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Abstract

This study develops an innovative framework that utilizes real-time operational data to
forecast electrical power output (EPO) in Combined Cycle Power Plants (CCPPs) by em-
ploying a temperature segmentation-based modeling approach. Instead of using a single
general prediction model, which is commonly seen in the literature, three separate predic-
tion models were created to explicitly capture the nonlinear effect of ambient temperature
(AT) on efficiency (AT < 12 ◦C, 12 ◦C ≤ AT < 20 ◦C, AT ≥ 20 ◦C). Linear Ridge, Medium
Tree, Rational Quadratic Gaussian Process Regression (GPR), Support Vector Machine
(SVM) Kernel, and Neural Network methods were applied. In the modeling, the variables
considered were AT, relative humidity (RH), atmospheric pressure (AP), and condenser
vacuum (V). The highest performance was achieved with the Rational Quadratic GPR
method. In this approach, the weighted average Mean Absolute Error (MAE) was found to
be 2.225 with seasonal segmentation, while it was calculated as 2.417 in the non-segmented
model. By applying seasonal prediction models, the hourly EPO prediction error was
reduced by 192 kW, achieving a 99.77% average convergence of the predicted power output
values to the actual values. This demonstrates the contribution of the proposed approach
to enhancing operational efficiency.

Keywords: ambient conditions; combined cycle power plant; electrical production; forecasting;
neural network; regression analysis

1. Introduction
Energy consumption is one of the fundamental indicators that determine the level of

development of a country. Increasing population, rapid urbanization, accelerated industri-
alization, and technological advancements are continuously driving up energy demand. In
2024, global electricity consumption increased by approximately 1100 TWh, representing
a growth of 4.3%. About 80% of this increase was met by renewable energy sources and
nuclear power. During this period, natural gas also played a significant role in electricity
generation; however, dependence on fossil fuels was not completely eliminated. On the
contrary, the growth in renewables did not replace fossil fuel consumption but rather was
added on top of it. The International Energy Agency’s 2024 report reveals that coal still re-
mains the world’s largest source of electricity generation. Coal accounted for 35% of global
electricity generation, while more than 20% was supplied by natural gas. These figures
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indicate that, despite accelerating efforts toward energy transition, fossil fuels continue to
maintain their dominant share in the global energy system [1].

In this context, the continuous increase in energy demand and environmental chal-
lenges make it imperative to utilize existing energy resources through more efficient and
sustainable methods. Within this framework, Combined Cycle Power Plants (CCPPs) stand
out among contemporary power generation technologies with their thermal efficiencies
exceeding 60%, short start-up times, and high operational flexibility [2–6]. Supporting
environmental sustainability through low emission levels while also offering high eco-
nomic efficiency, CCPP systems occupy a strategic position in the transformation of modern
energy infrastructures [7].

In CCPPs, electrical power output (EPO) is of critical importance in terms of plant perfor-
mance, efficiency, and economic operation. The primary objective of these plants is to generate
electricity with high efficiency through the combined operation of gas and steam turbines (STs).
EPO serves as a direct indicator of how efficiently the system operates [8–10]. Ensuring that
the power produced by the plant meets market commitments is vital for achieving the
targets set in day-ahead and intraday markets. Failure to deliver the committed output
leads to system imbalances, which in turn increase plant costs and cause economic losses.
Moreover, the power generated by CCPPs plays a significant role in maintaining grid
security and the supply–demand balance. Particularly during baseload operation, envi-
ronmental factors such as temperature, humidity, and air pressure can have a substantial
impact on generation, potentially leading to deviations from the targeted output. A decline
in EPO increases the unit production cost, thereby reducing the plant’s profitability and
competitiveness. For this reason, accurate planning, monitoring, and optimization of EPO
are fundamental elements for ensuring both the technical and economic success of CCPPs.

In CCPPs, traditional thermodynamic models and deterministic mathematical ap-
proaches have long been employed for the accurate and reliable prediction of EPO. How-
ever, the necessity of adopting various hypotheses to compensate for uncertainty in the
analysis of thermodynamic systems reduces the practicality of these models in real-time
applications. This is because such approaches require solving hundreds of nonlinear equa-
tions, leading to high computational costs and parametric complexity [11]. Due to these
disadvantages, data-driven methods have come to the forefront. In particular, Machine
Learning (ML) and Deep Neural Learning (DNN)-based approaches enable highly accurate
prediction of EPO in CCPP systems. By incorporating environmental and operational
variables such as ambient temperature (AT), condenser vacuum (V), atmospheric pressure
(AP), and relative humidity (RH), these models provide real-time and precise predictions
while accounting for the dynamic structure of the system.

There are numerous studies in the literature conducted in this field. Pachauri and
Ahn [12] proposed a generalized additive model-based forecasting approach for predicting
the electrical power of a CCPP operating at full load. In the generalized additive model,
a shape function was employed to model the nonlinear relationship between input and
output features, and boosted trees and gradient boosting algorithms were used as the
learning technique. For comparison purposes, prediction models based on linear regression,
Gaussian process regression (GPR), multilayer perceptron neural network, support vector
regression, decision tree (DT), and bootstrap bagging tree were also designed. The results
demonstrated that the generalized additive model reduced RMSE by 74%, 68.8%, 70.3%,
54.8%, 21.2%, and 17.3% compared with linear regression, GPR, multilayer perceptron
neural network, SVR, DT, and bootstrap bagging tree, respectively. Afzal et al. [13] predicted
the EPO of a CCPP using Ridge, Linear Regressor, and SVR algorithms. First, a Ridge-
based model was implemented in detail, followed by SVR-based Linear Regression, SVR-
based Radial Basis Function, and SVR-based Polynomial Regression algorithms. Among
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these, the SVR-based Radial Basis Function algorithm was found to be the most suitable
for providing highly accurate predictions. During training, the SVR-based Radial Basis
Function model achieved an R2 value of 0.98, whereas the other algorithms remained within
the range of 0.9–0.92. Qu et al. [14] developed a forecasting approach based on stacking
ensemble with hyperparameter optimization using 9568 data points from the full-load
operation of a CCPP. The results showed that this method ensured high prediction accuracy
for plant power generation under a wide range of complex environmental conditions.
Sun et al. [15] proposed recurrent neural network and convolutional neural network
models for power prediction and applied them to real-time turbine power forecasting
using Distributed Control System (DCS) data recorded over 719 days at a thermal power
plant. They compared the prediction bias, variance, and time cost of the two deep learning
models against five traditional ML models. The results indicated that deep learning
models generally outperformed traditional methods, with the recurrent neural network
model achieving the best balance between accuracy and efficiency (for 99.76% of the
samples, the error was below 1%). Song et al. [16] proposed an ensemble ML algorithm
called Super Learner to enhance the accuracy and robustness of EPO prediction. Super
Learner evaluates the performance of different ML models through cross-validation and
combines their predictions using a weighted averaging method to produce the final forecast.
The Super Learner model demonstrated the best prediction performance, with boosting
algorithms performing particularly well. By integrating the strengths of multiple models,
Super Learner provided more reliable results. Fakir et al. [17] developed three analytical
models based on deep learning algorithms for EPO prediction: Long Short-Term Memory,
Convolutional Neural Network, and a hybrid model. These models were evaluated using
mathematical metrics, and a comparative analysis was conducted. The results revealed that
the hybrid model achieved the best prediction performance. Yi et al. [3] proposed a novel
forecasting method for improving the accuracy of power generation prediction in CCPPs,
based on transformer encoders supported by deep neural networks (DNNs). The model
leveraged the feature extraction capability of transformer encoders, while bottleneck layers
and residual connections were employed in the DNN component. The results showed that
integrating transformer encoders with DNNs significantly enhanced the accuracy of CCPP
power generation predictions. Wood [18] analyzed a Combined Cycle Gas Turbine dataset
containing 9568 records collected over six years using a transparent and auditable ML
method called Transparent Open Box. Transparent Open Box achieved higher predictive
accuracy than 15 previously tested algorithms while working with only a 1.5% subsample
of the dataset. It was determined that outliers negatively affected model performance,
and by excluding 35 outlier data points to form a filtered dataset, prediction accuracy was
significantly improved (RMSE = 2.89 MW). Furthermore, it was revealed that working with
separate subsets of EPO distribution segments could further improve accuracy.

In existing studies in the literature, the EPO of CCPPs has generally been predicted
using data collected throughout the entire year within a single comprehensive model.
However, this conventional approach limits prediction accuracy, as it does not adequately
reflect the seasonal variations of environmental variables over the course of the year. In
this study, the effects of plant degradation and environmental conditions were considered
together with real-time operational data; specifically, based on AT, the year was divided
into three seasonal temperature ranges (AT < 12 ◦C, 12 ◦C ≤ AT < 20 ◦C, and AT ≥ 20 ◦C).
The findings revealed that the impact of each 1 ◦C change in temperature on EPO differed
across these ranges. To achieve more accurate and reliable results, separate models were
developed for each temperature range. For all ranges, the performance of Linear Ridge
Regression, Medium Tree, Rational Quadratic GPR, Support Vector Machine (SVM) Kernel,
and Neural Network methods were evaluated and compared. The results demonstrated
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that models segmented by seasonal temperature ranges provided higher accuracy and
reliability in predicting EPO. The proposed approach distinguishes this study from previous
works and offers a meaningful contribution to the literature.

The key highlights and contributions of this study are summarized below:

• Context of Energy Transition: The global increase in energy demand shows that fossil
fuels continue to dominate the energy system, despite the growing share of renewables.
In this context, CCPPs play a strategic role with their high efficiency and low emissions.

• Critical Role of EPO: EPO is the most direct indicator of plant efficiency and economic
performance. Accurate EPO prediction is essential for meeting market commitments
and reducing operational costs.

• Limitations of Traditional Methods: Classical thermodynamic and deterministic math-
ematical models fall short in real-time applications due to the need to solve numerous
nonlinear equations, leading to high computational costs.

• ML Approach: The study utilizes data-driven ML-based methods to predict EPO,
incorporating ambient variables such as AT, V, AP, and RH.

• Addressing a Gap in the Literature: While previous studies generally used a single
comprehensive model across the entire year, this study considers seasonal effects by
developing separate models for three temperature ranges based on AT (AT < 12 ◦C,
12 ◦C ≤ AT < 20 ◦C, and AT ≥ 20 ◦C).

• Comprehensive Model Comparison: Five different methods (Linear Ridge, Medium
Tree, Rational Quadratic GPR, SVM Kernel, and Neural Network) were tested on both
the full dataset and the segmented temperature ranges to compare their performance.

• Impact of Segmentation: The findings show that modeling based on temperature
segmentation significantly improves prediction accuracy and reliability.

• Contribution to the Literature: By presenting a segmentation-based modeling ap-
proach and a comprehensive comparison of different ML methods, the study offers a
novel contribution to the literature on CCPP performance prediction.

The remaining sections of the paper are structured as follows: Section 2 introduces the
system. Sections 3 and 4 provide a detailed explanation of the methods used (Linear Ridge,
Medium Tree, Rational Quadratic GPR, SVM Kernel, and Neural Network) along with their
evaluation criteria. Sections 5 and 6 present the findings and discussion of the regression
analyses for both the entire dataset and the seasonal temperature ranges (AT < 12 ◦C,
12 ◦C ≤ AT < 20 ◦C, and AT ≥ 20 ◦C). Finally, Section 7 summarizes the overall conclusions
of the study.

2. System Description
CCPPs consist of three main components: a gas turbine (GT), a heat recovery steam

generator (HRSG), and a ST. Their operating principle relies on the integration of the
Brayton cycle in the GT with the Rankine cycle in the ST [19,20]. This integration enables
efficient utilization of the fuel’s energy, as electricity is generated from both GT and ST.
The CCPP investigated in this study features a multishaft configuration with two GTs
and one ST, and has a gross installed capacity of 950 MW. This configuration ensures
high thermal efficiency and enables the system to respond flexibly to load variations. The
energy generation cycle of the plant begins with the compression of air in the compressor.
The compressed air is delivered to the combustion chamber, where it is mixed with fuel
and undergoes the combustion process. As a result of the combustion process, a high-
temperature, high-energy flue gas flow is produced. These hot gases pass through the
GT to generate mechanical energy, which is then converted into electricity by a generator.
Since the exhaust gases leaving the GT still contain a significant amount of thermal energy.
While this energy is lost in conventional simple cycle power plants, it is recovered in the
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HRSG through CCPP technology. This energy is not released directly into the atmosphere.
Instead, it is utilized in the HRSG to produce superheated steam. The generated steam
is then directed to the ST, where additional electricity is produced. Thus, the combined
operation of the GT and ST enhances the overall efficiency of the system. After completing
its work in the ST, the low-energy steam is directed to the condenser. Here, heat transfer
takes place with the cooling water circulated by the main cooling water pumps, and
the steam is condensed back into liquid form. The condensate is then returned to the
HRSG by a condensate extraction pump, restarting the cycle. CCPPs stand out with their
high efficiency, low emission levels, and excellent load-following capability in situations
requiring flexibility. Thanks to these features, they play a crucial role in both energy supply
security and environmental sustainability. Figure 1 presents the flow diagram of the plant
under study.

In this study, ambient conditions (AT, AP, and RH) and V were used as input variables,
while EPO was defined as the target variable. Regression data were obtained from 8941 h
of full-load actual operating records. Figure 2 presents the data flow diagram of the CCPP.

All variables in the dataset used in this study are defined below:

• AT is an input variable with values ranging from 4.16 ◦C to 30.62 ◦C.
• AP is an input variable with values ranging from 982.54 mbar to 1027.78 mbar.
• RH is an input variable with values ranging from 24.61% to 100.00%.
• V is an input variable with values ranging from 0.022 bara to 0.059 bara.
• EPO is the target variable with values ranging from 860.30 MW to 950.56 MW.
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Figure 1. The CCPP flow diagram.
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Figure 2. The CCPP data flow diagram.

3. Regression Methods
3.1. Ridge Regression

Regression analysis is one of the fundamental statistical approaches used to quantita-
tively examine the effect of various independent variables on a dependent variable [21].
Ridge Regression, on the other hand, is a special type of linear regression and is preferred
to improve the predictive performance of the model and strengthen its generalization
capability [22]. In particular, when there is a high correlation (multicollinearity) among
the independent variables, the classical Ordinary Least Squares method produces unsta-
ble and unreliable estimates. Ridge Regression addresses this problem through the L2
regularization method. By adding a penalty term to the model coefficients, it constrains
the magnitude of the coefficients, thereby reducing variance and improving the model’s
generalization ability [23]. Moreover, this method reduces the risk of overfitting while
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achieving lower error rates on test data [24]. As a result, the model performs well not only
on training data but also on real-world data. Ridge Regression provides much more stable
results than classical methods, especially in high-dimensional datasets (where the number
of features is large). Unlike some other regularization methods, Ridge Regression retains all
variables in the model; that is, it does not shrink any variable’s effect to zero. This feature
provides a particular advantage in application areas such as energy systems, where all
inputs may contribute to the outcome to some extent.

Given a dataset with predicted values ŷ, independent variables X, coefficients β, actual
values y, and a penalty parameter λ, the mathematical formulation of Ridge regression is
as follows:

min
β

{
n

∑
i=1

(yi − Xiβ)
2 + λ

p

∑
j=1

β2
j

}
(1)

Here, ∑n
i=1(yi −Xiβ)

2 represents the error term, while λ∑
p
j=1 β

2
j denotes the penalty term.

In this study, the Ridge regression model was applied after standardizing all inde-
pendent variables (AT, RH, V, and AP) such that they have a mean of zero and a variance
of one. This preprocessing step ensured that the ridge penalty coefficient (λ) would be
effective regardless of the original scales of the variables. Various λ values were tested in
the model, and the optimal parameter was determined through automatic selection. In this
analysis, the optimal λ value was found to be 0.1, which stabilized the coefficient estimates
and enhanced the model’s generalization capability.

3.2. Regression Trees

The Classification and Regression Trees method, developed by Breiman and colleagues
in 1984, stands out as an effective tool for analyzing large datasets. This method constructs
a non-parametric tree structure that recursively partitions the data into more homogeneous
subgroups by using a combination of explanatory variables (predictors), whether cate-
gorical or continuous. The primary objective is to best explain the variation in the target
variable (response variable). As a result of this partitioning process, if the target variable is
continuous, the model is referred to as a regression tree, whereas if the target variable is
categorical, it is referred to as a classification tree [25].

A regression tree predicts the outcome ŷ for an input x by assigning it to a terminal
node (leaf) based on the values of its predictors, and using the average of the response
variable in that node as the prediction. This can be mathematically expressed as:

f̂(x) =
1

Nm
∑

i∈Rm

yi (2)

where Rm is the region (leaf node) to which the input x is assigned, Nm is the number of
observations in region Rm and yi is the observed value of the response variable for the i-th
observation in that region.

A medium-sized DT is a model structured with limited depth to prevent the classical
DT model from becoming overly complex. Compared to very shallow trees, this structure
provides higher predictive power, while also significantly reducing the risk of overfitting
that may occur in very deep trees. The term “Medium Tree” generally refers to DT configu-
rations with predefined parameters such as a maximum depth and a minimum leaf size. In
particular, with a structure where the minimum leaf size is set to 12, this model demon-
strates high generalization ability and more robust performance against overfitting [26]. In
this study, the minimum leaf size was set to 12.
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3.3. Rational Quadratic GPR

Rational Quadratic GPR is a variant of the GPR method, distinguished by its capacity to
model variations across multiple scales. GPR is a non-parametric, kernel-based probabilistic
model that defines the distribution over functions using a mean and a covariance function.
A Gaussian process can be formally described as:

m(x) = E|f(x)|, k(x, xı) = Cov(f(x), f(xı)) (3)

In practice, the mean function is typically assumed to be zero (m(x) = 0), and the
learning is primarily governed by the kernel k(x, xı). The Rational Quadratic kernel is
defined as:

k(x, xı) =

(
1 +

(x − xı)2

2 ∝ l2

)−∝

(4)

where α is a positive parameter controlling the relative weighting of large- and small-scale
variations and l is the characteristic length scale. The Rational Quadratic kernel can be
interpreted as a scale mixture of squared exponential kernels with different length scales.
This property allows the model to simultaneously capture both short-term fluctuations and
long-term trends in the data [27]. GPR can be expressed as:

y = b(x)Tβ+ f(x), with f(x) ∼ GP(0, k(x, xı)) (5)

where b(x) ∈ Rp is a set of basis functions, β are regression weights, and the kernel
k(x, xı|θ) is parameterized by hyperparameters θ. The training process involves estimating
β,σ2 (the noise variance), and θ, typically by maximizing the marginal likelihood.

Thanks to its flexibility, Rational Quadratic GPR performs particularly well on time
series data exhibiting seasonal patterns, long-term drifts, and complex variability. Fur-
thermore, it provides predictive variance estimates, allowing for the quantification of
uncertainty in predictions. Being a non-parametric method, it does not assume any fixed
functional form, which reduces the risk of overfitting—especially when working with small
to medium-sized datasets [27–29].

In the model used in this study, a fixed basis function was adopted. The Rational
Quadratic kernel was selected as the kernel function, aiming to flexibly capture variations
occurring at different scales. Additionally, it was assumed that the kernel is isotropic,
meaning it behaves uniformly in all directions. The kernel scale, signal standard deviation,
and sigma values were automatically determined. This automatic adjustment enables the
model to select the most appropriate parameters for the data. The input features were
standardized to eliminate the influence of scale differences among variables. Furthermore,
numerical parameter optimization was activated, allowing the model to reach optimal
parameter values during the training process. These hyperparameter settings are intended
to enhance both the accuracy and generalization capability of the model. In particular, they
provide high flexibility and reliability in modeling nonlinear relationships within the data.

3.4. SVM Kernel

SVMs, based on Vapnik–Chervonenkis theory, are among the most widely used
supervised learning methods in the field of ML due to their strong theoretical foundations.
The SVM algorithm is a flexible and powerful method that produces effective results in
both classification and regression problems. One of its most important advantages is the
regularization property, which not only enables the model to learn from the training data
but also allows it to exhibit high generalization capability when applied to previously
unseen data.
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An SVM is essentially a mathematical framework designed to maximize an objective
function defined over a given dataset. In this context, the fundamental components of an
SVM can be examined within four key concepts: separating hyperplane, maximum-margin
hyperplane, soft margin, and kernel functions. The SVM algorithm aims to establish
a decision boundary that provides the widest possible separation between classes by
determining a maximum-margin hyperplane for linearly separable datasets. However, in
practice, many datasets are not linearly separable. In such cases, it may be necessary to
transform the data into a higher-dimensional feature space, at which point kernel functions
come into play [30].

Kernel functions are mathematical tools that map samples from the original dataset
into a higher-dimensional feature space. This transformation enables linearly inseparable
samples to become linearly separable in the transformed space. The process is carried
out using the kernel trick, which is one of the major advantages of SVMs. Through this
technique, classification is made more efficient by performing inner product operations
via kernel functions without explicitly transforming the data into higher dimensions [31].
Commonly used kernel functions in SVMs include linear, polynomial, radial basis function
and sigmoid kernels [32]. These functions provide different advantages depending on the
data structure and the type of problem.

min
[

1
2∥w∥2 + C∑l

i=1 (ξi + ξ*
i )
]

s.t.


yi − wTΦ(Xi)− b ≤ ε+ ξi

−yi + wTΦ(Xi) + b ≤ ε+ ξ*
i , i = 1, 2, . . . ., l

ξi ≥ 0, ξ*
i ≥ 0

(6)

The final regression formula is as follows:

f(x) =
l

∑
i=1

(ai − a*
i )K(xi, x) + b (7)

K
(
xi, xj

)
= exp (−γ

∥∥xi − xj
∥∥2

),γ > 0 (8)

In this context, Φ(x) represents the nonlinear mapping function, w denotes the normal
vector of the hyperplane, and b is the offset of the hyperplane. ε refers to the linear
insensitive loss function. The expression, Φ(xi)

(
xj
)

corresponds to K (xi − xj
)
, which is

the kernel function satisfying the Mercer condition. The terms a*
i and ai are the Lagrange

multipliers in quadratic programming, while γ represents the parameter of the Gaussian
radial basis kernel function.

In this study, the number of expansion dimensions parameter was automatically
adjusted to ensure that the dimensionality of the transformed feature space was optimally
selected with respect to the chosen kernel function. The regularization parameter (Lambda)
was also determined automatically to prevent overfitting by controlling model complexity.
Similarly, the kernel scale parameter was automatically selected and optimized to ensure
balanced performance of the kernel function. The epsilon value, which defines the error
tolerance in regression problems, was also set automatically, enabling the model to ignore
small deviations and focus on more significant errors. Furthermore, data standardization
was applied to bring all features onto the same scale, thereby allowing the SVM to learn
more efficiently and stably. Finally, the iteration limit parameter was set to 1000, restricting
the maximum number of iterations during the training process. All of these configurations
were implemented to enhance the performance of the SVM model and to achieve a more
generalizable structure.
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3.5. Artificial Neural Network

Artificial Neural Networks (ANNs) were initially proposed with the aim of developing
computer systems capable of mimicking the information processing mechanisms of the
human brain. Today, ANNs have emerged as a powerful algorithmic framework widely
used in various fields such as pattern recognition, prediction, and optimization. One of
the most significant advantages of ANNs is their ability to learn from data and apply the
acquired knowledge to previously unseen situations. Owing to these features, ANNs have
become an effective tool for solving complex problems across many disciplines.

A typical ANN consists of three main structures: an input layer, one or more hidden
layers, and an output layer. The operation of an ANN can be summarized as follows:
(i) data are received by the input layer of the network and transferred to the first hidden
layer; (ii) each neuron in a hidden layer performs a weighted operation on the inputs
it receives, after which an activation function is applied to this output and the result is
passed to the next layer; and (iii) this chain of operations continues until the output layer
is reached, where the network produces its final output. This layered structure enables
ANNs to achieve high levels of success in solving a wide variety of problems [33]. Figure 3
illustrates the architecture of the ANN model used in this study.

Figure 3. ANN structure.

Mathematically, operations in an ANN can be expressed using weight matrices W(l),
bias vectors b(l), and activation functions σ. For each layer l, the neurons are calculated
as follows:

z(l) = W(l)a(l−1) + b(l) (9)

a(l) = σ
(

z(l)
)

(10)

where a(l−1) represents the outputs of the previous layer and a(l) = x represents the
initial input.

In this study, the ANN model was configured using the “Wide Neural Network” preset.
The model consists of two fully connected layers: the first layer comprises 100 neurons,
and the second layer comprises 10 neurons. The ReLU activation function was employed
to enable the model to effectively capture nonlinear relationships within the data. During
the training process, the maximum number of iterations was set to 1000. To reduce the
risk of overfitting, the regularization parameter (Lambda) was set to zero. Furthermore, all
input data were standardized to minimize the effects of scale differences across variables,
allowing the model to process inputs more consistently. This configuration enables the
ANN model to both learn complex patterns in the data and generate predictions with
high accuracy.
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When summarizing the advantages and limitations of the methods explained above,
it is recognized that each has different strengths and weaknesses. Ridge Regression offers
simplicity, interpretability, and robustness against overfitting through L2 regularization,
but its linear nature restricts its ability to capture nonlinear relationships. DT provide
intuitive, rule-based structures that are easy to interpret and can model nonlinear patterns;
however, a single tree is prone to high variance and instability unless carefully pruned.
GPR is particularly powerful for capturing complex, nonlinear relationships and providing
prediction intervals that quantify uncertainty, yet it is computationally demanding for
large datasets and highly sensitive to kernel selection. SVMs deliver strong generalization
performance and resilience to outliers, especially with nonlinear kernels, but require careful
tuning of hyperparameters such as C and γ, and may be computationally expensive. Finally,
ANNs demonstrate superior performance in modeling high-dimensional and nonlinear
data, especially with sufficient training data, though they often act as ‘black boxes’, require
significant computational resources, and are vulnerable to overfitting unless regularization
techniques are applied.

4. Performance Assessment
In order to evaluate the accuracy of the examined models, the prediction results were

tested using the performance indicators listed below.

4.1. Coefficient of Determination (R2)

The R2 coefficient is one of the most frequently used indicators for evaluating the
goodness of fit in linear models [34]. R2 measures how consistent the model’s predictions
are with the actual values and reflects the proportion of the total variance in the target
variable explained by the model. Its value ranges between 0 and 1; the closer it is to 1,
the greater the explanatory power of the model. The formula for calculating R2 is given
below [13,35]:

R2 = 1 − ∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − y)2 (11)

Here, N represents the number of samples. yi and ŷi represent the actual and predicted
values in the dataset, respectively. y is the mean of the actual values.

4.2. Mean Absolute Error (MAE)

To evaluate the accuracy and reliability of quantitative models, dimensional error
metrics are commonly used in performance analysis, with MAE being one of the most
widely applied [36]. MAE is the average of the absolute differences between the predicted
values of a model and the actual values. Instead of squaring the differences, it calculates
only the average of their absolute values. This metric reflects the model’s average prediction
error and is less sensitive to large errors. The formula for calculating MAE is given
below [13,14,16,35,37]:

MAE =
∑N

i=1⌈yi − ŷi⌉
N

(12)

4.3. Mean Square Error (MSE)

When the data follows a normal distribution, the MSE is a reliable and ideal method
for evaluating the accuracy level of a model [38]. MSE is an error metric that represents
the average of the squared differences between the predicted values and the actual values.
MSE can be computed using the following formula [39,40]:

MSE =
1
N∑N

i=1(yi − ŷi)
2 (13)
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4.4. Root Mean-Squared Error (RMSE)

RMSE is a widely used metric for measuring the predictive accuracy of a model, repre-
senting the average magnitude of the error between the predicted and actual values [41].
The smaller the RMSE value, the closer the model’s predictions are to the actual values.
The formula for calculating RMSE is given below [14,16,35,37]:

RMSE =

√
∑N

i=1(yi − ŷi)
2

N
(14)

4.5. Mean Absolute Percentage Error (MAPE)

MAPE is a commonly used metric to evaluate the accuracy of a ML model. MAPE
measures the average percentage difference between predicted and actual values. It is
calculated using the following formula [13,14]:

MAPE =
1
N∑N

i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100% (15)

4.6. Average Convergence Rate

The mean convergence indicates the average agreement between the predicted and
measured EPO values, and it is calculated as follows:

Average Convergence Rate (%) =

[
1 −

1
n ∑n

i=1|yi − ŷi|
y

]
× 100 (16)

Here, yi represents the measured EPO value, ŷi denotes the predicted EPO, and y
refers to the mean of the measured EPO values. This additional metric was used to present
the prediction accuracy in a more interpretable way for power plant operators.

4.7. Forecast Evaluation Using Diebold–Mariano and Giacomini–White Tests

When comparing the performance of ML-based forecasting models, error metrics
alone are not sufficient. It is also necessary to test whether the difference in predictive
ability between models is statistically significant. For this purpose, the most commonly
used methods in the literature are the Diebold–Mariano (DM) and Giacomini–White (GW)
tests [42,43].

The DM test compares the forecast error series of two models. In this study, the
predictive performances of the ANN and GPR models were compared. The forecast error
series of the two models are defined as follows:

eGPR
t = yt − ŷGPR

t (17)

eANN
t = yt − ŷANN

t (18)

Loss farkı,
For MSE;

dMSE
t = (eANN

t )2 − (eGPR
t )2 (19)

For MAE;
dMAE

t =
∣∣∣eANN

t

∣∣∣− ∣∣∣eGPR
t

∣∣∣ (20)

Test statistic:

DM =
d√

2πf̂d(0)
T

(21)



Energies 2025, 18, 5110 14 of 28

Here, d denotes the mean of the loss differentials, T is the number of observations,
and f̂d(0) is the spectral density of the loss differential series at frequency zero, estimated
using the Newey–West (HAC) estimator.

GW test evaluates conditional predictive performance. The loss differential series is
regressed on a set of conditioning variables:

Regression model:
dt = α+ ut (22)

Here, dt represents the loss differential between the two models, and α denotes the
mean value of this differential.

Hypotheses:
H0:α = 0 (23)

H1:α ̸= 0 (24)

The Wald test statistic used to test these hypotheses is calculated as follows:

GW = α̂′ ˆVar(α̂)−1α̂ (25)

ˆVar(α̂) denotes the variance of the coefficient estimate. Under the null hypothesis
H0:α = 0, there is no significant difference in the conditional predictive performance
between the two models. Under the alternative hypothesis H1:α ̸= 0, a statistically
significant difference exists between the models.

4.8. Bootstrap Method

The bootstrap method offers a powerful and flexible alternative for calculating predic-
tion intervals in regression models. Unlike traditional parametric approaches, bootstrap
eliminates the need for strict assumptions about the distribution of error terms. This
approach derives the distribution of prediction errors directly from the observed data,
enabling more reliable and accurate prediction intervals. It is particularly advantageous
when the dataset is small or when the error distribution deviates from normality. To con-
struct prediction intervals using bootstrap, the original dataset is resampled thousands of
times, a regression model is fitted to each resampled dataset, and the prediction errors are
computed. The percentile values of this error distribution are then used to form the final
prediction intervals [44].

PIBoot
1−α =

[
ŷi +

∼
qα/2, ŷi +

∼
q1−α/2

]
(26)

Here, ŷi denotes the model prediction for the i-th observation, and
∼
qα/2 and

∼
q1−α/2 repre-

sent the lower and upper quantile values obtained through the bootstrap method, respectively.

5. Results
In this study, a total of 8941 h of actual full-load operation data obtained from the

CCPP were used. An extrapolation analysis was conducted and performance evaluation
was carried out using Linear Ridge, Medium Tree, Rational Quadratic GPR, SVM Kernel,
and Neural Network algorithms. During the modeling process, the dataset was divided
into 80% training and 20% testing subsets. In the first stage, analyses were performed on the
general dataset covering all temperature values. Subsequently, the AT variable was divided
into three sub-ranges based on seasonal distribution: AT < 12 ◦C, 12 ◦C ≤ AT < 20 ◦C, and
AT ≥ 20 ◦C. In each temperature range, the performances of Linear Ridge, Medium Tree,
Rational Quadratic GPR, SVM Kernel, and Neural Network methods were evaluated. In
the final stage, the results of the seasonally segmented models were compared with those of
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the general model trained on the entire temperature range, and a comprehensive analysis
was presented regarding the generalizability and accuracy of the models.

In this study, real-time operational data were used as the basis. The CCPP under
investigation operates with a net output of 936 MW and a gross output of 950 MW. Its capa-
bility to operate at baseload makes the plant effective in providing primary and secondary
frequency control services. The plant’s baseload capacity exhibits seasonal variability
depending on environmental factors. The most significant cause of these fluctuations is AT;
specifically, power generation decreases during the summer months while higher values
are achieved in the winter. In addition, deteriorations in vacuum levels during the summer
further exacerbate this reduction in power output. Such volatility in environmental vari-
ables leads to the presence of outliers in the dataset. Moreover, errors in data recording may
occur due to faulty signals transmitted from measurement equipment, such as transmitters,
to the DCS. For reliable results in regression analyses, it is crucial to identify and remove
such outliers from the dataset. To this end, the box-plot method was applied, as presented
in Figure 4. Following the filtering of outliers, the analyses were carried out on 8941 valid
data points.

Figure 4. Outlier plot of parameters.

Table 1 presents the statistical information of the dataset. For each variable, the sample
size is 8941, and the table includes the arithmetic mean and standard deviation values.

Table 1. Statistical characteristics of the dataset.

Min Max Mean Std. Deviation

EPO 860.30 950.56 901.54 27.46
AT 4.16 30.62 18.14 6.13
RH 24.61 100.00 74.61 11.91
V 0.022 0.059 0.039 0.006

AP 982.54 1027.78 1010.20 5.13

One of the fundamental tools used to detect the problem of multicollinearity is the
correlation matrix. The correlation matrix presented in Figure 5 reveals the relationships of
the independent variables both with each other and with the dependent variable, EPO. The



Energies 2025, 18, 5110 16 of 28

closer the absolute value of the correlation coefficient between an independent variable
and EPO is to 1, the stronger the linear relationship between them.

Figure 5. Correlation matrix.

In this context, the correlation coefficient between AT and EPO was determined as
−0.98. This very high and negative value clearly indicates that as AT increases, EPO tends
to decrease, revealing a strong inverse relationship between the two variables. This can
be explained by the fact that as temperature rises, the density of the air entering the GT
decreases, which in turn reduces the generated power. On the other hand, the correlation
coefficient between AP and EPO was calculated as 0.49. This value shows that AP has
a positive effect on EPO; however, the strength of this relationship remains moderate.
This indicates that as AP increases, air density also rises, which enhances the mass flow
entering the turbine compressor and consequently increases EPO values. The correlation
coefficient between RH and EPO, however, was found to be quite low. This suggests that
RH does not have a significant impact on EPO and that their relationship is weak. For
the V variable, the correlation coefficient with EPO was calculated as −0.42. This result
indicates a negative and low-to-moderate relationship between increased V and reduced
EPO. An increase in V raises the exhaust pressure of the ST, thereby limiting its net output
power. Although this effect is not as pronounced as that of AT, the V parameter is still an
important variable influencing plant performance. In conclusion, AT, AP, and V are seen as
the primary operational variables determining output power in CCPPs. In contrast, the
effect of RH remains limited and plays a secondary role.

Overall, the results of the correlation matrix reveal the dominant and decisive effect
of AT on EPO. Based on this, in the present study, the dependent variable—EPO—was
modeled by segmenting the most correlated variable, AT, into seasonal temperature ranges,
and the improving effect of this segmentation on the prediction model was evaluated.

5.1. Findings of Regression Analysis on the Entire Dataset

The results of the regression analyses conducted without seasonal segmentation of the
temperature data are presented in Figure 6. The figure presents a performance comparison
of five different ML models: Linear Ridge, Medium Tree, Rational Quadratic GPR, SVM
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Kernel, and Neural Network. The comparison was carried out using four statistical metrics:
RMSE, MSE, MAE, R2 and MAPE. According to the results, the Rational Quadratic GPR
model yielded the lowest error value (MAE = 2.4165), indicating the highest prediction
accuracy. In contrast, the model with the highest error was the SVM Kernel (MAE = 3.1173).
The Neural Network demonstrated competitive performance with relatively low error
values (MAE = 2.4429). Overall, ensemble and non-linear methods (Rational Quadratic
GPR, Neural Network) provided higher accuracy and reliability compared to linear models
(Linear Ridge). Furthermore, the higher R2 values of these models indicate that they were
more successful in capturing the complex non-linear behavior of the system.

Figure 6. Regression model performances without seasonal segmentation.

5.2. Findings of Regression Analysis Based on Seasonal Temperature Ranges (AT < 12 ◦C,
12 ◦C ≤ AT < 20 ◦C, and AT ≥ 20 ◦C)

In the technical manuals of turbine manufacturers, characteristic curves are provided
to show the effects of ambient conditions on EPO. The main reason for this is that envi-
ronmental parameters directly influence turbine performance. However, due to natural
performance losses (degradation) occurring in turbines during operation, the effect coeffi-
cients provided in these manuals may change over time. In this study, using approximately
five years of real operational data, the aim was to predict EPO with the highest possible
accuracy, and among the four independent variables examined (AT, AP, RH, V), AT was
identified as the most dominant parameter.

In load forecasting for CCPPs, it is often assumed that there is a fixed power reduction
for every 1 ◦C increase in temperature. However, this approach overlooks the varying im-
pact of temperature across different ranges. Therefore, in this study, to improve prediction
accuracy, AT was analyzed across three different temperature ranges. The results of the
analysis revealed that the effect of a 1 ◦C increase in temperature on EPO varies depending
on factors such as changes in air density, the temperature dependence of compressor–
turbine efficiencies, the contribution of GT exhaust temperature to HRSG steam production,
the effect of V in the ST, and operational control limits. Hence, instead of explaining the
relationship between AT and EPO with a fixed coefficient, piecewise linear (segment-based)
modeling provides more realistic results.
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When the entire temperature range (4.16 ◦C–30.62 ◦C) is considered as a whole, the
Ridge regression coefficients indicate that each 1 ◦C increase in AT leads to an average
decrease of 3.96 MW in EPO. However, segment-based analyses revealed that this effect
varies across temperature ranges: for AT < 12 ◦C, each 1 ◦C increase results in a decrease
of approximately 2.80 MW in PE; for 12 ◦C ≤ AT < 20 ◦C, the decrease is approximately
4.13 MW; and for AT ≥ 20 ◦C, the decrease is approximately 3.72 MW. These findings
demonstrate that while the effect of AT on EPO is linear, it occurs with different slopes
across different temperature ranges, indicating that the assumption of a fixed coefficient
is insufficient.

When comparing the performances of the Linear Ridge, Medium Tree, Rational
Quadratic GPR, SVM Kernel, and Neural Network models, it was observed that the
highest accuracy was achieved with the Rational Quadratic GPR model. Figures 7–9
present the comparisons of all models according to seasonal conditions. In the AT < 12 ◦C
range, the Rational Quadratic GPR model achieved MAE = 2.03508, demonstrating the
best predictive accuracy. The SVM Kernel (MAE = 2.51521) also exhibited similarly strong
performance. However, the Linear Ridge model produced the highest error (MAE = 2.6896),
making it weaker compared to the other models. The Neural Network (MAE = 2.3792)
and Medium Tree (MAE = 2.53368) showed intermediate performance (Figure 7). In the
12 ◦C ≤ AT < 20 ◦C range, the Rational Quadratic GPR model again provided the most
accurate predictions (MAE = 2.44077). The Linear Ridge (MAE = 2.8025) and Neural Net-
work (MAE = 2.64506) achieved moderate accuracy, while the Medium Tree (MAE = 3.0189)
and SVM Kernel (MAE = 3.06318) recorded the highest error values, indicating weaker
performance compared to the other models (Figure 8). In the AT ≥ 20 ◦C range, the low-
est error was obtained with the Rational Quadratic GPR model (MAE = 2.168), which
showed the highest predictive accuracy. The Neural Network (MAE = 2.2257) delivered
a closely competitive performance. The Linear Ridge (MAE = 2.3332) and SVM Kernel
(MAE = 2.3780) achieved moderate accuracy, while the Medium Tree produced the highest
error (MAE = 2.5838), making it the weakest performer among the models (Figure 9).

According to the analysis of approximately 8941 h of full-load operation data, 2029 h
occurred in the AT < 12 ◦C range, 2861 h in the 12 ◦C ≤ AT < 20 ◦C range, and 4051 h in the
AT ≥ 20 ◦C range. This distribution indicates that a significant portion of the plant’s operat-
ing time took place under high-temperature conditions. Considering the segmentation by
temperature ranges, the prediction models were separately optimized for each range using
the Rational Quadratic GPR model, and the weighted average MAE value was obtained as
2.225. In contrast, when all data were evaluated without segmentation, the MAE value ob-
tained with the same model remained at 2.417. This comparison clearly demonstrates that
temperature-based segmentation significantly improves prediction accuracy and thereby
contributes to operational efficiency.

In Figure 10, Shapley importance plots are presented for the global Rational Quadratic
GPR model (top left) and the three temperature-segmented models. In all models, AT
remains the most influential predictor, confirming its dominant impact on EPO. AP and
V are the next most significant features, though their relative contributions shift slightly
across temperature ranges: AP has a stronger effect in colder regimes (AT < 12 ◦C), whereas
V becomes slightly more influential at higher temperatures (AT ≥ 20 ◦C). RH consistently
shows minimal impact. Temperature-based segmentation thus produces models with
feature importances that more accurately reflect the physical sensitivities of the plant under
each regime, reducing cross-regime mismatches and improving interpretability. Figure 10
clearly shows that temperature segmentation allows the model to differentiate how AP
and V influence EPO under different thermal conditions. For example, in colder regimes,
AP exhibits a larger positive contribution to output prediction, consistent with the higher
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density of intake air improving turbine performance. Conversely, in warmer regimes, V
gains relative importance as condenser performance becomes more critical for overall plant
efficiency. These findings confirm that segmentation not only improves statistical accuracy
but also leads to more physically consistent insights, aligning the model’s behavior with
thermodynamic expectations.

Figure 7. Regression model performances for AT < 12 ◦C.

Figure 8. Regression model performances for 12 ◦C ≤ AT < 20 ◦C.



Energies 2025, 18, 5110 20 of 28

Figure 9. Regression model performances for AT ≥ 20 ◦C.

 

Figure 10. Shapley plots for the global Rational Quadratic GPR model and the three temperature-
segmented models.
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Figure 11 shows the comparison between the predicted EPO obtained from the Rational
Quadratic GPR model and the actual measured values across different AT ranges. In the
segment-based evaluation, the AT < 12 ◦C range stood out with the lowest error value
(MAE = 2.035), indicating that the model was able to generate predictions closest to the
actual values under cold weather conditions. On the other hand, the high R2 obtained in
the 12–20 ◦C range (R2 = 0.935) reveals that in this segment, the model achieved the best
alignment of predictions with the overall trend.

 

Figure 11. Scatter plot of actual and predicted values of EPO.

Figure 12 presents the residual distributions (differences between actual and predicted
values) of the models developed with seasonal temperature segmentation (AT < 12 ◦C,
12 ◦C ≤ AT < 20 ◦C, and AT ≥ 20 ◦C) using the Rational Quadratic GPR model, compared
with the general model constructed without segmentation. The findings indicate that the
residuals of the models developed for low and high temperature ranges are clustered
within narrower intervals and that systematic biases are minimized. This demonstrates
that segment-based modeling provides more stable performance, particularly under ex-
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treme temperature conditions. On the other hand, the residual distribution of the general
model developed without temperature segmentation shows high variance and contains
noticeable systematic errors. This comparison clearly highlights that the temperature-based
modeling approach plays a critical role in improving prediction accuracy and ensuring
operational reliability.

Figure 12. Residual distributions for different AT segments.

Figure 13 illustrates the relationship between the EPO of the CCPP and four key
environmental variables (AT–AP, RH, and V) using the ANN method across the entire
temperature range (4.16 ◦C–30.62 ◦C). The scatter plots include both the actual (True)
and predicted (Predicted) values, allowing a direct comparison of the model’s predictive
performance. Overall, the close distribution of actual and predicted values for all variables
demonstrates that the applied model successfully captured the impact of environmental
variables on plant performance.

In this study, the predictive performance of ANN and GPR models was compared. To
statistically evaluate the differences in model accuracy, the DM and GW tests were applied.
According to the DM test results, the mean squared error differences between the two
models were found to be significantly different (statistic = 7.8491, p < 0.0001). Similarly,
the GW test revealed that the correlation between the prediction errors was statistically
significant (statistic = 74.5780, p < 0.0001). The results of both tests indicate that the GPR
model provides more consistent and accurate predictions compared to the ANN model.
These findings support the preference for the GPR model in regression problems.

Furthermore, to examine how the predictive accuracy of the ANN and GPR models
changes over time, a rolling-window GW test was applied. Figure 14 presents the rolling-
window GW test results. Using rolling windows of 100 observations each, the differences
in the squared prediction errors were statistically tested for every period. The resulting t-
statistic curve reveals that the GPR model significantly outperforms the ANN model during
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certain periods, while the performance gap narrows in others. This fluctuation indicates
that the models’ accuracy does not remain constant over time and varies depending on
conditions. Moreover, the fact that the p-values fall below 0.05 in many windows statistically
confirms that the GPR model is not only superior on average but also outperforms the
ANN model during specific periods. This finding suggests that the GPR model can provide
more reliable predictions in dynamic data environments.

Figure 13. Scatter plots of actual and predicted EPO based on ANN.

Figure 14. Rolling-Window Giacomini–White test plot.

In addition, for the GPR model, Bootstrap-based prediction intervals (B = 2000) at
the 95% confidence level were calculated and evaluated using appropriate metrics such as
coverage probability, mean interval width, and the Winkler score. The results show that the
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prediction intervals obtained through the bootstrap method are very close to the targeted
95% coverage probability (approximately 94.97%), while providing a narrow mean width
(around 11.73 MW) (Table 2). The Winkler and Interval scores are low, indicating that the
intervals are successful in terms of both coverage and sharpness.

Table 2. Bootstrap-based prediction results.

Bootstrap (B = 2000)
Confidence q_low

(residual)
q_high

(residual)
Average Width

(MW)
Empirical
Coverage

Mean Winkler
Score

Mean Interval
Score

95% −6.3925 5.3422 11.7347 0.9497 15.7437 15.7437

Figure 15 the performances of five different models used to predict EPO are compared.
The graph was prepared for conditions where AT < 12 ◦C. As can be seen, all models
successfully captured the overall trend and produced predictions quite close to the actual
values. However, the Rational Quadratic GPR model was found to reflect the fluctuations
more accurately and to achieve the closest fit to the actual values.
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Figure 15. Comparison of Model Predictions for AT < 12 ◦C.

In conclusion, the seasonal temperature segmentation analyses conducted in this study
revealed that environmental conditions have a decisive impact on the accuracy of power
generation forecasting in CCPPs. The approaches developed by incorporating seasonal
variations into the model optimized prediction performance across different temperature
ranges. This improvement in short-term load forecasting contributed to more efficient
management of fuel consumption, more reliable production planning, and the reduction of
economic losses arising from supply–demand imbalances in intraday markets. Thus, by
modeling seasonal variability, operational efficiency was sustainably enhanced.

6. Discussion
The temperature-based segmentation approach developed in this study enabled more

accurate prediction of EPO in CCPPs and significantly reduced the error compared to
predictions made with a single model. In particular, segmentation based on AT led to
a notable improvement in model accuracy, demonstrating that considering temperature
ranges separately is a critical factor for enhancing prediction performance.

The significance of this improvement becomes clearer when considering that natural
gas CCPPs operate at full load for thousands of hours throughout the year. Prediction
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errors accumulated over such long operating periods can lead to system imbalances and
economic losses. In this context, the achieved increase in accuracy is not merely a numerical
success, but also a tangible contribution to operating the system more reliably, stably, and
efficiently. With more accurate EPO predictions, errors in load forecasting for day-ahead
and intraday markets are reduced, supply–demand imbalances are minimized, and the
associated penalty costs are lowered.

A review of the literature reveals that no study has reported such a low weighted
average MAE value for a power plant of this scale. This result demonstrates that the dataset
was carefully prepared; time intervals in which secondary and primary frequency control
were applied in the turbines were thoroughly examined, sensor errors were filtered out,
and natural variations in baseload levels between summer and winter were distinguished
from faulty data.

The improvement achieved not only enhances prediction accuracy, but also contributes
to more effective natural gas supply planning, fuel optimization, and production strategies.
In many cases, such forecasting improvements provide greater economic benefits than
direct revenue increases by generating indirect operational efficiency gains. Therefore,
the proposed method can be regarded as a practical decision-support tool applicable to
similar natural gas power plants and can contribute to enhancing sustainability and market
alignment within the energy system.

However, this study has certain limitations. The models were trained solely on data
collected from a single CCPP. In future work, similar analyses are planned to be carried out
under different geographical and climatic conditions, and the need for recalibration of the
temperature segmentations will be assessed. Such analyses will enhance the generalizability
of the proposed approach and contribute to its broader applicability in the literature.

7. Conclusions
This study was conducted to accurately predict the full-load EPO of CCPPs under

environmental conditions and operational parameters, by utilizing real-time operational
data and advanced ML-based forecasting models. Four key variables affecting power
output (AT, AP, RH, and V) were analyzed in detail.

The initial modeling process was carried out using approximately 8941 h of full-load
data and was performed on the entire dataset without applying temperature segmentation.
Correlation analyses revealed that AT is the most influential variable on EPO, with a strong
negative relationship. This finding highlighted the necessity of considering temperature as
a separate parameter in the modeling process.

Accordingly, the dataset was divided into three different temperature ranges
(AT < 12 ◦C, 12 ◦C ≤ AT < 20 ◦C, and AT ≥ 20 ◦C), and separate models were developed for
each segment. Among the methods applied for power prediction, the Rational Quadratic
GPR model exhibited higher accuracy in all scenarios compared to other approaches. While
the MAE value was 2.417 MW in the non-segmented model, it was calculated as 2.035 MW,
2.441 MW, and 2.168 MW for the segmented models, respectively. With this approach, the
weighted average MAE value was reduced to 2.225 MW, providing an improvement in
accuracy of 192 kW. The average convergence rate of the predicted power output values to
the actual values reached 99.77%.

The results demonstrate that this improvement in accuracy, achieved in plants oper-
ating thousands of hours annually, creates operational and economic value by reducing
production-demand imbalances and the associated penalty costs. Furthermore, the study
proves that data-driven and temperature-segmentation-based models can be effectively
applied to different power plants with appropriate calibrations.
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In conclusion, this study fills an important gap in the literature and demonstrates
that temperature-based segmentation is not merely a statistical improvement, but also a
practical strategy for enhancing the technical and economic performance of CCPPs. The
findings provide a foundation for future studies involving the inclusion of additional
environmental variables, the analysis of different load regimes, and the evaluation of the
method under various market conditions, thereby further strengthening its effectiveness
and generalizability.
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ANN Artificial Neural Network
AP Atmospheric Pressure
AT Ambient Temperature
CCPP Combined Cycle Power Plant
DCS Distributed Control System
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EPO Electrical Power Output
GPR Gaussian Process Regression
GT Gas Turbine
GW Giacomini–White
HRSG Heat Recovery Steam Generator
MAE Mean Absolute Error
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MSE Mean Square Error
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