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Abstract –Fossil fuel-based power generation remains a core component of many energy systems. However, 
growing electricity demand influenced by government policies, economic development, and societal behavior 
can challenge the stability of power supply networks. This study focuses on improving the productivity of 
combined-cycle power plants using machine learning techniques to better match electricity generation with 
consumption while minimizing inefficiencies. Several algorithms, including Bagging decision tree, Random 
Forest, Gradient Boosting, and XGBoost, are implemented to predict energy output. A parameter tuning 
process is conducted to enhance model accuracy using negative root mean square error as the evaluation 
metric. The results indicate that Gradient Boosting achieves the highest accuracy, with a mean absolute error 
of 2.215449. Additionally, a neural network model is developed to optimize key operational parameters such 
as temperature, ambient pressure, and humidity. This model integrates a Quasi-Newton-based activation 
function to improve adaptability and precision. The identified optimal values are a temperature of 19.38°C, 
exhaust vacuum of 25.43 cm Hg, ambient pressure of 1021.4 millibars, relative humidity of 60.8 percent, and 
an energy output of 462.09 megawatts. Temperature is recognized as the most significant influencing factor. 
Using real-world data from the Zavareh Combined Cycle Power Plant, the study offers practical insights for 
enhancing energy sector performance. 
 
Keywords– Artificial Intelligence, Disruption, Electricity Generation, Neural Network, Supply Chain 
Management.                                

I. INTRODUCTION 
The energy sector is a vital component of society, often described as a supply chain that spans from power 

generation in plants to consumption by end-users. It encompasses various operations, including generation, 
transmission, distribution, and consumption. Efficient management of these processes is essential to meet end-user 
energy demands effectively. Therefore, energy security in societies is closely linked to the efficient functioning of this 
supply chain. The energy supply chain can include networks for electricity, gas, petroleum, and crude oil, all of which 
are essential for meeting people's daily energy needs (Attari et al., 2022; Gilani et al., 2025). 
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Among these networks, electricity plays a major role in the energy mix of many societies, powering lighting, 
cooling, and various electrical devices essential to every household. The electricity supply network generally consists of 
power generation plants, transmission centers, distributors, and retailers. The efficient operation of each of these 
facilities is crucial for meeting the electricity demands of the affected area. Within the electricity supply network, power 
generation technologies include fossil fuel-based systems, renewable energy sources, and nuclear technologies 
(Nagurney and Matsypura, 2007; Aghajani et al., 2025). Among these, fossil-fuel-based systems, particularly 
combined-cycle power plants (CCPPs), are commonly used in developing countries. 

High energy consumption can significantly disrupt the balance of the electricity supply network in societies. This 
imbalance may stem from government policies, economic strategies, or, in some cases, social behaviors (Alipoor et al., 
2024). The inability to meet electricity demand and ensure a stable supply in CCPPs can lead to imbalances in the 
electricity supply network, a challenge observed in some developing countries (Zhang et al., 2019; Eskandari et al., 
2024). Addressing this imbalance in the electricity supply network requires enhancing productivity to maximize the 
network's capacity and transition to a more responsive system. CCPPs, in particular, hold significant potential for 
productivity improvements, as many currently operate with low efficiency due to thermal waste (Darmawan et al., 
2025; Ardestani et al., 2025; Gilani et al., 2023). 

Artificial Intelligence (AI) has become an indispensable part of modern life, revolutionizing how humans interact 
with technology and address daily challenges. From healthcare to education, transportation, communication, and 
energy, AI is transforming industries by offering innovative solutions, enhancing efficiency, and personalizing 
experiences (Vijayalakshmi et al., 2023; Gilani and Sahebi, 2024). This potential can also be harnessed in the energy 
sector to efficiently develop innovative solutions for addressing disruptions. 

AI is revolutionizing the energy sector, particularly in CCPPs, by enhancing productivity and operational efficiency 
through advanced machine learning (ML) and neural network technologies. ML algorithms are employed to predict 
electricity outputs with high accuracy, enabling power plants to align generation with demand and reduce inefficiencies 
(Kaewprapha et al., 2022; Fattahi et al., 2020). Simultaneously, neural networks optimize critical operational 
parameters such as temperature, humidity, and ambient pressure, ensuring the plant operates at peak performance under 
varying conditions. These AI-driven solutions not only improve energy conversion efficiency and reduce emissions but 
also enhance the plant's adaptability to dynamic environmental and operational challenges. Furthermore, this application 
can be extended to manage disruptions, such as energy supply chain imbalances, by providing real-time insights and 
predictive analytics to balance supply and demand, mitigate risks, and maintain grid stability. By integrating AI, CCPPs 
can achieve greater reliability, sustainability, and resilience in an increasingly complex energy landscape. 

The present study offers the following key contributions: 

• To enable precise performance assessment of CCPPs using real-time data, this study deploys Internet of Things 
(IoT) sensors throughout the plant to continuously monitor and analyze critical operational parameters, 
including temperature, exhaust vacuum, ambient pressure, and relative humidity. 

• Given the strong dependence of the proposed machine learning algorithms on input parameters and their 
sensitivity to parameter variations, this study introduces a parameter tuning procedure designed to optimize 
algorithm performance. The effectiveness of this approach is evaluated using the negative root mean square 
error (NRMSE) as the performance metric.  

• To accurately predict electricity output in a CCPP, this study employs a suite of advanced machine learning 
algorithms, including Bagging decision tree, Random Forest, Gradient Boosting, and XGBoost. The 
performance of these models is systematically compared to identify the most effective approach for optimizing 
power generation in response to fluctuating demand. 

• This study proposes a novel method to optimize key input parameters of CCPPs, including temperature, 
exhaust vacuum, ambient pressure, and relative humidity, by developing a neural network model designed to 
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improve operational efficiency. The model incorporates a Quasi-Newton-based activation function that 
enhances its adaptability and predictive accuracy under dynamic operating conditions.         

The paper is structured as follows: the second section presents a literature review, the third section outlines the 
methodology, the fourth section discusses the results, and the fifth section provides the conclusion. 

II. LITERATURE REVIEW 
Today, most studies on predictive models in electricity networks focus on renewable energy-based systems. In this 

context, the first subsection highlights the most prominent research in this field.   

A. Application of machine learning methods in renewable energy-based systems 
Recent studies on machine learning (ML) models for predicting electricity generation from photovoltaic (PV) 

systems highlight the effectiveness of various techniques. Bayesian regularized neural networks achieved the highest 
accuracy with 𝑅2 of 99.99% (Chahboun and Maaroufi, 2021). Hybrid models, such as those combining an improved 
bird swarm algorithm with extreme learning machines, also demonstrated strong performance across different weather 
conditions (Wu et al., 2021). Support Vector Machines (SVM), artificial neural networks (ANN), and deep learning 
models were widely used, with SVM showing the best results in some cases, achieving 𝑅2=0.9921 (Ağbulut et al., 
2020). Other models, such as ensemble learning approaches and recurrent neural networks, were also effective, 
particularly in short-term PV power forecasting (Yan et al., 2023; Dairi et al., 2020; Essam et al., 2022). 

In the domain of wind power prediction, hybrid and ensemble models have been dominant. The combination of 
three-level decomposition, kernel extreme learning machines, and improved Grey Wolf Optimization achieved 
𝑅2=0.9922, significantly improving forecasting accuracy (Han and Tong, 2020). Other methods, including deep 
residual networks and graph neural networks, successfully captured spatiotemporal correlations in wind turbine data 
(Li, 2022). Extreme learning machines (ELM) and recurrent neural networks (RNN) were also popular, particularly for 
short-term forecasting, due to their ability to handle fluctuations in wind power (An et al., 2022; Özen and Deniz, 
2022). Meanwhile, for hydropower generation, Gaussian process regression (GPR) and ensemble models, such as 
random forests, proved to be effective, with GPR achieving a correlation coefficient of 0.92 (Ekanayake et al., 2021; 
Mohammad-Rafiei et al., 2025). 

The integration of AI into CCPPs has gained significant attention in recent years due to its potential to enhance 
productivity, operational efficiency, and sustainability. CCPPs, which utilize both gas and steam turbines to maximize 
energy output, are complex systems that require precise control and optimization of multiple parameters. AI, 
particularly through ML and neural networks, has shown significant promise in addressing these challenges by enabling 
predictive analytics, real-time optimization, and proactive disruption management. The literature on CCPPs has been 
reviewed using two methodologies: traditional machine learning techniques and neural networks.  

B. Application of traditional machine learning methods in CCPP-based systems 
In the literature, neural networks are widely used to predict the performance of energy systems because they can 

model complex, nonlinear relationships in operational data. The predictive performance of machine learning models 
varies across algorithms, making it crucial to determine the most suitable model for a given task. In a study by Rasheed 
(2023), the performance of Deep Learning was evaluated against Random Forest, Gradient Boosting, and Multi-Layer 
Perceptron models using RMSE and MAE as metrics. The results indicated that Deep Learning achieved superior 
accuracy, with a 35% reduction in MAE and a 48% decrease in RMSE compared to the other approaches. Bistline and 
Merrick (2020) developed an open-source capacity planning model for power plants to assist stakeholders in evaluating 
investment, profitability, plant lifespan, and environmental impact. They identified data quality issues in emerging 
markets, which affected reliability. To address this, they employed Linear Regression and K-Nearest Neighbors (KNN) 
to estimate unknown parameters by learning from a known market (USA) and applying the models to an unknown 
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region (Canada). Their study concluded that KNN provided more accurate predictions than Linear Regression. 

Hundi and Shahsavari (2020) developed a machine learning-based model to predict CCPP power generation without 
relying on thermodynamic equations. Using Support Vector Machines, Random Forest Regression, Linear Regression, 
and Multi-Layer Perceptron (MLP), they trained models on five years of data, with 75% for training and the rest for 
testing. Key input variables included humidity, exhaust vacuum pressure, atmospheric pressure, and ambient 
temperature. They reported that the Random Forest model delivered the highest performance, attaining an R² of 95.9%, 
a MAE of 2.4 MW, and a RMSE of 3.5 MW. Similarly, Tufekci (2014) introduced a machine learning-based method 
for predicting the full-load electric power output of a combined cycle power plant, offering an alternative to 
conventional thermodynamic modeling. Using six years of data, she analyzed 15 regression algorithms with four input 
variables: air humidity, ambient temperature, exhaust pressure, and atmospheric pressure. The study found that the 
Bagging Rep Tree (BREP) meta-learning algorithm was the most accurate, achieving an RMSE of 3.787 and an MAE 
of 2.818 (Danesh et al., 2021).  

C. Application of neural networks in CCPP-based systems 
Hydropower, supplying 60% of global renewable energy, requires accurate capacity prediction. Condemi et al. 

(2021) modeled hydropower production in Northern Italy using meteorological and climatic data, along with reservoir 
water volume. They applied ANN algorithms (MLP, ELP, SVR) with Gaussian, Polynomial, and Linear kernels, 
incorporating Principal Component Analysis (PCA) for feature reduction. Results showed MLP as the most accurate, 
achieving an RMSE of 0.2593 and MAE of 0.2128 TWh. Ali et al. (2021) developed a power prediction model for a 
Waste Heat Recovery (WHR) system at a cement plant in Pakistan using a Feed Forward Back-Propagation Neural 
Network (FF-BPNN). The training process utilized steam pressure, inlet steam temperature, and mass flow rate as input 
variables. A thermodynamic analysis using the Engineering Equation Solver (EES) estimated the system’s thermal 
efficiency at 19.75% and power output at 10.06 MW. The BPNN model accurately predicted power with a mean 
squared error of 0.283 using 10 hidden neurons. Rashid et al. (2015) used Particle Swarm Optimization (PSO) to train a 
Feed Forward Neural Network (FFNN) for predicting the average hourly power output of a CCPP. The model 
incorporated ambient temperature, atmospheric pressure, relative humidity, and vacuum as key input parameters. 
Trained with 10 hidden neurons over 50 iterations, the model achieved a Mean Squared Error (MSE) of 0.0001019 for 
training and 0.0055 for testing data. 

Adams et al. (2020) developed a machine learning model combining deep learning and least-squares Support Vector 
Machine (SVM) to predict Sulphur Oxides (SOx) and Nitrogen Oxides (NOx) emissions from coal combustion in a 
power plant. Using KEPCO's commercially available data, the Deep Neural Network (DNN) improved prediction 
accuracy by 39.24% for SOx and 26.58% for NOx, while the Least Squares Support Vector Machine (LSSVM) further 
increased accuracy by 74.01% for SOx and 26.51% for Nox. Akdemir (2016) developed a Multi-Layer Perceptron 
(MLP) model for predicting hourly electric power generation in a CCPP using an Artificial Neural Network (ANN). 
The dataset, which included four variables and 9,685 features, was analyzed using a two-fold cross-validation to ensure 
reliability, and the model achieved a Mean Squared Error (MSE) of 3.176 and an R² of 0.96675. 

Recent advancements in machine learning have significantly enhanced the predictive capabilities and operational 
efficiency of CCPPs. Yi et al. (2023) introduced a hybrid model integrating transformer encoders with deep neural 
networks (DNNs) to accurately forecast power generation, demonstrating the potential of attention mechanisms in 
handling complex temporal dependencies. Asghar et al. (2023) focused on sustainable CCPP operations, employing AI-
based prediction models to align energy output with environmental and operational goals. Similarly, Ntantis and 
Xezonakis (2024) proposed an innovative machine learning approach aimed at optimizing electric power prediction, 
contributing to improved control strategies under varying load conditions. Saeed et al. (2023) presented a hybrid 
framework combining recurrent neural networks (RNNs) with the Waterwheel Plant Algorithm for optimizing power 
output predictions, achieving enhanced accuracy and convergence. Zhang et al. (2024) further advanced this line of 
research by integrating machine learning techniques with the Hunger Games Search (HGS) algorithm, offering a robust 
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solution for electricity load forecasting in CCPPs. Collectively, these studies underscore the growing importance of 
intelligent algorithms in managing and optimizing power plant performance under dynamic and uncertain operating 
environments. 

Despite recent advancements, several critical research gaps remain unaddressed in the context of CCPPs: 

• Limited focus on energy supply chain disruptions: While many studies emphasize predictive modeling and 
optimization within power plants, there is a noticeable lack of research addressing the broader implications of 
supply chain disruptions—particularly regarding how fluctuations in electricity output affect the reliability and 
resilience of energy delivery systems. 

• Insufficient attention to electricity market imbalances: Imbalances between electricity supply and demand can 
lead to significant consequences, including increased operational costs, grid instability, and adverse effects on 
social welfare. Existing literature does not adequately explore strategies to mitigate these imbalances through 
intelligent, plant-level interventions. 

• Underutilization of AI for productivity enhancement: Although artificial intelligence techniques like machine 
learning and deep learning are gaining traction in power output prediction, their full potential remains 
underexploited. Specifically, many models lack integration with real-time operational data, optimization of 
operational inputs, and the prediction of power generation, limiting their adaptability and precision in dynamic 
environments. 

• Need for comprehensive input optimization through IoT integration and intelligent modeling: Advanced AI 
models depend on accurate and timely input data to function effectively. While some studies have used static 
datasets, few have integrated real-time data acquisition from Internet of Things (IoT) sensors to continuously 
monitor critical operational parameters, such as temperature, ambient pressure, exhaust vacuum, and relative 
humidity. Moreover, the optimization of these inputs remains an underexplored area. This study addresses this 
gap by employing a neural network model that incorporates a Quasi-Newton-based activation function, 
enabling more effective tuning of inputs. This approach significantly enhances the model’s learning efficiency, 
adaptability to changing plant conditions, and overall predictive performance. 

III. PROBLEM AND METHODOLOGY 
The electric grid, or electric supply chain, consists of several critical facilities and operations. First, electricity is 

generated in CCPPs. The produced electricity is routed to transmission substations for conversion to high-voltage levels 
suitable for long-distance transmission. It is then delivered to distribution substations, where the voltage is reduced for 
local supply to end-users. Finally, power lines deliver electricity to end consumers. In the first stage, IoT sensors are 
deployed across a CCPP to collect and transmit real-time operational data. These sensors report critical operational 
parameters, including temperature, exhaust vacuum, ambient pressure, and relative humidity, within the CCPP. Figure 1 
illustrates the electric grid and the strategic placement of IoT sensors for monitoring and reporting critical operational 
parameters. 

Imbalances in the electric supply chain can be addressed by enhancing productivity in CCPPs. To achieve this, we 
identify key operational parameters in these plants and leverage AI technologies, including machine learning and neural 
networks. Ensemble-based methods such as Bagging, Random Forest, Gradient Boosting, and XGBoost have worked 
well when handling high-dimensional, multivariate data and overfitting through aggregating, while at the same time 
providing high interpretability of feature importance. The Neural Network (multi-layer perceptron) was incorporated to 
leverage its capacity to approximate highly nonlinear transformations between the input and output variables, which 
best applies to modeling CCPPs thermodynamic and operating complexity. Through comparison of a number of 
algorithms with complementary strengths, the study gives a closer evaluation and makes it possible to determine the 
optimum model for credible power prediction in CCPPs under real operating conditions. 
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Fig. 1. Electricity grid network and data collection procedure 

 In this study, power generation prediction for CCPPs is investigated through the application of various machine 
learning algorithms, including Bagging decision trees, Random Forest, Gradient Boosting, XGBoost, and a Neural 
Network based on a multi-layer perceptron (MLP). The predictive modeling is performed using a dataset that 
incorporates key input features known to influence CCPP performance, namely, temperature, exhaust vacuum, ambient 
pressure, and relative humidity. Beyond prediction, the study also aims to enhance operational productivity by 
optimizing these critical input parameters. This is achieved through a neural network model employing backpropagation 
within a multi-layer perceptron architecture, integrated with a Quasi-Newton-based activation function to improve 
convergence and adaptability. Such optimization not only supports more accurate output prediction but also increases 
thermodynamic and operational efficiency in CCPPs by enabling real-time adjustments that reduce energy losses and 
improve overall system performance. The following section provides a detailed overview of the machine learning 
models and neural network techniques utilized in the analysis. 

A. Bagging Decision Tree Algorithm 
Bagging decision tree algorithm (Bootstrap Aggregating) is an ensemble learning method that improves the stability 

and accuracy of decision trees by reducing variance (Sutton, 2005). It works by training multiple decision trees on 
different bootstrap samples of the dataset and averaging their predictions (for regression) or using majority voting (for 
classification). 

Algorithm Steps: 
1. Generate 𝐵 bootstrap samples (𝐷1, 𝐷2, …, 𝐷𝐵) from the original dataset 𝐷. 
2. Train a decision tree ℎ𝑏(𝑥) on each bootstrap sample. 

Aggregate predictions for regression by averaging: 𝑦� = 1
𝐵
∑ ℎ𝑏(𝑥)𝐵
𝑏=1  

Bagging decision tree algorithm reduces overfitting and improves predictive performance, especially for high-
variance models like decision trees. 
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B. Random Forest algorithm 
The Random Forest algorithm is an extension of the Bagging Decision Tree algorithm that further enhances 

performance by introducing feature randomness (Breiman, 2001). It builds multiple decision trees using bootstrapped 
datasets and randomly selects a subset of features for each tree split, reducing correlation between trees and improving 
generalization. 

Algorithm Steps: 
1. Generate 𝐵 bootstrap samples (𝐷1, 𝐷2, …, 𝐷𝐵) from the original dataset 𝐷. 
2. For each tree, at each split, randomly select a subset of 𝑚 features from the total 𝑀 features (where 𝑚 < 𝑀). 
3. Train a decision tree ℎ𝑏(𝑥) on each bootstrap sample using the selected features. 
4. Aggregate predictions for regression by using averaging: 

𝑦� =
1
𝐵
�ℎ𝑏(𝑥)
𝐵

𝑏=1

 (1) 

Random Forest reduces overfitting, handles high-dimensional data, and maintains strong accuracy even with 
missing values. Its ensemble approach enhances generalization, making it robust to noise and effective for both 
classification and regression. Additionally, it provides feature importance insights for better interpretability. 

C. Gradient Boosting algorithm 
Gradient Boosting is an ensemble learning method that builds a strong predictive model by sequentially training 

decision trees, where each tree corrects the errors of its predecessor (Friedman, 2001). It optimizes a loss function by 
minimizing residual errors using gradient descent. 

Algorithm Steps: 
1. Start with a weak learner, typically a single decision tree: 

𝐹0(𝑥) = argmin
𝛾

�𝐿(𝑦𝑖 , 𝛾)
𝑁

𝑖=1

 (2) 

Where 𝐿(𝑦𝑖 , 𝛾) is the loss function. 
For 𝑚 = 1 to 𝑀 (number of trees): 
 

2. Compute residuals (negative gradient of loss function): 

𝑟𝑖
(𝑚) = −

𝜕𝐿(𝑦𝑖 ,𝐹𝑚−1(𝑥𝑖))
𝜕𝐹𝑚−1(𝑥𝑖)

 (3) 

Fit a new decision tree ℎ𝑚(𝑥) to the residuals. 
Update the model: 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝜆ℎ𝑚(𝑥) (4) 

Where 𝜆 is the learning rate. 
 

3. Final Prediction: 

𝑦� = 𝐹𝑀(𝑥) (5) 

Gradient Boosting iteratively improves predictions by correcting residual errors using gradient descent. It supports 
various loss functions, making it highly flexible for different tasks. While powerful, it requires careful tuning of 
parameters like learning rate, subsampling, and tree depth to prevent overfitting. 
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D. Extreme Gradient Boosting algorithm 
Extreme Gradient Boosting (XGBoost) is an optimized version of the Gradient Boosting algorithm designed for 

efficiency, scalability, and performance (Chen and Guestrin, 2016). It introduces regularization techniques, handles 
missing data, and leverages parallel processing for faster computations. 

Algorithm Steps: 
1. XGBoost minimizes a regularized loss function: 

ℒ = �𝐿(𝑦𝑖 ,𝑦�𝑖)
𝑁

𝑖=1

+ � Ω(𝑓𝑚)
𝑀

𝑚=1

 (6) 

Where 𝐿(𝑦𝑖 ,𝑦�𝑖) is the loss function (e.g., squared error for regression, log-loss for classification), and Ω(𝑓𝑚) is a 
regularization term to prevent overfitting. 

2. Each new tree is added to correct the previous model's residuals:     

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝑓𝑚(𝑥) (7) 
     
The new tree 𝑓𝑚(𝑥) is trained using the gradient of the loss function:      

𝑔𝑖 = −
𝜕𝐿(𝑦𝑖 ,𝑦�𝑖)

𝜕𝑦�𝑖
,    ℎ𝑖 = −

𝜕2𝐿(𝑦𝑖 ,𝑦�𝑖)
𝜕𝑦�𝑖2

 (8) 

     
3. XGBoost calculates the optimal split using the gain function:     

𝐺𝑎𝑖𝑛 =
1
2
�
𝐺𝐿2

𝐻𝐿 + 𝜆
+

𝐺𝑅2

𝐻𝑅 + 𝜆
−

(𝐺𝐿 + 𝐺𝑅)2

𝐻𝐿 + 𝐻𝑅 + 𝜆
� − 𝛾 (9) 

       
Where 𝐺 and 𝐻 are the sums of first and second-order gradients, 𝜆 is the regularization term, and 𝛾 is a pruning 

parameter to prevent unnecessary splits. 

4. Regularization in XGBoost includes 𝐿1 (𝛼) and 𝐿2 (𝜆) penalties to control model complexity and prevent 
overfitting. Additionally, tree pruning removes splits with low information gain using a threshold parameter 
(𝛾), ensuring a more efficient and interpretable model.       

XGBoost offers strong regularization to prevent overfitting, efficiently handles missing data, and leverages parallel 
processing for faster training. Its tree pruning mechanism improves model interpretability, while optimized split 
selection enhances predictive performance. 

E. Neural Network with multi-layer perceptron for prediction and optimization 
A Multi-Layer Perceptron (MLP) is a type of feedforward artificial neural network composed of several 

interconnected layers of neurons (Rumelhart et al., 1986). It is widely used for prediction and optimization tasks by 
learning complex patterns in data through weight adjustments using backpropagation. 

1. Architecture of MLP: an MLP consists of: 
Input Layer: Receives features 𝑋 = [𝑥1, 𝑥2, … , 𝑥𝑛] 
Hidden Layers: Perform transformations using activation functions. 
Output Layer: Produces final predictions. 
Each neuron in a layer receives inputs from the previous layer and applies the transformation: 

𝑧𝑗
(𝑙) = �𝑤𝑖𝑗

(𝑙)𝑎𝑗
(𝑙−1) + 𝑏𝑗

(𝑙)
𝑁

𝑖=1

 (10) 
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where: 
𝑧𝑗

(𝑙) is the weighted sum of inputs for neuron 𝑗 in layer 𝑙 

𝑤𝑖𝑗
(𝑙) are the weights between neurons. 

𝑏𝑗
(𝑙) is the bias term. 

𝑎𝑗
(𝑙) is the activation function output. 

The activation function introduces non-linearity:      
𝑎𝑗

(𝑙) = 𝑓(𝑧𝑗
(𝑙)) (11) 

     
Common activation functions include: 
Linear: 𝑓(𝑥) = 𝑥 
ReLU: 𝑓(𝑥) = max (0, 𝑥) 
Sigmoid: 𝑓(𝑥) = 1

1+𝑒−𝑥
 

Tanh: 𝑓(𝑥) = 𝑒𝑥−𝑒−𝑥

𝑒𝑥+𝑒−𝑥
 

 
2. Forward Propagation for Prediction: In the forward propagation step, the input features are passed through the 

network layers to compute the predicted output. The activation functions in each layer introduce non-linearity, 
enabling the network to model complex relationships. 

For a given input X, the forward propagation is performed as follows:      
• Compute activations for the first hidden layer: 

𝑍1 = 𝑊1𝑋 + 𝑏1 (12) 

𝐴1 = tanh(𝑍1) (13) 
     

• Compute activations for the second hidden layer (linear activation): 

𝑍2 = 𝑊2𝐴1 + 𝑏2 (14) 

𝐴2 = 𝑍2 (15) 

(since the activation function is linear)      
• Compute activations for the output layer 

𝑍3 = 𝑊3𝐴2 + 𝑏3 (16) 

𝑌� = 𝑍3 (17) 

• Compute the Normalized Squared Error (NSE) Loss with L2 Regularization: 

𝑁𝑆𝐸 =
1
𝑁
�(

𝑦𝑖 − 𝑦�𝑖
𝑦𝑖

)2
𝑁

𝑖=1

 (18) 

𝐿𝑇𝑜𝑡𝑎𝑙 = 𝑁𝑆𝐸 + 𝜆�‖𝑊‖2 (19) 

Where: 
𝑦𝑖  is the actual target value, 
𝑦�𝑖 is the predicted value, 
𝜆 is the regularization weight, 
And ‖𝑊‖2 represents the sum of squared parameters for all layers to prevent overfitting.       

This loss function ensures that the model minimizes prediction errors while incorporating L2 regularization to 
improve generalization and stability. 
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3. Backpropagation for Optimization  
To optimize the network, a loss function 𝐿(𝑦𝑖 ,𝑦�𝑖) is minimized, such as Mean Squared Error (MSE) for regression: 

𝐿𝑇𝑜𝑡𝑎𝑙 = 𝑁𝑆𝐸 + 𝜆�‖𝑊‖2 (20) 
     

Instead of using standard gradient descent, the Quasi-Newton method is applied, which improves convergence by 
approximating the Hessian matrix without computing second-order derivatives explicitly (Robitaille et al., 1996). 

• Compute the gradient of the loss function: 

𝑔𝑘 = ∇𝐿(𝑤𝑘) (21) 

• Approximate the inverse Hessian matrix 𝐵𝑘−1 iteratively: 

𝐵𝑘+1 = 𝐵𝑘 + ∆𝐵𝑘 (22) 

Where ∆𝐵𝑘 is updated based on observed gradient differences. 
• Update the weights using: 

𝑤𝑘+1 = 𝑤𝑘 − 𝐵𝑘−1𝑔𝑘 (23) 

• Common Quasi-Newton updates include: 
BFGS update: 

𝐵𝑘+1 = 𝐵𝑘 +
𝑦𝑘𝑦𝑘𝑇

𝑦𝑘𝑇𝑠𝑘
−
𝐵𝑘𝑠𝑘𝑠𝑘𝑇𝐵𝑘
𝑠𝑘𝑇𝐵𝑘𝑠𝑘

 (24) 

DFP update: 

𝐵𝑘+1 = 𝐵𝑘 +
𝑦𝑘𝑦𝑘𝑇

𝑦𝑘𝑇𝑠𝑘
−
𝐵𝑘𝑠𝑘𝑠𝑘𝑇𝐵𝑘
𝑠𝑘𝑇𝐵𝑘𝑠𝑘

 (25) 

Where 𝑠𝑘 = 𝑤𝑘+1 − 𝑤𝑘 and 𝑦𝑘 = 𝑔𝑘+1 − 𝑔𝑘 represent weight and gradient differences, respectively.         
 

 

 

 

 

 

 

 

 

 

 

 

 
            

Fig. 2. Graphical representation of the proposed methodology and the implemented models 
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This approach improves convergence speed compared to standard gradient descent and is especially effective in 
optimizing neural networks for prediction and complex decision-making tasks. 

As previously mentioned, the proposed AI methods, including machine learning algorithms and neural networks, are 
applied to the collected data from IoT sensors deployed in CCPPs. These approaches are designed to forecast electricity 
generation for future demand management while optimizing operational parameters to boost overall productivity. Fig. 2 
provides a graphical representation of the proposed methodology and implemented models. The case study and 
numerical results are presented in the following section. 

IV. CASE STUDY AND MODEL CONFIGURATION 
This section applies the proposed models to real data from the Zavareh Combined Cycle Power Plant, and outlines 

the dataset, key features, and preprocessing steps. The configuration and tuning of each machine learning model are 
described. The goal is to evaluate model performance and identify the most accurate approach for predicting power 
output and optimizing operations. 

A. Case Description 
The Zavareh Combined Cycle Power Plant, located in Isfahan, Iran, is a key facility contributing to the region's 

electricity generation. This power plant operates using a combined cycle configuration, which integrates gas and steam 
turbines to enhance efficiency and reduce fuel consumption. By utilizing waste heat from the gas turbine to produce 
steam for the steam turbine, the plant achieves higher energy conversion efficiency compared to conventional thermal 
power plants. As part of Iran's energy infrastructure, Zavareh plays a crucial role in meeting the growing electricity 
demands of both residential and industrial sectors in the region. 

 
 

 

 

      
Fig. 3. Data understanding by histogram of variables 

To further enhance operational efficiency and reliability, the Zavareh power plant has incorporated IoT-based 
monitoring systems, enabling real-time data collection on critical parameters such as temperature, pressure, fuel 
consumption, and power output. These data-driven insights allow for predictive maintenance, fault detection, and 
performance optimization through advanced AI techniques. In this case study, machine learning algorithms and neural 
networks are employed to analyze sensor data, predict electricity output for demand planning, and optimize key 
operational factors, ultimately improving productivity and sustainability in power generation. 
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B. Data Collection and Preprocessing 
As discussed in Section 3, real operational data from the Zavareh CCPP is collected using IoT sensors, capturing 

key parameters such as temperature, exhaust vacuum, ambient pressure, relative humidity, and electricity output. Data 
monitoring is conducted over a one-month period, resulting in a dataset of 9,568 recorded data points for analysis after 
data manipulation and cleaning. 

The data description is summarized in Table I, detailing the data count, mean, standard deviation, minimum, 
maximum, and quartiles. To enhance data understanding, we present histograms of the variables in Fig. 3, where the 
horizontal axis represents variable values and the vertical axis indicates frequency. This visualization provides insights 
into the distribution of each variable. 

In the next step, we analyze the Pearson correlation in Fig. 4 to examine relationships between variables. This 
analysis helps identify how each independent variable influences the response variable. Despite being useful for 
detecting linear relationships, it may not capture complex nonlinear dependencies. 

Table I. Data description 

 Temperature Exhaust vacuum Ambient pressure Relative humidity Energy output 

Count 9568 9568 9568 9568 9568 

Mean 19.65123 54.3058 1013.259 73.30898 454.365 

Std 7.452473 12.70789 5.938784 14.60027 17.06699 

Min 1.81 25.36 992.89 25.56 420.26 

25% 13.51 41.74 1009.1 63.3275 439.75 

50% 20.345 52.08 1012.94 74.975 451.55 

75% 25.72 66.54 1017.26 84.83 468.43 

Max 37.11 81.56 1033.3 100.16 495.76 
             

However, it provides an initial insight for data analysts to better understand variable interactions. Fig. 4 
demonstrates that the temperature and exhaust vacuum exhibit a strong relationship with the target variable, which is 
the energy output. 
 

 

 

 

 

 

 

 

 
                        

Fig. 4. Pearson correlation among data variables 
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Fig. 5. Response variable versus independent variables 

Subsequently, the relationship between the independent variables and the target variable is examined. Fig. 5 presents 
scatter plots of energy output against temperature, exhaust vacuum, ambient pressure, and relative humidity. Consistent 
with the correlation analysis, temperature and exhaust vacuum represent a strong relationship with energy output. 

C. Model setting and hyperparameter tuning 
In this subsection, the proposed machine learning models are implemented to predict energy output using the 

selected features: temperature, exhaust vacuum, ambient pressure, and relative humidity. The dataset, consisting of 
9,568 recorded data points, is split into 70% for training (6,697 data points) and 30% for testing (2,871 data points). 
This approach allows the model to learn patterns from the training data and evaluate its performance on the unseen test 
data, ensuring its ability to generalize. 

The first implemented model is a Bagging Decision Tree, built using Bootstrap sampling. Like other decision trees, 
it has specific hyperparameters, including max depth, minimum sample leaf, and the number of trees. To optimize these 
parameters, the k-fold cross-validation method is applied. Specifically, three values are evaluated for max depth (2, 3, 
5), three for minimum sample leaf (5, 10, 15), and three for the number of trees (150, 300, 500). This results in 27 
hyperparameter combinations, each of which is tested using 5-fold cross-validation. The negative root mean squared 
error (RMSE) results for each case in the CV model are presented in Table II. The case with the highest negative RMSE 
indicates the optimal set of hyperparameters (No. 21), resulting in the best model performance. 

Table II. Parameter tuning for the Bagging decision tree algorithm 

No. Max dept Min samples leaf N estimators -RMSE No. Max dept Min samples leaf N estimators -RMSE 

1 2 5 150 -5.99498 15 3 10 500 -4.88796 

2 2 5 300 -5.99414 16 3 15 150 -4.88691 

3 2 5 500 -5.98417 17 3 15 300 -4.88709 

4 2 10 150 -5.99976 18 3 15 500 -4.88386 

5 2 10 300 -5.99792 19 5 5 150 -4.2176 

Continue Table II. Parameter tuning for the Bagging decision tree algorithm 
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No. Max dept Min samples leaf N estimators -RMSE No. Max dept Min samples leaf N estimators -RMSE 

6 2 10 500 -5.99578 20 5 5 300 -4.21711 

7 2 15 150 -5.98194 21 5 5 500 -4.21676 

8 2 15 300 -5.99751 22 5 10 150 -4.22304 

9 2 15 500 -5.98805 23 5 10 300 -4.21896 

10 3 5 150 -4.88565 24 5 10 500 -4.21785 

11 3 5 300 -4.88316 25 5 15 150 -4.22288 

12 3 5 500 -4.88518 26 5 15 300 -4.22122 

13 3 10 150 -4.88013 27 5 15 500 -4.22176 

14 3 10 300 -4.8852              
The second implemented model is Random Forest, which differs from Bagging Decision Tree primarily in the 

randomness of feature selection during training. In addition to the hyperparameters used in Bagging Decision Tree, 
Random Forest introduces an additional hyperparameter: maximum participating features. To optimize these 
parameters, the k-fold cross-validation method is applied. Specifically, three values are evaluated for max features (2, 3, 
4), three for max depth (2, 3, 5), and three for minimum sample leaf (5, 10, 15), resulting in 27 hyperparameter 
combinations. Consistent with the Bagging decision tree algorithm hyperparameter tuning from the previous stage, the 
number of trees is set to 500. Each combination is tested using 5-fold cross-validation, and negative root mean squared 
error (RMSE) results for each case in the cross-validation model are presented in Table III. The case with the highest 
negative RMSE (No. 16) represents the optimal set of hyperparameters, leading to the best model performance. 

Table III. Parameter tuning for the Random Forest algorithm 

No. Max 
features Max depth Min samples 

leaf -RMSE No. Max 
features Max depth Min samples 

leaf -RMSE 

1 2 2 5 -5.7919 15 3 3 15 -4.72413 

2 2 2 10 -5.7919 16 3 5 5 -4.17973 

3 2 2 15 -5.79192 17 3 5 10 -4.18022 

4 2 3 5 -4.90602 18 3 5 15 -4.18184 

5 2 3 10 -4.90596 19 4 2 5 -6.00018 

6 2 3 15 -4.90563 20 4 2 10 -6.00018 

7 2 5 5 -4.21619 21 4 2 15 -6.00018 

8 2 5 10 -4.21633 22 4 3 5 -4.88731 

9 2 5 15 -4.21986 23 4 3 10 -4.88731 

10 3 2 5 -5.51114 24 4 3 15 -4.88731 

11 3 2 10 -5.51114 25 4 5 5 -4.21675 

12 3 2 15 -5.51114 26 4 5 10 -4.2177 

13 3 3 5 -4.72465 27 4 5 15 -4.22067 

14 3 3 10 -4.72443              
The Gradient Boosting algorithm also requires hyperparameter optimization, which is performed using the k-fold 
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cross-validation method. Since Gradient Boosting is a decision tree-based algorithm, key hyperparameters include the 
learning rate, the fraction of samples used for fitting individual base learners (subsample), and max depth. 

Table IV. Parameter tuning for the Gradient boosting algorithm 

No. Learning rate Subsample Max depth -RMSE No. Learning rate Subsample Max depth -RMSE 

1 0.1 0.6 1 -4.13792 15 0.15 0.8 5 -3.28603 

2 0.1 0.6 3 -3.54109 16 0.15 1 1 -4.1674 

3 0.1 0.6 5 -3.34404 17 0.15 1 3 -3.41422 

4 0.1 0.8 1 -4.15182 18 0.15 1 5 -3.26048 

5 0.1 0.8 3 -3.50968 19 0.2 0.6 1 -4.16764 

6 0.1 0.8 5 -3.30108 20 0.2 0.6 3 -3.47223 

7 0.1 1 1 -4.16499 21 0.2 0.6 5 -3.37267 

8 0.1 1 3 -3.48256 22 0.2 0.8 1 -4.17355 

9 0.1 1 5 -3.30251 23 0.2 0.8 3 -3.42835 

10 0.15 0.6 1 -4.14494 24 0.2 0.8 5 -3.3016 

11 0.15 0.6 3 -3.50131 25 0.2 1 1 -4.18041 

12 0.15 0.6 5 -3.34325 26 0.2 1 3 -3.38752 

13 0.15 0.8 1 -4.15831 27 0.2 1 5 -3.276 

14 0.15 0.8 3 -3.44807      
 

For this study, we set the number of trees to 500 and the minimum sample leaf to 15. Specifically, we evaluate three 
values for max depth (2, 3, 5), three for subsample (0.6, 0.8, 1), and three for learning rate (0.1, 0.15, 0.2), resulting in 
27 hyperparameter combinations. Each combination is tested using 5-fold cross-validation. The negative root mean 
squared error (RMSE) results for each case in the cross-validation model are presented in Table IV. The case with the 
highest negative RMSE (No. 18) represents the optimal set of hyperparameters, demonstrating the best model 
performance. 

The XGBoost algorithm is the next model to be optimized. This algorithm includes a wide range of 
hyperparameters, such as the number of trees, maximum depth, learning rate, subsample ratio of training instances, 
subsample ratio of columns for tree construction, L1 regularization (Lasso), and L2 regularization (Ridge) on weights. 

Table V. Parameter tuning for the XG-boosting algorithm 

No. Max depth Subsample L1 regularization -RMSE No. Max depth Subsample L1 regularization -RMSE 

1 2 0.6 0.1 -4.13816 15 3 0.8 0.2 -3.97609 

2 2 0.6 0.15 -4.14242 16 3 1 0.1 -4.03684 

3 2 0.6 0.2 -4.13673 17 3 1 0.15 -4.02958 

4 2 0.8 0.1 -4.14088 18 3 1 0.2 -4.02709 
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Continue Table V. Parameter tuning for the XG-boosting algorithm 

No. Max depth Subsample L1 regularization -RMSE No. Max depth Subsample L1 regularization -RMSE 

5 2 0.8 0.15 -4.14339 19 5 0.6 0.1 -3.69605 

6 2 0.8 0.2 -4.14316 20 5 0.6 0.15 -3.70467 

7 2 1 0.1 -4.2362 21 5 0.6 0.2 -3.71135 

8 2 1 0.15 -4.23081 22 5 0.8 0.1 -3.70952 

9 2 1 0.2 -4.23302 23 5 0.8 0.15 -3.70161 

10 3 0.6 0.1 -3.95567 24 5 0.8 0.2 -3.69963 

11 3 0.6 0.15 -3.96956 25 5 1 0.1 -3.72983 

12 3 0.6 0.2 -3.96979 26 5 1 0.15 -3.72161 

13 3 0.8 0.1 -3.98416 27 5 1 0.2 -3.71675 

14 3 0.8 0.15 -3.97665      
 

For this study, we set the number of trees to 500, the learning rate to 0.1, the subsample ratio of columns for tree 
construction to 0.5, and L2 regularization term to 0.1. Then, the max depth, the subsample ratio of training instances, 
and the L1 regularization term are fine-tuned using 5-fold cross-validation. The negative root mean squared error 
(RMSE) results for each case in the cross-validation model are presented in Table V. The case with the highest negative 
RMSE (No. 19) represents the optimal set of hyperparameters, resulting in the best model performance. 

The proposed neural network model, as described in Section 3, is designed to predict energy output and optimize 
operational parameters in the CCPP. Initially, the input features are standardized using the mean and standard deviation. 
The first perceptron layer consists of four input features and three neurons, utilizing the tangent hyperbolic activation 
function. The second perceptron layer has three inputs and a single neuron, using a linear activation function. Finally, 
the output is rescaled to its original scale to facilitate accurate interpretation. Fig. 6 presents a schematic representation 
of this neural network. The loss function and regularization term are defined according to the formulations presented in 
Section 3. 

 

 
 

 

 

 

 
             

Fig. 6. The proposed neural network structure 

Now that the optimal hyperparameters for each proposed model have been identified, the models are implemented 
on the dataset. In the following section, these models are employed to predict energy output for demand planning and to 
optimize the operational parameters of the CCPP. 
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V. EXPERIMENTAL DISCUSSION 
In this section, the results of applying the proposed models to the dataset are presented. First, the models are trained 

on the training data using their optimized parameters and then applied to the test data for prediction. Next, the proposed 
neural network is utilized to optimize the operational parameters. Finally, the feature importance across all proposed 
models 

A. Model evaluation 
The proposed models, introduced in Section 3, are configured with various hyperparameters, which were optimized 

in Section 4. After training these models on the training dataset, the test dataset is used to predict energy output for each 
model.  

To ensure a comprehensive evaluation and minimize reporting bias, the performance of the models on the test 
dataset is analyzed from three perspectives: 

• Actual vs. Predicted Values: A direct comparison to assess prediction accuracy. 
• Absolute Errors and Their Statistical Characteristics: To provide insights into the distribution and magnitude of 

errors. 
• R-Squared Value Evaluation: To measure how well each model explains the variance in the data. 

 
These evaluations allow for a well-rounded assessment of model performance from different analytical viewpoints. 

Fig. 7 presents a comparison of actual versus predicted values for each of the five proposed models. In these plots, 
the horizontal axis represents the actual values, and the vertical axis represents the predicted values.  The closer the data 
points cloud around the diagonal reference line, the more accurate the model's predictions on unseen data. 

As shown in Fig. 7, the Bagging Decision Tree model exhibits the widest data spread, indicating the lowest 
prediction accuracy on unseen data. The Random Forest and Neural Network models follow, and are ranked among the 
least accurate models. In contrast, the Gradient Boosting model demonstrates the highest accuracy, with its data cloud 
closest to the diagonal reference line, indicating superior predictive performance. 

 

  
 

       
Fig. 7. Actual versus prediction chart for the proposed models 
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Continue Fig. 7. Actual versus prediction chart for the proposed models 

In the second analysis, absolute errors are computed as �𝑦𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑�, and key statistical measures, including 
mean, median, standard deviation, interquartile range, minimum, and maximum, are evaluated and compared across the 
proposed models. Table VI presents these statistical measures for each model separately. The results indicate that the 
Gradient Boosting model delivers the best performance, with significantly lower mean and standard deviation compared 
to the other models. Following closely, the XGBoost model ranks second, exhibiting the lowest absolute error metrics 
among the remaining models. 

In the third analysis, the R-squared value is calculated for each model to evaluate how well it explains the variance 
in the data. The results, presented in Table VI, indicate that the Neural Network model achieves the highest 
explainability, followed closely by the Gradient Boosting model, which ranks second with a slight performance 
difference. 

In summary, the Gradient Boosting model consistently delivers superior performance across the majority of 
comparative analyses conducted in this study. Given its high predictive accuracy and robustness, it is recommended that 
future demand planning in CCPPs adopt the Gradient Boosting algorithm, configured with the tuned parameters 
identified in this study. Implementing this approach can help decision-makers to generate more precise energy output 
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forecasts, thereby improving operational planning, enhancing resource allocation, and supporting more stable and 
efficient power generation. 

Table VI- R2 and absolute error statistical measures in each proposed model 

Model Mean of 
absolute error 

Median of 
absolute error 

SD of absolute 
error 

IQR of absolute 
error 

Min of absolute 
error 

Max of absolute 
error R2 

Bagging 
decision tree 3.232435 2.674517 2.660329 3.382061 0.000263 44.25493 0.938 

Random 
Forest 3.201816 2.680826 2.64876 3.313089 0.00032 45.35575 0.938 

Gradient 
Boosting 2.215449 1.699907 2.21167 2.241848 0.000402 46.90702 0.975 

XG 
Boosting 2.796226 2.304817 2.414523 2.829543 0.002137 43.6368 0.924 

Neural 
Network 3.260177 2.865112 2.607343 3.245578 0.000529 46.28578 0.985 

B. Optimization of Operational Parameters for Enhanced Productivity 
Optimizing operational parameters under favorable conditions and leveraging historical data can help decision-

makers enhance energy output, thereby mitigating energy supply chain imbalances. Neural networks facilitate this 
optimization through a backward optimization procedure, as in Section 3. To identify the conditions that improve 
productivity, it is essential to reassess the data understanding stage for deeper insights. 

To explore these relationships, Fig. 8 presents a scatter plot of exhaust vacuum vs. energy output along with a 
histogram of energy output distribution. The results clearly indicate that the CCPP achieves higher energy output when 
exhaust vacuum levels are lower. Additionally, for the plant to operate efficiently in terms of productivity, the 
generation rate must exceed 450 MW. These two key conditions will be incorporated into the optimization procedure 
within the proposed neural network model. 
        

 

 

 

Fig. 8. Conditions for Neural network optimization by data understanding 

Next, the proposed Quasi-Newton method, introduced in Section 3, is implemented on the trained neural network 
model, incorporating the two specified optimization conditions. These conditions, along with the optimization results 
from the backward neural network process, are presented in Table VII, where the optimal values for the operational 
inputs are determined. The optimal values for temperature, ambient pressure, and relative humidity under the proposed 
conditions are presented in Table VII. By applying these optimized configurations, energy sector decision-makers can 
not only enhance the productivity of the CCPP but also improve thermal efficiency, reduce fuel consumption, and 
minimize operational costs. Furthermore, such data-driven optimization enables plants to operate closer to their ideal 
thermodynamic conditions, ensuring more stable output under fluctuating environmental and demand conditions. This 
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approach ultimately supports long-term sustainability goals by improving resource utilization and reducing unnecessary 
emissions associated with inefficient operation. 

Table VII. Results of the optimization procedure in the proposed neural network by backpropagation 

Variable Name Condition 

Optimization by Quasi-
Newton optimizer 

Optimum values 

Temperature None 19.3846 Celsius degrees 

Exhaust vacuum Minimize 25.432 cm Hg 

Ambient pressure None 1021.4 millibar 

Relative humidity None 60.8 % 

Energy Greater than or equal to 450 462.086 MW 

C. Feature Importance 
In the final section, we analyze the feature importance across the five proposed models within the dataset. This 

evaluation helps decision-makers identify which features play a crucial role in predicting the response variable. Fig. 9 
illustrates the importance of temperature, exhaust vacuum, ambient pressure, and relative humidity in each model. The 
feature importance is determined by measuring the change in the loss function when a specific feature is excluded from 
the training dataset, and the model is retrained using the permuted dataset. 

The results indicate that temperature is the most critical feature for predicting energy output in a CCPP, consistently 
accounting for over 70% importance across all models. Following temperature, exhaust vacuum emerges as the second 
most influential feature, with an importance ranging between 5% and 25% across the proposed models. Ambient 
pressure and relative humidity rank third and fourth, respectively, varying in importance depending on the model. Since 
Gradient Boosting was selected as the best-performing model, it is evident that ambient pressure holds the third rank, 
while relative humidity ranks fourth. 

This ranking highlights the dominant influence of thermal conditions on CCPP performance, as temperature and 
exhaust vacuum directly affect turbine efficiency and steam cycle stability. The findings suggest that operational 
strategies should prioritize the continuous monitoring and fine-tuning of these key variables, particularly under 
changing environmental conditions. Moreover, integrating this feature-importance insight with real-time sensor 
networks and optimization frameworks, such as the Quasi-Newton-based neural network approach proposed in this 
study, could allow operators to anticipate performance fluctuations and proactively adjust settings to sustain optimal 
output and efficiency. 

VI. CONCLUSION 
The energy sector operates as a supply chain, extending from power generation to end-user consumption. In 

developing countries, fossil fuel-based systems, particularly CCPPs, are widely used. However, supply-demand 
imbalances in these plants can disrupt the electricity network. Enhancing productivity is essential to maximizing 
capacity and creating a more responsive system to ensure a stable electricity supply. This study proposes an AI-driven 
approach to enhance CCPP productivity and address electricity grid imbalances as a long-term challenge. IoT sensors 
collect real-time data on temperature, exhaust vacuum, ambient pressure, relative humidity, and energy output. In the 
first phase, machine learning models, including Bagging decision tree, Random Forest, gradient boosting, XG-Boost, 
and neural networks, predict energy output, aiding decision-makers in demand planning and mitigating disruptions. In 
the second phase, a Quasi-Newton optimizer within a neural network optimizes operational parameters, improving 
efficiency and productivity while helping to balance the electricity grid during supply-demand imbalances. 
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Fig. 9. Feature importance across the proposed models 

The initial results demonstrate that the proposed AI models, implemented on the Zavareh Combined Cycle Power 
Plant dataset, successfully tuned hyperparameters and identified the optimal structure for each model. A comparison of 
models using actual vs. predicted scatter plots reveals that the gradient boosting algorithm delivers the highest accuracy 
in energy output prediction, with a mean absolute error of 2.215449. Adopting this approach enables decision-makers to 
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produce more accurate energy output forecasts, strengthening operational planning, optimizing resource allocation, and 
ensuring more stable and efficient power generation. 

The Quasi-Newton optimizer, integrated into a backward-propagated neural network, identified optimal operational 
parameters: temperature of 19.38 °C, exhaust vacuum of 25.43 cm Hg, ambient pressure of 1021.4 mbar, relative 
humidity of 60.8%, and energy output of 462.09 MW. Applying these configurations can enhance CCPP productivity, 
improve thermal efficiency, reduce fuel consumption, and lower operational costs. Operating closer to ideal 
thermodynamic conditions also enables greater output stability under fluctuating environmental and demand conditions, 
supporting long-term sustainability by reducing emissions from inefficient operation.  

Feature importance analysis indicates that temperature is the dominant predictor of energy output, followed by 
exhaust vacuum, ambient pressure, and relative humidity. These findings highlight the importance of continuously 
monitoring and fine-tuning critical variables. When combined with real-time sensor networks and advanced 
optimization frameworks, this approach can enable operators to anticipate performance fluctuations and proactively 
adjust operational settings, ensuring sustained efficiency and stability. 

This study has certain limitations that present opportunities for future improvement. Future research can integrate 
deep learning and reinforcement learning to enhance both prediction accuracy and interaction with the power plant 
environment. Additionally, time series forecasting methods can be employed for demand planning, and their integration 
with supervised learning models could further improve prediction precision and operational efficiency. 
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