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1 INTRODUCTION 

This chapter explains the research background and provides required information about 

the structure of this thesis. It also presents the problem, the purpose of the study, research 

needs and questions, the significance to the field, necessary definitions, advantages, and 

limitations.  

 

Development of the first practical gas turbine (GT) as a jet aircraft engine was carried out 

by Frank Whittle in Britain in 1930s [1]. It was after World War II that applications of 

GTs significantly increased due to the enhancement in a variety of scientific fields such 

as material science, aerodynamics, and cooling systems, which in their turn led to 

remarkable improvements in engine efficiency. In the past 50 years, characteristics such 

as compactness, low weight, low initial cost, availability, adaptability, reliability, fast start 

capability, multiple fuel applications, and short delivery time have increased the usage of 

gas turbines in industrial platforms and offshore utilities [2, 3]. Nowadays, gas turbine 

engines (GTE) are widely used in oil field platforms, power plants, refineries, 

petrochemical plants, and gas stations for power generation. They also act as jet engines 

in aeronautical industries. Gas turbines are classified as internal combustion engines, 

capable of converting chemical energy (stored in fuel) to mechanical energy [4]. These 

engines are employed as drivers for large generators, compressors, and pumps.  

 

Modelling of gas turbines may be used for the prediction of their dynamics, as well as for 

design and/or performance optimization. They may also be used for system identification, 

performance prediction, sensor validation, condition monitoring, fault detection, 

evaluation of emissions, or control system design [5]. GT models can be classified as 

white-box and black-box models [6]. In a white-box model, the system dynamics and 

mathematical equations are available for setting up the model using different methods, 

techniques, and software tools such as MATHEMATICA and Simulink/MATLAB. These 

equations for most industrial systems are time-dependents and usually have coupled and 

nonlinear nature [6]. They are needed to be simplified by making different assumptions 

to be possible to get solved. If access to the system dynamics and equations is impossible 

or limited, black-box (data-driven) models are employed. In this case, values of 

significant features of the system during operation in a specific period of time are 
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collected and divided into inputs and outputs of the system. Here again, a variety of 

methodologies and software may be used to map the inputs to the outputs to disclose the 

relationships among the system variables and to build up the desired model(s). One of the 

fast-growing and popular approaches in black-box modelling during the recent decades 

is using a subset of artificial intelligence (AI), which is called artificial neural network 

(ANN). ANN simply resembles the function of the human brain in solving complicated 

problems. It can be used in different scientific fields for a variety of applications such as 

data processing, system identification, modelling, condition monitoring, fault diagnostics, 

and control of highly nonlinear dynamic systems. In a dynamic system, the values of the 

system variables change with time, based on earlier applied signals, while in a static 

system, there are instantaneous direct links among the system variables [7]. Some 

researchers try to improve empirical models by employing the theoretical structure of the 

system. This approach is called the gray-box method. A gray-box model is a combination 

of physical and statistical models [8]. In this hybrid model, experimental data and 

mathematical modelling techniques are combined to improve the accuracy of the resulting 

model [6].  

1.1 Operation principles of gas turbines 

Figure 1 presents the main components of a single-shaft gas turbine including compressor, 

combustor, and turbine; all together so-called gas generator (GG). These components are 

installed on a single central shaft and rotate together. The operation of GTEs is based on 

the Brayton cycle; which is shown in Figure 2 in both temperature-entropy (T-S) and 

pressure-volume (P-V) frames [9]. As these figures illustrate, air enters the compressor at 

point 1 and passes through the compressor. The hot compressed air enters the combustion 

chamber (combustor) at point 2 and is mixed with fuel. The mixture is ignited to produce 

the hot gases. The produced gasses enter the turbine at point 3 and pass through it; forcing 

the turbine, and consequently, the connected shaft and compressor to rotate. The output 

of the shaft could be connected to a large generator, pump, or compressor to shape a turbo-

generator, turbo-pump, or turbo-compressor respectively. Although the actual processes 

in the compressor (1-2) and turbine (3-4) are irreversible and non-isentropic, they are 

ideally assumed as isentropic processes. The ideal processes in the combustor (2-3) and 

environment (4-1) are also assumed to be isobaric, although there are considerable 

pressure losses in the combustor and air filters [10]. 
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Figure 1. The schematic of a Single-Shaft Gas Turbine 

 

 

Figure 2. Brayton Cycle in P-V and T-S Frames [9] 

 

Gas turbines can be classified differently based on the type, capacity, size, and 

application. There are two main types of GTs including stationary and aero-derivative gas 

turbines. The engine acts as the main driver for turbo-generators, turbo-pumps, or turbo-

compressors in stationary gas turbines. A turbo-generator is used for producing electrical 

power. Aero-derivative GTs such as turbo-jets, turbo-props, and turbo-fans are employed 

as propulsion systems to produce the required force (thrust) based on Newton's third law 

(so-called action and reaction law), for moving an airplane through the air. Gas turbines 

may also be grouped as single-shaft and split-shaft (twin-shaft, triple-shaft). All main 
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components in a single-shaft GT are installed on a central shaft and rotate together. 

However, there could be several shafts and turbines in a split-shaft gas turbine. In a twin-

shaft GT, the first turbine which is connected to the compressor may be called high-

pressure turbine (HPT), compressor turbine (CT), or gas generator (GG) turbine. 

Compressor and its accessories employ the power produced by CT for rotation. The 

second turbine, named power turbine (PT) or low-pressure turbine (LPT), is mechanically 

disconnected from the gas generator. PT produces the output power of the engine. Figure 

3 shows and compares typical single-shaft stationary and aero-derivative gas turbine 

engines [11]. 

 

 

Figure 3. Typical Single-Shaft Stationery and Aero-derivative Gas Turbine Engines [11] 

 

Before setting up the GT models, some considerations such as type, size, capacity, 

configuration, and even manufacturer of the engine should be taken into account. Besides, 

the modelling techniques, strategies, and objectives should be carefully investigated at 

the beginning of the modelling process [12]. According to Table 1, gas turbine engines 

may also be categorized into five main groups based on their sizes and capacities (output 

power) [2]. 
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Table 1. Classification of Gas Turbine Engines Based on Their Capacities 

Type of GT Engine Symbol 
Capacity 

(MW) 

Efficiency 

(%) 
Application 

1 Micro gas turbine MGT 0.02 – 0.35 15 - 30 
an alternative to internal 

combustion engines (ICE) 

2 Small gas turbine - 0.5 – 2.5 15 - 25 simple cycles 

3 
Aero-derivative gas 

turbine 
ADGT 2.5 - 50 35 - 45 Aeronautical Industry 

4 
Heavy-duty gas 

turbine 
HDGT 3 - 480 30 - 46 

large power generation 

units 

5 
Industrial gas 

turbine 
IGT 2.5 - 15 30 - 39 

extensive use in 

petrochemical plants 

1.2 Significance to the field 

Identification, modelling, simulation, and control of gas turbine engines have been the 

subjects of many studies in recent decades. It is especially because of these engines’ 

significant role and applications in aeronautical, power generation, marine propulsion, 

and oil & gas industries. Modelling of GTs has improved and developed technical and 

economical strategies for design, manufacturing, operation, performance optimization, 

and maintenance planning of these engines. The GT models have also shown great 

capabilities for condition monitoring and fault detection. So far, many efforts have been 

carried out to develop generations of gas turbines with the capability of overcoming 

available challenging engineering problems from both technical and economical 

perspectives [13, 14]. Offline modelling of gas turbines is a very good approach for the 

design, optimization, performance prediction, and diagnostics of GTEs. It can assist both 

users and manufacturers in different ways. Offline models may be employed by 

manufacturers to evaluate the performance of the engines during the design and 

manufacturing phases, while online models can be utilized on industrial sites for 

performance prediction, condition monitoring, fault diagnosis, sensor validation, or 

troubleshooting. 
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1.3 Research needs and questions 

Although remarkable analytical and experimental models of GTEs have been investigated 

and developed so far to deeply understand the complexity of the nonlinear nature of these 

engines, there are still strong motivations for the students, scientists, manufacturers, and 

other professionals to continue their research activities in this fascinating area. Moreover, 

the electricity market has shown a high demand for the electricity produced by employing 

turbo-generators, especially for industrial applications. It has encouraged the power 

producers and other professionals in the field to look for novel methodologies for 

optimization of design and performance, and improving the manufacturing process of 

stationary gas turbines. It is especially because of the complexity of these systems and 

the need for developing models for a variety of objectives and applications with higher 

accuracies and reliabilities. It would also be of great importance to researchers to explore 

a variety of approaches, techniques, and methodologies in the field with their own benefits 

and limitations. Both transient and steady-state operations of gas turbines under different 

environmental conditions, load fluctuation, and system disturbances are still needed 

further investigations. Besides, a variety of linear and nonlinear models may be developed 

and compared for different types of the engines, under different operating conditions, and 

from different perspectives.  

 

A linear model of a system is defined as a model, which is set up based on the totally 

linear equations of the system constraints and objective functions. If each of these 

equations is nonlinear, the model is considered a nonlinear model. Because of the 

complex nonlinear dynamics of many industrial types of equipment, solving nonlinear 

systems of equations for setting up a model is usually impossible without making some 

assumptions, and going through a simplification process to pave the way for linear 

analysis. Although there is a variety of techniques and methods for linearization of 

nonlinear systems, keeping the sensitive and effective nonlinear aspects of the system for 

setting up an accurate model should be critically discussed and considered. Otherwise, 

the resulting model may fail to predict the system dynamic with acceptable accuracy and 

reliability. 
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1.4 Statement of the problem 

Even a quick and short survey in scientific sources shows that there have been remarkable 

research efforts regarding both physics-based and data-driven modelling of GTEs. 

However, it can be also observed that despite all those efforts, many problems still exist 

in the field during design, manufacturing, operation, and maintenance phases, which need 

extensive attention and effort for finding appropriate solutions. Some of these problems 

can be highlighted as follows: 

• White-box models of gas turbines rely on dynamic, thermodynamic, and energy 

balance equations with a high degree of nonlinearity. To solve these complex and 

coupled equations, they should be simplified by making some assumptions and 

employing different linearization techniques, which consequently resulted in 

setting up models lacking the capability to precisely capture the whole dynamics 

of the system. Therefore, getting attention to the alternative solutions, which are 

independent of the system physics has been considerably increased. Among the 

different techniques, data-driven models have shown a high capability in 

capturing the nonlinear dynamics of GTEs.  

• Industrial equipment gradually deteriorates; losing efficiency and operability. 

Therefore, after years of service in the industry, the original dynamic and 

thermodynamic equations and the corresponding GT models need to be revised 

through theoretical and experimental processes, which are not easy in most cases. 

Besides, replacement of the old engines requires huge financial sources and may 

not be economically possible. Fortunately, data-driven models can act as good 

alternatives in such situations, because of the flexibility to adapt to new 

conditions.  

• Although setting up linear models are much easier and require a shorter period of 

time compared to nonlinear models, it is not as accurate and reliable as nonlinear 

models. However, further investigations are still needed to evaluate and compare 

a variety of linear and nonlinear models of gas turbines. Data-driven models, such 

as RNN, have shown high capabilities in capturing complex nonlinear dynamics 

of industrial equipment, and may also be utilized to optimize the processes of 

design, manufacturing, operation and maintenance of gas turbine engines 

eventually led to saving a remarkable amount of money and time. 
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1.5 Purpose of the study 

Considering the concepts already discussed in this chapter, the major objective of the 

study can be outlined as follows: 

• Novel data-driven models of an industrial gas turbine engine are investigated and 

the results are compared for different models in terms of accuracy and reliability. 

• Three linear models including Ridge Regression (RR), and Lasso Regression (LR), 

and Multi-Task Elastic-Net (MTEN) are trained and verified by using five 

extensive operational time-series datasets for normal operations of the engine. 

• A nonlinear model of the system is set up and validated by employing recurrent 

neural networks (RNN). A combination of different training and transfer 

functions, different number of neurons and different time-delays for the recurrent 

connections are employed to explore the best solution. 

• To evaluate the capability of the resulting models in capturing the system 

dynamics, outputs of the resulting models are compared to the system outputs 

(targets) including values of the corresponding operational data.  

• To train and validate the models, a comprehensive programming code is written 

in the Jupyter Notebook environment by using Python programming language and 

the relevant libraries and modules such as pyrenn. 

• It is shown that the resulting RNN model can be applied reliably for performance 

prediction of the engine by following changes in the system inputs. 

1.6 Thesis outline 

This thesis investigates novel linear and nonlinear data-driven modelling of GTEs, 

according to the following outline: 

Chapter 1 (Introduction) is presenting an introduction to the subject of this study. 

Operation principles of gas turbines were already explained and the significance of the 

study to the field was described. In the next steps, research needs and questions, the 

statement of the problem and the purpose of the study were briefly presented and 

discussed. 
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Chapter 2 (Literature Review) presents an overview of the literature in the area of data-

driven (black-box) modelling and simulation of gas turbine engines. The most relevant 

investigations for different stationery and aero-derivative gas turbine engine are briefly 

reviewed in this chapter.  

Chapter 3 (Methodology) elucidates the methodology of this research.  In this chapter, 

the process of data acquisition and preparation is explained and the structure of datasets 

for significant variables of the engine is presented. Then, the training process and setting 

up the data-driven models including RR, LR, MTEN and RNN models are fully described. 

At the end of the chapter, the coefficient of determination criteria for selecting the optimal 

model is presented and a summary of the chapter is provided.  

Chapter 4 (Results) illustrates the results of this research for the final data-driven models 

of the engine investigated in this study. The results for the linear and nonlinear techniques 

including RR, LR, MTEN, and RNN are figured for four output parameters of the system 

consisting of gas turbine exhaust pressure (GTEP), turbine inlet temperature (TIT), 

turbine after temperature (TAT), and compressor discharge pressure (CDP). Then, the R-

squared (R2) scores are calculated for the training and validation processes, and the 

resulting models are evaluated and compared for the selection of the optimal model. 

Finally, the features of the gas turbine are assessed in terms of the role and importance in 

the modelling process and a summary of the chapter is provided. 

Chapter 5 (Discussion) presents the overall results of this study, and provides discussions 

and concluding statements.  Significant observations, limitations, and recommendations 

for the upcoming research activities and possible improvements in the field of modelling, 

and simulation of gas turbine engines are also briefly discussed in this chapter. 

1.7 Summary 

This chapter explained the background and main motives for this study. It also presented 

the operation principles of gas turbine engines and a short description of the significance 

of the study to the field. Besides, research needs and questions, the statement of the 

problem, the purpose of the study, and the thesis outline were briefly discussed. 
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2 LITERATURE REVIEW 

One of the best strategies to manufacture gas turbine engines with higher efficiency, 

durability, and reliability is to employ modelling and simulation techniques. These 

techniques could also be employed for performance optimization, condition monitoring, 

fault detection, sensor validation, and maintenance planning. The benefits of using 

modelling methods have been created a strong motivation for professionals to keep 

studying and working in this area. A survey in the literature shows that many sources are 

available in the area of data-driven modelling and simulation of gas turbines, and 

significant research efforts have been carried out in the field. This chapter presents an 

overview, discussion, and concluding remarks regarding the most important parts of these 

efforts in recent decades. 

2.1 Overview of data-driven modelling of gas turbine engines 

So far, a variety of data-driven (black box) models of gas turbine engines have been 

developed for different types of GTs from different perspectives and for different purposes  

[15, 16, 17]. This variety indicates that building up a generic model of gas turbines, as 

some researchers like Visser et al. [18] desired and tried to do, may not cover all details 

of the dynamics of a specific engine. That is the main reason for setting up a variety of 

models based on different methodologies and approaches. Data-driven models have 

shown a high capability to predict the dynamic behavior of industrial equipment when 

access to the system dynamics is restricted or limited.  

 

To disclose the nonlinear dynamics of GT engines, a variety of black-box models have 

already been investigated and developed. These studies cover a wide range of approaches 

including (but not limited to) multi-layer perceptron (MLP), feedforward neural network 

(FFNN), B-spline neural networks (BSNN), backpropagation neural networks (BPNN), 

nonlinear auto-regressive with exogenous inputs (NARX), nonlinear auto-regressive 

moving average with exogenous inputs (NARMAX), Elman neural network (ENN), and 

radial basis function (RBF).  

 

Ibrahem et al. [16] developed two data-driven static and dynamic (NARX) models of a 

triple-shaft ADGT engine. They investigated different configurations of activation 
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functions, training algorithms, and the number of neurons.  They concluded that although 

the accuracies of both models were acceptable, the performance of the static model was 

slightly better than the dynamic one. However, the NARX model showed a higher 

capability in generalization and capturing the system dynamics with a longer time for the 

training process because of the feedback connections.  

 

Nikpey et al. [19]  investigated an ANN-based model of an MGT located in a combined 

cycle power plant for condition monitoring purposes using the modified MGT data. They 

performed a four-step sensitivity analysis to explore the relevance of the system inputs 

and outputs, and to evaluate the influence of input parameters on the prediction accuracy 

of outputs. According to the results of sensitivity analysis, three variables including 

power, compressor inlet temperature, and compressor inlet pressure were the most 

effective system inputs. The results also demonstrated that the model accuracy was 

significantly affected by the compressor inlet temperature and pressure. The resulting 

ANN-based model could successfully predict the engine performance with high accuracy 

and reliability.  

 

Vatani et al. [20] presented two ANN-based methods for health monitoring of a gas turbine 

in order to predict the system degradation under the effect of GT measurable parameters 

such as critical temperatures. They employed measured datasets, defined lower and upper 

threshold bounds, and used different scenarios to set up the RNN and NARX models, and 

to demonstrate the capability of the models in the prediction of the engine’s dynamics. 

The results demonstrated that the required data for training the NARX model was less than 

the RNN network. Besides, the NARX model had fewer prediction errors compared to the 

RNN architecture. 

 

Tarik et al. [21] developed a NARX model for identification of an HDGT in dry low 

emission (DLE) mode in order to reduce nitrogen oxide (NOx) emission. They used 

operational datasets to train, and validate the model. Nine variables were selected for the 

modelling process. Power demand, thermocouple temperature setpoint, and the opening 

of the metering valve, pilot valve, and guide vane were considered as five inputs of the 

model, while the compressor pressure, gas fuel flow, thermocouple average temperature, 

and output power were assigned as four model outputs. According to the results, the 
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NARX model could predict the system dynamics in DLE mode with a good generalization 

and high accuracy.  

 

Bartolini et al. [22]  explored applications of an adaptive network-based fuzzy inference 

system (ANFIS) and ANN to micro gas turbines. The aim of the study was to disclose 

unavailable experimental data for completing the engine performance diagrams. They 

showed that the engine performance could reliably be predicted by the ANN model. They 

also studied the effects of load changes and variations of ambient temperature, pressure, 

and humidity on the output power, and realized that the engine was more affected by load 

than ambient conditions. The results also demonstrated that the output power was more 

influenced by the variations of ambient temperature than pressure and humidity changes. 

 

To explore the impacts of MGTs on the stability of distribution systems, a NARX model 

of an MGT and its relevant distribution system dynamics was developed by Jurado [23]. 

Testing the model under electrical disturbances and different operating conditions 

indicates that the resulting NARX model was capable of modelling the micro gas turbine 

dynamics in the non-isolated mode for high and low amplitude dynamics of the system.  

 

Lazzaretto and Toffolo [24] applied ANN to a single-shaft GTE for off-design modelling 

purposes. To predict the engine performance, they employed FFNN and the analytical 

method. They also studied the application of scaling techniques to the generalized maps 

of the turbine and compressor in order to set up new maps for the engine. They validated 

the resulting maps by utilizing the operational datasets obtained from the real plants. The 

system of equations of the model was solved by using a commercial simulator. However, 

the researchers did not include the effect of changes in internal parameters in the 

analytical model. The simulator results were utilized to train the FFNN. The resulting 

model showed a high level of accuracy and reliability for capturing the correlations 

among significant thermodynamic parameters of the engine and prediction of the system 

dynamics.  

 

Amozegar et al. [25] developed a novel methodology by employing ensembles of 

dynamic neural networks for system identification, fault  detection and isolation (FDI), 

and health monitoring of a single-spool engine. Three different ensembles and a group of 

neural networks including MLP, NARX, and RBF and a dynamic support vector machine 



24 

 

(SVM) were utilized to identify the system dynamics. Five structures for each of the RBF-

NARX, MLP-NARX and SVM-NARX models were trained individually to estimate the 

values of five outputs of the system. Among these individual learning models, the best 

performance belonged to the RBF-NARX model.  

 

Ogaji et al. [26] investigated fault detection of a twin-shaft stationary GT by using 

simulated data of a pre-developed nonlinear aero-thermodynamic model and employing 

three different ANN architectures respectively for partitioning the system measurements 

into no-faults and faults groups, classifying the faults into a component or a sensor fault, 

and isolating dual or single faulty sensors, in order to determine the values of the faults 

by measuring the differences between the corresponding inputs and outputs of the 

network. The results demonstrated the capability of ANN as a high-speed tool for real-

time control problems.  

 

Arriagada et al. [27] explored an ANN-based model of a single-shaft GTE for fault 

diagnosis. Ten faulty datasets and one healthy dataset of the system were used to train a 

reliable feedforward MLP neural network for identification of the faults, and generation 

of early-stage warnings. Figure 4 illustrates a schematic of the ANN, named 14-H-28 

according to its structure, with fourteen measured GT parameters as inputs [27]. The 

desired outputs were unique combinations of twenty-eight binary numbers, arranged in a 

graphical display.  

 

Figure 4. The schematic of the ANN Model and the Interpretation of the Outputs [27] 
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Mehrpanahi et al. [28] presented a dynamic model of a single-shaft GTE in start-up and 

loading modes by using operational datasets. Different methodologies and scenarios were 

employed to identify the system dynamics, and especially the shaft speed characteristics 

during the start-up operation. These methods included using ANNs, shaft dynamic-based 

(SD) function, linear regression, NARX networks, and time-delayed transfer functions. 

The position of inlet guide vanes (IGV) and fuel discharge rate were considered as inputs 

of the system, while the shaft speed was assigned as the engine's output. The results 

showed the relative superiority of this methodology in the estimation of the shaft speed 

in the start-up mode.  

 

Bai et al. [29] developed a novel method for GTs anomaly detection by using normal 

datasets, and employing the NARX model and prior knowledge fusion. They also carried 

out an autocorrelation analysis to depict the engine's dynamic behavior and claimed that 

it was the first time that normal pattern extraction of gas turbines had been studied. They 

investigated the healthy engine under different operational conditions and extracted the 

unchanged features in order to perform robust and sensitive anomaly detection. The 

results showed that the NARX model had superiorities in recognition of normal patterns, 

and identification of GT dynamics compared to other machine learning-based 

methodologies such as MLP, ENN, and extreme learning machine (ELM).  

 

To identify the dynamics of a power plant HDGT, NARX models of the engine were 

explored by Basso et al. [30]. They investigated isolated and non-isolated operational 

modes and employed black-box identification techniques in order to set up accurate 

reduced-order nonlinear models. They also used the Gram-Schmidt procedure to estimate 

the parameter of the NARX models. To establish the best structure for the nonlinear 

models, both step-wise and forward regressions were studied, and different input signals 

were examined.  

 

To set up a neural network (NN) model of a single-shaft gas turbine with appropriate 

robustness, accuracy, and computational time, Bettocchi et al. [31] developed a 

feedforward MLP model, by using the datasets covering the whole operational range, 

generated by a cycle program already calibrated on the system. The resulting model 

included fifteen inputs, six outputs, and one hidden layer with sixty neurons. They 

concluded that the resulting model was capable of the real-time simulation of GT engines. 



26 

 

In another study, Bettocchi et al. [32] examined a multiple-input and multiple-output 

(MIMO) neural network for fault diagnosis of the engine. Simani and Patton [33] 

employed a data-driven model for output estimation, and fault detection and isolation 

(FDI) of a single-shaft GT prototype. They used an identified linear model to avoid the 

complexity of nonlinear dynamics of the engine, and claimed that the presented FDI 

strategy could provide robustly solutions for minimization of the impacts of modelling 

noise and errors, in response to maximization of fault sensitivity. For verification of the 

robustness of the proposed approach, the researchers applied the proposed approach to 

the GT simulated datasets obtained in presence of modelling and measurement errors.  

 

Chiras et al. [34]   investigated a NARMAX model of an ADGT engine to determine the 

nonlinearity nature and order of the system. For this purpose, they employed 

identification techniques and nonparametric analysis in frequency and time domains. In 

another study, Chiras et al. [35] utilized a forward-regression orthogonal estimation 

algorithm to set up a NARMAX model for an aero-derivative twin-shaft GT. They also 

studied the nonlinear relation between the shaft rotational speed and the fuel flow rate. To 

validate the model performance, they examined the system performance for small and 

large signal tests and observed that the results were satisfactorily close to the results of 

the model previously developed for the engine. Chiras et al. [36] also employed FFDN to 

model the relationship between fuel rate and shaft rotational speed of an ADGT. They 

realized that using a nonlinear model was necessary for modelling the high-amplitude 

dynamics of GTEs. Chiras et al. [37] presented a global NARMAX model of a twin-shaft 

aero gas turbine. They explored both linear and nonlinear models of the engine and 

proposed a simple NARX-based system identification method with satisfactory 

performance for small and high amplitude tests.   

 

Condition-based maintenance of GT engines was explored by Fast et al. [38], by applying 

ANN techniques to simulation data. Fast et al. [39]  also set up a simple ANN-based model 

of a single-shaft gas turbine with very high prediction accuracy, by employing the 

measured data obtained from the engine when working under full load. Besides, they 

combined the cumulative sum (CUSUM) technique with ANN to monitor the system 

conditions, and to detect the engine performance anomalies [40]. In another study, Fast et 

al. [41] investigated application of ANNs to diagnosis and condition monitoring of a 
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combined cycle power plant. Fast [42] employed ANN-based approaches for sensor 

validation, diagnosis, and condition monitoring of GT engines.  

 

Torella et al. [43] simulated the effects of an air system on the performance of a large 

turbo-fan engine by using two different configurations of BPNN. To improve the model 

accuracy for the first configuration, a variety of training algorithms and the different 

number of hidden layers were examined. A computer programming code was derived for 

the second configuration in order to build up the BPNN for modelling the GT air system 

in the presence and also in the absence of faults. Although the proposed approach could 

be applied to the air system for diagnostics and troubleshooting purposes, multiple faults 

and the effect of sensor noise could not be covered by the BPNN model. 

 

NARX models of the fuel control unit (FCU) of a turbo-shaft GTE was investigated by 

Salehi et al. [44]. They used NARX models because of the nonlinear nature of the FCU 

and not having enough information about the system dynamics and equations. The 

structure of the NARX model included both linear (feedforward) and nonlinear (NARX) 

parts. The inputs of the nonlinear block were the system input/output regressors. The 

resulting model showed satisfactory accuracy to represent the real system in a wide 

operating range. 

 

MLP models for an IGT were explored by Nozari et al. [45]. They applied, tested, and 

validated a nonlinear method for system identification, in order to detect and isolate the 

engine faults. Besides, a comparative study was performed by using other relevant works 

to show the benefits of the applied method. In another effort, Nozari et al. [46] applied 

linear neuro-fuzzy and MLP methods for FDI purposes. 

 

Ruano et al. [47] applied NARX and ANN-based models to an aircraft engine for nonlinear 

identification of the shaft speed dynamics under normal operation. Among the different 

ANN-based structures including MLP, RBF, and BSNN, the latter one showed the best 

performance. The researchers also used a genetic programming tool to determine the 

structures of BSNN and NARMAX models. 

 

An ANN-based adaptive technique was developed for system optimization by Dodd and 

Martin [48] for modelling and control of an ADGT engine. An FFNN network was 
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employed for the system modelling. The resulting model could maximize thrust at a 

constant desired level of fuel flow and could decrease the turbine blades’ temperature, 

which consequently could increase the GT life. Figure 5 illustrates the block diagram of 

the ANN-based model with its inputs and output [48]. 

 

 

Figure 5. Block Diagram of an ANN-Based Model of an ADGT [48]. 

 

A genetic algorithm (GA) approach was applied by Breikin et al. [49] for an ADGT 

dynamic modelling during the engine cruise operation. They used operational data for 

parameters estimation of the reduced-order model. Comparing the results of GA to the 

traditional techniques demonstrated that GA provided good flexibility in choosing the GT 

performance metrics.  

 

Rahmoune et al. [50] investigated fault detection of a twin-shaft engine by employing a 

NARX model. The real data obtained from the vibrations of bearings of the engine were 

employed to train and validate the resulting model. It was shown that NARX models could 

effectively be used for fault detection and optimal condition monitoring of gas turbines. 

Rahmoune et al. [51], and El Ashmawi et al. [52, 53] explored novel ANN-based models 

for monitoring and fault diagnosis of an IGT engine. 

 

A feedforward MLP neural network was employed by Badihi et al. [54] for estimation of 

the fuel flow rate of a jet engine. Simulink-MATLAB was employed to set up a 

mathematical model for the generation of the required data for the network training. The 

resulting model showed a high capability in the prediction of the engine performance 

parameters.  

 

Yoru et al. [55] applied ANN to exergetic analysis of the GTEs providing power and heat 

in a power plant cogeneration system. They compared the values obtained from the 
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exergetic analysis with the model outlet values, and showed that much closer exergetic 

results could be achieved by employing the ANN. 

 

Loboda et al. [56] developed MLP and RBF models for fault detection of an ADGT 

engine. According to the results, the computational time for training the RBF was much 

more than MLP, and its accuracy was a little more than the accuracy of MLP.  

 

Yu et al. [57] proposed a new methodology for modelling aircraft engines by using NARX 

models and wavelet neural networks (WNN). They employed time-series datasets 

obtained from three aircraft engines to set up and validate the models.  

 

A set of single-input and single-output (SISO) neural networks were applied to an aircraft 

engine by Tayarani-Bathaie et al. [58] for fault detection purposes. They performed 

different simulations to evaluate the accuracy of the proposed approach.  

 

 In addition to the above-mentioned efforts, one can also refer to other studies focused on 

ANN-based GT models, which indicate the strength of ANN in the identification of 

complex dynamics of gas turbine engines. For instance, Asgari et al. [59, 60, 61, 62, 63] 

investigated data-driven modelling, simulation, and control of gas turbines using different 

methodologies. Mu and Rees [64] developed a nonlinear model or control of an aircraft 

engine. They employed neural networks and NARMAX for the identification of the system 

dynamics under a variety of operating conditions. A model of an HDGT for the prediction 

of transient behavior during the startup process was presented by Kim et al. [65, 66]. 

Tavakoli et al. [67] extracted the parameters of an HDGT by providing an educational 

modelling approach. To minimize sensor failures and their consequences including 

shutdowns, and to decrease the necessary number of sensor calibrations, Palmé et al. [68]  

presented an ANN-based technique for sensor validation of GTEs. Spina and Venturini 

[69] applied ANN to model a single-shaft GTE and its diagnostic system. They used 

measured datasets and employed different patterns to train the network with a low 

computational time. And finally, Mohammadi et al. [70] applied MLP with dynamic 

processing units to a twin-shaft ADGT for fault detection. The capability of the resulting 

model was verified by conducting varieties of simulations.  
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2.2 The outcome of the literature review 

As the literature survey indicates, remarkable studies have been done so far in the area of 

data-driven modelling of gas turbine engines, each with its own advantages and 

limitations.  The outcome of these activities has had significant impacts on optimization 

and cost-cuts of design and manufacturing processes, and improvements in the condition 

monitoring, operation, fault diagnosis, and maintenance planning of gas turbines.  

However, to approach the optimal models as closely as possible, and to design and 

manufacture GTEs with high reliability, good performance, and cost-effectiveness, 

further efforts still need to be done in order to unfold the complex dynamics of these 

systems. Because of the nonlinear nature of GTE dynamics, and their different sizes, 

capacities, and applications, study in this area is still a challenging issue. Some of the 

subjects that indicate the necessity of further research in the area of data-driven modelling 

of GTEs already explained in the previous chapter. The following issues may also be 

added to those subjects: 

• GT models, which are usually set up by using simplified dynamics and linearized 

equations, may not be accurate enough to precisely capture the complex dynamics 

of nonlinear systems. Hence, any simplification or linearization methodology, and 

the related effects and consequences on the system dynamics should be precisely 

taken into account and analyzed at the beginning of the modelling process [71, 

72]. However, data-driven models have the potential and power to satisfactorily 

capture the complex nonlinear dynamics of GTEs because of their independence 

of the physics of the system.  

• There are a variety of ANN architectures in the field of data-driven modelling of 

gas turbines. This variety is based on the network topology, the number and type 

of inputs and outputs, data flow, training algorithms, activation functions, the 

number of layers and neurons, the number of feedback connections, and the 

related time-step delays, etc.  

• Building up new GT models by employing novel methodologies could greatly 

help in a further and deeper understanding of the GT dynamics. For instance, a 

recurrent neural network, as a nonlinear model, could effectively capture the 

nonlinear aspects of GT dynamics with high accuracy. Besides, such models could 
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save money and time during design, manufacturing, operation, and maintenance 

periods.  

• The literature lacks enough sources regarding comparisons of linear and nonlinear 

models in terms of deviations from the real systems. It could be of great 

significance and also interesting to see, understand and evaluate the application, 

benefits and limitations of different linear and nonlinear methods in the area of 

GT modelling.  

• GTEs are complicated systems with high degrees of nonlinearity and with 

complex, nonlinear, and coupled dynamic equations. Modelling and simulation of 

these systems cover a wide range of studies and research activities. Even in the 

area of data-driven modelling, a variety of modelling approaches, and techniques 

with static, dynamic, linear, or nonlinear structures may be employed for different 

types of GTEs. Among these methodologies, some may need further 

investigations and developments, and some may even have not been explored so 

far. Hence, research in data-driven modelling still needs to be continued for 

different types of gas turbine engines. 

2.3 Summary 

This chapter briefly reviewed and discussed the data-driven models of gas turbine engines 

including significant and the most relevant studies and investigations for different types 

of gas turbines. According to the outcome of the literature survey, although many 

remarkable studies have been done so far in this area, further developments are still 

required in order to resolve the current challenges in design, manufacturing, 

commissioning, operation, maintenance planning, fault diagnosis, sensor validation, 

troubleshooting, control, etc. This study is to provide solutions to some of the current 

problems in this area. 
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3 METHODOLOGY 

The application of suitable procedures and techniques for modelling industrial systems 

plays a significant role in the reliable and accurate prediction of the dynamic behavior of 

these systems. Coupled and nonlinear dynamic and thermodynamic equations have made 

the modelling of gas turbines very complicated. Despite many efforts in the field, it is still 

a challenging issue to set up novel models of gas turbines by considering the effect of all 

variables and by making a trade-off correlation among generalization, accuracy, 

reliability, and robustness. Besides, there are varieties of gas turbines produced by 

different manufactures in terms of type, size, structure, application, and capacity, which 

have led to diversity in modelling methods. 

 

In general, there are two main approaches in modelling industrial systems including 

white-box and black-box (data-driven) models. A white-box model is usually employed 

when the mathematical equations of the system are available. In this case, the complex 

equations should be simplified enough to be solved and modelled, which eventually 

decreases the accuracy of the resulting model(s). Researchers may need to use different 

linearization techniques during the modelling process and to employ engineering software 

as powerful simulation and modelling tools. 

 

A black-box model is usually employed when access to the mathematical equations or in 

general, the physics of the system is impossible or limited.  In this case, the system data 

including values of different variables are collected and used to unfold the hidden 

relationships among the system variables. Data-driven modelling is a very good 

alternative to white-box modelling and has been investigated in a variety of scientific 

fields. It consists of different approaches such as supervised learning, unsupervised 

learning, and reinforcement learning. In this study, different supervised data-driven 

approaches for a gas turbine engine will be employed and the resulting models will be 

compared in terms of their accuracies and reliabilities.  

3.1 Data collection and preparation 

The data employed for this study are open-source datasets collected from a single-shaft 

GTE located in Turkey. A model of this engine was already employed for the prediction 
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of carbon monoxide (CO), and nitrogen oxide (NOx) emissions from the engine [73]. 

These datasets include the hourly average values of eleven variables collected from the 

related GT sensors. However, in this research, nine out of eleven variables, which are 

directly related to the technical parameters of the GTE are considered, as the purpose of 

this study is to set up dynamic models of the system. Figure 6 shows the GTE and the 

sensor locations for picking up the values of the system parameters. These parameters are 

shown in dashed red rectangles [73]. 

 

 

Figure 6. The Sensor Locations/Parameter Sources of a Single-Shaft Gas Turbine [73] 

For the modelling process, five variables including ambient pressure (AP), ambient 

temperature (AT), ambient humidity (AH), turbine energy yield (TEY), and air filter 

difference pressure (AFDP) are considered as inputs.  The other four parameters 

consisting of gas turbine exhaust pressure (GTEP), turbine after temperature (TAT), 

turbine inlet temperature (TIT), and compressor discharge pressure (CDP) are appointed 

as target variables. Table 2 explains the engine variables and their operational ranges. The 

data include five datasets collected over five years from 2011 to 2015, with a total of 

36732 records. Table 3 presents details of the datasets. In order to remove incorrect, 

incomplete, improperly formatted, irrelevant, or duplicated data, all data are checked, 

cleaned, and filtered before the training process. Among the five datasets, three datasets 

including 21947 records are considered for the training process, which cover about 60% 

of the whole available experimental data. The remaining data consisting of two datasets 

with a total of 14785 records (40% of the whole data) are assigned for the test (validation) 

process. Different combinations of the datasets may be considered for training and 

validation purposes. Running the programming code for a variety of combinations of 
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datasets showed that the best results were achieved when the combination of the datasets 

was assigned according to Table 3. Figures 7 to 24 represent the data structures (values) 

for different variables of the engine for the training and validation processes. 

 

Table 2. Gas Turbine Engine Variables 

Variable Symbol 
Operational 

Range 
Unit Input / Target 

1 Ambient temperature AT 6.23 - 37.10 C° Input 

2 Ambient pressure AP 985.85 - 1036.56 mbar Input 

3 Ambient humidity AH 24.08 - 100.20 % Input 

4 Turbine energy yield TEY 100.02 179.50 MWH Input 

5 
Air filter difference  

pressure 
AFDP 2.09 - 7.61 mbar Input 

6 
Gas turbine exhaust  

pressure 
GTEP 17.70 - 40.72 mbar Target 

7 Turbine inlet temperature TIT 1000.85 - 1100.89 C° Target 

8 Turbine after temperature TAT 511.04 - 550.61 C° Target 

9 
Compressor discharge 

pressure 
CDP 9.85 - 15.16 mbar Target 

 

 

 

Table 3. Operational Time-Series Datasets 

Dataset 
Number 

of Data 

Sampling Time 

(hours) 
Training / Validation 

1 GT_2011 7411 1 Training 

2 GT_2012 7628 1 Validation 

3 GT_2013 7152 1 Training 

4 GT_2014 7158 1 Validation 

5 GT_2015 7384 1 Training 

Total Training Datasets 21947 1 Training (60%) 

Total Validation Datasets 14785 1 Validation (40%) 

Total Datasets 36732 1 Training/Validation 
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3.1.1 Data structure of ambient temperature (AT) 

 

Figure 7. Data Structure of Ambient Temperature (AT) for Training Process 

 

Figure 8. Data Structure of Ambient Temperature (AT) for Validation Process 
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3.1.2 Data structure of ambient pressure (AP) 

 

Figure 9. Data Structure of Ambient Pressure (AP) for Training Process 

 

Figure 10. Data Structure of Ambient Pressure (AP) for Validation Process 
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3.1.3 Data structure of ambient humidity (AH) 

 

Figure 11. Data Structure of Ambient Humidity (AH) for Training Process 

 

Figure 12. Data Structure of Ambient Humidity (AH) for Validation Process 
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3.1.4 Data structure of turbine energy yield (TEY) 

 

Figure 13. Data Structure of Turbine Energu Yield (TEY) for Training Process 

 

Figure 14. Data Structure of Turbine Energu Yield (TEY) for Validation Process 
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3.1.5 Data structure of air filter difference pressure (AFDP) 

 

Figure 15. Data Structure of Air Filter Difference Pressure (AFDP) for Training Process 

 

Figure 16. Data Structure of Air Filter Difference Pressure (AFDP) for Validation Process 
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3.1.6 Data structure of gas turbine exhaust pressure (GTEP) 

 

Figure 17. Data Structure of Gas Turbine Exhaust Pressure (GTEP) for Training Process 

 

Figure 18. Data Structure of Gas Turbine Exhaust Pressure (GTEP) for Validation Process 
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3.1.7 Data structure of gas turbine inlet temperature (TIT) 

 

Figure 19. Data Structure of Turbine Inlet Temperature (TIT) for Training Process 

 

Figure 20. Data Structure of Turbine Inlet Temperature (TIT) for Validation Process 



42 

 

3.1.8 Data structure of gas turbine after temperature (TAT) 

 

Figure 21. Data Structure of Turbine After Temperature (TAT) for Training Process 

 

Figure 22. Data Structure of Turbine After Temperature (TAT) for Validation Process 
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3.1.9 Data structure of compressor discharge pressure (CDP) 

 

Figure 23. Data Structure of Compressor Discharge Pressure (CDP) for Training Process 

 

Figure 24. Data Structure of Compressor Discharge Pressure (CDP) for Validation Process 
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3.2 Training process and setting up the data-driven models 

As already explained, the gas turbine variables are divided into five inputs and four 

targets. The objective is to set up an optimal model, which maps inputs to targets as 

accurately as possible. The generalization and reliability of the resulting model are also 

very important and should be considered for the training process and selection of the 

optimal model. To achieve this goal, different data-driven approaches are explored and 

the resulting models are compared in terms of accuracy, reliability, and generalization. 

For this purpose, different data-driven techniques are employed. Considering a large 

number of data, three out of five datasets are used for the training phase, and the other 

two datasets are employed for the validation process. The data-driven modelling 

approaches that are considered for this study include RR, LR, MTEN, and RNN. For this 

purpose, a comprehensive code is written in the Jupyter Notebook environment by using 

Python programming language. 

 

There are different web-based open-source applications for creating and sharing 

documents. One of the best of these applications is the Jupyter Notebook. It contains live 

code, visualizations, equations, and narrative text. The Jupyter Notebook can be utilized 

for data cleaning and transformation, data visualization, statistical modelling, numerical 

simulation, machine learning, etc. [74]. Python is a high-level and general-purpose 

programming language, which has been developing rapidly in recent years. It is widely 

used because of being user-friendly, interpreted, and powerful in many scientific 

applications. The design philosophy of Python was based on code readability with its 

remarkable use of significant indentation. 

3.2.1 Linear models 

Linear regression, as a statistical technique, is widely used for predictive analysis by 

modelling the relationship between two sets of variables as a linear regression 

equation.  In this approach, a continuous variable (target) is modelled as a linear function 

of other variables (inputs), so that the regression model can predict the system output 

when the input variables are available. In this study, three linear models including Ridge, 

Lasso, and Multi-Task Elastic-Net are employed. These techniques are accessible and can 

https://www.statisticshowto.com/variable/


45 

 

be used through the machine learning module (scikit-learn) integrated into Python. Both 

the Jupyter Notebook and Python are used as programming language environments [75].  

3.2.1.1 Ridge and Lasso regressions 

Ridge and Lasso regressions, also respectively called L1 and L2 regularizations, are data-

driven based techniques, which are employed to make linear models with lower 

complexity. Despite the simple linear regression technique, they can prevent over-fitting.  

Ridge regression reduces the model complexity and multi-collinearity, but cannot be 

considered as a good method for feature reduction. Lasso regression also helps in feature 

selection, but it has some limitations for dealing with specific types of data. If the number 

of observations (n) is less than the number of predictors (p), maximum n non-zero 

predictors will be picked up by Lasso, even if all of the predictors are relevant. Besides, 

if the number of highly collinear variables is two or more than two, just one of them will 

be randomly selected by Lasso regression, which negatively affects the data 

interpretation. The process of reducing (deleting) features is called dimensionality 

reduction. 

3.2.1.2 Multi-Task Elastic-Net regression 

As already mentioned, in Lasso regression, many features are eliminated, and overfitting 

is reduced, while in Ridge regression, the effects of nonsignificant features in the 

prediction of output values are reduced. Multi-Task Elastic-Net regression (MTEN), as 

a regularized regression technique, linearly combines L1  regularization of Ridge with L2 

regularization of Lasso methods. In MTEN regression, feature coefficient reduction 

characteristic from the Ridge is combined with feature elimination characteristic 

from Lasso, which consequently improves the prediction capability of the model. The 

capability of MTEN in fitting multiple regression tasks can equalize the selected features 

for all the regression problems [75]. 

 

https://en.wikipedia.org/wiki/Regularization_(mathematics)
https://en.wikipedia.org/wiki/Taxicab_geometry
https://en.wikipedia.org/wiki/Tikhonov_regularization
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3.2.2 Nonlinear model  

In dynamic systems, the quantities of variables, or in general, the system behavior 

changes over time. Modelling of these systems is more difficult compared to statistical 

systems, which are independent of time. One of the best methodologies for modelling 

GTEs, as dynamic systems with coupled nonlinear equations, is using recurrent 

(feedback) neural networks, which is a class of artificial neural networks. RNN is 

employed for modelling of time-domain behavior of dynamic systems. In addition to the 

current inputs, the outputs of RNN also depends on previous inputs. Such as other classes 

of ANNs, the structure of RNN includes input(s), output(s), and hidden layer(s). Details 

of RNN should be determined before the training process. The details consist of the 

number of inputs, number of outputs, number of hidden layers, number of neurons in the 

hidden layer(s), the type of training algorithms and transfer functions, and time-step 

delays of the recurrent connections. Although it is sometimes necessary to increase the 

number of neurons to catch the nonlinear dynamics of the system, this will make RNN 

more complex and does not necessarily lead to a more accurate model. Adjusting an 

appropriate number of neurons would result in a better converging network. Figure 25 

shows a typical RNN with seven inputs, three outputs, and the hidden layer with ten 

neurons [76]. In this study, the RNN model is set up by using Pyrenn module in the Python 

programming environment. Pyrenn is a powerful tool in making recurrent neural 

networks.  

 

 

Figure 25. A Typical Recurrent Neural Network [76] 
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Equation 1 indicates the mathematical expression of the NARX model with its feedback 

connections [77].  

𝑦 (𝑡) = 𝑓 [𝑢(𝑡 − 1), 𝑢(𝑡 − 2), … , 𝑢(𝑡 − 𝑛𝑢), 𝑦(𝑡 − 1), 𝑦(𝑡 − 2), … , 𝑦(𝑡 − 𝑛𝑦)]         (Equation 1) 

In this equation, y and u respectively indicate output and externally determined variables. 

y(t) shows the next value of the dependent output signal, which is calculated on the base 

of the regression on previous values of the independent input and output signals. The 

dynamic architecture of RNN has made it suitable for supervised data-driven modelling 

for time-series predictions of nonlinear dynamic systems [77]. 

3.3 Selection of optimal data-driven models 

To select the optimal model among the four trained models including RR, LR, MTEN, and 

RNN, the outputs of each model for the four output parameters are compared to the 

corresponding experimental validation data, and the average coefficient of determination 

(R2) for each of the four output parameters is calculated. The model with the minimum 

error (highest value of R2 accuracy score) will be selected as the optimal model among 

the four investigated models.  

3.4 The coefficient of determination (R2) 

The coefficient of determination, so-called R2 or R-squared, is a statistical criterion 

(measurement) for evaluation of the accuracy on the base of differences between the real 

and the corresponding predicted values of data. R2, like linear regression, is used to 

determine how well a line fits an experimental dataset, especially when comparing 

models. It shows the fraction of the total output variations captured by a model, and an 

indication of how well does a line follows the variations within a set of data. Equation 2 

represents the mathematical expression of R2 [78]. 

 𝑅2 = 1 − 
𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
= 1 −

∑  ((𝑦𝑖−ŷ𝑖)2)
𝑛

𝑖

∑  ((𝑦𝑖−ȳ𝑖)2)
𝑛

𝑖

                                                          (Equation 2) 

In Equation 2, 𝑛 is the number of data, 𝑦𝑖 is the available data, ŷ𝑖 is the model prediction, 

and ȳ𝑖 is the average (mean value) of the available data. SSres indicates the residual sum 

of squared errors of the regression model, while SStot shows the total sum of squared 

errors.  R2 is a value between 0 and 1. If the modeled values exactly match the observed 
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values, SSres =0 and R2=1. In a baseline model, which always predicts  ȳ, R2=0. The 

model capability in prediction of the dependent variable becomes better, as the value of 

R2 becomes closer to 1 [78]. 

3.5 Summary 

This chapter explained the methodology of this study. It provided information about the 

necessity and benefits of data-driven modelling of industrial systems with complex 

dynamics and nonlinear behaviors. The process of data collection and data preparation, 

and the structure of the datasets were presented in detail by using illustrative tables and 

figures. And finally, the procedures for writing the programming code, setting up four 

different linear and nonlinear models, and selecting the optimal model were described. 

According to the objective of this research, different data-driven methodologies are 

employed to model a single-shaft gas turbine located in Turkey. Five datasets collected 

over five years from 2011 to 2015, totally including 36732 records are used for the 

modelling and validation processes. For this purpose, a comprehensive code is written in 

the Jupyter Notebook and Python programming language environments. Ridge 

regression, Lasso regression, Multi-Task Elastic-Net regression and RNN are applied to 

the datasets and the results are compared in terms of accuracy, reliability, and 

generalization. Finally, the optimal model is chosen on the basis of the results obtained 

from different modelling approaches. 
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4 RESULTS 

As already explained in the previous chapter, the datasets of the GTE were split into 

training and validation sets. A comprehensive code was written in the Jupyter Notebook 

environment by using Python programming language for training and setting up four 

different models including Ridge, Lasso, Multi-Task Elastic-Net, and RNN. The resulting 

models were validated against validation datasets and coefficients of determination (R2) 

for four output parameters of the engine were calculated for each of the models. Finally, 

the results for each of the models were figured and compared.  

4.1 Tuning alpha parameters 

To obtain the optimal model of the engine models, the significant training parameter 

Alpha was tuned for the linear models through the integration of the required code in the 

programming environment. Figure 26 illustrates the results of the tunning for the Ride, 

Lasso, and MTEN models respectively. As we can see from these figures, the accuracy 

score R2 increases as the Alpha parameter approaches zero. Therefore, the Alpha 

parameter for training the three linear models was tuned quite close to zero. 

4.2 Training and Validation Results 

Four different linear and nonlinear models were trained, validated, and evaluated (scored) 

using the measured time-series datasets according to the procedure already explained in 

the previous chapter (Methodology). Figures 27-34, 35-42, 43-50, and 51-58 respectively 

show the results of the simulations for the Ridge, Lasso, MTEN, and RNN models, for 

both training and validation processes. The results will be evaluated, compared, and 

discussed in the next chapter (Discussion). 
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Figure 26. Variations of R2 for Ridge, Laso, and MTEN Models with the Alpha Parameter for the Training and Test 

Datasets 
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4.3 Results for the Ridge model 

4.3.1 Ridge model: results for gas turbine exhaust pressure (GTEP) 

 

Figure 27. A Comparison Between Outputs of GT Engine and Ridge Model for GT Exhaust Pressure (GTEP) for 

Training Datasets (Accuracy: 94%) 

 

Figure 28. A Comparison Between Outputs of GT Engine and Ridge Model for GT Exhaust Pressure (GTEP) for Test 

Datasets (Accuracy: 96%) 
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4.3.2 Ridge model: results for turbine inlet temperature (TIT) 

 

Figure 29. A Comparison Between Outputs of GT Engine and Ridge Model for Turbine Inlet Temperature (TIT) for 

Training Datasets (Accuracy: 91%) 

 

Figure 30. A Comparison Between Outputs of GT Engine and Ridge Model for Turbine Inlet Temperature (TIT)  for 

Test Datasets (Accuracy: 89%) 
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4.3.3 Ridge model: results for turbine after temperature (TAT) 

 

Figure 31. A Comparison Between Outputs of GT Engine and Ridge Model for Turbine After Temperature (TAT) for 

Training Datasets (Accuracy: 55%) 

 

Figure 32. A Comparison Between Outputs of GT Engine and Ridge Model for Turbine After Temperature (TAT) for 

Test Datasets (Accuracy: 46%) 
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4.3.4 Ridge model: results for compressor discharge pressure (CDP) 

 

Figure 33. A Comparison Between Outputs of GT Engine and Ridge Model for Compressor Discharge Pressure 

(CDP) for Training Datasets (Accuracy: 99%) 

 

Figure 34. A Comparison Between Outputs of GT Engine and Ridge Model for Compressor Discharge Pressure (CDP) 

for Test Datasets (Accuracy: 99%) 
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4.4 Results for the Lasso model 

4.4.1 Lasso model: results for gas turbine exhaust pressure (GTEP) 

 

Figure 35. A Comparison Between Outputs of GT Engine and Lasso Model for Gas Turbine Exhaust Pressure 

(GTEP) for Training Datasets (Accuracy: 94%) 

 

Figure 36. A Comparison Between Outputs of GT Engine and Lasso Model for Gas Turbine Exhaust Pressure (GTEP) 

for Test Datasets (Accuracy: 96%) 
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4.4.2 Lasso model: results for turbine inlet temperature (TIT) 

 

Figure 37. A Comparison Between Outputs of GT Engine and Lasso Model for Turbine Inlet Temperature (TIT) for 

Training Datasets (Accuracy: 91%) 

 

Figure 38. A Comparison Between Outputs of GT Engine and Lasso Model for Turbine Inlet Temperature (TIT) for 

Test Datasets (Accuracy: 89%) 
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4.4.3 Lasso model: results for turbine after temperature (TAT) 

 

Figure 39. A Comparison Between Outputs of GT Engine and Lasso Model for Turbine After Temperature (TAT) for 

Training Datasets (Accuracy: 55%) 

 

Figure 40. A Comparison Between Outputs of GT Engine and Lasso Model for Turbine After Temperature (TAT) for 

Test Datasets (Accuracy: 46%) 
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4.4.4 Lasso model: results for compressor discharge pressure (CDP) 

 

Figure 41. A Comparison Between Outputs of GT Engine and Lasso Model for Compressor Discharge Pressure 

(CDP) for Training Datasets (Accuracy: 99%) 

 

Figure 42. A Comparison Between Outputs of GT Engine and Lasso Model for Compressor Discharge Pressure (CDP) 

for Test Datasets (Accuracy: 99%) 
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4.5 Results for the Multi-Task Elastic-Net (MTEN) model 

4.5.1 MTEN model: results for gas turbine exhaust pressure (GTEP) 

 

Figure 43. A Comparison Between Outputs of GT Engine and MTEN Model for GT Exhaust Pressure (GTEP) for 

Training Datasets (Accuracy: 94%) 

 

Figure 44. A Comparison Between Outputs of GT Engine and MTEN Model for Gas Turbine Exhaust Pressure (GTEP) 

for Validation Datasets (Accuracy: 96%) 
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4.5.2 MTEN model: results for turbine inlet temperature (TIT) 

 

Figure 45. A Comparison Between Outputs of GT Engine and MTEN Model for Turbine Inlet Temperature (TIT) for 

Training Datasets (Accuracy: 91%) 

 

Figure 46. A Comparison Between Outputs of GT Engine and MTEN Model for Turbine Inlet Temperature (TIT) for 

Validation Datasets (Accuracy: 89%) 
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4.5.3 MTEN model: results for turbine after temperature (TAT) 

 

Figure 47. A Comparison Between Outputs of GT Engine and MTEN Model for Turbine After Temperature (TAT) for 

Training Datasets (Accuracy: 54%) 

 

Figure 48. A Comparison Between Outputs of GT Engine and MTEN Model for Turbine After Temperature (TAT) for 

Validation Datasets (Accuracy: 45%) 
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4.5.4 MTEN model: results for compressor discharge pressure (CDP) 

 

Figure 49 A Comparison Between Outputs of GT Engine and MTEN Model for Compressor Discharge Pressure 

(CDP) for Training Datasets (Accuracy: 99%) 

 

Figure 50. A Comparison Between Outputs of GT Engine and MTEN Model for Compressor Discharge Pressure (CDP) 

for Validation Datasets (Accuracy: 99%) 
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4.6 Results for the RNN model 

4.6.1 RNN model: results for gas turbine exhaust pressure (GTEP) 

 

Figure 51. A Comparison Between Outputs of GT Engine and RNN Model for GT Exhaust Pressure (GTEP) for 

Training Datasets (Accuracy: 98%) 

 

Figure 52. A Comparison Between Outputs of GT Engine and RNN Model for GT Exhaust Pressure (GTEP) for Test 

Datasets (Accuracy: 97%) 
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4.6.2 RNN model: results for turbine inlet temperature (TIT) 

 

Figure 53. A Comparison Between Outputs of GT Engine and RNN Model for Turbine Inlet Temperature (TIT) for 

Training Datasets (Accuracy: 97%) 

 

Figure 54. A Comparison Between Outputs of GT Engine and RNN Model for Turbine Inlet Temperature (TIT) for Test 

Datasets (Accuracy: 94%) 
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4.6.3 RNN model: results for turbine after temperature (TAT) 

 

Figure 55. A Comparison Between Outputs of GT Engine and RNN Model for Turbine After Temperature (TAT) for 

Training Datasets (Accuracy: 90%) 

 

Figure 56. A Comparison Between Outputs of GT Engine and RNN Model for Turbine After Temperature (TAT) for 

Test Datasets (Accuracy: 81%) 
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4.6.4 RNN model: results for compressor discharge pressure (CDP) 

 

Figure 57. A Comparison Between Outputs of GT Engine and RNN Model for Compressor Discharge Pressure 

(CDP) for Training Datasets (Accuracy: 99%) 

 

Figure 58. A Comparison Between Outputs of GT Engine and RNN Model for Compressor Discharge Pressure (CDP) 

for Test Datasets (Accuracy: 99%) 
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4.7 Comparison of the models 

Table 4 shows and compares the values of R2 scores for four outputs of the Ridge, Lasso, 

MTEN, and RNN models. The scores were calculated for the both training and validation 

processes. The two last columns indicate the average values of the scores for the output 

GTE variables during the training and validation processes. Figure 59 presents a 

comparison among the four different models in terms of accuracy scores (R2) for the GTE 

output parameters.   

Table 4. Comparison of Four Different Models in Terms of Accuracy Scores (R2) for GTE Output Parameters 

R2 
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Ridge 0.942 0.958 0.907 0.890 0.552 0.462 0.991 0.988 0.85 0.82 

Lasso 0.942 0.958 0.907 0.890 0.552 0.462 0.991 0.989 0.85 0.82 

MTEN 0.941 0.962 0.907 0.890 0.539 0.453 0.990 0.988 0.86 0.84 

RNN 0.979 0.973 0.973 0.937 0.903 0.818 0.995 0.992 0.963 0.930 

 

 

Figure 59. The Comparison Chart for Accuracy Scores (R2) of Different Models for GTE Output Parameters 
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4.8 Features’ importance 

Feature importance is defined as a technique, which assigns scores to the features in a 

predictive model, and indicates the relative importance of features in the prediction of 

output(s) [79]. These scores are calculated for cases that include prediction of numerical 

values (regressions), and also those that include prediction of class labels (classifications). 

The scores of feature importance can greatly help in predictive modelling problems for a 

better understanding of the dataset and model. They may also help in the reduction of the 

number of input features. They can improve the performance of a predictive model and 

speed up the modelling process by providing insight into the model and datasets, and 

highlighting the features that are most or least relevant to the target(s). Figure 60 

illustrates the features’ importance of the GTE calculated by using the decision tree model 

in Python. As this figure shows, gas turbine exhaust pressure (GTEP) has superior 

importance compared to other GTE parameters. After GTEP, ambient temperature (AT), 

and turbine inlet temperature (TIT) are the most important features of the engine. Turbine 

energy yield (TEY) has the lowest importance compared to other features.                                 

 

Figure 60. The Tree Model of Features’s Importance for the Gas Turbine Engine 
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4.9 Summary 

In this chapter, the results of training and validation processes for four linear and 

nonlinear models including Ridge, Lasso, MTEN, and RNN were presented. These models 

were trained, validated, and evaluated using the measured time-series datasets according 

to the procedure already discussed in the previous chapter. Before the modelling process 

started, to obtain the optimal model of the engine for the linear models, the significant 

training parameter Alpha was tuned for the linear models through the integration of the 

required code in the programming environment, and the results were presented.  Finally, 

the features’ importance of the GTE parameters was calculated and figured by using a 

decision tree model in Python. 
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5 DISCUSSION 

This study investigated linear and nonlinear data-driven models of a gas turbine engine. 

These models consisted of Ridge, Lasso, and Multi-Task Elastic-Net models, which are 

based on linear regressions, and RNN model, which has a nonlinear structure. The data 

employed for this study were open-source measured time-series datasets of a single-shaft 

GTE. In this research, nine variables, which were directly related to the technical 

parameters of the GTE, were considered to model the system dynamics.  Five of the 

features were considered as the system inputs, and the four remaining features were used 

as the system outputs. The five datasets were collected over five years from 2011 to 2015, 

totally including 36732 records. Three of these datasets were employed for training 

processes and the remains were used for validation purposes as described in the 

Methodology. 

 

The datasets of the GTE were divided into training and validation sets. A comprehensive 

code was written in Python programming language and run in the Jupyter Notebook to 

train and set up three different linear models including Ridge, Lasso, and Multi-Task 

Elastic-Net models, and a nonlinear RNN model. The resulting models were validated 

against validation datasets. The training and validation results for the models were figured 

and the coefficients of determination (R2) for four output parameters of the engine were 

calculated for each of the models. These parameters consisted of gas turbine exhaust 

pressure (GTEP), turbine inlet temperature (TIT), turbine after temperature (TAT), and 

compressor discharge pressure (CDP). 

5.1 Significant observations 

The following significant observations may be extracted from the resulting models and 

figures: 

• The average accuracy scores for the training of Ridge, Lasso, and Multi-Task 

Elastic-Net models are respectively 85%, 85%, and 86%, while the corresponding 

scores for the validation process are respectively 82%, 82%, and 84%. As the 

results indicate, the prediction of Ridge, Lasso, and Multi-Task Elastic-Net models 

of the dynamic behavior of the system are almost similar and satisfactory for three 

of four GT output parameters including GTEP, TIT, and CDP. For these 
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parameters, the outputs of the linear models followed the system outputs with 

acceptable accuracy from 91% to 99% for the training process, and from 91% to 

99% for the validation process. However, the linear models failed to predict the 

dynamics of TAT, which may be called the critical parameter in this study. The 

accuracy scores for this parameter ranged from 54% to 55% for the training 

process, and from 45% to 46% for the validation process. 

• The nonlinear RNN-based model predicted the system dynamics with remarkably 

higher accuracy compared to Ridge, Lasso, and Multi-Task Elastic-Net models. 

The average accuracy scores for training and validation of the RNN model are 

96% and 93% respectively. The most important issue is the fact that the results 

are satisfactory for all of the output parameters of the engine including the critical 

parameter TAT. The R2 score of TAT for the training and validation processes 

remarkably increased to 90% and 82% respectively. It demonstrates the power of 

RNN as a nonlinear model for capturing the system dynamics. 

• The result of calculations for the features’ importance of the GTE shows that for 

the current datasets with a limited number of available parameters, and for the 

selected models of the engine, GTEP has superior importance compared to other 

available GTE parameters. After GTEP, ambient temperature (AT) and turbine 

inlet temperature (TIT) are the most important features of the engine. Turbine 

energy yield (TEY) has the lowest importance compared to other features.                                 

• The conclusion demonstrates that the nonlinear RNN model has superior 

capability compared to the three linear models, in capturing the dynamics of a 

complex system like GTE with a high degree of nonlinearity. 

5.2 Limitations 

Although the number of datasets and the number of records for each of the datasets were 

quite enough to train and validate the models in this investigation, the datasets lacked 

some important features of the gas turbine such as rotational speed of the shaft, and fuel 

mass flow rate, which both are among the most important variables in gas turbine 

dynamics. The reason behind this is the fact that the purpose of the prior study [73], for 

which the data were collected, was to predict and minimize CO and NOx emissions from 
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the engine, rather than modelling the system dynamics. Lacking these significant features 

could be at least one of the reasons that the linear models were not capable of capturing 

TAT dynamics. Even, the RNN model hardly could achieve a relatively satisfactory 

prediction for TAT. One of the most important requirements for setting up an accurate 

data-driven model is to have and involve the effective variables of the system dynamics 

in the training and validation processes. It is also important that the datasets cover the 

whole operational range of the system, which fortunately was satisfied for this study. 

5.3 Recommendations for future research 

Although remarkable analytical and experimental models of gas turbine engines have 

been investigated and developed so far in order to deeply understand the complexity of 

the nonlinear nature of these engines’ dynamics, there are still strong motivations for the 

students, scientists, manufacturers, and other professionals to continue their research 

activities in this fascinating area. Moreover, the electricity market has shown a high 

demand for the electricity produced by employing turbo-generators, especially for 

industrial applications. It has encouraged the power producers and other professionals in 

the field to look for novel methodologies for optimization of design and performance, and 

improving the manufacturing process of stationary gas turbines. It is especially because 

of the complexity of these systems and the need for developing models for a variety of 

objectives and applications with higher accuracies and reliabilities.  

 

It would also be of great importance to researchers to explore a variety of approaches, 

techniques, and methodologies in the field with their own benefits and limitations. Both 

transient and steady-state operations of gas turbines under different environmental 

conditions, load fluctuation and system disturbances still need further investigations. 

Besides, other variables of the engine may be calculated by using the dynamic and 

thermodynamic equations for setting up a gray-box model. Moreover, a variety of linear 

and nonlinear models may be developed and compared for different types of GTEs under 

different operating conditions, and from different perspectives.  
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5.4 Conclusion 

White-box models of gas turbines rely on dynamic, thermodynamic, and energy balance 

equations with a high degree of nonlinearity. To solve these complex and coupled 

equations, they should be simplified by making some assumptions and employing 

different linearization techniques, which consequently resulted in setting up models 

lacking the capability to precisely capture the whole dynamics of the system. Therefore, 

getting attention to the alternative solutions, which are independent of the system physics 

has been considerably increased. Among the different techniques, data-driven models 

have shown a high capability in capturing the nonlinear dynamics of GTEs. Besides, 

industrial equipment gradually deteriorates; losing efficiency and operability. Therefore, 

after years of service, the original dynamic and thermodynamic equations and the 

corresponding GT models need to be revised through theoretical and experimental 

processes, which are not easy in most cases. Moreover, replacement of the old engines 

requires huge financial sources and may not be economically possible. Fortunately, data-

driven models can be very good alternatives in this situation, because of the flexibility 

and adaptability to the new ambient and operational conditions.  

 

This study investigated four linear and nonlinear data-driven models of a gas turbine 

engine. These models consist of Ridge, Lasso, and Multi-Task Elastic-Net models, which 

are based on the linear regressions, and the RNN model with a nonlinear structure. As 

shown in this study, although setting up linear models is much easier and requires a 

shorter period of time compared to the nonlinear model, it is not as accurate and reliable 

as the nonlinear model. However, further investigations are still needed to evaluate and 

compare a variety of linear and nonlinear models of gas turbines. Data-driven models, 

such as RNN have shown a high potential and capability in capturing the nonlinear 

dynamics of complex systems, and may also be used for design and manufacturing 

optimization of GTEs, eventually led to saving a remarkable amount of money and time. 
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