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Abstract

Gas turbine (GT) modeling and optimization have been widely studied at the design level
but still lacks focus on real-world operational cases. The concept of a digital twin (DT)
allows for the interaction between operation data and the system dynamic performance.
Among many DT studies, only a few focus on GT for thermal power plants. This study
proposes a digital twin prototype framework including the following modules: process
modeling, parameter estimation, and performance optimization. Provided with real-
world power plant operational data, key performance parameters such as turbine inlet
temperature (TIT) and specific fuel consumption (SFC) were initially unavailable, therefore
necessitating further calculation using thermodynamic analysis. These parameters are
then used as a target label for developing artificial neural networks (ANNs). Three ANN
models with different structures are developed to predict TIT, SFC, and turbine power
output (GTPO), achieving high R2 scores of 94.03%, 82.27%, and 97.59%, respectively.
Physics-informed neural networks (PINNs) are then employed to estimate the values of the
air–fuel ratio and combustion efficiency for each time index. The PINN-based estimation
resulted in estimated values that align with the literature. Subsequently, an unconventional
method of detecting alarms by using conformal prediction were also proposed, resulting
in a significantly reduced number of alarms. The developed ANNs are then combined
with particle swarm optimization (PSO) to carry out performance optimization in real
time. GTPO and SFC are selected as the primary metrics for the optimization, with
controllable parameters such as AFR and a fine-tuned inlet guide vane position. The results
demonstrated that GTPO could be optimized with the application of conformal prediction
when the true GTPO is detected to be higher than the upper range of GTPO obtained from
the ANN model with a conformal prediction of a 95% confidence level. Multiple PSO
variants were also compared and benchmarked to ensure an enhanced performance. The
proposed PSO in this study has a lower mean loss compared to GEP. Furthermore, PSO has
a lower computational cost compared to RS for hyperparameter tuning, as shown in this
study. Ultimately, the proposed methods aim to enhance GT operations via a data-driven
digital twin concept combination of deep learning and optimization algorithms.

Keywords: gas turbine operations; digital twin; thermodynamics; artificial neural networks;
physics-informed neural networks; particle swarm optimization; conformal prediction
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1. Introduction
As a critical technology providing a clean, highly efficient, and cost-effective power

generation for thermal power plants, the gas turbine (GT) remains prone towards perfor-
mance deterioration over a prolonged period of operations [1]. This deterioration not only
affects the power output, but also increases emissions and operational risks. It is commonly
classified into two types, namely gas path faults (e.g., blade or vane fouling, corrosion,
and erosion) and mechanical faults (e.g., rotor dynamic imbalance, eccentricity, bearing
failures, and rotor cracks) [2–5]. Such faults typically lead to abnormal deviations in the
sensor readings [6], negatively impacting efficiency. To maintain optimal GT performance,
it is essential to operate the system under conditions that minimize fuel consumption and
maintenance costs while maximizing power output.

Engine health monitoring (EHM) has been providing benefits to operators by reducing
costs and downtime, extending use life, improving safety, and reducing fuel consump-
tion [7]. However, traditional EHM systems are typically reactive, relying on threshold-
based alarms and periodic maintenance, which often fail to capture early-stage faults or
adapt to dynamic operational regimes. The rising operations and maintenance (O&M)
costs (e.g., USD 36 billion in 2024 and growing at annual growth rate of 3.8% [8]) highlight
the urgent need for proactive and adaptive solutions. This raises a critical question: What
factors are driving this increase? A possible explanation lies in the limitation of existing
EHM systems, which may struggle to keep pace with the growing complexity of GT. This
situation necessitates the development of more intelligent EHM solutions.

A digital twin (DT) acts as a virtual system that can provide deeper insights into
the inner operations of the physical counterpart. It may complement EHM in processing
operational data to derive insights and optimize the system. While DTs offer promisingly
transformative potential, most existing implementations are separated and are either purely
physics-based (lacking a real-time approach) or data-driven (lacking physical interpretabil-
ity). A hybrid approach adopting a PINN is critical to bridge this gap, especially for GTs
where both accuracy and adaptability are paramount. Other than monitoring, a DT is
capable of predictive analysis, modeling, simulation, optimization, and fault diagnostics [9].
It has been applied to various areas, including nuclear power plants [10–12], renewable
systems [13–17], and aeroengines [8]. The potential economic impacts were showcased
in [18], where coal consumption was reduced by 3.5 g/kWh, contributing to significant
annual cost savings, and in [19], where a system cost reduction of JPY 100 million was
discovered from DT applications for a boiler system in Taiwan Linkow Power Plant. GT
has been one of the sectors adopting DT, primarily due to its operational complexity and
cost sensitivity. Wang et al. [8] developed a DT framework for aeroengine performance
diagnostics, integrating thermodynamic simulations and sensor data for fault detection.
DT has also been leveraged to address off-design performance, real-time monitoring, and
predictive maintenance in GT [20,21]. Most DT development solely relies on either physics
or data and is rarely hybridized.

In GT operations, critical performance parameters including turbine inlet temperature
(TIT), power output (GTPO), specific fuel consumption (SFC), air–fuel ratio (AFR), and
thermal efficiency are typically continuously monitored. TIT serves primarily as a health in-
dicator whereby higher values directly correlate with improved efficiency and reduced fuel
consumption. Since the direct measurement of TIT is infeasible under extreme operating
conditions, its determination relies on the thermodynamic analysis of measurable parame-
ters such as exhaust gas temperature and compressor outlet conditions. A similar method
of determination also applies for SFC and GTPO. GTPO represents the final operational
output that is directly linked to the grid demand compliance and revenue generation, while
SFC quantifies the fuel cost per 1 kWh of power generated. These parameters are selected
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as the key performance parameters in this study, with TIT reflecting combustion effec-
tiveness, GTPO measuring deliverable power, and SFC evaluating economic performance.
They are integrated into the DT framework to maximize power output while minimizing
fuel expenditures.

An accurate estimation of these parameters is commonly complicated by sensor noises,
immeasurable disturbances, and the interdependence of variables such as AFR and com-
bustion efficiency. Conventional model-based methods struggle with these nonlinearities,
necessitating advanced techniques like PINN to maintain robustness. Moreover, the above-
mentioned parameters are often not directly available and, therefore, must be calculated
using a model-based approach, which also means more parameters and properties to
be assumed.

Generally, a model-based method is a mechanism model that uses a theoretical frame-
work for the accurate characterization of an engine through multiple operating points [22].
The characteristics exhibited by model-based approaches are transparent, physically in-
terpretable, and accurate under controlled conditions. However, its accuracy may also be
affected by changing operational complexities and the presence of noise and bias, making
component degradation harder to capture analytically. Several past works on model-based
techniques for GT performance monitoring and diagnostics include gas path analysis (GPA),
nonlinear GPA, adaptive GPA, and genetic-algorithm-optimization-based GPA [6,22–24].
Beyond GT, a model-based GPA using the Chapman–Kolmogorov equation was employed
to describe the state changeover of the condenser in a steam turbine power plant in [25].
Wang et al. [26] also leveraged the mechanistic model (model-based) and data-driven
modeling to develop predictive analytics for coal boilers. This study focuses on basic
thermodynamic equations under a steady state and an ideal gas condition to calculate the
critical parameters in GT, where similar approaches were also demonstrated in [27,28].

As for calculating TIT, straightforward back-calculations can be performed with ther-
modynamic formulas. However, it is challenging to calculate AFR and combustion effi-
ciency, as both parameters present in the same energy balance equation from the combustion
process. In this case, analytical or numerical methods may be implemented, but it also
may struggle with nonlinearity and, hence, provide a less accurate estimation. To tackle
this, a deep learning model like physics-informed neural networks (PINNs) is, therefore,
utilized to estimate both AFR and combustion efficiency dynamically. The concept of
PINNs initially appeared in Raissi et al. [29], where they combined neural networks with
boundary value problems governed by physics equations. This is commonly used for
solving a partial differential equation, given its automatic differentiation capability for
handling forward and inverse problems. Several past works have demonstrated success
in estimating unknown parameters using PINNs, including gas flow parameters in diesel
engines [30], power grid parameters [31], and gas pipelines parameters [32]. The estimation
result of the PINN in this study, however, will not be compared with other existing methods
as it is beyond the scope of this study.

After the critical parameters made available, data-driven modeling is then developed
using artificial neural networks (ANNs) in this study. This approach is taken to leverage
the availability of 3 months of GT operational data from a power plant operator. As one of
the most basic neural networks, it is certain that the ANN manages nonlinearity well and
can produce an accurate prediction [33]. Several studies have shown an ANN application
for GT component’s health monitoring, fault detection, and system-level simulation [34].
While powerful in creating a well-generalized model, its “black-box” characteristics make
it less interpretable and its strong reliance on data makes it difficult to adapt to the dynamic
operating conditions. Three separate models to predict TIT, SFC, and GTPO are developed
in this study and are then optimized using random search and a particle swarm optimiza-
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tion (PSO) algorithm. Several studies also have demonstrated data-driven adoption into
their approaches. Shao et al. [35] developed deep belief networks and vibration signals for
fault diagnostics in roller bearings. Li and Yang [36] proposed a Newton–Raphson and
Kalman Filter to detect gradual and abrupt failures, and Ng and Lim [37] generated wind
turbine alarms using kNN and a support vector machine.

Following the development of the hybrid model (combining model-based and ANN
approaches), this framework is subsequently leveraged for GT performance optimization.
Unlike current optimization methods that treat GTs as static systems, the approach taken ac-
counts for operational constraints and load variations by integrating a real-time suboptimal
condition (via conformal prediction) with PSO. The optimization targets two key objectives:
(1) maximizing GT power output (GTPO) and (2) minimizing specific fuel consumption
(SFC). The implementation utilizes ANN models to construct the objective function for PSO
optimization. In this study, the control parameters (i.e., AFR, IGV position) are assumed to
be independent of each other. This simplified approach allows for a focused evaluation of
the core optimization technology while acknowledging the need for more sophisticated
control strategies for practical implementations, such as the deep reinforcement learning
approach demonstrated by Wang et al. [26] for coal-fired boiler combustion optimization,
representing valuable directions for future extension.

Inspired by the social behavior of bird flocking and fish schooling in the search of
optimal solutions [38], PSO is chosen in this study as it is relatively simple, has a smaller
number of tuning parameters compared to genetic algorithms and simulated annealing,
and has faster convergence in the continuous search space. Several studies demonstrated
the effectiveness of PSO’s application to optimize jet engine fuel controllers [39] and specific
fuel consumption in aeroderivative GT [40], and to optimize the availability of condensers
in steam turbine power plants at subsystem levels with stochastic modeling [25]. Although
PSO also comes with limitations such as premature convergence, performance drops in
high-dimensional search spaces, and sensitivity towards PSO parameters (i.e., inertia
weights, topology settings) that heavily influence search exploration and exploitation [41],
this study aims to address this limitation by proposing an improved PSO (IPSO) with
Gaussian jumps and controlled mutation strategies, as discussed in [42]. This will help
particles escape local optima and restrict excessive mutation, leading to a more effective
search. Ten different PSO variants will be tested on five distinct test functions to observe
the performance of the proposed IPSO.

In addition, alarms indicate suboptimal conditions and are developed using conformal
prediction, which is different compared to the conventional statistical tool for monitoring.
Leveraging an ANN with conformal prediction can output a prediction interval at a
specified confidence level along with ANN point prediction.

The remainder of this paper is organized as follows. Section 2 details the methodology,
including thermodynamic modeling, ANN development, PINN-based estimation, and
PSO optimization overview and benchmarking. Section 3 presents the results of critical
parameter estimation from the thermodynamic model and PINN-based estimation, ANN
model performances, and performance optimization outcomes. Section 4 discloses the
conclusion, limitations, and future work.

The objectives of this study include:

1. Estimating unknown critical parameters using thermodynamic analysis and PINN;
2. Developing three separate ANN models to predict GT performance parameters

(i.e., TIT, SFC, and GTPO);
3. Optimizing the ANN models using random search and PSO;
4. Detecting suboptimal conditions (alarms) using conformal prediction;
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5. Optimizing GT power output and specific fuel consumption during a suboptimal
condition by adjusting controllable parameters (i.e., AFR and inlet guide vane position)
using PSO.

The scope of this study includes:

1. Data analysis to clean, visualize, and pre-process three months of operational data;
2. Thermodynamic analysis for critical parameter generation;
3. PINN-based critical parameter estimation;
4. Feature selection to develop three ANN models to predict TIT, GTPO, and SFC;
5. Optimization of the ANN model using random search and PSO, and comparison of

the performance with three machine learning algorithms (ML);
6. Development of ANN with conformal prediction;
7. Improved PSO testing and benchmarking on optimization tasks;
8. Validation using operational data from a power plant operator.

2. Methods
The study started with data preparation and pre-processing, as illustrated in Figure 1.

Next, the identified critical parameters are generated using thermodynamic analysis under
a steady state and ideal gas assumption. This process includes collecting data from the
original equipment manufacturer (OEM) of M701F and making assumptions for constant
properties. After that, feature selection was conducted to develop the three ANN models
whose performance was then evaluated by using R2 score and mean squared error. The
performance of the ANN model was compared with three different machine learning
algorithms: linear regression (LR), support vector regression (SVR), and XGBoost.

 

Figure 1. Proposed research framework to develop modeling using thermodynamic analysis
and ANN, critical parameter estimation using PINN, testing PSO performance, and optimization
using PSO.

Subsequently, PINN was developed to estimate AFR and combustion efficiency (ηcomb),
and the evaluation method to determine the best estimation will be demonstrated. The
previously trained ANN models were used in crafting the objective functions to opti-
mize turbine power output (GTPO) and specific fuel consumption (SFC). Prior to this,
standard PSO and multiple improved PSO were tested on five distinct test functions,
which later were also compared with the benchmark function of Gaussian evolutionary
programming (GEP). Suboptimal conditions (alarm) were detected using an inductive con-
formal prediction. Ultimately, the PSO was used to optimize GTPO and PSO by adjusting
controllable parameters.

2.1. Data Preparation and Pre-Processing

Three months of operational data were sourced from a power plant operator. The data
were sampled every 3 min from September to November 2023, comprising 202 attributes
and 43,720 instances. Many duplicates, irrelevant attributes, and missing values were
observed from the raw data, and thus necessitated further data pre-processing.
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Data pre-processing included removing the least relevant attributes and attributes
with significant missing values, and cutting out outliers. The processing of outliers was
completed by standardizing the data and discarding datapoints that lie outside the per-
centile of 0.02 and 0.98. Data standardization is essential to rescale all features into
a comparable range and ensure balanced contribution [43]. The standardization uses
Z-score normalization with formula Xstd = X−µ

σ , where µ and σ refer to mean and standard
deviation for a column, while the outlier’s clearance process is visualized in Figure 2.

 
(a) 

 
(b) 

Figure 2. Processing of outliers visualized in boxplot: (a) before and (b) after outliers’ clearance.

Eventually, the data were reduced into 41 variables and 43,720 instances. A summary
of operating parameters in the reduced dataset is depicted in Table 1, and a full summary
of available data used to develop the ANN is shown in Table A1.

Table 1. Summary of operating parameters from real gas turbine operations.

Operating Parameters Mean Min Max Units

Atmosphere temperature 29.75 24.60 36.30 ◦C
Atmosphere pressure 1005.12 1000.44 1009.32 kPa
Atmosphere humidity 80.61 49.16 98.71 g/m3

Compressor outlet pressure 17.09 17.01 17.16 Bar
Compressor outlet temperature 420.95 390.50 455.20 ◦C

Exhaust gas temperature 602.17 482.28 617.53 ◦C
Turbine power output 106,658.08 2022.00 124,089.00 kW

Net power output 187.11 97.00 242.00 MW
LHV 56,927.14 54,971.30 58,864.58 kJ/kg

Fuel gas flow 10.43 2.37 12.56 kg/s

The type of GT used is Mitsubishi M701F, with the configuration and performance
specification specified in Table 2. The constant properties, particularly compressor stages
and turbine stages, are used in thermodynamic calculation, whereas performance ISO
base rating, efficiency, and lower heating value (LHV) provide baseline values to validate
the calculation.
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Table 2. Summary of configuration and performance specifications.

Specifications Description

Configuration
Number of compressor stages 17

Number of turbine stages 4
Cooling method Air cooled

Number of rotors 1
Rated speed 3000 RPM

Performance
Frequency 50 Hz

ISO base rating 385 MW
LHV heat rate 8592 kJ/kWh

Efficiency 41.9% LHV
Exhaust flow 748 kg/s

Exhaust temperature 630 ◦C
Turn down load 45%

Ramp rate 45%/min

2.2. Thermodynamic Analysis

The gas turbine (GT) is modeled with thermodynamic principles following a simple
open-cycle GT, as illustrated in Figure 3. The component comprises a compressor, com-
bustion chamber, and turbine. The process scheme is described as follows. Firstly, air is
drawn into the compressor to undergo isentropic compression (1–2). The high-pressurized
air at the compressor outlet is then mixed with fuel gas in the combustion chamber for
ignition (2–3). This results in extremely high-temperature gas at the GT inlet section (3–4).
The hot gases are then expanded isentropically across the turbine to be converted into
mechanical (rotational) energy, which is used to drive the compressor and the generator
shaft. This section highlights how the three components can be modeled using thermody-
namics, with a focus on calculating the turbine inlet temperature (TIT) and specific fuel
consumption (SFC).

Figure 3. Schematic of a simple Brayton open-cycle GT.

2.2.1. Compressor Models

Although compressor parameters are beyond the scope of this study, it is still note-
worthy to generate any potential baseline parameters that can be useful for overall result
validation. Under a steady state and ideal gas assumption, temperature at the compressor
outlet, T2, can be expressed with the following equation:

T2 = T1(1 +
π
(ka−1)/ka
c − 1

ηc
) (1)
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with ambient temperature T1 = 29.75 ◦C, pressure ratio πc = 17 from OEM data, specific
heat ratio of air ka = 1.4 [27], and compressor isentropic efficiency ηc = 0.85 assumed
from [28]. Next, work completed by compressor, Wc, is given by the following:

Wc =
cp,a(T2 − T1)

ηm
(2)

with ηm as compressor mechanical efficiency and cp,a as the specific heat of air that can be
either set as a constant or as dynamically varying based on temperature as specified in [27]
as follows:

cp,a = 1.0189 × 103 − 0.1378Ta + 1.9843 × 10−4 T2
a

+4.2399 × 10−7T3
a − 3.7632 × 10−10T4

a
(3)

where Ta = (T1 − T2)/2, valid for 200 K < T < 400 K. Meanwhile, for gas, specific heat
can be expressed by the following.

cp,g = 1.8083 − 2.3127 × 10−3T + 4.045 × 10−6T2 − 1.763 × 10−9T3 (4)

This study uses simplified cases where the assumed constant values of
cp,a = 1.005 kJ/kg.K and cp,g = 1.8083 kJ/kg.K are taken from [27].

2.2.2. Combustor Models

The combustion process is modeled as a steady-state exothermic reaction between fuel
and air with the assumption of negligible heat loss [44]. The energy balance equation is
given by the following.

.
macp,a +

.
m f LHV =

( .
ma +

.
m f

)
cp,gT3 (5)

With the air–fuel ratio (AFR) f =
.

ma/
.

m f and the presence of combustion efficiency
ηcomb during the process, the expression can be formulated as follows:

T3 =
ηcomb.LHV + f .cp,a.T2

cp,g.(1 + f )
(6)

where T3 represents turbine inlet temperature (TIT). Both T2 and lower heating value LHV
are provided in the dataset. But, AFR and ηcomb remain unknown and, hence, will be
estimated using PINN, as detailed in Section 2.4. This method would be beneficial for
offline monitoring as AFR and ηcomb are the indicators for combustion performance that
are not measuring in the current operation.

2.2.3. Turbine Models

During the isentropic expansion process in the turbine, exhaust gas temperature
exiting GT, (T4), can be expressed as follows.

T4 = T3(1 − ηt(1 − π
(kg−1)/kg
t )) (7)

As the exhaust gas temperature T4 is available in the data, then the turbine inlet
temperature (TIT = T3) can be backcalculated. Pressure ratio πt is obtained from OEM data,
and kg = 1.33, as assumed in [27]. As for turbine isentropic efficiency ηt, this is obtained
through calculating TIT with varying ηt = [0.75, 0.80, 0.85, 0.90, 0.95] and the rest of the
properties as constant. The optimal estimate of ηt is then indicated by the calculated TIT
that conforms with the associated TIT range for M701F, which is 1400–1500 ◦C [45,46].

Furthermore, GT power output (Wt), net work output (Wnet), and total GT power (P)
can be defined as follows.

Wt =
cp,g(T3 − T4)

ηm
(8)

Wnet = Wt − Wc (9)
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P =
.

maWnet (10)

Specific fuel consumption (SFC) also can be expressed as follows.

SFC =
3600 f
Wnet

(11)

Total heat input, Qin, of the combustion process is as follows.

Qin =
.

m f LHV (12)

Lastly, the turbine thermal efficiency, ηth, and heat rate, HR, can be calculated as follows.

ηth =
Wnet

Qin
, (13)

HR =
3600
ηth

. (14)

2.2.4. Constant Properties

Constant properties are necessary for thermodynamic calculation. The properties were
taken directly from the relevant literature or taken after experiments whose results were
validated by the literature [45,46] shown in Table 3.

Table 3. Summary of constant properties used.

Constant Properties Values

Compressor pressure ratio (πc ) 17
Compressor isentropic efficiency (ηc ) 0.9

Turbine pressure ratio (πt ) 1/4
Turbine isentropic efficiency (ηt ) 0.9

Gas constant
(
kg ) 1.33

Specific heat capacity of air
(
cp,a ) 1.005 kJ/kg

Specific heat capacity of gas
(
cp,g ) 1.8083 kJ/kg

Mechanical efficiency of compressor 0.9

2.3. Artificial Neural Network (ANN) Modeling

An artificial neural network (ANN) is a computational model inspired by the structure
of the brain, which consists of large numbers of interconnected neurons that process
information through weighted connections [47]. It is a universal function approximator
that can model complex nonlinear relationships between inputs and outputs [33]. It consists
of multiple layers that transform the input features progressively using neurons (weights
and biases). An ANN type of feed-forward neural network is used in this study, as
illustrated in Figure 4.

Figure 4. Illustration of fully connected feed-forward neural network architecture.
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Three ANN models are crafted to predict TIT, SFC, and GTPO separately. Generally,
the modeling started with feature selection to choose the most relevant features to predict
a certain output. The ANN is then trained and optimized using random search and PSO.
Ultimately, the performance of the optimized ANN models will be compared with three
machine learning algorithms including linear regression (LR), support vector regression
(SVR), and extreme gradient boosting (XGBoost).

2.3.1. Feature Selection

Too many features used in the input layers of ANN may overcomplicate the model in
discovering the data patterns to predict a particular output. Therefore, feature selection
is crucial to enhance model performance and reduce redundancies among the features.
The following three steps were implemented: (1) mutual information analysis to quan-
tify dependencies between each feature and the target variable; (2) variance inflation
factor (VIF) to identify the degree of multicollinearities that may reduce model perfor-
mance (features with VIF > 5 were iteratively discarded until all features showed a VIF
below 5); and (3) Pearson correlation analysis to eliminate features with a low correlation
with the target.

2.3.2. Data Splitting

Before training the ANN, the dataset was firstly divided into training, validation,
and testing sets. Chronological splitting was applied to preserve temporal dependen-
cies in the time-series data. Among the three months of data, October data were used
for training (xtrain, ytrain), November for validation (xval , yval), and September for testing
(xtest, ytest). This approach ensures that the ANN generalizes across different monthly
operating regimes.

2.3.3. ANN Model Setup

Given an input x0, the ANN model with h number of hidden layers transforms the
input recursively using expression as follows:

xl+1 = ϕl(Wl xl + bl) for l = 0, 1, 2, . . . , h (15)

where Wl and bl represents weight matrix and bias vector of layer l, respectively. The
variable xl denotes the input to the l-th layer, with xl+1 referring to its corresponding
output. The activation function ϕl is applied at layer l. After passing through hidden layers,
the final output of the ANN model is denoted as ŷ = xh+1. A set of hyperparameters may
include a number of hidden layers, an activation function for each layer, optimizers, and a
dropout ratio.

Optimizers refer to gradient-based optimization algorithms used to update trainable
parameters (i.e., weights and biases) for each training loop. The update is based on
computed gradients from backpropagation algorithms. Stochastic Gradient Descents (SGC)
and Adaptive Momentum (ADAM) [48] are considered in this paper.

2.3.4. ANN Model Training and Validation

The objective of training an ANN is to minimize a loss function L with mean squared
error (LMSE) given by the following:

LMSE =
1
N ∑N

i=1||ŷi − yi||2 (16)

where ŷi denotes ANN prediction output at i-th sample and yi refers to its corresponding
true value, with N as number of training samples. Before training the parameters, Glorot
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Uniform [49] is used to initialize trainable parameters ( Φ) in the network to reduce the
risk of vanishing or exploding gradient problems. After training iteration is completed, the
final optimal Φ* = argminL(Φ) that minimizes LMSE is obtained.

The trained model is then validated using the validation set to see the model general-
ization. A well-generalized model (proper fit) indicates a well-performing model on an
unseen dataset (testing set). Poor generalization can be caused by overfitting and underfit-
ting during training and validation processes. Overfitting describes a model that overly
memorizes the training data such that it struggles with unseen data, while underfitting re-
flects an inadequate learning capability. They can be observed by plotting both true values
and predicted values on a time-series plot, or by plotting loss convergence over the epochs,
with an epoch defined as one complete training pass. To prevent overfitting, an early stop-
ping mechanism is applied by halting the training when validation loss stops improving
for a pre-defined consecutive epoch, known as the patience value. Additionally, tuning the
patience value can further enhance overall model performance and generalization [50].

2.3.5. ANN Hyperparameter Tuning

There are various methods to fine-tune ANN hyperparameters, and this study ex-
plores the use of random search and PSO. Five different hyperparameters are to be tuned,
including learning rate, dropout ratio, number of nodes per layer, activation function per
layer, and optimizer. The search spaces are depicted in Table 4.

Table 4. Summary of search space used for ANN optimization.

Hyperparameter Search Space

Learning rate np.logspace(−6, −1, num = 10)
Dropout ratio [0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7]

Number of nodes range(32, 512, 32)
Activation function [relu, sigmoid, tanh, leaky_relu, elu, selu]

Optimizer [sgd, adam, rmsprop, adamw, nadam, adagrad]

With random search, multiple sets of hyperparameters were formed based on values
randomly selected using uniform distribution from the search space. ANN performance
for each set of hyperparameters is evaluated to select one that gives best performance
and generalization.

Subsequently, PSO is implemented to optimize (fine-tune) the ANN by encoding the
hyperparameters into particles. Each particle is represented as a numerical vector given by
the following:

xn = [lr, opt, ain, din, h1, a1, d1, . . . , hL, aL, dL] (17)

with lr as the learning rate, opt as the encoded optimizer, and hi, ai, di as the number of
nodes, activation function, and dropout ratio in layer i for L hidden layers. The position
and velocity vectors (x, V ∈ RP×D×N) for the particles are then initialized using uniform
distribution from the search space, with P as the number of populations, D as the number
of hyperparameters embedded in each particle, and N as the total number of particles per
population. The fitness function (Jn,p) for particle n in population p is evaluated from the
ANN validation loss Lval,MSE. The position and velocity of each particle is then updated
for each iteration, and the global position at the last iteration is determined as the most
optimal hyperparameters. More about PSO will be discussed in Section 2.5.
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2.4. PINN to Estimate AFR and Combustion Efficiency (ηcomb)

To estimate both parameters of air–fuel ratio (AFR) and combustion efficiency (ηcomb),
the following TIT governing equation from the energy balance equation during the com-
bustion process is used as physics loss, which is expressed as follows:

Lphysics =
1
N ∑N

i=1

(
T3,i −

ηcomb,i·LHV + fi·cp,a·T2,i

cp,g

)2

(18)

where T2,i and T3,i are temperature at compressor outlet and turbine inlet from data index
i, respectively. AFR fi and combustion efficiency ηcomb,i for each time index i are set as
trainable parameters. This physics loss function is then averaged with data loss from mean
squared error (LMSE), forming the total loss function, expressed as follows:

Ltotal = α·Lphysics + (1 − α)·LMSE (19)

with α ∈ (0, 1) as weightage proportion of physics loss.
The training strategy is built upon the framework illustrated in Figure 5. The ANN

model to predict TIT that had been previously optimized was used to make the prediction.
But, for this case, additional trainable parameters consisting of AFR and ηcomb are added
with initial conditions (ICs). Boundary conditions (BCs) for both parameters are also
defined as 15–55 for AFR and 0.95–1 for ηcomb. ICs for AFR are set for five different values
of [15, 20, 25, 30, 35], whereas ICs for ηcomb and α are, respectively, set to 1 and 0.5. The
rationale of multiple ICs for AFR is to explore a wider range of possible solutions of AFR.

Figure 5. PINN training diagram to estimate AFR and ηcomb using TIT ANN model.

Subsequently, the dataset is split into training and testing sets. During the training
process, physics weight α is also attached as an extra trainable parameter. Once optimal α*

is obtained, it is then detached from the trainable parameters and used as a constant value
to estimate AFR and ηcomb in the testing set. At the end of the estimation, five different
possible solutions are be evaluated based on the total loss and the conformance with
the BCs.

2.5. Particle Swarm Optimization (PSO) Algorithm
2.5.1. PSO Overview

Inspired by bird flocking or fish schooling, PSO works by distributing particles into
n-dimensional search space to search for the best position that minimizes or maximizes
the fitness function. When searching for the best position, particle movement is influenced
by three main factors, as illustrated in Figure 6, namely the current velocity of the particle
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itself (inertia), the particle memory of its best historical position (cognitive), and the best
position according to the swarm (social).

Figure 6. Particle’s position update mechanism from iteration t to t + 1.

In the most basic form of PSO, the mechanism to update the particle’s position and
velocity from iteration t to t + 1 can be written as follows:

vt+1
i = wvt

i + c1rand1
(

pt
i − xt

i
)
+ c2rand2

(
pt

g − xt
i

)
(20)

xt+1
i = xt

i + vt+1
i (21)

where i = 1, 2, . . . , N represents ith particle among N particles in a population.
xi = [xi1, xi2, . . . , xiD] and vi = [vi1, vi2, . . . , viD] are the position and velocity of ith particle
with D dimension. pi refers to ith particle’s historical best position from its memory, while
pg denotes the global position of the population. rand1 and rand2 are two independent
random numbers within the range of (0, 1), while t and t + 1 define the iterations.

PSO parameters including inertia weight w, cognitive learning factor c1, and social
learning factor c2 are also important as they highly affect PSO performance and, hence,
they must be tuned. As for inertia weight, lower w tends to make the particles converge
faster towards global best, while higher w influences particles to exploit new search areas
and converge with a slower rate. Shi and Eberhart [51] introduced optimal inertia weight
within [0.9, 1.2] and suggested that linearly time-decreasing w can significantly improve
the performance. In this study, constant inertia weight w = 0.9 is used and the selection
of optimal inertia weight is beyond the scope of this study. Subsequently, the value for
learning factors c1 and c2 of 2.8 and 1.3 are taken based on Carlise et al.’s [52] demonstration
after rigorous experiments.

Further, this study also considers multiple population or swarm PSO to co-exist in the
search space. Best fitness functions among the population are then evaluated to select the
most optimal position.

2.5.2. Improved PSO

In this study, the standard PSO algorithm is enhanced to improve its global search
capability, avoid premature convergence, escape local optima, and prevent excessive muta-
tion. Inspired by recent PSO advancements discussed in [38,41], this study proposes an
improved PSO with Gaussian jumps and controlled mutation (IPSO + GJ + CM), with a
complete framework demonstrated in Figure 7.
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Figure 7. Flowchart of the proposed IPSO + GJ + CM.

The additional features consist of Gaussian jumps and controllable mutation. With
the base of standard PSO discussed in the earlier section, any particles showing stagnation
or non-improving fitness consecutively for a threshold of maximum_number_failure will
be indicated as stuck at the local optima, and, hence, must be mutated by Gaussian jumps
written as follows:

xt+1
j = xt

j + η·G(0, 1) (22)

where the term η·G(0, 1) is used to perturb the particle’s position, with η as a scaling factor
and G(0, 1) as a random factor sampled from Gaussian distribution. The perturbance will
allow for the particle to escape from local optima, therefore allowing wider exploration.
During the iteration, if the number_of_failure or the number of mutations exhibited by a
particle reaches maximum_number_mutation, the particle then stabilizes with zero velocity
to prevent endless jumps, restricting excessive mutations that result in over-randomization.

2.5.3. PSO Testing and Benchmarking

To measure the performance of the proposed IPSO, it is then compared with 9 other
PSO variants. The PSO variants were derived from the two PSO bases, namely IPSO,
which adopts standard PSO as its base, and Gaussian PSO (GPSO) that excludes inertia
weight in the velocity formula, as proposed in [53]. Both Gaussian and adaptive Cauchy
jumps [41] are applied to both IPSO and GPSO. Similarly, controlled mutation (CM) is
also implemented to check whether it improves PSO with jumps. Additionally, PSO with
constriction factor (KPSO) proposed in [54] is also included. As such, the PSO variants can
be expanded, as summarized in Table 5.

The 10 PSO variants are subsequently tested on 5 popular test functions as depicted in
Table 6. Each function has their own characteristics. For instances, Schwefel function ( f1) is
highly multimodal with many local optima with global minimum located near its boundary
of the search space. Rastrigin function ( f2) is highly multimodal with a regular grid of local
minima. Ackley function ( f3) combines exponential term with cosine term, creating a nearly
flat outer region and a sharp peak at global minimum, testing the algorithm’s balance in
exploration and exploitation due to its shallow gradient and multimodal nature. Griewank
function ( f4) has many local optima and is relatively easier to find due to its moderate
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multimodality. Lastly, penalized function ( f5) introduces penalty terms, creating a complex
and discontinuous landscape with sharp boundaries. In addition, the performance of
IPSO + GJ + CM is benchmarked with Gaussian evolutionary programming (GEP)
taken from [55]. Next, IPSO + GJ + CM is used to fine tune the ANN model in this
study for optimization and is also used for GT performance optimization in the digital
twin framework.

Table 5. Summary of 10 PSO variants tested in this study, with IPSO + GJ + CM as the proposed
improved PSO.

PSO Algorithm Description

SPSO Standard PSO
KPSO PSO with constriction factor [54]

IPSO + GJ Improved PSO with Gaussian jump
IPSO + ACJ Improved PSO with adaptive Cauchy jump

IPSO + GJ + CM IPSO + GJ with controlled mutation
IPSO + ACJ + CM IPSO + ACJ with controlled mutation

GPSO + GJ Gaussian PSO with Gaussian jump
GPSO + ACJ Gaussian PSO with adaptive Cauchy jump

GPSO + GJ + CM GPSO + GJ with controlled mutation
GPSO + ACJ + CM GPSO + ACJ with controlled mutation

Table 6. Five benchmark test functions with many local optima used for performance comparison in
this study, with N as number of dimensions (N = 30), S as lower and upper boundary of the search
space, and fmin as global minimum value of respective function.

Benchmark Functions S fmin

f1(x) = ∑N
i=1−xisin(

√
xi) (−500, 500)N −12569.6

f2(x) = ∑N
i=1

(
x2

i − 10 cos(2πxi) + 10
)

(−5.12, 5.12)N 0

f3(x) = −20 exp
(
−0.2

√
1
N ∑N

i=1x2
1

)
− exp

(
1
N ∑N

i=1cos(2πxi)
)

+ 20 + e
(−32, 32)N 0

f4(x) = 1
4000∑N

i=1x2
i − ∏N

i=1cos
(

xi√
i

)
+ 1 (−600, 600)N 0

f5(x) = 0.1
[
sin2 (3πx1)+∑N−1

i=1 (xi − 1)2
(

1 + sin2(3πxi+1)
)]

+(xN − 1)2 +∑u(xi, 5, 100, 4)

u(x, a, k, m) =

 k(x − a)m, x > a
0,−a ≤ x ≤ a

k(−x − a)m, x < −a

(−50, 50)N 0

2.6. Alarm Detection Using Conformal Prediction

Instead of using a traditional statistical tool like moving average or weighted moving
average, prediction interval is used to generate the alarms. Inductive conformal prediction
(ICP) can produce a prediction interval at a given confidence level (i.e., 95% and 80%) by
measuring non-conformity scores αi =|yi − ŷi|. The score is computed using a calibration
set after the model is fitted using the training set. After that, the prediction interval for a
new prediction set of ŷl+1 can be symmetrically given by ŷl+1 ± αquantile.

The region within the prediction interval is deemed as an optimal region, such that any
true values lying outside the interval will trigger alarm. In the context of gas turbine power
output (GTPO), the region above the prediction interval is considered suboptimal due to
its negative magnitudes, implying work completed by the turbine on its surroundings,
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while regions below the prediction interval are retained as acceptable due to their high
magnitudes. Additionally, the operational regime of off-peak load hours was excluded in
the alarm.

2.7. IPSO + GJ + CM and ANN Models to Optimize GT Performance

Two different optimization tasks are created in this study: (1) optimize GT power
output by adjusting AFR and (2) optimize specific fuel consumption (SFC) by adjusting AFR
and IGV position. The optimization is processed for each time index in the performance
metrics where the suboptimal condition has been previously detected using conformal
prediction. The previously optimized ANN models are then integrated to predict the
output given adjustable controllable parameters. The objective function to optimize GTPO
is given by the following:

LGTPO =
∣∣MGTPO(x)− ytarget

∣∣ (23)

where MGTPO represents the GTPO ANN model and x refers to the input features required
for MGTPO. PSO particles are set up to find the optimal value of AFR, which is also
included in x. The boundary for the controllable parameters is defined as µ ± kσ, where
µ and σ are the mean and standard deviation of corresponding controllable parameters
from the operational data. As for SFC optimization, a similar objective function is also set
up with PSO optimizing both AFR and IGV position independently.

2.8. Digital Twin Prototype (DTP) Framework for Gas Turbine

The final effort to optimize GTPO can be described in the framework illustrated in
Figure 8. It forms a closed loop where the optimized controllable parameters are fed back
to the physical system.

Figure 8. The proposed closed-loop optimization framework to optimize GTPO and SFC.

2.9. Resources Used for Experimentation

The computational tasks in this study—ANN, PINN, and PSO—were primarily ex-
ecuted using a local GPU workstation with CUDA 12.6 [56] in a laptop with NVIDIA
GeForce RTX 3060, 32 GB RAM, and a 64-bit operating system, whereas the software used
includes Python 3.8.20 [57], Anaconda 24.9.2 [58], and Jupyter Notebook 7.3.2 [59].

3. Results and Discussion
The results are organized as follow: (1) results on critical parameter calculation us-

ing thermodynamic analysis; (2) AFR and combustion efficiency estimation using PINN;
(3) ANN model development; (4) PSO benchmarking result; and (5) optimization result.
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3.1. Results on Parameter Calculation Using Thermodynamic Analysis

Several essential parameters including TIT, LHV, GT thermal efficiency (ηth), and SFC
were calculated from the operational data and constant properties, as depicted in Table 7.
The results show that the TIT mean value is 1464.24 ◦C, aligned with OEM data where TIT
for typical GT lies around 1400–1500 ◦C [45]. Thermal efficiency shows 31.34%, 10% lower
than the design value of 41.9%. SFC calculation is validated with the calculated SFC of 0.46
to 0.50 kg/kWh in [60] for M701F. Eventually, the calculated TIT and SFC will be used as a
data label to develop ANN models.

Table 7. Summary of calculated parameters using thermodynamic analysis.

Operating Parameters Mean Min Max Units

TIT 1464.24 1226.28 1494.73 ◦C
GT thermal efficiency (ηth ) 31.34 25.12 87.07 %

SFC 0.495 0.372 0.929 kg/kWh

3.2. Results of ANN Modeling
3.2.1. ANN Model Optimization

Table 8 shows the final ANN models for TIT, GTPO, and SFC that have been optimized.
TIT and GTPO shows lower R2 scores of 94.03% and 82.27%, while SFC indicates a signifi-
cantly higher R2 score of 97.59%. This may be due to different complexities in predicting
the three outputs. GTPO exhibits the characteristic of a discrete signal, which makes it more
difficult to predict, while TIT and SFC have the continuous form of a signal. The different
composition of input features may also contribute to the accuracy of the model. Given the
results, the TIT model is then used for PINN, while both GTPO and SFC are utilized for
GT optimization.

Table 8. Summary of three final optimized ANN models.

Target Test MSE Test R2 Score (%) Training Time (s)
Training Memory (MB)

CPU GPU

TIT 0.057 94.03 3.86 0.77 238.31
GTPO 0.159 82.27 0.66 0.75 92.00
SFC 0.031 97.59 5.00 0.76 218.00

Prior to the final optimized models, model optimization is run for a varying number
of hidden layers for each model as depicted in Table 9. The optimization was carried out
using PSO and random search (RS). PSO were initialized with 30 particles, 5 populations,
and 150 iterations. This implies that 150 sets were initialized, all of which may change
for 150 couple times. Meanwhile, random search generates 2000 sets of hyperparameters.
The results demonstrated that PSO can compete against RS. The R2 score achieved by RS
is slightly higher than PSO for TIT and GTPO models, while for SFC models, RS yielded
significantly poor results compared to PSO. Moreover, the PSO takes a relatively larger
amount of time but significantly lower memory compared to RS.

It is also observed that model accuracy tends to decrease as the number of hidden
layers increases. When the model architecture becomes more complex, but the training
data remain limited, this may lead to overfitting, inefficient training, and unstable learning.
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Table 9. ANN model optimization using IPSO + GJ + CM and random search for each of the hidden
layers of TIT, GTPO, and SFC models.

Number of Hidden Layers
R2 Score Test MSE Time (s) Memory (MB)

IPSO RS IPSO RS IPSO RS IPSO RS

TIT

1 86.825 91.373 0.127 0.083 1785.721 1401.196 38.176 197.800

2 89.532 94.033 0.101 0.058 2011.473 1640.982 2.332 174.414

3 86.808 88.996 0.127 0.106 4233.213 1919.514 3.542 198.514

4 88.473 90.617 0.111 0.090 5328.002 2152.087 3.166 222.085

5 87.284 91.418 0.123 0.083 6613.566 2176.519 4.198 241.229

GTPO

1 80.472 82.814 0.175 0.154 14,075.537 4532.693 36.658 596.997

2 79.501 79.689 0.184 0.182 12,710.275 3229.522 2.104 669.477

3 79.527 78.385 0.183 0.194 16,687.238 3478.373 2.356 747.213

4 62.855 77.172 0.333 0.204 19,688.012 4022.068 2.715 833.693

5 76.444 73.631 0.211 0.236 26,821.297 4381.155 2.986 921.462

SFC

1 97.589 79.489 0.022 0.184 2165.076 782.748 37.369 148.254

2 94.286 73.710 0.053 0.235 2325.503 960.313 2.371 165.159

3 95.407 80.717 0.042 0.173 2255.444 1108.242 3.369 186.845

4 95.539 76.454 0.041 0.211 6010.036 1185.941 5.566 211.164

5 95.942 78.312 0.037 0.194 3438.750 1262.703 5.099 230.509

3.2.2. ANN Models Compared to Machine Learning Algorithms

The previously optimized ANN models were also compared with three ML algorithms
in terms of R2 score. The results in Table 10 show that ANN significantly outperforms
them for TIT and GTPO models but is competitive for the SFC model. One of the possible
reasons could be that TIT and GTPO have relatively more complex data representation,
making it more difficult for ML algorithms to handle. However, SFC has less noisy and less
complex data such that ML algorithms can learn sufficiently. This shows that simpler ML
algorithms could perform better than a complex ANN model in some applications, which
could potentially save computational cost in online/offline applications.

Table 10. Summary of ANN model performance compared with three machine algorithms: linear
regression (LR), support vector regression (SVR), and XGBoost.

Model
TIT GTPO SFC

MSE R2 MSE R2 MSE R2

ANN 0.057 94.03 0.175 82.814 0.022 97.589
LR 0.293 67.315 0.172 80.811 0.012 98.751

SVR 0.198 77.852 0.220 75.382 0.036 96.081
XGBoost 0.641 28.408 0.426 52.417 0.008 99.170

3.3. Results of AFR and Combustion Efficiency Estimation Using PINN

Multiple initial conditions (ICs) of AFR were evaluated to select the best PINN estima-
tion result. As summarized in Table 11, an initial AFR of 25 that generates a final AFR of
25.016 and ηcomb of 0.983 with the lowest total loss of 0.105 was selected as the best solution.
The options with initial AFR values of 15 and 20 are considered acceptable but were not
selected due to higher losses. The rest were rejected because the final ηcomb is outside the
pre-defined boundary conditions (BCs) of 0.95 to 1. The final solution of AFR has a mean
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value of 25.016, standard deviation of 0.021, and range of [24.974, 25.259]. Meanwhile, that
of ηcomb has a mean value of 0.984, standard deviation of 0.022, and range of [0.832, 1.026].
This is consistent with the calculated AFR of 20–35 and ηcomb of 0.95–1.00 as reported
in [60–62]. However, a small number of indices that output ηcomb values above 1 were still
observed in the final solution, indicating the violation of BCs. These were potentially caused
by the underlying noises and biases preserved in the data. As for an alternative solution,
the option of a final solution of AFR = 20.185 and ηcomb = 0.803 was also considered as an
acceptable solution despite the lower AFR and ηcomb values.

Table 11. Summary of PINN estimation result after 3000 iterations for multiple initial AFR.

Initial AFR Final AFR Final ηcomb Total Loss Final α* Remarks

15 15.328 0.622 0.153 0.227 -
20 20.185 0.803 0.124 0.371 -
25 25.016 0.983 0.105 0.468 Selected
30 29.829 1.163 0.121 0.837 Rejected
35 34.625 1.342 0.148 0.250 Rejected

Figure 9 describes the correlation of both dynamic parameters (AFR and ηcomb) for
the option with initial AFR = 25 from Table 11, which exhibits a negative correlation of
−0.98 as hypothesized. PINN demonstrated success in estimating AFR and ηcomb for each
time index. This outcome is further validated by plotting AFR against thermal efficiency,
as depicted in Figure 10; it is then compared with a similar plot in [27]. The result shows
similar correlation, in which thermal efficiency and TIT are reduced when AFR is increased.
It is also noteworthy to observe how a small reduction in AFR can lead to significantly
higher thermal efficiency.

Figure 9. Best PINN estimation solution of AFR and ηcomb visualized in time-series plot.

Figure 10. Scatter plot of the PINN-based estimated AFR vs. thermal efficiency with TIT.



Energies 2025, 18, 3721 20 of 28

Despite the success of PINN to estimate unknown parameters in a governing equation,
its limitation must also be noted. Firstly, proper initial conditions must be selected as their
incorrect selection may make the PINN diverge easily; therefore, the domain knowledge
about the parameter must be carefully considered. Secondly, the sensitivity of the final
estimated parameters may be highly affected by vanishing or exploding gradients, such
that it must be well mitigated.

3.4. Results of PSO Algorithm Benchmarking

Initialized with similar particles, 10 PSO variants were run to minimize five test
functions with 500 iterations. They were then compared to each other and bench-
marked with GEP taken from [55]. As summarized in Table 12, although the proposed
IPSO + GJ + CM did not perform as the best variant across all functions, it generally
outperformed the GEP (except for f4). It is also inferred that adopting the jumps strategy
significantly improved standard PSO. The implementation of controlled mutation did
not improve the PSO, but generally reduced the memory consumed during iterations.
Although IPSO + GJ + CM was not the best model amongst the tested PSO variants, it
remains used in this study.

The improvement of all PSO across five test functions is further visualized in
Figure 11, where it describes the progression of fitness function over iterations. The
varying performances observed may be caused by distinct characteristics exhibited by each
test function.

Figure 11. PSO convergence for 10 different variants over 500 iterations, where PSO parameters are
set at w = 0.8, c1 = 2.8, c2 = 1.3, 50 particles, 100 populations.
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Table 12. Performance summary of 10 PSO variants over 500 iterations, with µN as the mean loss at the end iteration and σ as standard deviation of fitness value
throughout the whole iteration.

SPSO KPSO IPSO + GJ IPSO + ACJ IPSO + GJ + CM IPSO + ACJ + CM GPSO + GJ GPSO + ACJ GPSO + GJ + CM GPSO + ACJ + CM GEP [41]

µN
(σ)

µN
(σ)

µN
(σ)

µN
(σ)

µN
(σ)

µN
(σ)

µN
(σ)

µN
(σ)

µN
(σ)

µN
(σ)

µN
(σ)

f1(x) −8372.878
(808.292)

−5599.925
(298.221)

−10,328.824
(1090.873)

−12,199.546
(1544.250)

−9903.798
(821.021)

−11,682.823
(1648.968)

−9330.477
(1079.759)

−11,588.186
(1582.361)

−9290.839
(955.453)

−11,411.818
(1450.727) −7976.677

f2(x) 16.555
(40.244)

65.286
(23.240)

26.381
(37.756)

86.130
(23.651)

52.725
(31.756)

27.672
(35.609)

32.836
(32.887)

31.582
(33.541)

24.879
(44.006)

37.787
(32.922) 63.416

f3(x) 2.693
(2.490)

10.408
(0.625)

0.353
(2.949)

2.131
(2.605)

0.682
(2.901)

1.230
(2.717)

10.410
(0.671)

0.205
(2.991)

11.538
(0.559)

1.757
(2.780) 8.882

f4(x) 8.557
(21.210)

22.255
(19.563)

0.143
(23.858)

0.501
(22.926)

0.159
(23.123)

0.719
(22.573)

0.010
(22.510)

0.320
(23.005)

0.066
(23.928)

0.532
(22.330) 0.0582

f5(x) 0.054
(2.28 × 107)

59,564.602
(2.28 × 107)

0.010
(2.28 × 107)

0.430
(2.29 × 107)

0.023
(2.28 × 107)

0.745
(2.28 × 107)

48.896
(2.28 × 107)

0.160
(2.27 × 107)

49.797
(2.27 × 107)

0.701
(2.28 × 107) 0.0948
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3.5. Results of GT Performance Optimization

This section demonstrates the results of the detected suboptimal conditions (alarms)
by conformal prediction and how PSO managed to optimize the operating parameters.

3.5.1. Results of GTPO Optimization

Given a confidence level of 95%, the prediction interval indicated by the blue-shaded
region in Figure 12 is generated. Any true values that lie above this interval and oc-
cur within peak hours are distinguished as suboptimal or alarming conditions. In total,
1063 reduced alarms were detected across the September dataset. The alarms show that
a sudden increase in the magnitude of GTPO indicates increased power demand and
operational stresses. This behavior is possibly linked to AFR imbalance during the load
fluctuation and transition. The daily repetitive pattern also suggested a strong association
with the GT operating cycle rather than random anomalies.

Figure 12. Detected alarms in September 2023 based on conformal prediction with GTPO model.

A shorter time window on 1 September 2023 was selected to be optimized. Figure 13
demonstrates successful optimization such that the non-optimal true values in the red-
shaded region (alarms) were recovered back into the prediction interval, leading to a
significant increase in GTPO. Despite the success, several limitations were identified.
Firstly, it took almost 27 h to complete the optimization process of this small time window,
making such runtime less ideal for real-time use. Secondly, the GTPO is optimized with
the assumption of dynamic control in AFR. This can be addressed by developing a proper
experiment setup to ensure the reliability and validity of dynamic control in AFR.

Figure 13. Results of GTPO optimization on a shorter time window of the alarmed condition.

3.5.2. Results of SFC Optimization

Efforts to optimize SFC using a similar approach to GTPO was also attempted. For this
case, two controllable parameters—AFR and IGV positions—are considered as decision
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variables. When SFC exceeded a predefined setpoint under normal load, PSO was triggered
to adjust both parameters independently to minimize fuel usage.

Figure 14 illustrates particle movement across 400 iterations. Initially (iteration 1),
particles are uniformly distributed across the two-dimensional search space. By iteration
101, IGV values begin collapsing toward the lower limit, while AFR clusters near the upper
bound. At iteration 400, particles converge sharply at boundary extremes, indicating PSO
has over-optimized both variables. Although this managed to reduce SFC, the solution was
impractical. The final optimized AFR remained static, while IGV was minimized without
proper measures on the system behavior. The core issue may be caused by the overly
simplified objective and weak penalty functions, ignoring critical dependencies among the
two parameters.

Figure 14. The movement of particles representing two independent controllable parameters adjusted
by PSO at iteration 1, 101, and 400 to optimize SFC.

4. Conclusions
This study proposed a modular digital twin prototype framework integrating thermo-

dynamic modeling, ANN for data-driven prediction, PINN, and performance optimization
using PSO, all of which is clustered into sub-modules: modeling, estimation, and opti-
mization. Thermodynamic modeling was utilized to calculate TIT, SFC, and other relevant
performance metrics using available data. The developed ANN for TIT, SFC, and GTPO
showcased strong performance with R2 scores of 94.03%, 82.27%, and 97.59%, respectively,
after being optimized via PSO and random search. It is observed that the performance of
PSO and random search were on par, and the general performance of ANN outperformed
that of some machine learning algorithms (i.e, linear regression, XGBoost, and SVR). Several
challenges added more complexity to the modeling module. Firstly, the unavailability of
data led to many identified missing parameters. Secondly, the insufficient data and the
selection of ANN architecture that was relatively considered shallow or simple significantly
affected the performance of ANN models.

Moreover, the thermodynamic and ANN models—to predict TIT—were combined to
construct PINN, which successfully estimated the values of AFR and ηcomb dynamically.
The results also conform with the values taken from the literature for a similar type of
GT. Despite the conformalities, the calculated parameters may not correctly represent the
true values in the GT operations due to other factors such as reliability and unidentified
losses, necessitating extended validation by the operator or dataset provider. The PINN
estimation of AFR and ηcomb required extensive manual tuning due to its sensitiveness
towards pre-defined initial conditions that is highly dependent on expert knowledge.
A similar approach to estimate parameters in a partial differential equation may not
be suitable.

As for the optimization module, a PSO variant of IPSO + GJ + CM was tested among
different PSO variants. Not a single PSO variant was universally optimal, but the proposed
IPSO performed better when compared to GEP as the benchmark algorithm. The IPSO
was then employed to maximize GTPO and minimize SFC separately under real-time
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use cases, with the objective function crafted by leveraging ANN models. Despite the
optimization achieved, the control parameters exhibiting the lack of dynamic controls
and constraints still become significant limiting factors. The heavy computational mem-
ory and runtime consumed also posed challenges to create a reliable optimization for
real-world implementation.

Prior to optimization, the alarm detection was built upon conformal prediction inter-
vals during normal GT loading. The advantage of this method is that it may dynamically
indicate alarms or sub-optimal conditions during significant operational transitions rather
than relying on static upper or lower control limits. Further validation using maintenance
logs from the operator would strengthen these findings.

For future development, expanding the framework to include compressor parameters
and transient condition analysis would address the current scope limitations. Due to
GT data’s limited availability, further GT modeling using process software may also be
considered to provide additional baseline data. Subsequently, data-driven modeling can be
carried out using more deep learning algorithms to capture more complexities. PINN’s
application may be extended to investigate transient conditions involving partial different
equations to further leverage its automatic differentiation capability. Deep reinforcement
learning may also address the challenges related to the dynamic controls and constraints
posed in the real-time optimization task carried out in this study. As performance opti-
mization for real-time cases may be reliably challenging, more focus on higher-level cases
towards operational efficiency and fuel cost savings through SFC optimization can be
emphasized to significantly impact and benefit the operator. Ultimately, a more holistic
closed-loop digital twin prototype framework consisting of multiple integrated modules
can be developed to support a more practical implementation for GT operations.
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Appendix A
The operational data attributes extracted from a power plant operator.

Table A1. Summary of description of the extracted operational data.

Variable Name Variable Long Name Unit

ACTLD Actual load MW
BPT Blade path temperature ◦C

BPREF Baseline pressure reference kPa
CSP Combustor shell pressure bar
COT Compressor outlet air temperature ◦C
CIT Compressor inlet air temperature ◦C
DE Differential expansion between turbine and casing mm
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Table A1. Cont.

Variable Name Variable Long Name Unit

TOT Exhaust gas average temperature ◦C
FGF Fuel gas flow kg/s

FGHT Fuel gas heater outlet temperature ◦C
FGSP Fuel gas supply pressure kPa
FGT Fuel gas temperature ◦C

CompEff GT compressor efficiency -
GTPL Estimated GT Part Loading µm
GTPO GT power output kW
GPF Generator power factor -

GTGO GT generated output kW
Speed GT Speed RPM
HPCV HP control valve -
HPSV HP stop valve -
ICV Inlet control valve position -
IGV Inlet guide vanes position -

IGVCSO Inlet guide vanes closed shut-off -
IFDP Inlet air filter differential pressure kPa
IMSP Inlet manifold static pressure kPa
IPCV Intermediate pressure bypass control valve -
LPBT LP last stage stationary blade temperature ◦C
Gb1X Gearbox bearing 1 X-vibration µm
Gb1Y Gearbox bearing 1 Y-vibration µm
Gb2X Gearbox bearing 2 X-vibration µm
Gb2Y Gearbox bearing 2 Y-vibration µm
Gb3X Gearbox bearing 3 X-vibration µm
Gb3Y Gearbox bearing 3 Y-vibration µm
Gb4X Gearbox bearing 4 X-vibration µm
Gb4Y Gearbox bearing 4 Y-vibration µm
Gb5X Gearbox bearing 5 X-vibration µm
Gb5Y Gearbox bearing 5 Y-vibration µm
Gb6X Gearbox bearing 6 X-vibration µm
Gb6Y Gearbox bearing 6 Y-vibration µm
RCAT Rotor cooling air average temperature ◦C

WI Wobbe index MJ/m2
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