [10, 20, 30, 40, None] : Specifies the maximum depth of the tree. If None is set, the 

tree is allowed to grow until all leaves are pure. 

c) min_samples_split: [2, 5, 10] : The minimum number of samples to split a node. 

d) min_samples_leaf: [1, 2, 4] : The minimum number of samples a tree leaf should have. 

e) max_features: ['sqrt', 'log2', None] : The strategy for selecting the number of features to consider 

when forming the best split. 

With these combinations, the total possible parameter combinations for Random Forest are 

5 × 5 × 3 × 3 × 3 = 675 combinations, which were evaluated through cross-validation. 

 
3.3.2 XGBoost Regressor 

The tuning parameters for the XGBoost model include: 

a) n_estimators: [100, 200, 300, 400] 

b) max_depth: [3, 5, 7, 9, 11] 

c) learning_rate: [0.01, 0.05, 0.1, 0.2] 

d) subsample: [0.6, 0.8, 1.0] : Fraction of training data used to build each tree. 

e) colsample_bytree: [0.6, 0.8, 1.0] : Fraction of features used when building the tree. 

Total parameter combinations for XGBoost: 

4 × 5 × 4 × 3 × 3 = 720 combinations. 

 
3.3.3 Extra Trees Regressor 

The customized parameters are almost identical to Random Forest, including: 

a) n_estimators: [100, 200, 300, 400] 

b) max_depth: [10, 20, 30, 40, None] 

c) min_samples_split: [2, 5, 10] 

d) min_samples_leaf: [1, 2, 4] 

e) max_features: ['sqrt', 'log2', None] 

Total combinations: 

4 × 5 × 3 × 3 × 3 = 540 combinations. 

 
3.3.4 Support Vector Regressor (SVR) 

The SVR model was used in the pipeline with StandardScaler, and tuning was performed on the 

parameters: 

a) kernel: ['rbf', 'linear', 'poly'] 

b) C: [0.1, 1, 10, 100] : Regularization parameter. 

c) epsilon: [0.01, 0.1, 0.2] 

d) gamma: ['scale', 'auto'] 

e) degree: [2, 3, 4] (only relevant if kernel = 'poly') 

f) coef0: [0.0, 0.1, 0.5] 

Since degree and coef0 only matter for the 'poly' kernel, not all combinations are fully used for 

all kernels. But roughly, the estimated total number of combinations is close: 

3 (kernels) × 4 × 3 × 2 × 3 × 3 = 648 combinations (maximum). 
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3.4 Model Development Result 

This section presents the results of steam turbine efficiency predictions using the XGBoost, SVR, 

Random Forest, and Extra Trees algorithms. The evaluation was conducted using scatter and line 

diagrams to compare the predicted values with the actual values, while also assessing the accuracy and 

consistency of each model in capturing turbine efficiency trends.  

 

 
Figure 4. Scatter Plot prediction results for (a) XG Boost, 

(b) SVR, (c) Random Forest, (d) Extra Trees 

The scatter plot between the predicted and actual values shows that Random Forest and Extra Trees 

produce predictions that are very close to the ideal line (y = x), indicating good predictive power. 

XGBoost shows larger deviations, especially at high efficiency values, indicating possible overfitting or 

sensitivity to non-linearity. 
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Figure 5. Line Plots of prediction results for (a) Random Forest,  

(b) Extra Tree, (c) XG Boost, (d) SVR 

The visualization results (Figure 5) show that Extra Trees and Random Forest produce the most 

stable and accurate turbine efficiency predictions compared to other models, because their prediction 

trends are more consistent and closer to actual values, making them potentially implementable in real-

time turbine efficiency monitoring to support power plant operation optimization. 

 
3.5 Model Validation Result 

Four ML algorithms-Random Forest, Extra Trees, XGBoost, and SVM-were used to develop the 

regression model. The data was split 80% for training and 20% for testing. Model evaluation was 

performed using R², RMSE, and MAE metrics. 

Table2 . Evaluation Metrics 

Model 
R² basic 

model 

R² 

hyperparameter 

tuning 

RMSE 

basic 

model 

RMSE 

hyperparameter 

tuning 

MAE 

basic 

model 

MAE 

hyperparameter 

tuning 

Random 

Forest 

0.8381 0.8405 0.9118 0.9052 0.6034 0.5957 

XGBoost 0.8006 0.8476 1.012 0.8848 0.6284 0.5813 

Extra Trees 0.8579 0.8655 0.8544 0.8311 0.5732 0.5612 

SVR (RBF) 0.8349 0.8377 0.9208 0.913 0.5748 0.5738 
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Table 2 shows that all models experienced improved performance after hyperparameter optimization, 

as indicated by an increase in R² values and a decrease in RMSE and MAE values. XGBoost recorded 

the most significant improvement (R² from 0.8006 to 0.8476), while Extra Trees remained the best 

model with the highest R² (0.8655) and lowest MAE (0.5612). Random Forest also showed 

improvement, albeit relatively small, while SVR only experienced a marginal improvement. Overall, 

Extra Trees is recommended for implementation due to its accuracy and consistency, with XGBoost as 

a competitive alternative. 

 
3.6 Feature Importance Analysis 

The feature importance analysis (Figure 6) shows that Main Steam Flow is the most dominant variable 

in predicting turbine efficiency in all models. Random Forest and Extra Trees also highlight the 

significant role of Final Inlet Water Temperature and Condenser Pressure, while XGBoost tends to 

emphasize only Main Steam Flow. Overall, Extra Trees is rated as the best model because it provides 

the highest prediction accuracy and stability, making it a worthy primary reference in data-based turbine 

efficiency optimization. 

 
Figure 6. Feature Importance for (a) Random Forest, (b) Extra Tree, (c) XG Boost 

 

Discussion 

The application of a machine learning (ML)-based steam turbine efficiency prediction model makes an 

important contribution to managerial strategies at coal-fired power plants. With its ability to generate 
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real-time predictions, this model enables more accurate and continuous monitoring of turbine 

performance. This is in line with research by Chatterjee et al. [24], which emphasizes that the application 

of ML in power generation systems can support early detection of performance decline, enabling 

management to take corrective measures before significant operational losses occur. 

The results of the feature importance analysis in this study confirm that the variables of Main Steam 

Flow, Final Fuel Water Temperature, and Condenser Pressure are the dominant factors affecting turbine 

efficiency. These findings are consistent with the study by Han et al. [25], which shows that steam flow 

conditions and condensation system performance are the main determinants of power plant thermal 

efficiency. By understanding these key variables, power plant management can focus maintenance 

efforts on the most critical components, making optimization strategies more effective. 

In addition, the use of this predictive model opens up opportunities for condition-based maintenance, 

which is more cost-effective than conventional maintenance schedules. Research by Al-Humairi et al. 

[26], shows that this type of predictive approach can reduce unnecessary cleaning operations by around 

30%, thereby reducing mechanical wear and maintenance costs. Furthermore, by minimizing delays in 

necessary cleaning, the system is able to increase annual energy production by 3–5% under high 

contamination conditions. Thus, the application of this predictive model not only improves the 

operational reliability of turbines, but also supports cost efficiency and operational sustainability of coal-

fired power plants. 

From a policy perspective, these research results support the integration of ML-based monitoring 

dashboards into energy management systems at coal-fired power plants. Thus, the integration of IoT and 

ML in power plant monitoring can increase operational transparency and accelerate decision-making. 

By establishing Key Performance Indicators (KPIs) based on efficiency predictions, management can 

more quickly identify deviations and make continuous improvements. Ultimately, this strategy not only 

contributes to technical efficiency but also supports carbon emission reduction targets through fuel 

consumption optimization. 

 

4. Conclusion 

This study proves that machine learning algorithms particularly Extra Trees, are capable of predicting 

steam turbine efficiency with high accuracy (R² = 0.8655; MAE = 0.5612) using historical operational 

data from coal-fired power plants. The main contribution of this study is to demonstrate the superiority 

of a data-driven approach in capturing complex relationships between variables and identifying key 

factors, namely main steam flow, final feedwater temperature, and condenser pressure, which most 

influence turbine efficiency. The uniqueness of this research lies in its application to a real coal-fired 

power plant, providing relevant technical insights for sustainable efficiency improvement strategies. 

However, this study has limitations because it only uses a dataset of 844 points from one PLTU unit, so 

the generalization of the results is still limited. Therefore, further research needs to be conducted 

involving multi-PLTU data, a wider variety of operational conditions, and the development of a real-

time prediction system so that it can be directly implemented in operational control. The direction of 

future research is expected to strengthen model validation while making a tangible contribution to 

improving performance and energy efficiency in Indonesia's electricity sector. 
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