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Abstract

Monitoring and evaluating the health parameters of marine gas turbine engine help in developing predictive control techniques
and maintenance schedules. Because the health parameters are unmeasurable, researchers estimate them only based on the
available measurement parameters. Kalman filter-based approaches are the most commonly used estimation approaches; how-
ever, the conventional Kalman filter-based approaches have a poor robustness to the model uncertainty, and their ability to track
the mutation condition is influenced by historical data. Therefore, in this paper, an improved Kalman filter-based algorithm called
the strong tracking extended Kalman filter (STEKF) approach is proposed to estimate the gas turbine health parameters. The
analytical expressions of Jacobian matrixes are deduced by non-equilibrium point analytical linearization to address the problem
of the conventional approaches. The proposed approach was used to estimate the health parameters of a two-shaft marine gas
turbine engine in the simulation environment and was compared with the extended Kalman filter (EKF) and the unscented
Kalman filter (UKF). The results show that the STEKF approach not only has a computation cost similar to that of the EKF
approach but also outperforms the EKF approach when the health parameters change abruptly and the noise mean value is not
Zero.

Keywords Gas turbine - Health parameter estimation - Extended Kalman filter - Unscented Kalman filter - Strong tracking Kalman
filter - Analytical linearization

1 Introduction Performance degradation decreases the gas turbine stability,

increases fuel consumption, decreases fuel economy, and in-

As the service life of a gas turbine increases, its performance
degrades due to the degradation of its components, such as the
compressor, combustion chamber, and turbine. Causes of the
components degradation include fouling, erosion, corrosion,
and foreign object damage, which can cause gradual or abrupt
variation in the gas turbine performance (Volponi 2013).
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creases operating costs. Therefore, monitoring and evaluating
the gas turbine performance are important. The health param-
eters usually refer to the component corrected mass flow and
isentropic efficiency, which will change with the gas turbine
performance degradation. Monitoring and estimating changes
in gas turbine health parameters can help in developing pre-
dictive control techniques and maintenance schedules to im-
prove the gas turbine performance. However, the health pa-
rameters cannot be directly measured, and they can only be
obtained by estimation techniques on the basis of the available
measurement parameters data (Li 2010).

For estimating health parameters, various estimation ap-
proaches have been proposed, such as weighted least squares
approach (Li and Korakiantis 2012), optimization approach
(Li and Pilidis 2010; Yang et al. 2014), Kalman filter and its
derivative approaches (Kerr et al. 1992; Simon and Simon
2005; 2006; 2010; Simon and Garg2010), nonlinear filtering
approach (Simon 2006), and observer approach (Chang et al.
2016). Health parameter estimation based on Kalman filter is
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the most commonly used approach. A large number of
Kalman filter-based approaches have been proposed,
and they have achieved good results in practical applica-
tions (Kobayashi et al. 2005; Brotherton et al. 2003).
Common variants of the Kalman filter include the line-
arized Kalman filter (LKF), extended Kalman filter
(EKF), and unscented Kalman filter (UKF).

The LKF is the earliest and the most widely used for gas
turbine health parameters estimation because of its low com-
putational cost (Simon 2008). Luppold et al. (1989) first pro-
posed the use of Kalman filter for estimating aircraft perfor-
mance changes. In 1991, Lambert designed a Kalman filter to
estimate the efficiencies of low-pressure and high-pressure
turbines. Kerr et al. (1992) described the second-generation
Kalman filter algorithm for real-time estimation of gas turbine
gas path damage. Considering that some prior knowledge is
often neglected because it does not easily fit into the structure
of the Kalman filter, to improve estimation accuracy, Simon
and Simon (2005) proposed an estimation approach based on
the constrained Kalman filter for turbofan. Then, this ap-
proach was improved using the probability density truncation
(Simon and Simon 2010). For the underdetermined estimation
problem, Simon and Garg (2010) proposed an optimal tuning
parameter selection approach for estimating multiple health
parameters.

Although the LKF has a low computational cost, local lin-
earization will result in a non-negligible model error because
the gas turbine is a nonlinear system, leading to large health
parameters estimation errors. In addition, although the linear
model accurately represents the gas turbine dynamics at a
certain operating condition, it may not be accurate at other
operating conditions. Therefore, a set of linear models corre-
sponding to different operating conditions is required to rep-
resent the gas turbine dynamics at the entire operating range.

To reduce the linearization error and improve the
estimation accuracy, nonlinear estimation approaches such
as the EKF and UKF have been proposed. Kobayashi et al.
(2005) proposed the constant gain extended Kalman filter ap-
proach for aircraft performance parameter estimation to im-
prove accuracy while reducing computation cost. In addition,
several researchers have compared different estimation ap-
proaches (Volponi et al. 2003; Simon 2008; Borguet and
Léonard 2010; Lu et al. 2013). Simon (2008) compared the
computational cost and the estimated accuracy of three com-
monly used Kalman filter approaches; the EKF and UKF
showed similar performance, but the computational cost re-
quired by the UKF was an order of magnitude higher than that
required by the EKF. Therefore, it appears that the EKF is the
best choice for aircraft engine health parameter estimation
(Simon 2008).

However, the EKF has a poor robustness to model uncer-
tainties and a poor mutation condition tracking ability (Zhou
and Frank 1996). The main factors causing model uncertainty

include model simplification and inaccurate initial noise co-
variance matrixes. For the EKF, due to the local linearization,
the model error increases, and as a result, the model uncertain-
ty increases. In addition, the EKF is a recursive filter, and all
the historical data influence the current estimates. The histor-
ical data affects the Kalman gain of the EKF; when the gas
turbine is in steady state for a long time, the Kalman gain tends
to be constant. For abrupt changes in the health parameter of
the gas turbine, the EKF tracking ability of the mutation con-
dition is poor, and the Kalman gain matrix changes slowly,
which delays the health parameters estimation.

To overcome the abovementioned problems and improve
the Kalman filter performance, Zhou and Frank (1996) pro-
posed a strong tracking Kalman filter approach, which has
been applied for gas turbine performance parameters estima-
tion (Pu et al. 2013). By introducing the fading factor into the
covariance matrix of state prediction, the Kalman gain matrix
is adjusted on-line, and the output residual sequence is main-
tained orthogonal to make the filter robust to the model un-
certainty and still keep track of the system state. The strong
tracking filter (STF) has a strong robustness to system uncer-
tainties: low sensitivity to system noise, measurement noise,
and initial noise covariance matrixes as well as a strong ability
to track the mutation state (Zhou and FRANK 1996).

In this paper, an improved Kalman filter-based approach
called the strong tracking extended Kalman filter (STEKF) is
proposed for health parameters estimation in the existence of
model uncertainty and mutation condition. Since the STEKF
approach also requires determining the Jacobian matrix, a
Jacobian matrix determination approach based on non-
equilibrium analytical linearization is proposed. By
decomposing each of the gas turbine component models into
several sub-modules, each sub-module was linearized sepa-
rately. In the linearization process, the health parameters were
extended to the state variables, and the intermediate variables
were eliminated. Then, the analytical expression of Jacobian
matrix was derived by symbolic calculation, and the Jacobian
matrix was determined in real time. Finally, the STEKF and
the conventional nonlinear filtering approaches, i.e., EKF and
UKEF, were used to estimate the health parameters in the sim-
ulation environment, and the three approaches were compared
according to their estimated results.

This paper is organized as follows: The studied gas turbine
nonlinear dynamic model and the typical gas path fault are
briefly introduced in Section 2. Section 3 briefly introduces
the current Kalman filter-based gas turbine health parameter
estimation approach. Section 4 describes the Jacobi matrix
determination approach based on non-equilibrium point
analytical linearization. The estimation results of the
three nonlinear filtering approaches are compared in de-
tail under different situations in Section 5. The conclu-
sions are presented in Section 6.
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2 Nonlinear Dynamic Model of Gas Turbine

In this study, a two-shaft marine gas turbine was investigated.
For a two-shaft gas turbine, the main components include a
compressor, a combustion chamber, a compressor turbine, and
a power turbine, whereby the power turbine drives the propel-
ler through the reduction gearbox. The simplified layout of the
gas turbine is shown in Fig. 1, in which the reduction gearbox
and propeller are simplified as a load.

Based on the literature on the nonlinear dynamic modeling
of a gas turbine (Klapproth et al. 1979; Camporeale et al. 2006;
Tsoutsanis et al. 2013; Yang et al. 2017), in the present study, a
General Electric LM2500 simulation model was established in
MATLAB/Simulink environment. To simulate the nonlinear
dynamic response of the gas turbine, rotor dynamics and vol-
ume dynamics were considered. The heat transfer dynamics
also affects the nonlinear dynamic response, especially in the
start-up or shutdown process. However, this study is mainly
focused on a gas turbine in operation; therefore, heat transfer
dynamics was neglected due to its low influence on gas turbine
dynamic response during operation. Thus, the nonlinear set of
governing equations of motion for the marine gas turbine can
be described as follows:

3017 1
Ne=10 TN (1110 Cpe (T3=Ta)=mecy (t2-T1)]
. 3012 1 3
N = Lr} JoNp [, (Ta=T's)—KN]
. R,T3
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where 7),, denotes mechanical efficiency; J; and J, denote the
inertia of the compressor shaft and power turbine shaft, respec-
tively; K denotes the coefficient of the relationship between the
power turbine rotational speed and the load power; LHV de-
notes the fuel low calorific value; Vi, V5, and V5 denote the
component volume; and  denotes the relationship between
mass flow and pressure.

Gas turbine failure occurs during operation, and common
faults include fouling, erosion, corrosion, and foreign objects
damage. These faults change the structure of components, there-
by changing the characteristics map, and then, the gas turbine
performance degrades, resulting in changes in gas turbine health
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Fig. 1 Schematic of a two-shaft gas turbine engine

parameters. These health parameters are generally the corrected
mass flow and the isentropic efficiency of the components (Pu
et al. 2013). This study mainly considers the following six health
parameters: (1) change in compressor corrected mass flow, H,,,;
(2) change in compressor isentropic efficiency, H,,c; (3) change in
high-pressure turbine corrected mass flow, H,,.; (4) change in
high-pressure turbine isentropic efficiency, H,; (5) change in
power turbine corrected mass flow, H,,,; and (6) change in pow-
er turbine isentropic efficiency, M.

Here, H denotes health parameters. When the gas turbine is
in a healthy condition, the corresponding health parameter is
equal to 1, while in the presence of a fault, the health param-
eter is not equal to 1. For example, H,,,.< 1 indicates a com-
pressor fault has occurred and caused a decrease in the com-
pressor corrected mass flow.

3 Nonlinear Approaches for Health
Parameters Estimation

This section briefly describes the nonlinear approaches for
estimating gas turbine health parameters. The LKF-based es-
timation approach can obtain the optimal state estimation for
linear Gaussian systems with low computation cost (Simon
2008). However, because the gas turbine is a nonlinear sys-
tem, linearization will lead to a non-negligible model error and
increase the estimation error. Moreover, it is necessary to es-
tablish a piecewise linear model to estimate the health param-
eters under different operating conditions. Therefore, to re-
duce the error introduced by linearization, nonlinear estima-
tion approaches, such as the EKF and UKF approaches, have
been proposed.

However, the conventional nonlinear Kalman filter ap-
proach has a poor robustness to the model uncertainties and
a poor ability for tracking mutation condition. Considering the
existing problems of the conventional Kalman filter approach,
Zhou and FRANK (1996) proposed the STF algorithm. The
STF has a strong robustness to system uncertainties; low sen-
sitivity to system noise, measurement noise, and initial noise
covariance matrixes; as well as strong ability to track the
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mutation state. Therefore, the STF is more effective for esti-
mating gas turbine health parameters.

In this study, the STEKF, which based on the EKF, was
designed to estimate the gas turbine performance parameters.
Considering the discrete-time nonlinear system is shown in

Eq. (2).

X = f(Xp-1, Wi—1) + Wi 2)
Vio1 = h(xg-1) + i

Here, x denotes the state variable, # denotes the control
variable, y denotes the output variable, and w and v denote
the process noise and the measurement noise, respectively,
where both are the zero-mean Gaussian noise, and the corre-
sponding covariance matrixes are @ and R, respectively.

Compared with the EKF, the main improvement of the
STEKEF is the introduction of the suboptimal fading factor in
the estimation error covariance matrix (Pu et al. 2013). The
factor is assumed to be \;_;, as shown in Eq. (3).

Py = N AP AT +Q (3)

The suboptimal fading factor can be recursively solved by
Eq. 4)

E| (%) (x/~%)"| = min

T _ (4)
E[@k) (ykﬂﬂ)] —0,k=0,1,2,.,j=1,2, ..

The second equation in Eq. (4) is called the orthogonality
principle, which holds that the residual error series should be
made mutually orthogonal at each step, and this makes the
filter robust to the model uncertainty. The STEKF algorithm
is shown in Table 1, and more detailed information can be
found in the work of Zhou and FRANK (1996).

To evaluate the STEKF performance in the health parame-
ters estimation, the STEKF was compared with the commonly
used nonlinear estimation approaches (EKF and UKF).
Tables 2 and 3 briefly describe the EKF and UKF algorithms,
respectively. More detailed information can be found in the
work of Simon (2008).

4 Jacobian Matrix Determination Based
on Analytical Linearization

In this study, the STEKF was designed based on the EKF; there-
fore, Jacobian matrixes calculation is needed at each filtering step.
However, for the gas turbine, the calculation of Jacobian matrix is
complicated, as it is usually periodically updated or done directly
offline, and this increases the estimation error (Kobayashi et al.
2005). To overcome this problem, non-equilibrium analytic

Table 1 Strong tracking extended Kalman filter algorithm

The prediction step

S = f(&7 )

P, = /\k,lAP;r_IAT +0
The measurement update step
K = P,.C"(CP.C" +R) "
Vi = yi—h(%e)

& =%+ Kiyy

P} = (I-K,C)P,

A\ = Ao, Ao>1
=, Mo < 1
. tr[Nk]
07 My

Ny = Vi-CQC"-3R
Mj = CAP;_ATC"

0 71(’71)T> N k=0

Vi=1 Vi + %) 1
1+p ’ -
Notation
PRGN
Oh(%)
C =
0.

x
tr[]] denotes the trace of a matrix
p denotes forgetting factor
(3 denotes softening factor

linearization is used to derive the analytical expression of the
Jacobian matrix under the non-equilibrium point.

Figure 2 shows the modules and the information flows in
the Simulink gas turbine nonlinear dynamic model. Each
component is decomposed into several sub-modules, and each
sub-module is composed of a nonlinear equation. The com-
pressor, for example, contains the temperature sub-module,
the corrected mass flow sub-module, and the isentropic effi-
ciency sub-module. Each sub-module is linearized, and the
linearization model of the component can be derived from
symbolic computation according to the information flows
among sub-modules. Then, the analytical expressions of
Jacobian matrixes are deduced, which are used to estimate
the health parameters based on the STEKF algorithm.

4.1 Non-equilibrium Linearization

Considering the change of the gas turbine health parameters
and assuming that the change rate of the health parameters is
zero (Pu et al. 2013), Eq. (1) can be changed to a nonlinear
system as shown in Eq. (5)

)'c:f(x,H,u)—&—w
y=h(x,H)+v ®)
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Table 2  Extended Kalman filtering algorithm

The prediction step

R = (&, m)

P, =AP_ AT +Q

The measurement update step
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Vi = Yi—h(e)
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Notation
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Here, x denotes the state variable, x =[N, N,, T3, P3, P4,
PS]T; u denotes the control variable, # =wj; y denotes the
output variable, y = [N}, N,,, Ty, Pa, Ty, P, Ts, Ps]"; H denotes
health parameters, H = [Hye, Hyer Hinets Hners Hunprs Hoprl s
and w and v denote the process noise and measurement noise,
respectively, where both noises are the zero-mean Gaussian
noise, and the corresponding covariance matrixes are Q and R,
respectively.

At any point (x;,H;,u;), Taylor expansion is performed on
Eq. (5), and the high-order terms are ignored. A linearization
model as shown in Eq. (6) can be obtained (Johansen et al.
1998):

’.C:f(xi,Hi,ui)+LiAx+M,-AH+N,Au (6)
y=h(x, H;) + E;Ax + Fi.AH
where

0 0
Li_aj;(xi;Hi;ui);Mi_giﬁ(Xj,Hi,ui) o
Ni=—(x,Hju),E; =—(x;,H;), F; = — (x;, H;

o o Hi i) B = 0 et i), B = oy (e H)

Here, fix;,H;,u;) represents the function value of f{x,H,u) at
point (x;,H;,u;), and similarly, A(x;,H;) represents the function
value of /(x,H) at point (x;,H;,u;). These values are zero when
the gas turbine is operating at steady state and non-zero during
transition. Equation (6) can be rewritten as Eq. (7):

IR 31 PR b C ] I

y=[E; Fj {;} +e
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where

d; = f(x;,H;,u;)~Lix—M;H;—Nu;
e = h(x,-, H,-)*E,-fo,-Hi

Therefore, the Jacobian matrix is

A= ﬁ) ]‘g'],cz IE; F)

The Jacobian matrixes are dynamic matrixes that change
with the condition of the gas turbine, and it is determined by
the parameters of the gas turbine nonlinear model; therefore, if
the analytical expression of the Jacobian matrix is determined,
the Jacobian matrix can be quickly determined based on the
nonlinear model current parameters. In addition, the lineariza-
tion process indicates that either under the equilibrium or non-
equilibrium point, the analytical expressions of Jacobian ma-
trix are the same; therefore, the analytical expression of the
Jacobian matrix can be directly derived under equilibrium
point, and then, the Jacobian matrix is obtained under non-
equilibrium point.

4.2 Jacobian Matrix

The problem of determining the Jacobian matrixes through the
analytical linearization approach is that this approach can only
be performed for expressions; however, the component map in
the model is usually expressed by a look-up table; therefore,
the analytical linearization approach cannot be directly per-
formed. In this study, the central difference approach is used
to realize the analytical linearization of the component map by
converting the differential to the difference. Since the compo-
nent performance deterioration can be considered to be caused
by a change in the component map, the component map can
be considered to be a function of the health parameter, as
shown in Eq. (8).

m :fm(Na'n’Hm)
Uy ®

Using the central difference approach, Eq. (8) is linearized,
as shown in Eq. (9).

AmAct = DmA”m (9)

Ao = DyAuy
where D,, and D, denote the linearization matrix, and u,, = [N
7 H,)", w,=[m N H,]".

For the other sub-modules shown in Fig. 2, they can be
directly linearized. For the component linearization model,
the derivation can be made by symbolic calculation through

the relationship among the sub-modules that form the compo-
nent model. The nonlinear equation shown in Eq. (1) can be
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Table 3  Unscented Kalman filtering algorithm

Initialization
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linearized, and the intermediate variable of Eq. (1) can be
eliminated according to the relationship among the compo-
nents, as shown in Fig. 2. The compressor rotor dynamics
can be linearized by the compressor linearization model and
the compressor turbine linearization model, and the power
turbine rotor dynamics can be linearized by the power turbine
linearization model. The combustion volume dynamic can be
linearized by the compressor linearization model. The volume

Compressor

:l
i 1_Combuson ¥ — =
{ N IR
[Va,] | M~
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v\\ P} H N: i 6’:\1
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Volume module

P, pu'” \
T Gyroreoy)
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Fig. 2 Modules and the information flow of the gas turbine nonlinear
mathematical model

module behind the compressor turbine can be linearized by
the compressor turbine and the power turbine linearization
models, and the volume module after power turbine is linear-
ized by the power turbine linearization model. The outlet pres-
sure of the compressor is obtained by the total pressure recov-
ery coefficient and the outlet pressure of the combustion
chamber, and the total pressure recovery coefficient is as-
sumed to be constant.

The analytical linearization equation for Eq. (1) at any
point is shown in Eq. (10)

T3 = ApTs + Baup + T3;—ApT3—Bug;

Py = Ap3P3 + Bysuys + Py=Ap3 P3i—Bpsutps;

Py = Bpattps + Pai=Bpautpsi (10)
RS = ApsPs + Bpsups + P5i._Ap5P5i_Bp5up5i

Ni = AnAn; + By Auy + Ni—An Anii—Bu Ay

Np = AnpAny + B Autyy + Npi—Anp Antpi—Bup At

where u contains state variables, health parameters, and
control variables. By rewriting Eq. (10) as a state space
model, the variables are divided into two sets: one set of
state variables and health parameters and another set of
control variable. In this paper, there are six state variables
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and a total of six health parameters, and the control var-
iable is fuel flow.

Similarly, according to Fig. 2, the linearization equa-
tion of the measurement parameters can be derived from
the analytical linearization approach. Thus, the analytical
expression as shown in Eq. (7) can be obtained. The an-
alytical linearization process indicates that the analytical
expression of the Jacobian matrix does not change with
the operating conditions, but the Jacobian matrix will vary
with the operating conditions since it is a function of the
gas turbine model parameters.

5 Results and Discussion

In practice, gas turbine failure can be divided into two
categories. One is the gradual faults, such as fouling,
erosion, and corrosion, which degrade the gas turbine
performance, and in this case, the health parameters
gradually change over time. Another category is the
abrupt faults, such as blade fracture and foreign objects
damage; in this case, the health parameters change
abruptly. The variation value of the health parameters
caused by the two failure categories may be large or
small. In this study, to simulate these two categories,
the gradual and abrupt variations of the different health
parameters were considered and with different ampli-
tudes. In addition, steady state and transient state gas
turbine operating conditions were considered, while the
health parameters were continuously varied. To approxi-
mate practical situations, estimating health parameters
under transient condition is more important.

In this section, the STEKF is applied for the gas tur-
bine health parameter estimation and compared with the
standard EKF and UKF considering three cases: (1) esti-
mation error and computation cost analysis of the health
parameters estimation approaches, (2) health parameter
estimation under mutation condition, and (3) the effect
of measurement noise on health parameter estimation.

In addition, p and [, two import parameters in the
STEKEF, need to be determined. Here, p (0<p<1) is the
forgetting factor and is usually selected as 0.95. The [
(8=1) is the softening factor, which is used to soften
the regulating strength of the )\, and make the estimation
smoother, and it can be selected empirically (Pu et al.
2013). In this study, p=0.95 and 3=10 were selected
for all the case studies.

5.1 Estimation Error and Computation Cost Analysis
In this section, the estimation error and computation cost anal-

ysis of the three nonlinear health parameter estimation ap-
proaches is described. The three Kalman filter approaches
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were applied to estimate the health parameters under 0.5%,
1%, 3%, and 5% decrease, and the gas turbine was in steady
state at the design point. Table 4 shows the estimation results
of the three estimation approaches for the compressor mass
flow health parameters (H,,.) at four decreased amplitudes.
The H,,,c gradually decreased beginning at =20 s and reached
the given amplitude at =30 s. The average of the estimated
values from =40 s to =150 s was taken as the final estima-
tion value. It can be seen that the three estimation approaches
could accurately estimate the change of health parameters and
the estimation error was small.

Figure 3 shows the estimation errors and variances of the
three nonlinear filtering approaches, and the estimation error
was calculated by (|Haet — Hest/ Hact) % 100%. These figures
show that the estimation errors of the three approaches de-
creased with the increase of the changing amplitude of the
health parameters. The error and variance of the STEKF were
similar to that of the EKF, while the UKF had the minimum
estimation error and variance. This indicates that the estima-
tion accuracies of the STEKF and EKF are similar but are less
than the UFK estimation accuracy.

Figure 4 shows the health parameter estimation results for a
3% decrease in the compressor mass flow health parameter
(Hpme) of the gas turbine, corresponding to the third column in
Table 4. It can be seen that the health parameters estimation
errors of the STEKF and the EKF were larger than that of the
UKEF; this is mainly because the UKF directly uses a gas
turbine nonlinear model, which makes the UKF estimate ac-
curate up to the third order (Simon, 2008), while the STEKF
and the EKF need to be locally linearized, which makes them
accurate up to the first order.

In addition, for the EKF, the estimated compressor turbine
efficiency health parameter (H,,.;) increased as the compressor
mass flow health parameter (H,,.) decreased by 3%, but in
fact, the M, did not change. The possible reason for this
result is that these health parameters may play a role in reduc-
ing the model error. To reduce the error between the model
output and the actual measured value, the model error is com-
pensated by adjusting the value of the health parameter, which
leads to a change in the estimated value of these unchanged
health parameters (Simon and Garg 2010). However, although
the STEKF was also affected by the model uncertainty, its
result was not like that of the EKF. This indicates that the
STEKF is robust to model uncertainty; therefore, it can sup-
press the influence of model uncertainty on estimation results.

The computation costs of the three estimation approaches
were also analyzed. All the case studies were modeled in the
simulation platform using a 3.7 GHz PC with 8 GB RAM. For
the case corresponding to Fig. 6, which had a simulation time
of 60 s, three estimation approaches were used to estimate the
health parameters, and the process was repeated ten times. The
average computation costs for each approach is presented in
Table 5. It can be seen that the computation costs of the
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Table 4  Estimation results of three estimation approaches

Filter Estimation of H,,,. (%)

Actual -0.5 -1 -3 -5

STEKF -0.510 —1.001 —2.998 —4.994
+0.045 +0.042 +0.035 +0.032

EKF -0.499 -1.010 —3.003 —4.992
+0.042 +0.038 +0.033 +0.031

UKF —0.493 —1.002 —2.998 —4.998
+0.011 +0.007 +0.013 +0.026

STEKF and EKF were approximate, and although the UKF
had a high estimation accuracy, the corresponding computa-
tion cost was much greater than those of the STEKF and EKF.

5.2 Health Parameter Estimation Under Mutation
Condition

The standard EKF loses the ability to track the health param-
eters when the gas turbine operates in mutation condition,
resulting in an estimated delay (Zhou and Frank 1996).
Therefore, in this section, the abilities of these three estimation
approaches to track abruptly changing health parameters are
compared. Figure 5 shows the estimated results of the three
estimation approaches when the high-pressure turbine mass
flow health parameters (H,,,.;) decreases by 3% at =20 s. In
this case, the H,,; parameter abruptly decreases at t=20 s, and
the gas turbine is in steady state at the design point.

Figure 5 shows that the STEKF can quickly track the
change of the health parameters when they change abruptly.
When the health parameters changed, the estimated health
parameters also changed rapidly and reached 3% at =
20.15 s. Due to the insensitivity to the mutation condition,
the EKF estimation of the health parameters changed slowly,
reaching 3% at t=21.2 s. For the UKF, although the change of
the health parameters could be quickly tracked, reaching 3%
at t=20.85 s, the estimation result fluctuated and took a long
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Fig. 3 Average estimation error and variance of the three estimation
approaches for gradual decrease in H,.
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Fig. 4 Estimation results of the health parameter under gradual variation.

a Estimation results based on the STEKF. b Estimation results based on
the EKF. ¢ Estimation results based on the UKF

time to stabilize. Therefore, the STEKF has a stronger health
parameter mutation tracking ability than the standard EKF and
UKF.

Figure 6 a shows the schedule of the gas turbine fuel flow
wy during the whole transient process of 40 s. The high-
pressure turbine mass flow health parameter (H,,,.;) decreased
by 3% at =20 s, and the estimation results of the three esti-
mation approaches are shown in Fig. 6(b)—(d). It can be seen
that when the health parameter mutation occurred in a tran-
sient condition, the STEKF could track the change of health
parameters more quickly than the EKF and also had the stron-
gest robustness to model uncertainty. Moreover, the estima-
tion error of the high-pressure turbine efficiency health param-
eter (H,c) was much larger than those of other non-changing
health parameters in the EKF, while the estimation error of the
high-pressure turbine efficiency health parameter (/o) was
less for the STEKF. For the UKF, the mutation of the health

Table 5 Average computation costs of three estimation approaches
after ten simulations

Approach STEKF EKF UKF

Computation cost 9.27 9.25 89.82
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parameter in a transition condition made the estimation result
fluctuate and took a longer time to reach stability.

Figure 7 shows the estimation results of the three nonlinear
estimation approaches for the simultaneous mutation change
of multiple health parameters. In this case, the gas turbine was
in steady state at the design point, and the efficiency health
parameter (/7,,c) and the mass flow health parameter (H,,) of
the compressor decreased by 3% at ¢ =20 s. The figure shows
that the three nonlinear estimation approaches could accurate-
ly estimate the change of health parameters when multiple
health parameters changed abruptly. The STEKF could esti-
mate the change of health parameters most quickly; the esti-
mated health parameters H,,,c and H,. reached 3% at t=20.5 s
and 1=20.43 s, while for the EKF, the estimated parameters
reached 3% at t=22.8 s and 1=24.9 s. For the UKF, the
parameters reached 3% at t=31.55 s and #=26.35 s; the
UKF was most accurate, but its tracking ability was poor.

5.3 Effect of Measurement Noise on Health Parameter
Estimation

In principle, the noise distribution has a great effect on the
nonlinear Kalman filter estimation. In the conventional

1 r
= Op~—"> actual
X
:.»E -1 STEKF
3 o
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time(s)
(a) Estimation results based on the STEKF
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(b) Estimation results based on the EKF
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°\: -1 UKF
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3t \
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time(s)
(c) Estimation results based on the UKF

Fig.5 Estimation results of the H,,,.; health parameter when H,,,.; changes
abruptly. a Estimation results based on the STEKF. b Estimation results
based on the EKF. ¢ Estimation results based on the UKF
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Kalman filter-based estimation approaches, the measurement
noise is generally assumed as zero-mean Gaussian noise, but
in practice, the mean noise value is not necessarily zero. In this
section, the effects of the mean noise value on the performance
of the three nonlinear estimation approaches are analyzed.
The standard deviation of noise relative to steady-state
measurements are shown in Table 6 (Rahme and Meskin
2015). Figure 8 shows the average estimation error and
the corresponding variance of the three estimation ap-
proaches in the case of the H,,. decrease by 3% at t=
20 s when the gas turbine is in steady state at the design
point. It can be seen that the estimation error correspond-
ing to the EKF increased with the increase of the noise,
indicating that the EKF performance was significantly
affected by the mean noise value. However, the estima-
tion errors corresponding to the STEKF and UKF were
insensitive to the mean noise value, and the error of the
STEKF was slightly larger than those of the UKF,
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Fig. 6 Estimation results of the H, health parameter under transient
condition. (a) Schedule of the fuel flow. (b) Estimation results of the
STEKEF. (c¢) Estimation results of the EKF. (d) Estimation results of the
UKF
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Fig. 7 Estimation results of H,,. and H, . health parameters when H,;,.

and H,. change abruptly. (a) Estimation results of the STEKF. (b)
Estimation results of the EKF. (c¢) Estimation results of the UKF

indicating that the STEKF outperformed the EKF when
the mean noise was not zero. Figure 9 shows the estima-
tion results of the health parameter when the mean value
of the noise was 0.1. As seen, the STEKF and UKF
could still accurately estimate the fault amplitude, but
the STEKF had a stronger tracking ability than the
UKF. However, affected by the non-zero-mean value of
the noise, the EKF estimation of Hy,. and Hy,,e showed a
large error.

In addition, the effects of noise variance on the perfor-
mance of the three estimation approaches were also analyzed.
Figure 10 shows the average estimation error and variance of
the approaches when the variance of the noise increases. It can
be seen that the estimation errors for the STEKF and the EKF
increased with the increase of noise variance, and the estima-
tion accuracies of both were approximate. In addition,

Table 6 Standard deviation of noise relative to steady-state measure-
ments (%)
Measurement parameters N, N, T P,

Standard deviation (%) 0.051 0.051 0.23 0.164
Measurement parameters T4 P, Ts Ps
Standard deviation (%) 0.097 0.164 0.097 0.164

12
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Avcerage cstimation crror(%)
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Mean value of the measurement noise

Fig. 8 Average estimation error and variance of the three estimation
approaches when the mean noise value changes

although the estimation performance of the UKF was better
than those of the STEKF and EKF both in the situations of
increase in mean noise and noise variance, its computation
cost was much greater than those of the other two approaches,
as shown in Table 5.
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Fig. 9 Estimation results of the health parameter when the mean noise
value is 0.1. (a) Estimation results based on the STEKF. (b) Estimation
results based on the EKF. (¢) Estimation results based on the UKF
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Fig. 10 Average estimation error and variance of the three estimation
approaches when the noise variance increases

6 Conclusion

In this paper, to overcome the problem of poor tracking ability
under mutation condition and poor robustness to model un-
certainties, an improved Kalman filter-based algorithm called
the STEKF was proposed to estimate the gas turbine health
parameters, and the algorithm was compared with the com-
monly used EKF and UKF. Several case studies were consid-
ered for the modeling of a two-shaft marine gas turbine engine
in a simulation environment. The results show that the pro-
posed STEKF approach not only has a computation cost sim-
ilar to that of the EKF approach and much shorter than that of
the UKF, but is also robust to model uncertainties caused by
local linearization and outperforms the EKF approach when
the noise mean value increases. In addition, whether in steady
or transient state, single fault or multiple faults, the proposed
STEKF approach has a stronger ability to track the mutational
health parameters than the EKF and UKF approaches.
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