Deutscher Luft- und Raumfahrtkongress 2009
DocumentID: 121373

An enhanced fusion approach for fault allocation based on a limited
number of measurements

D. Nagy, S. Staudacher’
K.-J. Schmidt®
'Institut fur Luftfahrtantriebe, Pfaffenwaldring 6, 70569 Stuttgart
®MTU Aero Engine GmbH, Dachauer Str. 665, 80995 Miinchen

Abstract

Gas turbine maintenance is heading towards full condition based monitoring since the pressure on life cycle cost is ever
increasing. Nevertheless, in currently operating machines a minimum number of measurements is used because of the
associated costs and issues of reliability which are linked to any sensor. Therefore, it is an ongoing quest to define me-
thods which are supporting the engineers in their difficult task of finding possible faulty modules or engine parts during
service.

This paper suggests an improvement for the allocation of component faults for a highly under determined system in
regard of the number of health parameters of a gas turbine. The estimated component faults are derived from the eva-
luation of a pattern recognition system in combination with a simple linear gas path analysis technique (Least Squares
Algorithm) for a quasi determined system, using a linearized gas turbine model in terms of an Influence-Coefficient-
Matrix (ICM). Due to the evaluations of all combinations of a quasi determined system, equal number of component
performance parameters as independent measurements, a statistical evaluation of the fault identification is used. A
classification procedure, depending on the available measurement, is applied to assign the estimated component fault
identification into a group of secure observable component performance parameter. Furthermore, robustness in sense
of wrong fault allocation due to unobservable component performance is achieved by using such a allocation procedure.
The proposed technique has been applied to several simulated test cases with satisfactory results. The benefit of the
presented method is that insecure fault identifications can be intercepted. The limitation of the presented method is also
discussed.

NOMENCLATURE G, Standgrd deviation i .
w, Capacity of turbo component i
ACRONYMS (;1;15 Euclidian distance
Number of measurements

Comp Turbo Component n Number of health parameters

DI Diagnostic Index r Correlation coefficiant

DOD Domestic Object Damage wv Weighting value

EPR Engine Pressure Ratio k Number of combinations

FCI Fault Classification Index A{ Health parameter vector

Fi Fault Indicator A)fi Sample mean i

FOD Foreign Object Damage Ay Measurement residual vector

HPC High Pressure Compressor A Relative deviation

HPT High Pressure Turbine z Singular value matrix

ICM Influence-Coefficient-Matrix A8 Effective exhaust duct area in m2

IP Identification Probability G Inverse part of the pseudoinverse

LPC Low Pressure Compressor M Measurement set

LPT Low Pressure Turbine N1 Low pressure spool speed in rpm

MDI Modified Diagnostic Index N2 High pressure spool speed in rpm

PFI Pattern Fault Indicator uv Unitary matrices

PI Pattern Indicator WF Fuel Flow

RF Realtive Frequency Pi, pi Total, static pressure

SVD Singular Value Decomposition Ti, ti Total, static temperature
PARAMETERS SUBSCRIPTS

n; Efficiency of turbo component i max Maximum
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mean Mean value

pat Pattern

red Reduced rank estimator matrix
ref At reference condition

T Transposed of a matrix

-1 Inverse of a matrix

1. INTRODUCTION

In order to optimize maintenance costs of gas turbines in
service by optimizing the time between overhauls, modern
monitoring systems will find a remedy. Due to the fact that
gas turbines degrade over life time, monitoring systems
must be capable to either identify the faulty components
(Detection) or, even better to assign the changes to indi-
vidual components (Diagnosis) of the gas turbine. These
changes in the gas turbine can be caused by either dete-
rioration mechanisms or by single fault events. The health
of a gas turbine is represented by the deviation of the
health parameters as efficiencies or mass flows from their
nominal value. A schematic architecture of such a moni-
toring system is presented in [1] and [2].

Gas turbine in-service
measurements (speeds,
pressures, temperatures)

]
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FIGURE 1. Schematic monitoring process [1]

The quality of such a monitoring process depends primar-
ily on the available measurements and particularly on the
quantity of available measurements. Nowadays, the in
service instrumentations are oriented to prevent the gas
turbine against major damages. For diagnostic purposes,
the in service instrumentations are limited. General impor-
tance of the chosen measurement set is introduced in [3].
Hereafter the meaning of observability is mentioned to
guarantee a proper health condition estimation of a gas
turbine. Several authors, [4], [5] and [6], introduce
mathematical decision methods which rank the quality of
the instrumentation according to diagnostic purposes. The
major outcome of these analyses is that the quality of
either identification or diagnosis depends on the degree of
the underdetermination of the systems. Several estimator
approaches are introduced to overcome the problem of
light and moderate underdetermined systems. To be men-
tioned should be also model-based or knowledge-based
(rule-based) approaches. On the one hand, in order to
achieve reasonable estimations, simple linearised model
based least square estimators with a priori information [6]
or more complex non-linear model based probabilistic
examinations [7-9] are used. A different way of model-
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based diagnostic estimators is Kalman Filter approaches
[10,11]. Non-linear optimization approaches with proper
constrains [12] are also auspicious. On the other hand
knowledge-based approaches as a fuzzy-logic based
estimators with a diagnosis probability value are intro-
duced for moderate underdetermined systems in [1]. An-
other field of fault detection and diagnosis approaches is
that pattern recognition [13] and of neural networks. Es-
pecially Probabilistic Neural Networks as proposed in [14-
16] are successfully applied. For a highly underdeter-
mined system, a quantitative prediction of the faulty health
parameter is getting worse. To find a remedy, it will help to
identify a fault in a particular partition of a gas turbine
without a quantitative prediction but with a reliable identifi-
cation. This paper introduces a fusion of two well known
methods to identify and allocate faults with highly under-
determined systems. The fault identification is concen-
trated to single fault events and can be attached to box
three in Fig. 1. The method can be interpreted as a back
up method for a monitoring process in case of several
measurements are no longer available for single fault
diagnostic purposes during gas turbine life time.

2. GAS TURBINE CONFIGURATION USED

The used gas turbine is characterized by a bypass and a
two spool system. The reason for this choice of a gas
turbine is that it represents an application for today’s avia-
tion as well as an application for an industrial gas turbine.
The gas turbine consists of an inlet, five turbo compo-
nents (FAN, LPC, HPC, HPT and LPT), a mixer and an
exhaust duct (DUCT). The configuration and the station
numbering can be seen in Fig. 2.

The station numbering of the thermodynamical planes is
according to international standard.

Fan HPC
LPC

HPT Mixer

Inlet Burner LPT | Exhaust Duct

I

FIGURE 2. Gas turbine nomenclature

The health status of each turbo component is stated by
the deviation of its performance parameters “capacity”
and “efficiency” from their nominal values. Except the
health status of the exhaust duct is stated by the deviation
of its effective area from its nominal value. Thus, a total
number of health parameters is n=11 in this particular
example (Fig 2). The deviations of performance parame-
ters from their nominal values are defined in percent as
follows:
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(1) AN, =M, =M, ) 100%

@ aw, = ((w, T /p, )1 (w, T 1)) ~1)-100%
®) AA =((Ag/ Ag ) —1)-100% .

2.1. Instrumentation

A typical in-service instrumentation of a gas turbine con-
sists of spool speeds, fuel flow and several pressures and
temperatures. For a general investigation in this paper a
pool of possible measurements is presented. The follow-
ing table contains the set of independent measurements,
as used in this paper, describing the operating point.

No. Description Symbol Unit

1 Engine Pressure EPR -
Ratio

2 Ambient temp. t0 K

3 Ambient pressure p0 kPa

TAB 1. List of independent measurements

The EPR is the rating parameter representing the power
setting. Ambient pressure and ambient temperature are
referred to the operating conditions. Available dependent
measurements for the investigation in this paper are pre-
sented in Table 2. For more realistic data, measurement
noise [9] is added to the simulated raw measurement
data. Not known standard deviations are assumed to be in
the same size as measurements in comparable thermo-
dynamic locations.

No. Description Symbol  Unit 30
1 Burner fuel flow WF kg/s  0.002
2 Low spool speed N1 RPM 6
3 High spool speed N2 RPM 12
4 Fan inner temp. T25 K 2
5 HPC exit temp. T3 K 2
6 LPT exit temp. T5 K 2
7 Fan outlet pressure P13 kPa 0.3
8 Fan inner pressure P25 kPa 0.4
9 HPC exit pressure P3 kPa 5

TAB 2. List of dependent measurements
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For further investigations, some combinations out of Table
2 are used as a representative set of a degraded “in-
service” instrumentation.

3. THE LINEAR MODEL APPROACH

As one of the simplest approaches for describing the gas
turbine, the linear gas path model approach is chosen. A
briefly introduction to the well known method is presented.
The simplest mathematical description of the relations
between the change in health parameters of the gas tur-
bine Ax and the change in measurable parameters Ay
is:

4) Ay=ICM-AX with Ax, =i lwf
X

ref

The ICM implies the physical relations between the two
vector sets in a predefined operating point. For a proper
estimation of the gas turbine health parameters out of the
known measurements, the inverse of the ICM must be
calculated.

(5) AX =ICM™ - Ay

For a determined system (equal number of known meas-
urements and unknown health parameters) a unique solu-
tion is available. For a real application, where the number
of available measurements is less than the unknown
health parameters, a modification of equation (5) is nec-
essary. In equation (6) the Moore-Penrose inverse of the
ICM for underdetermined systems is presented as a fre-
quently used estimator for diagnosis purposes.

(6) AX = (ICM" - ICM)™" - ICM" - Ay

4. ROBUST FAULT IDENTIFICATION USING A
MODIFIED DIAGNOSTIC INDEX (MDI)

Due to the fact, that the real problem is underdetermined,
equation (6) gives an estimation of the gas turbine health
parameters in a least square estimation sense. Observa-
bility problems as a consequence of lack of information
make a proper estimation of health parameters difficult for
highly underdetermined systems. Investigations show an
inability of such algorithms to achieve proper fault magni-
tude estimations. Furthermore, the actual fault can be
attributed to other health parameters. In a first step the
idea of the Diagnostic Index (DI) as proposed in [8] and
[9] is used.

|A§i| ) 1
(7) DI =— with AX; =—- > Ax

O, k 3
Where AX, is the mean value and o, the standard de-
viation for a health parameter AX;. In order to achieve a

ik
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reasonable estimation of the fault identification, a combi-
nation of determined systems (m=n) must be chosen as
many time as

n
(8) Number of combinations (k) =( J
m
Based on a gas turbine with n=11 health parameters, the

number of combinations are summarized in Table 3 ac-
cording to the number of available measurements m.

No. of measurements m 9 8 7

Number of combinations k 55 165 330

TAB 3. Number of combinations

The needed values for equation (7) are obtained in a
further step. A reduced order estimator in means of a
singular value decomposition can be used as in [17]. A
different application of the method is presented in this
paper. To increase the numerical robustness of equation
(6) the full rank matrix expression out of the Moore-
Penrose inverse

9) G = (ICM" - ICM)

is replaced by a reduced rank matrix G_, which is a result
of a singular value modification as follows:

(10) G=UzV",

where the smallest singular value in X is removed. The
new and robust estimator for a determined system is
hereafter:
(11) AX =G, - ICM" - Ay

The benefit is displayed in Fig. 3. Uncertainties, repre-
sented by the standard deviation ¢, caused by numerical
uncertainties of the estimation are minimized. The stan-
dard deviations of the health parameters are obtained by

the evaluation of the estimator for all combinations out of
equation (8).
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FIGURE 3. Improvement of the estimation with a MDI

Due to the modification of the estimator, the evaluation of
the diagnostic index has shown an encouraging result of
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the fault identification for highly underdetermined systems.
The highest amplitude of DI is assigned to one of the gas
turbine’s main components in which the affected health
parameter is assumed. The right identification of the fault
suffered health parameter is still limited by the lack of
observibility. Experiences show a satisfactory result by the
identification of the faulty health parameter into a right
turbo component of the gas turbine. Consequently, a fault
classification is to be split into major gas turbine partitions
represented by the turbo components itself. For all the
following identification approaches, the fault identification
is based on the turbo component level. As introduced by
[9], a turbo component diagnostic index for the DI ap-
proach can be formulated as:

Dlggm, = /DI +DP,

The improved success rate for the fault identification in
turbo components is shown in Table 4 and is summarized
for the compressor and turbine part. The investigation is
carried out with a simulated in-service instrumentation
with a moderate under determination of the system for
generic fault data. An improvement of about thirty percent
could be expected. The improvement itself is mainly de-
pendent on the available instrumentation.

(12)

Method Compressor  Turbine
Estimation without SVD 66% 73%
Estimation with SVD 96% 95%

TAB 4. Improvement of the success rate
5. GEOMETRICAL PATTERN RECOGNITION

As a second identification method of a faulty component,
an engine-model independent approach is chosen. Ac-
cording to [13], a pattern recognition approach based on a
geometrical comparison of measurement signatures is
implemented. A set of generated training patterns consist-
ing of measurement signatures derived by a non-linear
engine model are summarized in Appendix A which re-
flects possible faults in all combinations. These faults are
representative for foreign object or domestic object dam-
ages (FOD/DOD) which are characteristic single event
faults. The task for pattern recognition is to find the right
faulty component out of the training pattern of measure-
ments according to the actual measured measurement
signature. For that purpose the correlation (equation 13)
between the training measurement patterns and the
measured measurement signature is calculated and the
corresponding Euclidian norm (equation 14) is computed.
These two terms reflect the quantitative and the shape
similarity of the derived measurement signature Ay to the
pattern signatures Aypat .
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i (Ayl - Ay) (Aypat.i - Aypat)
r=——=

Ji (Ayi - Ay)z i (Aypat.i - Aypat)z

i=1 i=1

(13)

(14)

. 1 m - -
dis = \/F' > (8, - A7, f

The correlation r ranges between the values -1 to 1 and
has a value of 1 for a strong similarity between the meas-
ured and the training measurement. The Euclidian norm
has a value of 0, if the measured and a known measure-
ment pattern Ay . are similar.

In accordance to [13], all correlations and Euclidian norms
are calculated for the measured measurement and the
measurement patterns for all known fault cases. The
obtained values are concentrated into the Fault Classifica-
tion Index FCI as follows for each fault case i:

(15) FCl. = (disi2 +(1—ﬁ)2) .

A value of FCI near 0 indicates that the measured meas-
urement signature is geometrically similar or close to
similarity to a known fault measurement signature out of
the pool of training measurement patterns. In case of the
fact, that during operation of the engine one or more sen-
sors were out of function, some measurement signatures
can become similar to different fault cases as illustrated in
Fig. 4. The lost of a sensor is marked with a cross in the
measurement signature.

Measurement signature

® for fault case A
£ Similar Measurement
I Signature for fault
% 2t cases Aand B
Sensor E_

Measurement signature <
B3 for fault case B
£ W
> H H H H ﬁ Sensor

Sensor
FIGURE 4. Measurement signatures after sensor lost

In case of an underdetermined system (less number of
known measurements as unknown health parameters),
the degree of observibility is decreasing. A proper identifi-
cation of the fault, either A or B becomes difficult to differ
especially if measurement noise is present. To overcome
the problem of ambiguousness faults, ten percent of the
lowest FCI's are taken into account to identify the most
likely faulty component or component combination. In a
first step, a relative FCI is calculated for the best ten per-
cent of the estimations:

FCI

16 FCl,, = ,
( ) rel FCImax
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where FCI . is the highest Fault Classification Index out
of the ten percent of the best FCI. In a second step a
weighting function (equation 17) is used to weight the
turbo component involved in all fault cases corresponding

to the chosen best FClq.

wv, = —tanh((FCI
with 0 <FCI, <1

+0.22)2)+1

rel

(17)

A hyperbolic tangent is chosen as a weighting function
due to the fact that the lowest FCI_, must not correspond
to the right fault case due to poor observability. For that
reason a smooth weighting of the lower FCI  is chosen.

o1 Weighting Value

o

0 FClyg; FClg

FIGURE 5. Weighting function

As result, a pattern indicator Pl is calculated for each
turbo component out of the training patterns according to
equation (18).

b b
(18) Pl =Y wv,-FCI¥, - wv,-FCF?
j=1

rel,j rel.j
j=1

The index i for PI represents the faulty turbo component i.
Parameter b is the number of the ten percent best choices
of faults as discussed earlier. The first sum term in equa-
tion (18) represents the weighted sum of FCI correspond-
ing to fault case g, the second term is representing the
weighted sums of FCI not corresponding to fault case g.
The turbo component with the highest Pl is the most prob-
able fault case among all and is chosen as the best esti-
mation. An output vector called Pattern Fault Indicator
(PFI) is defined which relates a PI to the corresponding
turbo component.

(19) PFi=[PI,Pl,,....,PL]

6. IDENTIFICATION FUSION APPROACH

After examining the two presented identification ap-
proaches, two fault estimation vectors are obtained. If a
high under determination of the system in regard of the
health parameters is present, the obtained estimated
results must not be similar. In presence of measurement
noise, coupled with a not sufficient quantity of measured
snapshots for a proper averaging of the measured data
the fault estimation becomes difficult. To overcome this
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problem, an ldentification Probability (IP) for the faulty
components will be calculated.

A fuzzy logic approach with a fuzzy response surface is
chosen. Knowledge based weighting of each component
of the obtained fault estimation vectors out of the modified
diagnostic indexing and the geometrical pattern recogni-
tion for underdetermined systems is implemented.

modermte | " likely | " existhnt

E)
=3
X
I
S
2

ol

®
T
~
I

o
=
T
-
~
I

Degree of members hip

1)

. . . . . . . . .

0 o1 02 03 04 05 06 07 08 09 1

DIDI
ma

X

FIGURE 6. Representative membership function

The classification of the obtained estimations of faulty
components is presented in Fig. 6 in the membership
function. For both, identification approaches and for the
output, similar membership functions are used. Except of
the decision rules, summarized in Appendix B creates the
non symmetrical fuzzy response surface as illustrated in
Fig. 7 for the IP.

Identification probability

DI/Di
max

PI/PI
max

FIGURE 7. Fuzzy response surface for the Identification
Probability

Each turbo component obtains an IP between 0 (not exis-
tent in a fault) and 1 (existent in a fault) after examining
the fuzzy decision rules. Turbo components with an
IP>0.5 are regarded as involved in the fault. For further
investigation, a fault indicator vector is created with the
chosen turbo component put to 1 if estimated as faulty if
IPi>0.5. Else, the turbo component receives the value 0.

Fi =[Comp,,Comp,,....,Comp,]
(200 if 1P, >0.5then Comp, =1

Comp,i
else Comp, =0
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Dleomp —— Fuzzy , |?|
PFI — Fusion

FIGURE 8. Schematic fusion of the obtained faulty com-
ponent estimations

7. SIMPLIFICATION OF THE ENGINE INTO
OBSERVABLE PARTS

In regard of underdetermined systems, not observable
combinations of component faults represented by the
health parameters are present. These faults are attributed
to other, in real case not from the fault affected health
parameters. To avoid wrong fault allocations by the fault
identification through the previous described estimators,
either the number of instrumentation must be increased or
unobservable or poor observeable turbo components
must be jointed to an observable block. To achieve the
second aim a pattern search is realised between the train-
ing measurement patterns. A similar mathematical ap-
proach is taken as in equation (15) applied. Fault cases
out of the training measurement patterns are searched
which have a strong similarity in the measurement signa-
tures to each other.

A conservative interpretation is used for the choice of
jointing the turbo component to an observable block.
Correlation coefficients higher than r, > 0.8 are treated
as a high correlation between fault measurement signa-
tures and a Euclidean norm lower than dis, <0.45 is
treated as shape similar. As a result, an upper limit of
FCI, < 0.5 is obtained which indicates that a pair of fault
cases cannot be distinguished. Applied this approach
between all training measurement signatures, a symmet-
rical matrix A is obtained with all FCIs of the examined
pattern faults d.

(21) :
FCl,,

To obtain the turbo components for jointing into an ob-
servable block, matrix A is sorted by fault types as for
example FAN, LPC, HPC etc. faults and their combina-
tions. The indication of unobservabilty between the fault
types is derived by the relative frequency how often the
FCI value between two fault types is under the upper
threshold as defined earlier.

Number of FCI < 0.5
(22) I:“:Fault a,b = ( j
Fault a,b

Total Number of FCI

For RF ;140 20.5, the in the fault involved turbo compo-
nents are jointed. For some chosen instrumentation sets
(Appendix C), the obtained observable blocks are summa-
rized in Fig. 9.
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Blocks
M1 > [ FAN |[ LPC |[ HPC, HPT |[ LPT |[DUCT]|

M2 > [ FAN, LPC, LPT, DUCT || HPC || HPT |
M3 > [ FAN,HPC, HPT,LPT _|[ LPC |[DUCT]
M4 >  FAN, LPC, HPC, HPT, LPT, DUCT |

M5 - [FAN, DUCT|[ HPC, HPT |[ LPC || LPT |

FIGURE 9. Simplified observable gas turbine blocks de-
rived by the chosen instrumentation

8. APPLICATION OF THE INTRODUCED FAULT
IDENTIFICATION APPROACH

To investigate the robustness against wrong fault alloca-
tions of the fault identification and allocation approach as
described, a generic fault is simulated. The identification
of the fault is conducted with the presented instrumenta-
tion sets. The implemented fault is a combination of HPC
and HPT faults as follows:

AnHPC =-1.4%, AWHPT =-1.3%.

Following figures (Fig. 10 and Fig. 11) show the allocation
of the fault derived by the presented approach with the
instrumentation set M1. The fault identification derived by
the model independent pattern search indicates an obvi-
ous fault in the HPC part (PFl; =70%) and an unse-
cure fault in the HPT part (PFl,.; =55%). The model
based identification approach delivers for the same fault
an secure identification of the fault in the HPC part
(Dlpc =100%), but the second involved turbo compo-
nent is not identified as faulty (Dl =20% ). That mis-
identification is related with a poorer performance of the
model based estimator handling with highly underdeter-
mined systems in regard of health parameters and noisy
data. For other fault cases the pattern recognition estima-
tor can lead to a misidentification of a fault affected
through observibility problems. A secure indicator for a
faulty component is derived by the fusion of both estima-
tors as shown in Fig. 11. for the HPC component.

I Tre Fauit
- i
ol

PA and DI [%]
88588 d88

° 3
=
OF——

L m ]

HPC HPT

FIGURE 10.Fault identification investigated by the identi-
fication approaches (M1)
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FIGURE 11.Fault indicator derived out of the fusion of the
obtained identification estimations (M1)

The derived fault indicator is allocated into the secure
observable block out of the simplification approach previ-
ously described. The effected block is highlighted white in
Fig. 12. The information for maintenance personal is a
secure allocation of the faulty components.

Blocks
M1 > [FAN |[ LPC || HPC, HPT |[ LPT |[DUCT]

FIGURE 12.Faulty gas turbine block recommendation

The result has to understand as a secure recommenda-
tion of the faulty block. The allocation of the fault by other
instrumentation sets is summarized in Fig. 14. To point
out the necessity of the fusion approach with a fault allo-
cation is shown by the same fault executed with instru-

mentation set M4.
‘ ‘ ‘ -TmeFaut
[ — Il
[Hdata3z ||
Al %H || I

LPT  DUCT

8

PFl and DI in [%]
B 85883838

=
:

FAN

o

FIGURE 13.Fault identification investigated by the identi-
fication approaches (M4)
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FIGURE 14.Fault indicator derived out of the fusion of the
obtained identification estimations (M4)
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In that case it is obvious that the pattern search alone
would leave to a misidentification. The fact that the cho-
sen instrumentation set is poor for fault identification pur-
poses is obvious by comparing the obtained observability
block for M4 in regard to others (Fig. 9). There is no se-
cure resolution of turbo components possible. As result,
the whole gas turbine block is highlighted white (Fig.15)
and no additional information about the fault is obtained.

Blocks
M2 > [ FAN, LPC, LPT, DUCT _|[HPC |[ HPT |
M3 > [ FAN,HPC, HPT,LPT _|[LPC |[DUCT]
M4 >[  FAN,LPC, HPC, HPT, LPT, DUCT |

M5 > [FAN, DUCT || HPC,HPT |[LPC |[ LPT |

FIGURE 15.Faulty gas turbine block recommendation
9. CONCLUSION

A way of indentifying a fault in a particular block of a gas
turbine, using a fusion of a model-based least square
estimator and a pattern search technique has been pre-
sented. It has to be pointed out, that the presented
method is capable to allocate a fault in a predefined block
with a minimum of measurements. A major benefit is that
a secure allocation has been created by the fusion of the
different methods. Wrong fault allocations derived by one
of the estimators can be reduced through a fusion of dif-
ferent based estimator approaches. Furthermore, robust-
ness against observability problems for highly underde-
termined systems is achieved. The presented method of
fault allocations can be interpreted as a back up algorithm
in a health monitoring system with sophisticated detection
and diagnostic tools which deals with moderate underde-
termined systems. In cases where measurements are
lost, a roughly estimation of the fault location is still as-
sured.
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APPENDIX A: TRAINING MEASUREMENT
PATTERN

To achieve proper pattern recognition, a fair assortment of
possible gas turbine conditions should be chosen. For the
test case in this paper, a gas turbine with n=11 health
parameters is chosen, represented by the efficiencies and
flow factors which are deviated from their nominal value.
In Table 5 a schematic summarization of the used fault
patterns are shown. To roughly cover all possible FOD /
DOD faults, all combinations of health parameter devia-
tions are simulated, started with one health parameter
until all health parameters of two turbo components are
deviated in 1% steps in the range of 0% to -2%.

Affected health parame- Simulated devia-
ter tions
AnLPC '(0’1 ,2)
AW e -(0,1,2)
ANppe -(0,1,2)
AanT _(03 L 2)

All combinations of
AﬂnLPc =—(0,1,2)
Aw, . =—(0,1,2)

AN pes AW, pe

All combinations of
Anl-[p'[ = _(Oe ls 2)
AW, =—(0,1,2)

AnHPT ’ AW HPT

All combinations of
AnLPC =-(0,1,2)
ANpe =—(0,1,2)
AT'|1-u>c =-(0,1,2)

AT]LPC 4 AnlI’C 4 AT]HPC

TAB 5. Schematic health parameter deviation for a
bench of training vectors

The measurement patterns are derived with the help of a

commercial non linear gas turbine performance tool by
calculating a synthesis.
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APPENDIX B: FUZZY RULES

The performed fusion rules for the obtained fault identifi-
cations out of the independent fault identifications estima-
tors are presented in Table 6.

If PFI Conse-
quence

_And
DIComp

a A WO DN =2 00 WODN = 00 ON = 0~ ON = O b ON=

o oo o~ BDMDBDANAGO®DO®NDNDNODNNDND =S 2 o o2 o
o A AR DN DA ONON AR OND 2 24 D W= = =4 WK 2 = =

TAB 6. Fuzzy decision rules

Indexing is as followed: 1 = not existent; 2 = unlikely; 3 =
moderate; 4 = likely; 5 = existent.

APPENDIX C: INSTRUMENTATION SETS

To have a meaningful result of the method application, 5
different instrumentation sets out of the available instru-
mentations are chosen. The chosen amount of available
measurements is variable. Hence, the system is up to
several times underdetermined in respect to the amount
of health parameters and turbo components.
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M1 N1 N2 WF P25 T3 T5

M2 N1 N2 P3 T3 T5 -

M3 WF P13 T25 P3 T5 -

M4 N1 WF T3 T5 - -

M5 N2 WF T25 T5 - -

TAB 7. Chosen representative instrumentation sets

Herein, M1-M5 stands for the 5 different investigated
measurement sets as representatives. The measure-
ments are noisy and therefore a simple noise filter is im-
plemented. One filtered reading is achieved by an averag-
ing of ten unfiltered measurements. In other words, to
receive a filtered measurement signature, ten raw snap-
shots will be averaged. In this investigation the first filtered
reading after ten snapshots is used.
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