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Abstract

This research investigated the predictive modeling and optimization of a gas turbine cogeneration facility using
machine learning techniques combined with an advanced Particle Swarm Optimization (PSO) algorithm. Five
machine learning models, K-Nearest Neighbors (KNN), Random Forest Regression (RFR), Decision Tree
Regression (DTR), Support Vector Regression (SVR), and Gradient Boosting Regression (GBR), were used
to train using turbine operational data to predict turbine thermal efficiency to examine their performance. The
GBR had the best predicting accuracy with a Mean Absolute Error (MAE) of 0.00836, Mean Relative Error
(MRE) of 0.00030, Mean Squared Error (MSE) of 0.00012, and R? of 0.99967. Then, an Improved PSO
Algorithm was applied to the turbine flow rates in order to find gas turbine thermal efficiency maximization.
Over several iterations, the majority of the PSO runs converged within 15 iterations to a maximum thermal
efficiency of 32.62%. This value was very similar to the highest value of 32.63% identified in the dataset.
Further analysis of the populations while the PSO algorithm converged showed that the metrics for population
diversity were smooth between the exploratory to the exploitative phases. For the optimized maximum
efficiency, each flow rates were achieved at the optimized condition. The pre- and post-optimization flow rate
of gas into the turbine has had an upward adjusted entry flow rate, and boosted the compressor and boiler gas
flows while decreased combustor outlet gas flows, which maintains the established limits of the gas turbine.
The study produced a solid foundation to be used for the real-time prediction of performance and operational
optimization of gas turbine facilities.
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1. Introduction
The early modelling of gas turbines (GT) was achieved using simulations of declared first-principles equations
and proprietary performance maps of the performance of actual designs. (Al-Hamdan and Ebaid 2005) created a
combined operating-performance map created from an aero-derivative GT's turbine and a GT's compressor
performance map through axis transformations, to model full-load efficiency measures. In order to forecast gas
turbine performance with average errors under 2% and maximum errors under 4.3%, (Liu and Karimi 2020)
created surrogate models based on high-dimensional model representation and artificial neural networks. (Haglind
and Elmegaard 2009) demonstrated approaches to predict part-load operating measures from aero-derivative GTs,
using either the performance maps and simplified performance maps of actual designs. (J. J. Lee, Kang, and Kim
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2011) also made a general GT whole engine performance analysis program in a stage-stacking of performance
maps; before again the only full validation was full-load performance. Some good examples of model validation
are provided by (Song, Gu, and Ji 2015) who made a full-range performance model of a three-spool turbofan
engine, with cooling for non-combustor hot section components, and validated the model at all working engine
performance regimes. The speed of the data-based combinatorial methods came with surrogate-modeling
methods. (Bartolini et al. 2011) used artificial neural networks (ANN) for micro-GT performance maps, albeit
they were able to include the ambient parameters and the emissions. (Nikpey, Assadi, and Breuhaus 2013)
developed an improved artificial neural network model for combined heat and power micro gas turbines that
possessed even greater predictive accuracy than traditional regression methods. Again, (Nikpey et al. 2014)
conducted an experimental study and ANN modeling of a recuperative micro gas turbine using natural gas-biogas
mixtures and demonstrated strong performance predictions, regardless of fuel blending proportion. (Fast, Assadi,
and De 2009) made multi-utility ANN models for industrial GTs with prediction errors of less 2%. (Rossi et al.
2014) created ANNs on top of physical models to establish baselines of consumption profiles of CHP plants for
diagnostic capabilities in real-time. Other ML algorithms, such as K-Nearest Neighbors, Random Forest
Regression, Decision Tree Regression, Support Vector Regression, and Gradient Boosting Regression were used
to generate accurate predictions of GT power output, pressure ratio, and exhaust temperature for traditional
combined-cycle and cogeneration plants. (Tiifekci 2014) created a model to predict the full load electrical power
output of a combined cycle power plant using a variety of machine learning algorithms, including artificial neural
networks, support vector machines, and random forest with a high degree of accuracy for forecasting performance.
(Boksteen et al. 2014) developed a Bayesian calibration framework for power plant models, yielding higher
predictability for loads by explicitly applying the uncertainties associated with models and measurement errors.
(Kim and Joo 2005) developed an on-line performance monitoring framework for two combined cycle power
plants, demonstrating that an on-line real-time performance monitoring system can successfully track operational
parameters and monitor performance degradation in operation. Furthermore, on-line performance monitoring
models using ML were developed for combined-cycle units, detecting performance deviations in real-time
(Gu"len, Griffin, and Paolucci 2002), and real-time diagnostic systems for heavy-duty industrial GTs were created.
(J. H. Lee, Kim, and Kim 2017) produced a predictive model for estimating the power-generation capacity of a
gas turbine combined-cycle cogeneration plant and validated its accuracy across various operational modes.

PSO is a type of metaheuristic optimization technique that is triggered by the social behavior of bird flocking or
fish schooling for effectively seeking optimum solutions with a good trade-off between exploration and
exploitation processes in multidimensional complex search spaces. PSO is widely used for optimizing parameters
in various engineering application areas. An optimized PSO technique using nominal average position of the
swarm was developed by (Fang, Chen, and Shen 2011) for optimum multi-parameter gain tuning of PID for water
turbine governors that showed better convergence properties relative to the conventional methods. (Mazhar, Liu,
and Shukla 2019) used PSO to find optimum thermal parameters for phase change materials for grey water heat
recovery systems which effectively improved energy recovery in thermal storage systems. (Krimer, Miiller, and
Kosterhon 2025) proposed a Deep Learning-Tuned Adaptive Inertia Weight (TAIW) technique that utilized the
power of a neural network for adjusting the inertia weight factors dynamically using the individual search
capability of each particle in an effective manner which showed better convergence properties for various
benchmarking functions as well as for medical image registration tasks as compared to fixed inertia weight,
linearly decreasing, and adaptive weight techniques. PSO methodology was successfully implemented by (Patel
and Rao 2010) for optimizing design parameters of shell-and-tube heat exchanger geometric parameters with
simultaneous improvement of both economic and thermal performance objectives. In recent times, PSO is a
popular technique for optimizing the operation parameters of GT. (Emeka 2019) compared PSO to genetic
algorithms in the context of a 100 MW GT and found that PSO converged on solutions much faster than the
genetic algorithms, producing better tuning performance. Hybrid PSO Cuckoo Search techniques also eliminated
the traditional controller designs for micro-GTs (Yang et al. 2021). Multi-objective PSO procedures, validating
trade-offs of part-load efficiency and NOx reductions, were also successful when applied (Ma et al. 2022). These
procedures have now led to studies on the use of PSO in novel forms such as reinforcement-learning frameworks
or adaptive neural fuzzy inference systems for dynamic GT control with reliability (Hadroug et al. 2021).

The purpose of this study is to investigate System A stated by (Pak and Suzuki 1997), and to examine the
performance of five machine-learning (ML) models, KNN, RFR, DTR, SVR, and GBR, over the generated dataset
to predict thermal efficiency based on combinations of mass-flow. The models created are evaluated based on
their MAE, MSE, MRE, and R?. The best model will guide an enhanced PSO algorithm to find the optimum
operating point for maximum thermal efficiency and optimized mass flow rates to achieve that. Thus, the present
work introduces a novel approach for advancing data-driven approaches for performance improvement of
cogeneration gas turbine systems with a focus on predictive modeling and global optimization.
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2. System Modelling

Figure 1 illustrates the Gas Turbine System along with its constraints. Mainly, intake air and fuel get compressed
by the compressors and get mixed at the combustor with an equivalence ratio of 0.2. This lean mixture causes the
combustor efficiency to be 98%. After the combustion, the mixture enters the turbine, produces work, and the
residue passes through the waste heat boiler.
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Figure 1. Gas Turbine System Model

For simulation purposes, first law of thermodynamics has been implemented with varying mass flow rates of air

compressor inlet, air compressor outlet, fuel compressor, combustor outlet, and boiler, and so, a dataset of thermal
efficiency variation with mass flow rates consisting of 32768 datapoints has been created. A summary of the
dataset has been depicted in Table 1.

Q +W= Z My houe — Z my, hy, (01)
Table 1. Dataset Summary
Air Fuel Air Combustor Boiler Thermal
Mass Flow compressor Outlet (kg/s) Efficiency (%)
Compressor | Compressor
Rates Inlet (ke/s) (ke/s) Outlet (kg/s)
s s (kg/s)
Mean 53.486111 1.063889 52.527778 | 52.777778 52.111111 27.385041
Std 1.354790 0.212766 1.072921 1.091106 0.981995 1.922467
Max 55.555556 1.388889 54.166667 | 54.444444 53.611111 32.638056
Min 51.416667 0.738889 50.888889 | 51.111111 50.611111 22.132025
3. Methodology

3.1 Machine Learning

In the present study, we used the mass flow rates as input features and the thermal efficiency as the output label.
The whole dataset was split into an 80:20 ratio for training and testing purposes. Then, five machine learning
models were introduced to the dataset, and their hyperparameters were optimized by randomized search cv. Then,
the performance metrics of the optimized models have been determined.

3.2 Improved PSO Method

PSO method considers the combination of mass flow rates as particle and collection of the particles as swarm,
and searches for the best combination for maximum thermal efficiency possible for the given dataset. For
improved PSO method, the adaptive inertia weight converges the model from exploration to exploitation. The
constriction factor guarantees convergence, and velocity clamping prevents velocity explosion. Moreover, the
improved model utilizes Latin hypercube sampling for better initial particle distribution. Basically, the method
uses the optimized best-performing machine learning model to predict the thermal efficiency with its current
particle, then compares it with the global best efficiency and moves the particle position according to the analysis
in every iteration.
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4. Model Validation

The thermodynamic analysis in this study was carried out by using Python (3.12) and Cantera. We had taken the
simulation parameters of GT from (Pak and Suzuki 1997) as stated before. Table 2 shows that our simulation and
the simulation they did are almost similar. So, it can be said that our model setup was correct.

Table 2. Model Validation Results

Items Present Study Study by Pak and Suzuki (Pak and Suzuki 1997)
Net Work 10.03 MW 10 MW
Generated power output 27.13% 27.1%
Turbine Energy Output 86.36% 87.2%
Heat Output at Boiler 17.59 MW 16.93 MW
Power for compressing Air 57.8% 58.7%
Power for compressing fuel 1.43% 1.4%

5. Results and Discussions

5.1 Machine Learning Models

Figure 2 shows the predicted vs actual values of each model for the best hyperparameter combination. KNN is
visibly the worst working model for our dataset, as it shows the most deviation from the ideal line. This statement
is further validated by Fig 3 where the error, along with R? values, has been portrayed for every model. KNN
offers the largest errors with MAE, MRE, and MSE values of 0.0854, 0.0031, 0.0119, respectively and the smallest
R? value of 0.9967. The four remaining models show almost similar results which is hard to distinguish from
Figure-1, but the error values can determine the best working model. From Figure 2 it is evident that GBR model
shows the least errors and best R? values; with MAE, MRE, R?values of 0.00836, 0.0003, 0.00012 and 0.99967,
respectively. Though the values of the performance metrics are nearly similar for RFR, DTR, SVR, and GBR, the
differences can be visible by taking larger precisions of the values.

5.2 Optimization by Improved PSO Algorithm

Figure 3(a) shows the thermal efficiency optimization process across iterations for multiple PSO runs. The
convergence pattern demonstrates that PSO rapidly improves thermal efficiency in the first 10-15 iterations before
stabilizing at the optimal value of 32.62%. The consistency across multiple runs indicates the algorithm's
reliability and correctness.

Figure 3(b) illustrates the diversity metrics of the PSO algorithm. Both mean diversity and pairwise diversity start
high and decrease exponentially as the algorithm progresses, eventually stabilizing at low values of 0.4-0.7; which
means particles initially explore the search space widely and gradually converge toward the optimal solution,
indicating a proper balance between exploration and exploitation phases.

Figure 4 illustrates the robust performance of the PSO algorithm, demonstrating both rapid convergence and
effective population management. As shown in the Figure 4(a) the algorithm consistently stabilizes at a maximum
thermal efficiency of 32.62% within the first 15 iterations across multiple runs, confirming its reliability. This
efficiency is supported by the diversity metrics in Figure 4(b), which depict a smooth transition from high initial
exploration to a focused exploitation phase, with diversity values settling between 0.4 and 0.7 to prevent premature
convergence.

Table 3 compares flow rates across different system components before and after PSO optimization. The
optimization appears to maintain or slightly improve flow rates across most parameters, with the most significant
improvements visible in the higher flow rate components (around 55 kg/s). This demonstrates that PSO
successfully optimized the system while maintaining operational constraints.
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Table 3. Comparison between optimal mass flow rates and original best mass flow rates from dataset

Mass Flow Rates Before PSO (kg/s) After PSO (kg/s)
Air Compressor Inlet 51.42 51.71
Fuel Compressor 0.74 0.77
Air Compressor Outlet 50.89 50.92
Combustor Outlet 54.44 54.30
Boiler 53.61 53.89

6. Conclusion

This study successfully established a comprehensive data-driven framework for the predictive modeling and
operational optimization of gas turbine cogeneration systems. By integrating advanced machine learning
techniques with meta-heuristic optimization, the research demonstrates a viable pathway for enhancing
thermodynamic efficiency without relying solely on computationally expensive first-principles simulations. The

key findings of the study are as follows:

1.  Among the five machine learning models evaluated, Gradient Boosting Regression (GBR) emerged as
the most robust predictor. It achieved the highest accuracy with a MAE of 0.00836 and R? of 0.99967.
This indicates that the GBR model can capture the complex non-linear relationships between mass flow
rates and thermal efficiency with near-perfect precision.

2. The Improved PSO algorithm demonstrated exceptional efficiency in exploring the solution space. The
algorithm consistently converged to a maximum thermal efficiency of 32.62% within the first 15
iterations. The population diversity metrics confirmed a balanced transition from exploration to
exploitation, preventing premature convergence to local optima.

3. To achieve the optimized efficiency, the algorithm identified a specific control strategy: increasing the
mass flow rates for the air compressor and boiler while decreasing the combustor outlet gas flow. This
configuration maximizes output while adhering to the established operational limits of the turbine
system.

The implications of these findings extend significantly into industrial applications, particularly for the
development of Digital Twin technologies and real-time supervisory control systems. The high inference speed
and accuracy of the GBR model allow it to serve as a surrogate model for online performance monitoring,
replacing slower physical simulations. Furthermore, the stability and speed of the Improved PSO algorithm
suggest it is well-suited for dynamic control loops, where it can continuously adjust operational setpoints (such as
fuel and air mass flow) to maintain peak efficiency in response to fluctuating load demands or environmental
conditions. However, the proposed framework yields promising results, it is essential to acknowledge the
limitations inherent in this study. The dataset employed was generated using thermodynamic simulations based
on the theoretical model by (Pak and Suzuki 1997), rather than empirical data from an operating gas turbine.
Consequently, the model does not account for real-world stochastic factors such as sensor noise, mechanical wear,
or component degradation over time. Future research should focus on validating these algorithms against historical
operational data from physical plants and incorporating noise-handling mechanisms to ensure robustness in a
genuine industrial environment.
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