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Performance.

cp = Characteristic parameter of component
f() = Nonlinear vector-value function
FAR = Fuel-air ratio

FPT = Free power turbine

H = Enthalpy [kJ/kg]

HPC = High-pressure compressor
HPT = High-pressure turbine

LPC = Low-pressure compressor
LPT = Low-pressure turbine

n = Number of operating points
P = Total pressure [atm]

RH = Relative humidity [%]
RMSE = Root mean square error

S = Entropy [kJ/(kg'K)]

T = Total temperature [K]

w = Mass flow rate [kg/s]

WAR = Water-air ratio

X =

Z = Measurement parameter

2 =

Iteration variables, covers degradation factor variables

Relative error of degradation factor as a percentage

Nomenclature

Greek Letters
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p = Density [kg/m3]
Subscripts
ac = Actual
Cw = Compressor work
E = Efficiency
F = Flow capacity
L = Number of degradation factors
M = Number of measurement parameters
Mea = Measurement
pd = Predicted
PR = Pressure ratio
TW = Turbine work

1. Introduction

The pursuit of high reliability, availability, and efficiency in gas turbines has governed the evolution of engine
maintenance methods [1]. Currently, the maintenance cost of the gas turbine is an important aspect of engine lifecycle
expenditure. For instance, the lifecycle expenditure of the Siemens V94.3 A gas turbine is expected to be 51.34 million
Euros, which is 17.9 times the initial purchase cost of 2.86 million Euros, according to its 40-year life maintenance
plan [2]. It is suggested that a more cost-efficient way of operating gas turbines could be achieved by enhanced engine
condition monitoring and appropriate repairs [3,4]. Talebi and Tousi (2017) [5] demonstrated that gas path analysis
(GPA), introduced by Urban (1969) [6], remains one of the soundest technologies for engine health monitoring and is
widely used for gas turbine condition monitoring to detect, identify, and assess component degradation. This, in turn,
affects the maintenance of gas turbine assets [7].

The degradation of gas turbine components has a great impact on the engine’s loss of performance from both a

thermodynamic and an economic perspective [8]. Some of the most common types of gas turbine degradation are
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fouling, erosion, corrosion, rubbing wear, hot section damage, seal damage, and object damage [9]. The types of
deterioration fall into two classes: recoverable and unrecoverable [10]. Diagnostic methods are also classified into
three categories: model-based, data-driven, and hybrid methods [11,12].

The diagnostic accuracy of model-based methods relies heavily on the gas turbine model, which requires extensive
expert knowledge related to the model’s development and presents a great challenge. On the other hand, data-driven
approaches such as artificial neural networks [13], and deep learning [14], have excellent accuracy, subject to an
extensive training phase. The latter methods are limited by identifying new sets of data that are not used in their
training phase. A family of object-oriented Artificial Intelligence methods is also gaining significant ground in the
engine diagnostics arena [10,15]. The hybrid approaches can address some, but definitely not all, of the above
limitations by combining two or more methods. Thus, there are trade-offs in accuracy, computational performance,
and measurement noise, to name only a few considerations when selecting a diagnostic method. However, real-time
diagnosis is crucial for decision-making to ensure optimum, safe, and reliable engine operation. This study will focus
on model-based approaches, which present greater challenges in terms of accuracy and computational speed,
especially when such solutions are to be deployed in a real-time condition monitoring system.

The number of simultaneous fault components can profoundly affect the performance of the diagnosis [16,17].
When there are more than two degraded components, the complexity of nonlinear diagnostic systems is significantly
increased [17]. Traditionally, the number of engine measurements should be larger than the number of health
parameters to produce a unique diagnostic solution [1]. Hence, an increase in the number of engine components that
can degrade will not only increase the number of health parameters but also increase the number of measurement
parameters. In such a condition, two issues are raised for engine diagnosis: limited availability of engine measurements
for predicting every health parameter correctly and an increase of the matrix dimensions, which reduces computational
efficiency.

Regarding diagnostic accuracy, it has been pointed out that monitoring more degraded components using a limited
number of measurements could cause a severe “smearing effect” and lead to low precision [16]. The “smearing effect”
is the result of combinations of different degradation footprints in measured parameters. Hanachi et al. (2018) [18]
emphasized that accurate diagnosis of engine faults through limited measurements has always posed a challenge.
However, increasing the number of engine sensors will improve the precision of the diagnosis, but life cycle cost will

be increased substantially [19]. The improvement of the diagnostic accuracy of gas turbines engines with limited
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measurement sets has attracted the attention of researchers in both academia and industry. Jasmani et al. (2011) [20]
reported a measurement selection method for triple-shaft engine diagnostics that showed improved accuracy when
compared with measurements on-site. However, the prediction error increased when there were more than three
degraded components. Pinelli et al. (2012) [21] considered keeping some of the health parameters fixed by an a-priori
optimized selection for engine diagnosis and used the concept of multiple operating points for addressing limited
measurements on-site. Hanachi et al. (2014) [22] introduced a diagnostic technique for gas turbines, in which the
degradation magnitudes are quantified by heat loss and power deficit indices, rather than the health index of each
rotating component. Lu et al. (2016) [23] proposed an improved and extended Kalman filter to address the shortage
of available measurements by the linear combination of the health parameters, but the diagnostic accuracy was affected
by the transformation matrices. Mohammadi and Montazeri-Gh (2016) [24] developed a global optimization-based
engine diagnostic method to overcome the lack of measurement instrumentation. Qingcai et al. (2016) [25] conducted
a series of sensitivity analyses, in which they chose different degradation levels to quantify the measurement deviation
of a triple-shaft engine. However, actual engine component degradation and ambient conditions could fall outside the
range of the case studies examined. Besides, the estimation of the correct degradation level through real measurement
deviation and chart of sensitivity analysis remains questionable. Sun et al. (2016) [26] proposed a GPA method to
overcome the lack of measurement parameters by fusing information from other sources. Simon and Rinehart (2016)
[19] suggested a sensor selection for aero-engines based on the Kalman filter and a maximum a posteriori estimator,
but they assumed the faults occurred in isolation. Yang et al. (2018) [27] proposed multiple interacting models for
fault detection and isolation. Then, they applied a generalized likelihood ratio approach for fault quantification. As
the number of multiple models was limited, their scheme assumed that the failures did not occur simultaneously. In
2019, Yang et al. [28] developed a new multiple model-based engine fault diagnosis algorithm, but the assumption of
multiple models remained. Despite the recent progress in engine diagnostics, the limited set of engine measurements
is still one of the most significant challenges for fault diagnosis [17].

From a computation perspective, increasing the matrix dimensions for the iterative diagnostic algorithm may lead
to the dimensionality problem [29]. It is worth emphasizing that the computation will increase exponentially under
these conditions [30]. Daroogheh et al. (2017) [31] pointed out that the number of required samples increases
exponentially for particle filters when the dimensionality of the health parameters increases. To date, studies have

investigated the demand for improving the computation speed for engine diagnostics. Tsoutsanis et al. (2014) [32]
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proposed an adaptive diagnostics method for detecting compressor degradation through map tuning based on a
heuristic optimization technique. However, increasing the number of degraded components may lead to local and not
globally optimal solutions. Ying et al. (2016) [16] conducted fault detection before fault diagnosis, which could reduce
the dimension of the fault coefficient matrix. However, the scheme is not applicable when all components degrade
simultaneously. Yang et al. (2018) [33] suggested that the computation burden could be reduced by the generalized
expression of the Jacobian matrix, although the dimension of the matrix remained the same. Lu et al. (2018) [34]
proposed a fusion unscented Kalman filter to reduce the computation time of fault diagnosis by improving the
convergence speed. However, the diagnosis only considered efficiency degradation, and the flow capacity was
excluded during fault diagnosis.

Overall, the above studies highlight the need for accurate diagnosis of engine degradation with a limited number
of measurements and improved computational performance under the simultaneous deterioration of multiple
components. In this study, a sequential diagnostic method for improving the precision and computation efficiency is
proposed and applied to a triple-shaft industrial gas turbine with all five rotating components degraded simultaneously.
The procedure of sequential diagnosis allows the partition of the diagnostic algorithm into several serial mechanisms
to remove the smearing effect and reduce the matrix dimension in the iterative diagnostic algorithm. Furthermore, the
problem of limited measurements is addressed by feeding multiple operating points into the diagnostic process. The
novel contributions of this work are as follows:

1) A gas turbine engine model with object-oriented and modularized architecture has been developed in the
Microsoft Visual Studio C# environment [35], which is validated against GasTurb. The model’s architecture
is suited to the sequential diagnostic algorithm, which is evaluated through a well-used diagnostic method.

2) The new method improves diagnostic accuracy by isolating the fault components and eliminating the
smearing effect via sequential analysis.

3) The novel algorithm decreases the computation time by reducing both the matrix’s dimensions in the iteration
algorithm and the number of calls to engine sub-models (compressor model, burner model, turbine model,
etc.).

4) The proposed scheme can ensure the required diagnostic accuracy, under a limited number of measurements,
by multiple operating point analysis. Reducing the number of measuring sensors can potentially bring

economic benefits to the engine operator and decrease sensor related problems.
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5) The negative impact of measurement noise on fault diagnosis accuracy is addressed by an averaging filter for

data filtration to demonstrate the suitability of the method for real-world applications.

The remainder of this paper is organized as follows. Section 2 is concerned with the methodology used for this

study. Section 3 demonstrates the validation of the developed engine model using commercial software. Section 4

analyses the results of the fault diagnosis. The final section presents the conclusions of the research.

2.1 Engine Performance Model

The triple-shaft industrial gas turbine engine used in this study (Fig. 1) is similar to the Rolls-Royce RB211-24G
operated at the China Petroleum Pipeline Langfang compressor group [36]. The power output is selected as the control
variable in this study, but this could be any other control parameter, such as rotation speed, fuel flow rate, etc. The

existing measurement parameters on-site are shown in Table 1 [36]. It is worth noting that the measurements at HPT

2. Methodology

outlet are not available due to the high gas temperature.

LPC

Intake
X HPC

LPT

[

1J 2— 3

Burner
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—6
7_

L
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Duct
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11 12

Fig. 1 Schematic layout of the triple-shaft engine configuration, with station numbering.

In general, the performance of a gas turbine engine is a function of its components’ performance [37]. Hence, the

degradation factor (X) of each component is defined as the ratio of the degraded state over the healthy state of each

characteristic parameter (CP), as Eq. (1) [38]. X equals unity means a healthy/clean state.
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CP, 1)

X =
CP ideal

where the subscript “ac” represents the actual characteristic parameter of component, while “ideal” represents the

healthy/clean characteristic parameter obtained from the component map.

Table 1 Available engine gas path measurements on-site [36].

No Available Measurement Parameters Symbol

1 Ambient pressure Py

2 Ambient temperature T;

3 Ambient relative humidity RH;
4 Free power turbine shaft rotational speed Nepr

5 Free power turbine output TWepr
6 Low-pressure compressor (LPC) exit pressure P

7 LPC exit temperature Ty

8 High-pressure compressor (HPC) exit pressure P,

9 HPC exit temperature T,
10 Low-pressure turbine (LPT) exit pressure Py
11 LPT exit temperature Ty
12 Free power turbine (FPT) exit pressure Pio
13 FPT exit temperature Tio
14 LP shaft rotational speed Nip
15 HP shaft rotational speed Nyp
16 Burner fuel flow rate Wryer

The engine model is crucial for model-based diagnostics in order to assess the performance state of a gas turbine
engine [39]. A thermodynamic model of the engine has been developed in Microsoft Visual Studio C#. A detailed
description of the model and its governing equations are presented in Appendix B. The balancing process for off-
design simulation of the triple-shaft industrial gas turbine is based on [40]. The assumptions that have been made for
the developed model are as follows:

1) It is assumed that the compressors are of fixed geometry.

2) Pressure losses in the burner and duct models are accounted for by assuming that the losses are proportional

to the inlet conditions.

3) Isentropic expansion is assumed in the model of the exhaust nozzle.
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4) The mixture model includes two inlet flows, namely the main flow and the cooling flow. The mixture's total

outlet pressure is assumed to be equal to the absolute inlet pressure of the main flow.

The effect of relative humidity is considered in the developed engine model. The gas property of the engine model
is generated via the NASA CEA program [41], where both fuel-air ratio (FAR) and water-to-air-ratio (WAR) are
considered to define the mixtures. When two of the gas properties and mixtures are defined/known, the remaining gas
properties can be calculated. For example, when the temperature (T), pressure (P), FAR, and WAR are known, the

enthalpy (H), entropy (S), and density (p) etc. could be obtained using Eq. (2).

[H,S,p,...] = GasPropyr p(T, P, FAR, WAR) (2
It is worth mentioning that the gas turbine of interest does not include water injection at any station of the engine.

Hence, the WAR is a constant throughout the engine and varies only with a change in ambient conditions.

2.2 Conventional Diagnostic Method

The scheme of the conventional model-based diagnostic system is shown in Fig. 2 [42—44]. Irrespective of the
number of degradation components considered, the diagnostic system should run the performance simulation of the
entire engine model (call all engine sub models each time). In such a condition, the algorithm will consume significant
computational power and may suffer from smearing. The nonlinear gas path analysis (NLGPA) combined with

multiple operating point analysis has been widely used for model-based fault diagnosis, as shown in Eq. (3) [45]:

Zim = f(XD) 3)

where f(*) is the nonlinear vector-valued function of gas turbine performance, Z denotes the measurement parameters,
Vi=1.,nVm=1,.,MadVIl=1,..,L where “n”, “M”, and “L” denote the number of operating points, the
number of measurements, and the number of degradation factors, respectively. The NLGPA solver could be of any
type, but the most popular for gas turbine engines are: Newton-Raphson [46], Kalman filter [47], Particle filter [31],
and Genetic Algorithms [25].

Remark 1. It is worth noting that the first five measurements in Table 1 are used to establish the engine operating
condition for conventional model-based diagnostics, and as such, the gas path measurements for fault diagnosis in

Eq. (3) are the remaining 11 parameters.
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The component health parameters considered in this study are summarized in Table 2.

Table 2 Degradation factors of the individual rotating component.

Solver

Component Symbols Component Health Parameters

X LPC efficiency degradation factor
LPC Xipe LPC,E y deg

Xipc,F LPC flow capacity degradation factor

Xupc e HPC efficiency degradation factor
HPC Xupc ] )

Xupc F HPC flow capacity degradation factor

X HPT efficiency degradation factor
HPT  Xyor " e

Xupr F HPT flow capacity degradation factor

XiprE LPT efficiency degradation factor
LPT Xipr . .

XiprF LPT flow capacity degradation factor

X FPT efficiency degradation factor
FPT Xopr FPT,E

Xrpr P FPT flow capacity degradation factor

10
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The root mean square error of the measurement parameters (RMSE),,) is calculated using Eq. (4) to check the
convergence of NLGPA iterations. When the maximum allowed iteration step (21 in this study) is achieved, then the

calculation will stop without convergence. In this situation, the RMSE,,, is larger than the threshold (1E-5).

, @
n-M 7 _7 2
RMSEye, = || <—Wz. "pd> /(- M)
= i,ac

where the subscript “pd” and “ac” referred to the predicted and actual values, respectively.
The root mean square error of the degradation factor (RMSEy) is defined by Eq. (5) to evaluate the diagnosis of

the degradation factor.

p ®)
Xiae = Xina \*
RMSEy, = [Z (—l'acx, l"’) /L
= iac

Remark 2. It should be noted that the actual degradation is not available, and RMSEy is used in this study only
to assess the performance of the developed method.
The relative error (4;) is defined by Eq. (6) and represents the percentage ratio of the absolute difference between

the predicted and actual/implanted degradation factors, to the actual degradation.

1X: ac (6)

;Xi'pd' x 100%

A =
' Xi,ac

2.3 Novel Sequential Diagnostic Method
2.3.1 Novel Sequential Diagnostic Method with All Available Measurements

The architecture of sequential diagnosis is shown in Fig. 3, where the dotted lines and the solid lines in the graph
indicate the flow of information of target parameters and to-be adapted parameters, respectively. The diagnostic
scheme partitions the engine diagnosis into four sequential steps for the triple-shaft engine of interest. The FPT
diagnostic is carried out first. The diagnosis then resumes in the LPC, then in the HPC, and finally, the HPT and LPT
conclude the diagnosis. The dotted boxes in Fig.3 indicate the available gas path measurements for each step.

The subsequent sections describe the sequential procedure in more detail.

11
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» Step 1: Free Power Turbine Diagnostics

Step 1 in this process involves the tuning of the FPT map, through the scaling factors Xgpr (Xgpr g, Xppr,r), Which
will eventually enable the model to match the available measurements at outlet temperature (T;,) and turbine power
output (TWgpr). This step involves only the turbine model during iteration, which can potentially save a lot of
computation time.

» Step 2: Low-Pressure Compressor Diagnostics

Similar to the previous step, the X;pc (Xppcr, Xipcr) 1s estimated through an iterative process to scale the
compressor map according to the compressor model based on the LPC outlet temperature (T3) and W,.

» Step 3: High-Pressure Compressor Diagnostics

At the HPC stage, the Xypc (Xypcg» Xupcr) is also tuned to scale the compressor map for the simulation of the
compressor model. The two measurements to be satisfied are T, and W3, with the latter having been calculated from
Step 2. By iteration, the corrected Xypc can be determined, and the HPC diagnostic needs to utilize only the
compressor model during iteration.

» Step 4: High-pressure and Low-pressure Turbine Diagnostics

The pressure ratio of HPT (PRypr), Xypr and X pr are the iteration variables for Step 4, where Xypr (Xypr g,
Xyprr) and X, pr (Xppr g, X pr r) are tuned to scale the HPT and LPT maps respectively during iteration. The work
compatibility of the HP and LP shafts, and LPT outlet temperature (Ty) are available as convergence criteria to tune
the iteration variables.

Remark 3. There are three convergence criteria for a single operating point of the gas turbine in Step 4. Hence,
the number of convergence criteria is (n X 3) for n operating points. The total iteration variables are (4 +n) for n
different operating points, where the number “4” denotes the four degradation factors for HPT and LPT, and “n”
denotes the required number of PRypr for each operating point of the gas turbine. The n is assigned to be three,
which is the minimum number of operating points to satisfy the requirement that the number of convergence criteria
(nine) should be more than the iteration variables (seven). A more detailed description of the iterative matrix

computation for the proposed diagnostic method is provided in Appendix A.
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Fig. 3 Sequential diagnostic scheme of gas turbine with all available measurements.
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2.3.2 Novel Sequential Diagnostic Method with Reduced Number of Measurements

Shaft power of aero engines is a parameter which is more challenging to obtain accurately in comparison to land-
based or marine engines, where it can be found through engine load. Hence, it is necessary to test the FPT diagnostic
without the measurement of power output (TWppr). Additionally, the gas path measurements at the LPC outlet (T
and P;) will be assumed unavailable.

Now, the sequential diagnostic divides the entire triple-shaft engine into three diagnostic steps: FPT diagnostics,
LPC and HPC diagnostics, and HPT and LPT diagnostics. The diagnostic scheme with reduced measurements is
shown in Fig. 4, where the dotted lines and solid lines indicate the flow of information of target parameters and to-be
aligned parameters, respectively. The FPT diagnostic step is now modified, in comparison to the previous approach,
in order to assess the suitability of this method for aero engine applications. Meanwhile, HPC and LPC diagnostics
(Step 2-3) are also modified to reduce the number of gas path measurements further. For HPT and LPT, the diagnosis
is the same as presented in Fig. 3, and the calculation process will not be further discussed here. The dotted boxes
indicate the available gas path measurements for each step.

» Step 1: Free Power Turbine Diagnostics

The Xppr (Xppr g, Xppr,p) is estimated through an iterative process to scale the component map for the turbine

model. There is only one targeted parameter available for a single operating point (r) of the gas turbine, and that is

the FPT outlet temperature (T;,).

» Step 2: High-pressure and Low-pressure Compressors Diagnostics

In the second step of this process, the pressure ratio of LPC (PR p¢), X, pc and Xypc are utilized to satisfy three
measurement parameters, namely W,, W and T,. Once again X;pc (Xipc g, Xipcr) and Xype (Xypces Xupc,p) are
tuned to scale the LPC and HPC maps, respectively, during iteration.

Remark 4. The number of operating points, n, is three for every step, which is the least number of operating points

capable of satisfying the convergence requirements.
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Fig. 4 Sequential diagnostic scheme of gas turbine with reduced measurements.
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2.4 Method Overview

Essentially, the proposed sequential diagnostic method partitions the engine model into several sequential steps to
reduce the dimensions of the matrices and the number of calls to each engine component model during diagnosis. A
detailed analysis of the computational burden of both methods is given in Appendix A. Another key feature of the
sequential diagnosis method is its capability of eliminating the smearing effect by isolating components with the aid
of multiple operating point analysis. The sequential diagnostic method is tested with reduced engine gas path
measurements, which will not only reduce the cost to engine operators but also reduce flow disturbances caused by

the installation of sensors.

3. Engine Model Validation

The developed engine model has been validated against the commercial gas turbine software GasTurb [44]. The
engine operating conditions at the design point are shown in Table 3. The design point simulation algorithm is
validated first, and the relative errors are shown in Table 4, which indicates that the maximum relative error is less

than 0.31%. It follows that the developed engine performance model is satisfactory at the design point.

Table 3 Engine specification.

Parameters Symbols Unit Value
Ambient Pressure P; atm 1.000
Ambient Temperature T, Kelvin 288.15
Ambient Relative Humidity RH; % 60.00
Inlet Air Flow Rate w; kg/s 83.40
LPC Rotational Speed Nip rpm 6611
HPC Rotational Speed Nyp rpm 9305
FPT Rotational Speed Ngpr rpm 4800
FPT Power Output TWgpr MW 28.31

The power output of the gas turbine varies with respect to the actual load demand. Hence, it is essential to check
whether the developed algorithm can provide satisfactory results at steady-state off-design conditions. The same
component maps are used for both the GasTurb and the developed engine model for off-design validation. Four
measured parameters are shown in Fig. 5, where a comparison is made between the GasTurb and the developed model.
Specifically, the HPC outlet temperature (T,), FPT inlet pressure (Py), LPC rotational speed (N, p), and fuel flow rate

(Wrye) are considered at different power settings, varying from 65% to 100% with a step of 5%.
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Table 4 Engine model validation at design point [44].

Parameters ~ Units  GasTurb[44] Developed Model  Relative Error [%]

P, atm 4.850 4.850 0.000
Ty Kelvin  468.70 468.79 0.019
P, atm 20.749 20.749 0.000
T, Kelvin  737.11 737.10 0.001
P, atm 20.127 20.126 0.005
Ty Kelvin  1494.00 1494.20 0.013
P, atm 20.127 20.126 0.005
T, Kelvin  1459.49 1459.77 0.019
P, atm 8.605 8.588 0.198
T, Kelvin  1233.58 1234.41 0.067
Py atm 8.605 8.588 0.198
Ty Kelvin  1216.03 1216.84 0.067
P, atm 4.647 4633 0.301
Ty Kelvin  1071.23 1071.84 0.057
Pyo atm 1.139 1.136 0.263
Tio Kelvin  793.26 793.52 0.033

Wiyer kg/s 1.866 1.867 0.006

The results demonstrate that the developed model is capable of predicting the gas turbine performance at different
operating conditions with a high degree of precision relative to GasTurb. The maximum relative error increases
slightly as the power decreases, which is reasonable since we are moving further away from the design point, and the
maximum relative error for all parameters listed in Table 4 is less than 0.71% at 65% power setting for W, as
shown in Fig. 5. Another cause for the increasing error may be attributed to the different methods of reading the
component map in the calculation procedure. Although the errors increase at lower power settings, the developed
model retains a good agreement with GasTurb. Therefore, the developed engine model will be implemented to

quantify the level of degradation for both conventional and newly proposed staged diagnostic methods.
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Fig. 5 Engine model validation at off-design points [44].

4.1 Case Study Description

4. Application and Analysis

Four case studies are conducted to assess the accuracy and the computational performance of the proposed

diagnostic method. Moreover, the developed method will be compared with the conventional NLGPA method [45].

The case

studies are as follows:

Case 1: The objective of this case study is to test the conventional diagnostic method NLGPA [45] in order to

establish a benchmark against which comparisons will be made.
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Case 2: The objective of this case study is to test the proposed sequential method in terms of diagnostic accuracy
and computational speed.

Case 3: This case study is based on the sequential method, similar to Case 2, with the only difference being the
reduced number of available engine measurements. The goal is to assess the suitability of the proposed method for
application to gas turbine engines that have relatively fewer measurement sensors.

Case 4: The objective of this case study is to test the effectiveness of the proposed method in providing an accurate
diagnosis in the presence of measurement noise.

With the accumulation of running time, all components will degrade. In this paper, the typical degradation
implanted into all rotating components, to represent compressor fouling and turbine erosion, of the engine model is
shown in Table 5 [46]. The typical degradation is injected into the reference engine state using Eq. (1) to obtain
component characteristics under deterioration. The degradation factor, X, consists of isentropic efficiency and flow

capacity.

Table S Typical degradation level for engine rotating components [46].

Component Degradation Type Parameter  Degradation Level [%)]

. XipcE -1.0

LPC Fouling ’
Xipcr -4.0
. XupcE -1.0

HPC Foulin, ’
¢ Xupcr 4.0
. XHPT E '1 O

HPT E ’
rosion Xupr 2.0
. XLPT E '1 O

LPT E ’
rosion Xepr 20
X -1.0

FPT Erosion FPT.E

XeprF +2.0

The case studies have been conducted in a PC with Intel® Core™ i7, 2.9 GHz, and 16 GB RAM. The software
environment in which the model is developed in Visual Studio C# and the iterative algorithm used in all case studies
is the Newton-Raphson [48]. The above features remain constant for all case studies in order to demonstrate and

illustrate the advancement of the sequential diagnostic method.

4.2 Case 1: Conventional Diagnostic
Case 1 involves five simultaneously degraded components, with up to three operating points (n), and it follows

the process is as schematically represented in Fig. 2. In the first diagnostic attempt we use a single operating point in

19



O Jo U WN

NN GG UG UTOTUTOTUT DB DB D BB DA DWWWWWWWWWWWRNRNRNONNNRNNNNNERF P R
GO WNRPFPOWOJOOUTPDd WNREF OWOJOYU P WNRFPOWW-JIOOUd WNRPFPOWOWJOU D WNE OWOWJoYU s WNDERE O

361

362

363

364

365
366
367

368

369

370

371

372

373

374

375

376

the NLGPA method [45], and the calculation converges in 7 steps, shown in Fig. 6 (a), with the RMSE},, less than
1E-5, see Table 6. However, when checking the RMSEy, it becomes evident that the predicted degradation factor is
not identical to the implanted fault. This highlights the presence of the smearing effect, where a different combination

of degradation factors could match the engine measurements.
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-
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0.020 1 5450 S
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Z (o104 5 0.05
& 0.04
N
0.005 4 | 0.03 \
s 002 % g
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Number of Iterations XLPC,F Xipcr Xiprr Xiprr Xepre
(a) Convergence of diagnosis. (b) Relative diagnostic error.
Fig. 6 Convergence performance and relative diagnostic error for Case 1.
Table 6 Diagnostic results of Case 1.
Items Symbols Units Attempt 1 Attempt 2 Attempt 3
Computation Time CT Second 22.659 129.682 197.368
Measurement Error RMSEyeq - 4.3E-6 2.1E-4 1.6E-4
Degradation Factor Error RMSEy - 2.9E-2 1.5E-2 1.2E-2
Operating Point n - 1 2 3
No. of Iteration Steps NIS - 7 21 21
No. of total calls to engine sub-models ~ NOppger - 94644 566775 841797

In the second and third attempts, we consider two and three operating points, respectively. In both attempts the
RMSE,., condition is not satisfied, and the iterations terminate at the maximum allowed step, as shown in Table 6.
Although the RMSEy decreases as the operating points increase, it is still noticeable (Table 6). The results reveal that
the multiple operating point analysis did not eliminate the smearing effect in these two attempts. The computation
time increases significantly when increasing the operating points from one to two to three; 22.659, 129.682, and
197.368 seconds, respectively. The comparison between implanted and predicted degradation factors is shown in Fig.
6 (b), where all three cases could not achieve high diagnostic accuracy. Table 6 illustrates the computation burden of

three attempts by conventional diagnosis methods with an increasing number of operating points.
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4.3 Case 2: Sequential Diagnostic with All Measurements

In Case 2, the sequential diagnostic method is employed, where the diagnosis is partitioned into four steps, as
shown in Fig. 3. Convergence processes for these four sequential steps are demonstrated in Fig. 7 (a). It is clear from
Fig. 7 (b) that the sequential diagnostic has the capability to estimate the degradation factor with greater accuracy than
the conventional diagnostic method (Case 1). It is worth noting that the last step of the proposed sequential method
requires three operating points to determine the degradation factor and eliminate the smearing effect, something that

the conventional diagnostic could not do.
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0.030 7 —a— Step 1 /] Case 2
—e— Step 2 0.0014 1 7.
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(a) Convergence of diagnosis. (b) Relative diagnostic error.

Fig. 7 Convergence performance and relative diagnostic error for Case 2.

The four sequential diagnostic steps converge in 0.014, 0.011, 0.013, and 0.032 seconds, respectively, as shown
in Table 7. The proposed diagnostic process converges in 0.070 seconds (sum of all four sequential steps) for the
simultaneous deterioration of all five rotational components. The reason for this fast convergence lies in the reduction
of matrix dimensions in the iteration algorithm and the reduced total number of calls to the engine sub-models (Table
7). Comparing the total number of calls to engine sub-models in Table 6 and Table 7 illustrates that the sequential
diagnostic requires less computation than the conventional diagnosis. Moreover, it is evident that the novel sequential
diagnostic process is also superior to the traditional diagnostic method in terms of accuracy, as shown in Fig. 6 (b)
and Fig. 7 (b). It should be pointed out that the level of diagnostic accuracy achieved by this method remains the same,

even for smaller levels of engine component deterioration.
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397 Table 7 Diagnostic results of Case 2.
Items Symbols Units Step 1 Step2  Step 3 Step 4
Computation Time CT Second 0.014 0.011 0.013 0.032
Measurement Error RMSE\¢q - 24E-6 7.6E-6 7.6E-6 3.6E-6
Degradation Factor Error RMSEy - 52E-6 3.0E-6 34E-6 5.7E-6
Operating Point n - 1 1 1 3
No. of Iteration Steps NIS - 6 6 6 6
No. of total calls to engine sub-models ~ NOpoqer - 18 18 18 438
398
399 4.4 Case 3: Sequential Diagnostic with Reduced Number of Measurements
400 For aero engines, the indirect measurement of turbine power output may not be possible or lead to poor precision.
401 Hence, it is worth testing the sequential diagnostic method, without the power output measurement of the last turbine,
402 in order to assess the suitability of the proposed approach for aero engine applications. It follows that the FPT fault
403 diagnosis step, shown in Fig. 3, will be adapted so that it does not require the shaft power of the FPT, shown in Fig.
404 4.
405 As can be seen in Table 1, there is no measurement available at the outlet of the HPT due to the high gas
406 temperature. Moreover, the sequential diagnosis with multiple operating points can estimate the correct degradation
407 factor for HPT and LPT in Case 2. Hence, it is worth testing the possibility of eliminating the measurements T5 and
408 P; at the LPC outlet.
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409 Fig. 8 Convergence performance and relative diagnostic error for Case 3.
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In Case 3, the NLGPA includes three sequential steps, as shown in Fig. 4. The convergence performance of the
three steps is shown in Fig. 8 (a). It is clear from Fig. 8 (b) that the sequential diagnostic with reduced number of
measurements could still predict the degradation factor with excellent precision.

The degradation diagnosis for the three steps converges in 0.012, 0.065, and 0.031 seconds, respectively, as shown
in Table 8. In total, the sequential diagnostic takes 0.108 seconds for the simultaneous deterioration of all five
rotational components. Although the computation time has increased by 54.29% when compared with Case 2 (0.070
seconds) due to increased matrix dimensions and computation burden attributed to the multiple operating point
analysis (Table 8), the measurement of power output and sensors at LPC exit can be removed in this situation. It is
noted that all three steps of the proposed sequential method require three operating points to determine the degradation

factor and eliminate the smearing effect under the reduced measurement condition.

Table 8 Diagnostic results of Case 3.

Items Synslbol Units Step 1 Step2  Step 3
Computation Time CcT Second  0.012 0.065 0.031
Measurement Error RMSEeq - 1.0E-6  3.7E-6  3.6E-6
Degradation Factor Error RMSEy - 5.5E-6  8.8E-6  8.5E-5
Operating point n - 3 3 3
No. of Iteration Steps NIS - 6 9 6
No. of total calls to engine sub-models  NOpoqer - 54 432 438

Comparison of the total number of calls to the engine sub-models as shown in Table 6 and Table 8, highlights that
sequential diagnosis with a reduced number of measurements requires less computation than the conventional method
[45]. Additionally, it is clear that the novel sequential diagnosis with reduced number of measurements still has a
precision advantage over the traditional diagnostic method [45], as shown in Fig. 6 (b) and Fig. 8 (b). Furthermore,
the RMSEy of the HPT and LPT diagnoses in Case 3 is increased by an order of magnitude in comparison with Case
2. Nevertheless, the RMSEy is still quite small and less than 1E-4. Despite a slight sacrifice in computation efficiency
and diagnostic precision, reducing the number of sensors can reduce both the initial and operating cost of the gas
turbine, but a compromise is always necessary between diagnostic accuracy and number of sensors installed.

The relative error of 10 degradation factors defined in Eq. (6) for Cases 1-3 are summarized in Fig. 9 in order to
demonstrate the merits of the proposed sequential diagnosis. It is clear that the diagnostic precision of the proposed

method is far more accurate than the conventional method [45]. The computation time, the maximum relative error of
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each case and the number of required sensors for Cases 1-3 are summarized in Table 9. There is a significant
improvement when comparing the novel sequential and conventional methods in both diagnostic precision and
computation speed. In Case 2, the maximum relative error is 1.4E-3 %, which is substantially smaller than that of the
traditional method, since the sequential diagnostic method can resolve the smearing effect. The calculation speed of
the method is over 300 times faster than the conventional method, and this is attributed to the reduction of the matrix’s
dimensions in the iterative diagnostic algorithm. In Case 3, the method demonstrates a maximum relative error of

2.2E-2 %, and the computation time of the proposed approach is more than 200 times faster than the traditional method.

Table 9 Comparison between three diagnostics cases.

Case 1 Case 1 Case 1

Items Symbols  Units Attempt 1 Attempt 2 Attempt 3 Case 2 Case 3
Computation Time CT Second  22.659 129.682 197.368 0.070 0.108
Max Relative Error Amax % 6.52 4.53 4.45 1.4E-3 2.2E-2

No. of Sensors Required NOg - 16 16 16 16 13
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Fig. 9 Comparison of relative diagnostic error for three diagnostic cases.
4.5 Case 4: Effect of the Measurement Noise
To analyze the influence of noise on diagnostic accuracy, measurement noise generated via the engine
thermodynamic model is imposed on the measured values. We have assumed that the noise is subject to a Gaussian
distribution with zero mean and standard deviation one, and the maximum deviation is shown in Table 10 [49,50]. We
assume that the engine measurements are recorded every 15 seconds, and for 5 minutes of steady-state operation, this

means that there are 20 operating points available. Then, 20 sets of measurements with random noise added are
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generated for FPT fault diagnosis (Step 1) in Case 2. Two examples of such noisy measurements, namely Ngpr and
Ty, are shown in Fig. 10. The 21% point is the post-filtered value of the measurement obtained from the previous 20
noisy data by an averaging filter [51], which is an averaging process of each measurement. The 22" point represents

the actual value of measurement, with no noise added. The preprocessed measurements (21% point) are used in Case

4, which is essentially a repetition of FPT fault diagnosis (Step 1) in Case 2.

Table 10 Maximum measurement noise [49,50].

Measurement Range

Typical Error

0.204-3.06
Pressure [atm]

0.50%

0.544-31.30  0.5% or 0.125 atm whichever is greater
-65-290 +33
Temperature [°C] 290-1000 +,/2.52 + (0.0075 X T)2
1000-1300 +,/3.52 + (0.0075 x T)2
Shaft Power - 0.10%
Rotational Speed - 0.10%
Relative Humidity [%] - 0.10%
Up to 5450 63.4
Fuel Flow [kg/h] po
Up to 12260 142.7
4806 ~
- = Without Noise Filter
4804 7 ] e With Noise Filter
4802 4 A True Value
£ . . .
= 4800 - ., . . RN
4798 . = .
[ | - "
47964 " L]
1094
1092 - . "
S 1090 - . a® L]
= - A
& 1088 . °
E’ 1086 - . . =
[ ]
] . .
1084 =
1082 : T T T
0 5 10 15 20

Sample Points

Fig. 10 Measured values of Nzpr and T9 with added Gaussian measurement noise, post-filtered measurement,

and true value.

The diagnostic performance of Case 4 is shown in Fig. 11 (a). The relative error of LPT degradation parameters,
predicted from the sequential diagnostic with respect to the implanted faults, is shown in Fig. 11 (b). Table 11 indicates

that the noisy measurements impact the prediction of the degradation factors when comparing with FPT fault
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diagnosis (Step 1) in Case 2. Nevertheless, the estimation errors of the degradation factors are still relatively small
and acceptable even when the effect of measurement noise has been considered, with the relative errors of efficiency

and flow capacity being 0.11% and 0.16%, respectively.

Table 11 Diagnostic results of Case 4.

Items Symbols Units Step 1
Computation Time CcT Second  0.011
Measurement Error RMSEcq - 2.6E-6
Degradation Factor Error RMSEy - 1.4E-3
Operating point n - 1
No. of Iteration Steps NIS - 6
No of total calls to engine sub-models  NOpjpqe - 18
0087 0181 Case 4
0.007 L | 0.16
0.006 0.14 1
0.005 012
usz“ 0.004 go.m-
E 0.003 é, 0,08
0.002 4 % 006
[} o Y A
0.001
\_ 0.04
0.000 T .
0.02
-0.001 T T T T T T
1 2 3 4 5 6 0.00 T T
Number of Iterations Xepre Xepre
(a) Convergence of diagnosis. (b) Relative diagnostic error.

Fig. 11 Convergence performance and relative diagnostic error for Case 4.

From a practical point of view, several aspects should be taken into consideration in the application of the proposed
diagnostic method. Ensuring appropriate systems and support of data filtration [52] and sensor validation [53] should
be a priority for fault diagnosis. There is, therefore, a definite need for map adaptation [8,54] of the engine model to
align with actual engine measurements based on healthy data and generic maps from the open literature. This
adaptation process should be carried out every time maintenance is carried out. This is crucial in refining and updating
the engine model that establishes the benchmark upon which any further diagnostic analysis is going to be based. The
proposed diagnostic method is not only adequate for off-line steady-state diagnosis but can also be applied in real-
time since the fast convergence of the algorithms provides flexibility in its implementation. The comparison between
Case 2 and Case 3 reveals that the sequential diagnostic scheme should be reconfigured when there are changes in the

type of engine, location of sensors and the number of available sensors. This is a typical limitation from a modeling
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perspective and something that characterizes the model-based diagnostics methods, which rely heavily on the engine
model. However, the substantial accuracy and efficiency improvements of this method, in comparison to existing
model-based techniques [45], trade-off the previous limitation.

The findings of this study have several practical implications. More broadly, to develop a full picture of condition-
based maintenance, additional studies such as fault prognosis [11,37,55], maintenance optimization [56], economic
analysis [57], engine emissions modeling [58] could be implemented to complement the developed model. Further
studies, which take these aspects into account, should enable a prognostic health management solution for the gas
turbine engine. It will not only improve the reliability and availability of gas turbines but also economically benefit
engine stakeholders. The desirable features and excellent performance capabilities of the proposed method motivate
the inclusion of transient operating conditions in the diagnosis and variable geometry of compressors; tasks that the

authors are currently engaged in.

5. Conclusions

This study proposes a novel sequential diagnostic method for gas turbines with the primary aim of improving the
accuracy and computation speed when compared with the conventional model-based GPA. The engine performance
model is validated against commercial software for both the design point and off-design steady-state conditions. The
novel sequential diagnosis approach is evaluated via a well-used GPA method.
The conclusions drawn from this study are summarized as follows:
® The maximum relative errors between the developed engine performance model and GasTurb is less than
0.71% for the given test conditions.

®  The developed sequential diagnostic algorithm is superior in both diagnostic accuracy and computation speed
to the conventional GPA, with a maximum relative error less than 1.4E-3 % and convergence in 0.070
seconds.

® The sequential diagnostic algorithm with reduced number of engine measurements outperforms the

conventional method. In such a case, the maximum relative error is only 2.2E-2 %, which is significantly
lower than the one achieved by the existing NLGPA method. Additionally, the proposed method converges

more than 200 times faster than the NLGPA.
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®  With the aid of a noise filter, the impact of measurement uncertainty can be reduced to an acceptable level
for engineering applications. In this situation, the relative errors of two degradation factors for the free power
turbine are 0.11% and 0.16% for efficiency and mass flow capacity, respectively.

The present study establishes a sequential framework for engine performance diagnosis with better precision and
computation efficiency than the existing model-based method, by eliminating the smearing effect and reducing the
matrix dimensions in the iterative diagnostic algorithm. Additionally, the novel diagnostic method with reduced
measurement could potentially decrease the cost of engine operations and the flow disturbances caused by sensors in
the engine gas path.

Overall, the results of the case studies demonstrate the superiority of this method in terms of diagnostic accuracy
and computation time, even with a reduced number of measurements, in comparison with the existing NLGPA method.
This new approach is sufficiently modular to be applied in all types of gas turbine engines with the potential to support

the operation and maintenance of gas turbine assets more cost-effectively and accurately than existing GPA methods.
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Appendix A

A.1 Computation Efficiency

This appendix provides detailed information about the iterative diagnostic algorithm from a computational
perspective. The sub-model of engine performance simulation consumes most of the computational resources during
GPA. The conventional diagnostics covers the “outer loop” (NLGPA: iteration of the degradation factor) and “inner
loop” (iteration of the engine performance model). The size of the Jacobian matrix, involved in the iteration, influences
the computation speed.

Fig. A. 1 demonstrates the dimensions of the Jacobian matrix for the outer and inner loops of the conventional

method [45]. The traditional diagnostic method includes 11 gas path measurements and 10 health parameters (Table
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2), which establish the dimensions of the matrix in Fig. A. 1 (pictured at right). The subscript “n” denotes the number
of operating points that determine the number of calls to the engine model. In this study, “n” is set to one, two, and
three, which correspond to a maximum of 3 operating points. As far as off-design performance is concerned, the
developed model needs 8 iteration variables (Appendix B), and the dimension of the matrix for engine simulation are
shown in Fig. A. 1. Such a nested iteration reduces the computational efficiency of the engine diagnosis dramatically

and could be affected by the smearing effect. The number of calls to the engine model in the diagnostic algorithm and

the number of calls to the engine sub-models in engine simulation for one step is also demonstrated in Fig. A. 1.

Conventional Fault Diagnosis Matrix Engine Simulation Matrix
GG 0LiE) KD
dx, 0x10 A 0x, Oxg
Yol - ol x Pl ) ‘.
0fn11(X) 0fna(X) fg(X)  0fs(¥)
0, 0x10 n11x10 0x, Oxg 8x8
Call Engine model %10 %7 Call Intake, LPC, HPC, Burner, 2 - Mixture, HPT, LPT,
7=1,23. FPT, Duct, and Nozzle model *8

Fig. A. 1 Matrix dimensional analysis of conventional fault diagnosis.

FPT Diagnosis Matrix HPC Diagnosis Matrix LPC Diagnosis Matrix HPT and LPT Diagnosis Matrix
S S S S S > afi(x fi (%
0f() (D) 0fGE) M) 0f(E) (D) L) AW

0xy 0x, = x4 0x, = 0xy 0x, = 6?51 ) 6{57
(%) 0f,(® 0L(F) 0f(@ (&) 0f,(® PR P
FORUFCY R UAC RO M PR AC B PV e
1 *2 / 3x2 “ 2/ 2 1 %2/ 3x2 dx, 0x7 / o s
Call FPT model <2 Call HPC model =2 Call LPC model =2 2213] HPT, Mixture, LPT model *7 x7n

Fig. A. 2 Matrix dimensional analysis of sequential diagnostic with all available measurements.

Contrary to the conventional method, the sequential diagnostic method needs to call only the specific sub-model
directly in the engine performance model, which can reduce computing complexity. Furthermore, the sequential
diagnosis has a lower number of matrix dimensions during iteration, which could diminish issues of dimensionality.
The size of the Jacobian matrix for the novel sequential approach is also highlighted, and the number of calls to each
engine sub-model during one iteration is demonstrated. For sequential diagnostics with all available measurements,
the number of dependent variables, independent variables, and calls to engine sub-models are summarized in Fig. A.

2 based on Fig. 3. The number of iteration variables is the longitudinal length of four matrices, which are 2, 2, 2, and
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7 for each sequential step in order, respectively. In contrast, the convergence criteria are the transverse length of four
matrices, which are 2, 2, 2, and 9, respectively.

For sequential diagnostics with reduced measurements, the number of dependent variables, independent variables,
and calls to engine sub-models are summarized in Fig. A. 3, based on Fig. 4. The number of iteration variables is the
longitudinal length of three matrices, which are 2, 7, and 7 for each sequential step in order, respectively. In contrast,
the convergence criteria are the transverse length of three matrices, which are 3, 9, and 9, respectively. The comparison
between the conventional method and novel method on the computation burden is illustrated in Table A. 1. As the
actual computation burden relies on the convergence steps, all results presented in Table A. 1 are referred to a single

iteration step for obtaining the Jacobian matrix.

FPT Diagnosis Matrix HPC and LPC Diagnosis Matrix HPT and LPT Diagnosis Matrix
0L L) 0L OAM LE LD
0xq 0x, = 0xq 0x7 = 0xq 0x7
(%) 9f:(@) + fo®  fo® + fo®  fo(®)
0x1 ax7 3x2 axl aX7 9x7 axl aX7 9x7
Call FPT model X 2 X n Call LPC and HPC model =7 *n Call HPT, Mixture and LPT model =<7 *n
n=3 n=3 n=3

Fig. A. 3 Matrix dimensional analysis of sequential diagnostic with reduced number of measurements.

Table A. 1 Comparison of computation burden to each engine sub-model.

Item Symbol CD SDA SDR

No. of Calls to Intake Model NONr n x80 0 0

No. of Calls to Compressor Model NOcop n X160 4 42

No. of Calls to Burner Model NOgyrn n x80 0 0

No. of Calls Mixture Model NOyx n x160 21 21

No. of Calls to Turbine Model NOryrs n %240 44 48
No. of Calls to Duct Model NOpycr n X80
No. of Calls to Nozzle Model NOpozzie n X80

CD: Conventional Diagnostic.
SDA: Sequential Diagnostic with All Available Measurements.
SDR: Sequential Diagnostic with Reduced Number of Measurements.
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Appendix B

B.1 Modular Modelling of Gas Turbine Components

For an industrial gas turbine, the engine consists of six major components: intake, compressor, burner, mixture,
turbine, duct, and exhaust nozzle. The algorithm of engine performance simulation was adapted from the method
described by [59-63].
» Intake Model

For a stationary gas turbine engine, the engine Mach Number is zero, and it is assumed that the engine is installed
at sea level with no pressure loss at the intake. Hence, the modeling of intake only needs to decide the WAR for

calculating the gas properties at the following simulation. The WAR is calculated by Eq. (B.1) [63].

wap - Wa __0622P (B.1)
Wos  Pambh _p
0.01RH sat

where Wy, is mass flow rate of water vapor, Wy, denotes the mass flow rate of dry air and P, denotes the saturation
pressure of water vapor.

P, is obtained by Eq. (B.2), which is related to the ambient pressure and temperature [64].

17.502(Tymp — 273.15)]  (B2)
Tompy — 32.18

Poy = (1.0007 + 3.46 - 1076 - 101.325P,,, ) - 0.61121 - exp

» Compressor Model

For calculating compressor performance, the inlet temperature (T;,), pressure (P;,), shaft rotational speed (N),
compressor flow capacity degradation factor (X¢ ), and the efficiency degradation factor (X¢ g) should be known so
that the X r and X are applied to scale the healthy compressor map by Eq. (1), where X ¢ and X ¢ are equal to
one at a healthy/clean state.

When shaft speed N and inlet conditions are known, the corrected shaft rotational speed (CN) is expressed by Eq.

(B.3) [60,61].

(N/m)op (B.3)
N = — LV 00
(N/\/E)DP

where the subscript “DP” and “OD” represents the design point and off-design point, respectively.

31



O Jo U WN

NN GG UG UTOTUTOTUT DB DB D BB DA DWWWWWWWWWWWRNRNRNONNNRNNNNNERF P R
GO WNRPFPOWOJOOUTPDd WNREF OWOJOYU P WNRFPOWW-JIOOUd WNRPFPOWOWJOU D WNE OWOWJoYU s WNDERE O

596

597

598

599

600

601

602

603

604

606

607

608

609

610

611

If the compressor pressure ratio (PR) is known, then the outlet pressure (P,,;) is determined by:

Pour = Py - PR

(B.4)

As CN and PR are known, the compressor efficiency (Eff;) and corrected mass flow (CM) could be obtained

from the scaled component map. The inlet temperature, pressure, and flow capacity are known, hence the inlet mass

flow (W;,) is given by:

P, /Ps1s
VTin/Tsis

where the subscript “SLS” represents the sea level static conditions.

Win = CM -

The inlet entropy and enthalpy of the compressor are obtained as follows:

[Sin, Hin] S GaSPT'Op[T'p] (Tin' Pin' FAR, WAR)

Hence, the enthalpy at isentropic compression (H;) is given by:

Hi; = GasPropis p1(Sin, Pour, FAR, WAR)

And the outlet enthalpy is given by Eq. (B.8) [59] as follows:

Hoye = Hyy — (Hy, — Hy) - Ef fe

Then, the outlet temperature (T,,,,) can be determined by the following relationship:

Tour = GasPropiy p)(Hout, Pour, FAR, WAR)

(B.5)

(B.6)

(B.7)

(B.8)

(B.9)

The calculation of bleeding in a compressor is based on modularizing computations; as demonstrated below for

one bleeding path. The required inputs for bleeding include the bleed pressure ratio fraction (Fracpg) and bleed mass

flow rate fraction (Fracy,).

Then, the bleed outlet pressure (PRjeeq) and mass flow rate (Wpoq) are computed by Egs. (B.10), (B.4) and

(B.11):

PRbleed = PR - Frach

Whieea = Win * Fracy
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Hence, the bleeding outlet enthalpy (Hpjeeq) and temperature (Ty;.qq) are determined by Egs. (B.7), (B.8) and
(B.9), respectively.

The outlet mass flow (W,,,;) is calculated by:

Wout = ‘/Vm - Wbleed (B.12)

Finally, the compressor work (CW) is:

CW = Woyyr * (Houe — Hin) + Whieea * (Hpieea — Hin) (B.13)

» Burner Model
The burner pressure drop (AP) can be obtained by Eq. (B.14), which relates the specified design point pressure
loss and kinetic head (KH) of burner inlet at both design point and off-design point conditions [62]:

APpp  KHpp (B.14)
APy, KHpp

where the kinetic head is referred to Eq. (B.15) as follows:

2
it~ W T (B.15)
P, in
The burner exit pressure is computed by:
Pyut = Py - APpp (B.16)

The enthalpy released (AH) by fuel combustion is given by:

AH = Wy - LHV - Eff (B.17)

where Wgy,,; is the burner fuel flow rate, LHV is low heating value, and Ef f is burner efficiency.
The computation of the exit enthalpy of combustion gas is based on mass and energy conservation:
_ Hy, W, +AH (B.18)
=
. Wout
The FAR of the combustor gas is determined through WAR, W, and W,,,; as follows:

Wrye (B.19)

FAR =
(Wout - WFuel) ' (1 - WAR)

Finally, the burner exit temperature is obtained by Eq. (B.9).
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» Mixture Model

The mixture model is applied for mixing of core flow, and cooling flows in a constant area, when one inlet flow
is much smaller than the other. It is assumed that the total outlet pressure of mixed flow is equal to the total inlet
pressure of core flow. The mass flow of mixed flow can be determined based on mass conservation. Then, the enthalpy
of exit is:

Winain * Hmain + Whicea * Hpleed (B.20)

Hyy = W
out

Finally, the FAR of mixed gas is referred to Eq. (B.19) and the outlet temperature of mixed flow is determined by

Eq. (B.9).

» Turbine Model

For calculating the turbine performance model, the T;,, Py, N, Wgy,;, turbine flow capacity degradation factor
Xr r, and turbine efficiency degradation factor X  should be known and Xr r are X1 are applied to scale the original
health map by Eq. (1), where X7  and X7 ¢ are equal to one at a healthy/clean state.

When shaft speed N and the inlet conditions are known, the CN could be obtained by Eq. (B.3). If the turbine

expansion ratio of pressure (PR) is known, the turbine outlet pressure (P,,;) is given by:

Poue = Pin /PR (B21)

As CN and PR are known, the actual turbine efficiency (Ef f;) and corrected mass flow (CM) could be obtained

from the scaled turbine map. Due to the turbine inlet temperature, pressure, and corrected mass flow are known, the
turbine inlet mass flow could be obtained by Eq. (B.5).

Since the Ef f; is known, the turbine outlet enthalpy is computed by:

Hoyt = Hyy — (Hy, — Hi) * Ef fr (B.22)

The turbine outlet temperature could be calculated by Eq. (B.9), and turbine work (TW) is as follows:

TW = Wiy, - (Hyn — Hout) (B.23)
» Duct Model
In the Duct model, we considered a total pressure loss that could be obtained by Eq. (B.14). The outlet mass flow

and total enthalpy are the same as the inlet condition. Hence, the outlet temperature is calculated by Eq. (B.9).
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» Nozzle Model
For industrial gas turbines, the Mach number of nozzle exit flow is less than one since the nozzle is under sub-
critical condition. Hence, the following calculation will only discuss the calculation process for subsonic flow where

the nozzle exit static pressure (p is equal to the ambient pressure. Moreover, the assumed isentropic expansion

out)

means that the static entropy (S,,.) is equal to total entropy (S,,.) and obtained by Eq. (B.6). The nozzle static

temperature (t,,,), static density (p,y.), heat capacity ratio (y), and gas constant (R,) are given by:

[touts Pouts ¥ Rg] = GasProp[S,P] (Sout» Pout» FAR, WAR) (B.24)

Then, the nozzle outlet velocity (V) is calculated by:

’ (B.25)
Vour = [V~ Rg “Lout

Finally, the determination of the nozzle exit mass flow is based on the component characteristic.

Wout = Pout " Vout ' Aout (B.26)

where A, is the cross-section area of the exhaust nozzle.

B.2 Map Scaling of Rotating Component at Design Point

The rotating component maps include the characteristic parameters, such as corrected shaft rotational speed,
pressure ratio, corrected mass flow rate, and component efficiency. However, the generic maps from the open literature
may not align with actual component characteristics in concern at the design point. Hence, the design point map
scaling is launched and referred to [46] to represent the actual component characteristic based on the design point
specification.

The scaling factor of pressure ratio (SFpp) is:

_ PRpp—1 (B.27)

where the subscript “DP” refers to the design point value, while the subscript “map” indicates the value obtained
through generic maps.

The scaling factor of corrected mass flow (SFy,) is given by:
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SFCM = CMDP/CM‘map (B.28)

Similarly, the scaling factor of component efficiency (SFgyy) is:

SFEff = EffDP/Effmap (B.29)

B.3 Cross-Section Area of Exhaust Nozzle

For the design point, the nozzle exit entropy could be obtained by Eq. (B.6). By assuming that the exhaust gas is
expanding isentropically [63] to the ambient, the static entropy (S,,) is equal to the total entropy (S,,:)- Hence, t,y;,
Pout»> ¥ and R are calculated by Eq. (B.24) and the V,,,; is given by Eq. (B.25).

Finally, the exhaust nozzle's cross-section area is determined by Eq. (B.30), while exhaust mass flow rate is known

at the design point.

Apur = Wout/(pout ' Vout) (B.30)

B.4 Gas Turbine Performance Model for RB211-24G

The gas turbine's performance simulation is based on the above algorithms for each engine component representing
any gas turbine. The balancing process of a triple-shaft industrial gas turbine engine is shown in Fig. B. 1 which is
adapted from [40]. Eight iteration variables are required for the iteration that are N;p, PR;pc, Nyp, PRypcs Wryers
PRypr, PRy pr, PRppr. Meanwhile, convergence criteria are shown in the left part of Fig. B. 1, where the subscript
“pre” refers to the mass flow from the previous block. In contrast, the subscript “loc” indicates the mass flow obtained

through component characteristics.
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Fig. B. 1 Balancing process of the off-design performance simulation.
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