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A GPA diagnostic system for
aeroengine applications
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Abstract: In this research, a GPA ( Gas Path Analysis) diagnostic system enhanced with GPA Index is de

scribed for gas path sensor and component fault diagnosis. A method of measurement correction is used in order

that the measurement data obtained at umr standard ambient and operating conditions can be used for diagnostic

analysis. The developed diagnostic system has been implemented into a Cranfield U niversity gas turbine per

formance and diagnostic analysis software PYTHIA for gas turbine performance degradation analysis. The de-

veloped method and software have been applied to a model aero gas turbine engine to test the effectiveness of

the system. The analysis shows that the developed diagnostic system can diagnose degraded sensor and compo-

nents effectively using performance deviation measured at wrr standard ambient and operational conditions. T he-

oretically, the idea of the diagnostic approach can be applied to different gas'turbine engines.
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Nomenclature

CFC  component fault case

FCM fault coefficient matrix

GPA gas pathanalysis

H, H influence coefficient matrix

HOT higher order terms

ICM  influence coefficient matrix

K maximum-number of possible failed sensors

Ky number of assumed failed sensors in a SFC

L total number of sensor fault cases
number of measurable performance paramet ers

my fuel flow rate (kg/ s)

N shaft rotational speed relative to its design val
ue

Ny, number of engine component health parame
ters in a fault case

N, number of ambient and operating condition pa
rameters

P number of measurement samples

P total pressure ( atm)

RMS root mean square

S total number of component fault cases

S¢ total number of most likely fault cases

SFC sensor fault case; specific fuel consumption
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total"température
weighting factor
engine ( independent) component health pa

rameter vector

predicted engine ( independent) component
health parameter vector

ambient and engine operating condition param-
eter vector

engine measurable performance parameter vec

tor

flow capacity

threshold for sensor fault detection

GPA Index

GP A convergence threshold

difference between real and predicted fault sig

natures

component isentropic efficiency

ambient

burner ( burner 1)

fan (compressor 1)

HP compressor (compressor 2)
high pressure

low pressure
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m measured value

tl turbine 1

t2 turbine 2
deviation (%)

0 nominal operating point
LP compressor exit

5 HP compressor exit

11 LP turbine exit

# pseudo inverse

Introduction

Gas path diagnostics techniques have shown
great potential to improve the availability of gas
turbines and cut down the maintenance cost of
gas turbine engines. Li'" and Singh'? have pro-
vided comprehensive reviews on gas turbine gas
path diagnostic techniques. The most important
ones among these diagnostic techniques are gas
path analysis (GPA) and its derivatives'™®, tra
ditional optimization based norrlinear metlr

[810]

ods'” | artificial neural networks , genetic al

" and diag

ok

gorithmsI el , fuzzy expert system
nostics with transient measuremen

Gas path analysis (GPA) and its derivatives
are powerful diagnostic ‘approaches, but_have the
disadvantages suehas smearing effect always ap-
pearing in the diagnostic results, requiring the a
priori information of degraded component(s) and
measurement noise and bias/free sensors. These
problems have been discussed by many researclr
ers, such as Mathioudakis''”'. One of the GPA
methods to reduce the smearing effect was a
“concentrator” concept introduced by Provost' "
in his Kalman Filter diagnostic approach. The re
duction of the impact of measurement noise was
also discussed by previous researchers' " .

All the gas turbine diagnostic methods use
the information of the deviation of gas path
measurements to identify degraded engine com-
ponents and this information comes from serr
sors. Sensors are prone to degrade and fail during
hostile engine gas path environment. When this
happens the diagnostic results obtained by using
incorrect measurement information will be
wrong and misleading. Different gas path sensor

fault diagnostic approaches have been developed

in the past. Example of the engine performance

based sensor diagnostic methods are those using

Gas Path Analysis''**", Pattern M atching'**, ar

9,23
networks' " s

[24]

tificial neural genetic algo-

rithms'"!, Fuzzy Logid ", etc.

In this paper, an ambient and operating con-
dition correction method is used to correct the
measurement data to a standard ambient condi-
tion and a nominal operating condition. A GPA
Index combined with a GPA diagnostic method is
used to assess the accuracy of diagnostic predic
tion and is applied to sensor and engine compo-
nent fault diagnosis. An integrated gas turbine
diagnostic system including measurement corr ec
tion, sensor fault detection and engine compo-
nent fault diagnosis is introduced and tested with
the application ofthe system to a model aero gas
turbine ergine, implanted with a typical sensor
and component degradation. T'he system is dem-
onstrated with—the use of Cranfield gas turbine
performance and diagnostic software PYTHIA.

Analysis and conclusions are made accordingly.

1 GPA for gas turbine diagnostics

11 Gas path analysis (GPA) and GPA index

A linear and norr linear GPA approach de-
veloped at Cranfield'® is an effective gas turbine
diagnostic method used to assess gas turbine
faults. The idea of the method is as follows.

The thermodynamic relationship between
engine gas path measurable parameters and com-
ponent health and ambient and operating condi
tion parameters can be represented with Equa-
tion (1).

z= h(xy) (1)

where z ER" is measurable performance pa-
rameter vector and M the number of the per
formance parameters, x € R" is the component
health parameter vector and Nn the number of
component health parameters,y €R" is the am-
bient and operating condition parameter vector
and N.the number of these parameters, and is a
vector valued function. At a given operating
point which is denoted by subscript “0”, Eq. (1)

can be expanded in a T aylor series
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= Zo+

oh(x,y)
ax

‘O(x— Xo) +

%(%“L)"(y—yo)+ HOT (2)

where H OT are higher order terms of the
expansion and can be neglected. Therefore, a lirr
earized gas turbine performance model can be ex
pressed with Equation ( 3).
A= He* Ax+ H * Ay (3
When there is no deviation from standard
ambient condition and nominal operating condr
tion, Ay= 0. So Eq. (3) becomes
A= H* Ax (4)
Therefore, the degradation of components
expressed by the deviation of component health
parameters can be predicted by inverting the ir
fluence coefficient matrix (ICM), H to a fault co
efficient matrix (FCM), H ' leading to Equation
(5).
Ax= H'* Az (5)
The norrlinearity of the engine behaviour is
taken into account by wusing an iterative
process *' where the linear GPA is-applied-itera

tively until a converged solution is_obtained;Fig-

ure 1.

i Predicted Exact

Fig. 1 Nom Linear GPA!®!

To ensure that the ICM is invertible and the
solution is unique, it is required that the minr
mum number of the measurement parameters is
the number of health parameters involved and
the measurement parameters are urrcorrelated
( independent from each other). Redundant
measurement (Nn< M) is beneficial for accuracy
improvement but the Equation (4) is overdeter

mined. A n estimation of the solution, x= H* 7 of

Eq.(4) in a leastsquare sense can be obtained

with the pseudo inverse of ICM defined as

H" = (HH)'H' (6)
The convergence of the noimrlinear GPA shown
in Fig. 1 is declared when the predicted measura-
ble performance is very close to the real meas-
ured performance. T his criterion is shown in E-
quation (7) where the RM S of the difference be-
tween the predicted and real performance meas-

urement is smaller than 0 when convergence is

declared

where z: is predicted measurement, zm,i
measured data, z0.i nominal value at specified di-
agnostic condition, and Ois a very small number.

This diagnostic method is simple and fast in
predictionn although it has certain requirements
that are-difficult to meet such ‘as:

* theinfluence coefficient matrix (ICM) is
an accurate mathematical deseription of gas tur-
bine performance dround a specified operating
point

*measurement bias and noise free sensors

* umrcorrelated ( independent) measure
ments being sensitive to engine degradation.

Another disadvantage of the GPA is the de-
pendency on the a priori information of degraded
components - conflicting answers may be provid-
ed if different degraded components are assumed
due to lack of such information. Therefore, fur
ther interpretation of the prediction from the
GPA may be very important in order to avoid be-
ing misled by the GPA. This job can only be
done by experienced gas turbine diagnostics en-
gineers.

In order to solve such a problem, the con-
cept of a GPA Index which is the measure of the
gas turbine diagnostic accuracy is introduced and
is defined in Equation (8)

1
1+ € (%)

where Ais the GPA Index, and €a measure of the

difference between the measured deviation and

predicted deviation of engine gas path measure
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ments (fault signature) expressed with Equation

(9).
&_ AZm,i
Zz0,i Z0, i

£= Z:w (9)

wi are weighting factors taking into account
the relative importance of the measurements. In
this study, all of the measurements are assumed
to have equal importance so they all take the val
ue of 1.0.

The meaning of the GPA Index is shown in
Figure 2 and explained as follows. First, the
faulty engine components need to be assumed.
Then, at specified ambient and operating condr
tion, the GPA predicts the degradation of the as
sumed faulty engine components and such infor
mation is sent to the model engine to produce a
predicted fault signature. The comparison be
tween the real fault signature and the predicted
fault signature produces the different € and
therefore the GPA Index. If the assumed faulty
components are correct, the predicted fault sig
nature will be very close to the actual fault sig=
nature so Ewill be very small and therefore the
GPA Index will be“very close to-1. In other
words, a GPA" Index approaching 'l indicates_a
very accurate degradation prediction-while. a

GPA Index close to O'means'\a wrong prediction.

Degradation
Faullsignalure A

GPA index

Predicted

degradation
. Engine model Predicted fault
Amhw‘nl & signature Az
operaling

conditions

Fig 2 GPA Index Calculation

Theoretically, the GPA approach described
in Figure 3 should provide a good degradation
prediction when there is enough number of
measurements ( M >Nh). Unfortunately, the
smearing effect may be so strong that the de
graded engine components are difficult to recog
nize. T herefore, the concept of engine fault cases
introduced by Zedda and Singh!'" is used in this
study.

To apply the GPA Index effectively to gas

turbine component fault diagnosis, the maximum
number of simultaneously degraded engine com-
ponents and the component fault cases ( CFC)
that cover all the combination of potential de-
graded components should be assumed. For ex-
ample, com pressor degradation can be one fault
case and a combined compressor and turbine deg-
radation can be another. A diagnostic approach
to cover all preassumed engine fault cases is
shown in Fig. 3 where highest values of the GPA
Indices obtained among all fault cases would in-
dicate the most likely engine degradation cases.

——

=
K2

Degradation Fault

signa~ CFC2 (I. r’)‘?
) 4 I ™
(] p ul =
- Ao =
Ambient & - Dl »
operaling v { s
condition L_ : FA

Fig 3-—GPA Diagnostic system using GPA Index

It-is recommended to use redundant meas-
urements to predict engine degradation as the
prediction-accuracy can normally be improved.
By-using the concept of fault cases, the number
of component health parameters, Nu, in each
component fault case can easily become less than
the number of available measurement parame-
ters, M, and therefore the measurement redun-
dancy can be obtained in all fault cases.

In a situation where more than one CFC ca-
ses are likely, weighted engine degradation is
suggested and calculated as follows

xi= Y wi N DA (10)

= =
Where xiis a weighted health parameter, x; the

im health parameter predicted in CFC case j, X
the GPA Index in CFC casej and St the total
number of the most likely fault cases.

1.2 Sensor fault detection with GPA index

Gas path sensors may degrade or fail and
then produce significant bias during gas turbine
operations. Using correct measurement informa-
tion is crucial in obtaining correct fault signa-

ture, producing accurate engine diagnostic results
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and avoiding misleading messages to gas turbine
maintenance engineers.

Similar to the concept of engine component
fault cases, different sensor failure are classified
into sensor fault cases (SFC), each of which ex
cludes assumed failed sensor(s). Figure 4 shows
a sensor fault detection approach using the corr
cept of sensor fault cases. A ssuming that among
total M sensors, total number of K sensors may
fail. Due to the nature of GPA approach that the
GPA is not able to detect engine degradation
without correct fault signature, the GPA should
use urrfailed sensors for diagnosis. Therefore,
the number of sensor fault cases, i. e. the number
of sub sets of sensors excluding assumed failed
sensors is

M!
Kie (M- Ki)’

where K¢ is the number of sensors exchr

Ki <K (11)

ded. In other words, each of the sensor fault ca
ses refers to a sub sensor set excluding K+ serr
sors and there are L sensor fault cases in total
By selecting one of the engine component fault
cases, all of the sensor\ fault cases-are searched
by the GPA to produce a‘total number of L diag
nostic results ‘with L GPA\ Indices. If the failed
sensors are excluded in the sensor fault case, the
GPA approach will predict correct “engine degra
dation and the GPA-Index"will be very close to
1. Otherwise, the predicted fault signature will
be wrong and the GPA Index will be closer to 0.
By comparing the values of the GPA Indices &
mong all sensor fault cases, the sensor fault cases
that have the largest GPA Indices would indicate
the most likely sensor fault cases where failed
sensors are excluded.

The application of such a sensor fault detec
tion approach is based on the condition that there
are redundant sensors. In other words, the num-
ber of sensors in any of the sensor fault cases
must be no less than the number of engine com-
ponent health parameters in the selected engine
component fault case and such condition is ex
pressed in Equation (12) .

M- Ki 2Ny (12)

where N is the number of engine health pa-
rameters In an engine component fault case
(CFQC).

Sensor bias may have different quantities. If
sensor bias is too large, the GPA searching
process in Fig. 4 may diverge and no result will
be provided. To avoid such a situation to hap-
pen, a threshold is introduced where all the
measurement deviations are compared with the
threshold and the deviations larger than the
threshold indicate failed sensors. T herefore, com-
plete sensor fault detection approach will go
through the following two steps:

If measurement deviations are larger than
the threshold B the corresponding sensors are
declared faulty and are-excluded from the diag-
nostic process.

If measurement deviations are/smaller than
or-equal-to the threshold, the sensor fault detec
tion system, Figure 4,\is applied to check sensor
health before the measurements are used for en-

gine component diagnosis.

Fault siqnature
A
> SFC1 >
Degradation E
> A
SFC2 > N
Engi . |
ngine G
[ v bt ; =
j SN E
= () [
Amhwtm& ] E -
Tal
chndiion . .
-
> SFCIL >

Fig 4 Sensor fault detection with GPA index

1.3 Measurement correction

Gas turbine gas path measurements are
rarely done at a specified condition, such as at
standard ISO ambient condition and at nominal
engine operating condition, that is used as the
nominal operating condition for diagnostics. The
diagnostic analysis can be carried out at different
ambient and operating conditions where meas-
urement data are available. However, to make
use of multiple measurement samples that might
be taken at different ambient and operating con-

ditions, it will be more convenient to correct all
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measurement samples to a specified nominal am-
bient and operating condition. The idea of such a
model-based measurement correction is illustre
ted in Figure 5.

Assume that condition a is the nominal op
erating condition where the diagnosis is carried
out. Such a condition is normally taken as sea
level standard ambient condition together with
the engine providing nominal power output. Corr
dition b is a condition slightly different from corr
dition @ where degraded engine performance is
measured. For diagnostic purpose, measurements
at bshould be corrected to those at condition a in
order to obtain performance deviation due to
degradation and get correct fault signature. As
sume that the performance deviation is Azi. at
condition @ and Azis at condition b. The meas
urement correction against ambient and operat
ing conditions from b to a is Azias for clean err
gine and Az 411 for degraded engine. In Fig. 5 it
can be seen that

Azia + AziAIBl = Azib+ AziAB (13)

Az : .
(Jear\] engine A L

1 z
: o b
3 m‘ B /:—: . D
{L - z
z ” . “iATR
] s’ Degraded engine 7

Bi

b a Y,
Fig 5 M easurement corrections against ambient

and operating condit ions

Therefore, the performance deviation at corr
dition a can be calculated as
Aziia = Aziv+ (Dziap— Aziam) (14)
w here
Aziap = ziB— ZiA (15)
Azi 4Bl = ZziB1— ZiaAl (16)
The clean engine performance may not vary
parallel to the degraded engine performance from
condition b to a but such difference is not taken
into account in this study. So
AzidB = Agzi AlBI (17)

and therefore

Aziia = leis (18)

Due to the fact that point A represents a-
vailable baseline performance, point Bl repre-
sents available degraded performance and line
AB can be easily obtained by using engine test
data or engine performance model, the fault sig-
nature at condition a can be obtained with Equa-
tion ( 19)

Aziia = Mim+ Azias (19)

Due to the non-linearity of engine thermo-
dynamic bahaviour, it is very likely that Az:as
may be noticeably different to Aziam when sig-
nificant engine degradation happens, which is not
taken into account in this study. More detailed
discussion of this topic was given by Li and
Singh'™.

To reduce the impaet of measurement noise
on gas path diagnostics, a rolling ayerage, Equa-
tion (20)5is applied to the corrected multiple
samples and an_averaged measurement is ob-
tained and used for further diagnostic analysis.

P
A= %L_;zi (20)
where~P is the number of measurement

samples.
1.4 Integrated GPA diagnostic system

Taking into account the influence of ambi-
ent and operating conditions, sensor failure and
engine component degradation, an integrated
GPA diagnostic system is proposed. In such a
system, the diagnostic process experiences three
steps and they are illustrated in Figures 6.

* Measurement correction - the engine gas
path measurement samples taken at different
ambient and operating conditions are first correc
ted to the standard ISO ambient condition and a
nominal operating conditions with clean engine
(without degradation) model using the informa-
tion of Ay to obtain the corrected measurement
deviations ( Az — Az ). An averaged deviation
(fault signature) is obtained by using Eq. (20)
to reduce the impact of measurement noise.

* Sensor fault detection with GPA - T he ob-
tained measurement deviation (fault signature)

is input into a sensor fault detection system
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Fig 6 Integrated GPA diagnostic system

where faulty sensors are detected and excluded.

* Engine component fault diagnosis - the
fault signature excluding the measurements from
failed sensors is passed to an engine compomnent
GPA diagnostic system to find out, themost like
ly degraded engine componénts. A threshold of
GPA Index is specified 10 assess if a CFC case is
likely (the value of the threshold used in this re
search is O 85). If more than one CFCs are de
tected, weighted engine degradation will be ob
tained with Eq. (10).

The outputs of the diagnostic system are de
tected faulty sensors and isolated faulty engine
components together with an estimation of the
component degradation Ax.

Such an integrated GPA diagnostic system
(Fig. 6) has been implemented into Cranfield gas
turbine performance analysis software P YTH IA
developed from T URBOMAT CH"™ | the validity

of which has been tested over many years.

2 Application and analysis

A representative twoshaft model aero tur

bofan gas turbine engine similar to EJ200 is cho-
sen for the analysis. It has a fan (compressor 1),
a HP compressor ( compressor 2), a burner
(burner 1) and two turbines ( turbine 1 and tur-
bine 2). When the engine works at different am-
bient operating conditions and at degraded condi-
tions, the HP shaft speed is used as control pa-
rameter and kept constant. The configuration of
the model engine is illustrated in Figure 7 and
the basic performance parameters of the model

engine are as follows:

total exhaust flow rate 76 kgl s
total pressure ratio 26

turbine entry temperature 1760 K
thrust 60 kN
specific fuel consumption 22'mg/N * s

Fig 7 M odel gas turbine configuration

To test the diagnostic system, it is assumed
that the HP compressor of the model engine is
degraded and a degradation of 3% reduction in
flow capacity and 1% reduction in isentropic ef-
ficiency is implanted into the HP compressor. It
is also assumed that the two compressors, the
burner and the two turbines of the engine are po-
tential degraded components and the maximum
number of simultaneously degraded components
can be up to two.

The selected instrumentation set for diag-
nostic purpose of the model engine is listed in
Table 1 and the maximum number of potential
failed sensors is 1.

The simulated measurements for the clean
and degraded engine are provided by PYTHIA
where two different ambient and operating con-
ditions are given in T able 2. Due to the fact that
measurement noise is inevitable and is the major

norrrepeatable uncertainty that can not be easily
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corrected and has anegative impact on diagnostic
results they are included in the analysis.

Table 1 Engine gas path instrumentation set

Parameters

No.  Symbols

T/ K Ambient temperature
P amb/ atm

Nup /%

Ambient pressure
HP shaft rotational speed
T5/K Fan discharge total temperature
Fan discharge total pressure
Ts/K HP Compressor exit total temperature
ps/atm HP Compressor exit total pressure

Tyw/K

p u/ atm

1

2

3

4

5 p3/atm
6

7

8 LP turbine exit total temperature
9 LP turbine exit total pressure

Fuel flow rate

10 m/(kg/s)

11 N p/ % LP shaft rotational speed

Table 2 Two measurement conditions

Condition a Condition b

(Standard ISO

(Urr standard

ambient ambient condit ion
Parameters
condition with with lower HP
nominal HP shaft speed)
shaft speed)
T anp/ K 288.15 298.738
P amb/ atm 1.0 0.997
N el % 100 98

To simulate the noisy measurenrents from
the model gas turbine énginé, the performance of
the model enginé is first simulated and then the
simulated measurable performance parameters
are superimposed on by measurement noise. It is
assumed that the measurement noise has Gausst
an distribution and that the noise levels for the
measurable parameters fall within the ranges
provided by Dyson and Doel”” . The detailed apr
plication of the proposed diagnostic system to

the model engine is shown as follows.
2.1 Correction of measurement data

The correction of gas path measurements a
gainst ambient and operating conditions is done
without the consideration of engine degradation
(Ax= 0),Fig. 5 and 6.

To show the effectiveness of the measure

ment correction and the correction errors of the

fault signature, simulated measurement samples
at Condition b (T able 2) for the engine implan-
ted with the HP compressor degradation without
noise and bias are used and three measurement
deviations are compared in Figure 8. The first
one marked as ‘ Real’ is obtained at standard
ambient condition with nominal HP shaft speed
regarded as true fault signature, the second one
marked as ¢ Corrected’ is obtained by correcting
the data from Condition a to Condition b (T able
2), and the third one marked as * No correction’
is the measurement deviation without measure-
ment correction. It can be seen that the fault sig-
nature with measurement correction (marked as
‘ Corrected’) is very similar to the ¢ Real’ fault
signature but slightly different 1n magnitude
while the measurement deviation without meas-
urement-correction\ (marked as’* No/correction’)
is-completely different. It \can-be seen that the
measurem ent—correction is\ very effective al

though minor correction errors exist.

TETETEER

18

= Real
® (Corrected

e No correction -

Fig 8 Comparison of measurement deviations

The simulated measurement samples with
measurement noise for the clean engine working
at Condition ¢ and the measurement samples
with measurement noise and bias for the degrad-
ed engine at Condition b are pre processed with
the measurement correction method (Fig.5) and
data averaging using Eq. (20) (P = 10) before
they are passed to the sensor fault detection sys-

tem shown in Fig. 6.
2.2 Sensor fault detection with GPA index

It is assumed that one of the sensors ps is
degraded and therefore has a significant level of

bias (- 5% ) in the measurements when the en-
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gine is degraded at Condition b.

To detect a potential failed sensor, 8 sensor
fault cases (SFC) are pre assumed and shown in
Table 3. To test the effectiveness of the sensor
fault detection system described in Fig. 6, one of
the component fault cases is selected and 8 serr
sor fault cases are searched with the GPA. To
see the difference of the results when different
component fault cases are selected, all of the five
single component fault cases (first two compo-
nent fault cases in T able 4) are selected in the a
nalysis. A comparison of GPA Indices obtained is
shown in Figure 9. For example, the first group
of five GPA Indices corresponding to SFC1 is the
results of the first sensor fault case searched

with the five component fault cases.

Table 3 Sensor fault cases

Sensor Fault Cases Pre assumed faulty sensor

SFC1 T
SFC2 pP3
SFC3 Ts
SFC4 Ps
SFC5 Ty
SFC6 P
SFC7 mg
SFC8 Np
0.9
0.8
0
. 06
jzni
= 04
v 03
0.2
0.1
ou
SFCI1 SFC2 SFC3 SFCA4 SFCS5 SFC6 SFC7 SFC8
QCFCl e CFC2 aCFC3 o CKFC4 u CFCS

Fig 9 Sensor fault detection with GPA Index

It can be seen in Fig. 9 that although the se
lected component fault cases are different the
GPA Indices in SFC4 always show relatively lar
ger values compared to the values in other sensor
fault cases. Among the five GPA Indices in
SKFC4, one of them has significant higher value
than others. This is due to the reason that the
correct component fault case ( CFC2) and the

correct sensor fault case (SFC4) are selected in

the sensor fault detection process. T herefore, the
results strongly indicate that the sensor ps is
very likely to have problem. It also shows that
whichever the engine component fault cases is
chosen for the sensor fault detection the indica-
tion of the result is the same. However, the re-
sults from the selection of some fault cases such
as CFC2 is more obvious than the results from
other fault cases such as CFC3. In addition, the
detection of the failed sensor is not affected sig-
nificantly by the measurement correction errors

existing in the fault signature.

Table4 Engine component fault cases

Component fault case  Pre defined faulty components

CFC1 compressor 1
CFC2 compressor 2
CFC3 burner

CFC4 turbine 1

CFCs turbine 2

CFCo6 compressor 1+ compressor 2
CEC7 com pressor 1+ burner
CFC8 compressor 1+ turbine 1
CFC9 eompressor 1+ turbine 2
CFC10 com pressor 2+ burner
CFCLl1 compressor 2+ turbine 1
CFC12 compressor 2+ turbine 2
CFC13 burner+ turbine 1
CFC14 burner+ turbine 2
CFC15 turbine 1+ turbine 2

2.3 Engine component fault diagnosis

Based on the above results and analysis, the
measurement from sensor ps should be excluded
and the rest of the measurements are used for
further component diagnosis.

Based on the assumption that the maximum
number of simultaneously degraded engine com-
ponents can be up to two, all the component fault
cases ( CFC) are listed in Table 4. Using the
GPA diagnostic system described in Figure 6, all
the possible fault cases are searched with the
GPA and the GPA Indices obtained from the di-
agnostic analysis are shown in Figure 10. It can
be seen that fault cases CFC2, CFC6, CFC10 and
CFC12 have the GPA Indices larger than the
specified threshold 0. 85 indicating that they are

the most likely fault cases while the Indices for
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other cases are relatively lower.

1.00

0.95

0.90

0.85

0.80

GPA Index

0.75
0.70

0.65
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N

CFC3

CFc4

CFC5
CFC6

CFC8

r

CFCl

Fig 10 Comparison of GPA Indices for all fault cases

The predicted component degradations of
the four most likely fault cases are compared and
shown in Figure 11. It shows that although the
trend of the prediction is similar but the solur
tions are slightly different. To take the advarr
tage of all the solutions from these four cases, a
weighted solution of the predicted engine degra
dation with the GPA Indices, Eq. (10), is ob
tained and shown in Figure 12, which shows that
the compressor has the largest degradation while
the degradation of other components-are so little
that they can be neglected. T herefore, it can-be
concluded that only compressor is the most-like

ly degraded component.

1.0

ll: n n

-0.5 [
1.0
. . 0 Implanted
& -1 CIN )
2.0 o CFC6
-3 D CFCI0.
e CHCI2
-3.0 i}
3.5
4.0 a b ( d ¢ / & h ]
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Fig 11 Predicted engine degradation ( Implemented

fault: Compressor 2 Allo= — 1.0, ATp= - 3.0)

Once the degraded component is isolated,
the GPA is now applied only to the HP com pres
sor (CFC2) to quantify the degradation and the
result is shown in Fig. 12. By comparing the pre
dicted component degradation (CFC2) with the
implanted compressor degradation ( Fig. 12), it

can be seen that the prediction error for com-
pressor efficiency drop is about 0. 33% and the
prediction error for compressor flow capacity
drop is about 0. 14%. Such errors may be due to
the impact of measurement correction errors and

the remaining measurement noise after noise re-

duction.
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Fig 12~ Comparison between implanted fault and

w eighted-engine'degradation prediction

3 Conclusions

In this study, a gas turbine gas path diag-
nostic system is introduced, which includes three
steps in the diagnostic process. The first step is
the data processing where measurement data are
corrected to those at a specified ambient and
nominal diagnostic operating condition together
with data averaging to reduce the impact of
measurement noise, the second step is sensor
fault detection and the third step is the engine
component degradation analysis. A GPA Index is
introduced in the GPA diagnostic system and is
effectively used in the detection of gas path sen-
sor failure and the diagnosis of gas turbine com-
ponent degradation. The diagnostic system im-
plemented into Cranfield gas turbine perform-
ance and diagnostics software, Pythia, has been
applied to a model aero gas turbine engine im-
planted with a biased sensor and a degraded com-
ponent. The application and the analysis show
that the diagnostic system has a great potential
to accurately detect gas turbine component deg-

radation with the presence of a biased sensor and
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the introduction of the GPA Index offers emr
hanced confidence in accurate gas path diagnostic

analysis.
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