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Gas Turbine Engine and Sensor Fault Diagnosis
Using Optimization Techniques
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A diagnostic system is described for performance analysis of gas turbine engine components and sensors. The
system estimates the performance parameters expressing the fault condition of the engine components in the
presence of measurement noise and biases. The measurement uncertainty is supposed to affect even the parameters
setting the operating condition of the engine. Estimation is performed through optimization of an objective function
by meansof anad hoc genetic algorithm. The genetic algorithm uses an accurate nonlinear steady-state performance
model of the engine. The only statistical assumption required by the technique concerns the measurement noise
and the maximum allowed number of faulty sensors and engine components, which is enclosed as a constraint.
The technique has been thoroughly tested with the model of a low bypass ratio turbofan, and the results show the

high level of accuracy achieved.

Nomenclature
b = bias vector of monitoring measurements
b, = bias vector of the environment and power
setting parameters
Cp = nozzle discharge coefficient
e; = estimation error of the ith setting parameter
F = cumulative distribution function
Fg = cumulative Gaussian distribution function
FN = thrust
h = simulated measurement vector
J = objective function
M = number of measurements
My, = assumed number of biases
N = overall number of performance parameters
Nperr = number of fault-affected performance parameters
Ny = high-pressure spool speed
N = low-pressure spool speed
P = number of environmentand power setting parameters
P = inlet total pressure
Py = high-pressure compressor exit total pressure
Ps = low-pressure turbine exit total pressure
P = fan outer exit total pressure
Py = fan inner exit total pressure
0] = number of evaluations of J for eachx and w
Ty = engine inlet total temperature
T; = high-pressure compressor exit temperature
Ts = low-pressure turbine exit temperature
T3 = fan outer exit temperature
T = fan inner exit temperature
u = vector of measured environment and power
setting parameters
Wge = main burner fuel flow
Wia = engine inlet airflow
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W1 = inner fan mass flow

w = vector of actual environmentand power
setting parameters

x = performance parameter vector

Xese; = estimate of the jth performance parameter

z = monitoring measurement vector

Zod = vector of simulated undeteriorated measurements

tan = overall fan flow capacity

Iypc = high-pressure compressor flow capacity

Iupr = high-pressureturbine flow capacity

I'ipr = low-pressure turbine flow capacity

e = probability of deviation from the Gaussian
distribution

Nenin = fan inner efficiency

Ntnowr = fan outer efficiency

nupc = high-pressure compressor efficiency

nupr = high-pressure turbine efficiency

ner = low-pressure turbine efficiency

v = noise vector of monitoring measurements

Vy = noise vector of environment and power
setting parameters

of] = standard deviation of the jth measurement noise

Introduction

NALYSIS of the performance of gas turbines is important for

both testing of development engines and condition monitor-
ing of operating engines. Moreover, a thorough analysis is required
when an engine fails a pass-off test. The economic and operating
gains produced by application of accurate and reliable diagnostics
are relevant. In particular, identification of the component(s) re-
sponsible for the loss of performance makes it possible to choose
the recovery action to be undertaken. Gas path analysis (GPA) is
a diagnostic technique able to focus on the health of gas turbine
components by calculation of performance parameters, for exam-
ple, efficiency and flow function, using measurements as input, for
example, pressures, temperatures,and spool speeds. Basic aerother-
modynamic equations and component characteristics are used to
model engine performance. Once the variations of performance pa-
rameters with respect to their reference values are calculated, a fur-
ther step is necessary to relate those changes to actual component
shortfall. Even though GPA shows interesting potential, when used
in practice it is affected by several drawbacks. Some of them are
listed here.
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1) Measurement noise level is large, and the effect on measure-
ments can be of the same order of magnitudeas the changesinduced
by a real engine fault.

2) Measurement biases are frequent, and their effect on diagnos-
tics can be dramatic. An undetected sensor bias can either point at
a nonexistentfault or neglect a real fault in an engine component.

3) The relationship between measurements and performance pa-
rameters is nonlinear, and this complicates solution of the first two
problems.

4) A large number of performance parameters usually have to be
estimated to assess the health of a modern gas turbine engine, and
this calls for a large number of sensors, which may simply not be
available, especially for analysis of on-wing engines.

To cope with the problem of measurement noise and biases, a
great deal of research has been done to apply estimation techniques
to deterministic GPA. Weighted least-squares- and Kalman-filter-
(KF-) based techniques'~* have seemed to be perfect candidates to
make GPA effective. However, their performanceis not satisfactory
for several reasons. Some of them are the following.

First, the standard KF should be used with linear processes,
whereas gas turbines perform in a nonlinear way. Process lineariza-
tion causes inaccuracy due to the low robustness of the filter to
model errors.* Unrealistic statistical assumptions about the perfor-
mance parameters have to be accepted to apply KF. 1) The prior
probability density function of the performance parameters is as-
sumed to be Gaussian. 2) The KF-based estimation techniques must
be given the standard deviations of the performance parameters that
are usually known only approximately. When applied to gas tur-
bines, KF often fails because it tries to produce an answer by rely-
ing on poor information about the probability of fault occurrence.
3) Even though sensitivity techniques can be applied, tuning of the
filter is not straightforward and can bias the diagnostic answer.

Second, measurements are processed to estimate both perfor-
mance parameters and measurement biases. Because the problemis
largely underdeterminedand a high level of noise is present, the pro-
posed solution is likely to be inaccurate. The maximum likelihood
basis of the filter entails that inaccuracy takes the form of “smear-
ing”: Every time a single component or sensor is faulty, the filter’s
typical answer underestimatesthe variationsin the parameters actu-
ally affected by faults and, moreover, detects variations in the other
parameters. This occurrenceis rather common and makes it difficult
to understand the real fault condition of the engine.

Awareness of the aforementionedflaws has led to the development
of modified estimation techniques. The main engine manufacturers
have devised different methods to focus on a limited number of
parameters to reduce the smearing effect and to cope with biases.> 8
However, the effectivenessof those techniquesseems to be limited.’

As an alternative, application of computationalintelligence tech-
niques and especially neural networks (NNs) have been proposed to
cope with measurement noise and biases.!’~12 When applied to gas
turbine fault diagnosis, the main drawback of NN is that a rather
complex structure of nets is necessary to solve real-world, complex
problems. However, if this lack of flexibility is accepted, NNs can
provide accurate solutions.!*

In this paper the gas turbine fault diagnosis problem is solved
through optimization of an objective function by means of a genetic
algorithm. The proposed diagnostic system is suitable to deal with
most of the issues presented earlier. Tests with simulated engine
data confirm the effectiveness of the technique.

Gas Turbine Engine Fault Diagnosis
as an Optimization Problem

If neithernoisenor biases were present, the following relationship
would hold:

z=h(x) ey

where z € RMis the measurement vector and M is the number of
measurements,x € RY is the performance parameter vector and N
is the number of parameters, and k(-) is a vector-valued function.
Here h(-) is provided by the simulation program and is nonlinear. A

further assumption for Eq. (1) to apply is the absence of modeling
errors.

Because measurement noise is present, Eq. (1) must be modified
as follows:

z=hx) +v )
In presence of biases, Eq. (2) becomes
z=hx)+b+v 3)

Equation (3) defines the relationship for a certain operating point.
If the dependance on the operating point is written explicitly,

z=hx,w)+b+v 4)

where w € R” is the vector of the environment and power setting

parameters, for example, inlet condition parameters and fuel flow.
Usually v is assumedto have a Gaussian probabilitydensity func-

tion (PDF) and, moreover, to have independentcomponents. There-

fore, the joint PDF is
1)
J
)= 52| @

j=1 j=1

pw) =

where o is the standard deviation of the jth measurement’s noise.
Note that w is affected by noise as well as biases like the other
measurements,

u=w+»b, +v, (6)

In the proposed method, performance parameters are estimated
by minimizing an objective functionby means of genetic algorithms
(GAs). Figure 1 shows the structure of the diagnostic system. The
basic requirements for the objective function are as follows:

1) It should be a measure of the consistency between actual and
predicted measurements.

2) Measurement noise should be taken into account.

3) Measurement biases should be taken into account.

4) Its minimization should reduce the smearing effect.

5) Evaluation of the function should not be too burdensome from
a computational point of view. Note that no statistical assumption is
made about the performance parameters’ PDF. The only assumption
regards the measurement noise, which is usually statistically well
known. A classic choice for the objective function would be, given
a certain operating point,

—h; @)

J(x) = Z & @)

(éodjcrj)z

where zyq; is the value of the jth measurement in the off-design
undeterioratedcondition. The terms are convenientlyexpressed with
respect to the reference condition. Minimization of function (7)
providesthe maximumlikelihoodsolutionfor the nonlinearproblem
at hand.!
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Fig. 1 Layout of the diagnostic system.
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Another suitable function is the absolute deviation,

J(x) = Z—"’ aril )

= Zod jO;

Equations (7) and (8) are simple functions expressing the consis-
tency between actual and predicted measurements. Measurement
noise is taken into account by the standard deviations ;.

Because uncertainty affects the environment and power setting
parameters as well, function (7) will be modified as follows:

M
_ [z; — hj(x,w)]?
T w) = ; PR ©

whereas function (8) becomes

TG, w) = Z o hewl (10)

Zod J (W) Uj

Measurement noise is usually assumed to be Gaussian. Whenever
the Gaussian PDF can be considered an accurate model of the noise,
function (9) should be used. As a matter of fact, the actual mea-
surement noise PDF may not be perfectly Gaussian shaped, for a
number of reasons. First, in practice, the occurrence of readings
out of the three standard deviation range is much more common
than what is supposed by the Gaussian model. Second, modeling
errors are inevitably present, especially in the simulation of gas
turbine performance. For these reasons, other objective functions,
such as Eq. (10), are more suitable because they provide a robust
estimation.!> Straight minimization of any of the preceding func-
tions does not account for measurement biases and the smearing
problem. The classic approach to cope with measurement biases is
to assume that all measurements may be affected by systematic er-
rors, which have to be estimated (see vector b). It also assumes that
all performanceparametersmay be fault affected. As mentionedear-
lier, this may lead to inaccuracy of the estimation. The goal would
be to concentrate on a subset of performance parameters actually
responsible for the engine faults after the subset of biased measure-
ments has been rejected.

Inthediagnosticsystempresentedhere the followingassumptions
are made:

1) A maximum number of biased measurementsis allowed, My;,.

2) A maximum number of faulty engine components is allowed
(and then of fault-affected performance parameters, Nyer).

These constraints seem to be sensible from a diagnostic point
of view because the most common case in fault diagnosis of gas
turbine engines is that just a single engine component is faulty in
presence of one or two biased measurements. From an analytical
point of view, they are definitely helpful in reducing the estimation
inaccuracy.

The way the diagnostic system applies these constraints is de-
scribed in the next two sections. Note that the method presented
here is not suitable for analysis of deteriorationof on-wing engines,
where the performance shortfall is usually spread over a large num-
ber of components and the available instrumentationis less compre-
hensive. In that case, smearing should be allowed, and, thus, more
conventional methods can be used.

Sensor Validation

The functions described can also be modified to deal with mea-
surement biases according to the following criterion: The presence
of a bias will introduce inconsistency between actual and predicted
measurements. When dealing with measurement biases, the possi-
ble diagnostic tasks are the following: 1) detection, which is the
capability to realize if there is something wrong with the instru-
mentation set, no matter where the problem is located; 2) isolation,
which is the capability to identify the fault-affected sensor; and
3) accommodation, which is the capability to produce an estimate
of the biased measurement. A complete treatment of measurement

biases is called sensor failure detection, isolation, and accommoda-
tion (SFDIA).

The way the GA handles measurementbiases is based on the con-
cept of relative redundancy. If no bias affected the measurements,
then minimization of function (10) would estimate x and w so that
the equationsused in the terms of the summation would be mutually
consistent. The inconsistency due to a biased measurement would
manifest itself with larger values of the objective function because
no x or w can be found to correspond to predicted measurements fit-
ting sufficiently well the real ones. The problem can be overcome by
eliminationin the summation of function (10) of the My, terms cor-
responding to the biased measurements. Then the remaining terms
are mutually consistent, and the optimized function will reach a low
value. For the technique to apply, it is necessary that

M_Mbias>Nperf+P (11)

It is also assumed that the N, + P parameters are function of the
M — My;,s remaining measurements. The assumption is usually ac-
ceptable due to the coupling of the equations defined by Eq. (1).
This redundancy relative to the number of fault-affected perfor-
mance parameters is required because, if M — My = Nyere + P,
then any choice as to the identity of the biased measurements would
produce a consistent solution. However, if the equations defining
the terms used in the objective function are more numerous than the
parameters to be estimated, the problem becomes overdetermined,
and the lowest value of the function should provide the more con-
sistent solution. In the case considered, the relative redundancy is
guaranteed by the assumption about the maximum number of faulty
engine components, which is acceptable for fault diagnosis. In this
respect,note thatthe sensor validationtask can be feasibleevenif the
number of measurementsis smaller than the number of performance
parameters (M < N), provided inequality (11) holds.

Because of the large level of measurement noise, the larger the
left-hand side is with respect to the right-hand side the better, as
the redundancy is larger. The way just N, out of N performance
parameters are allowed to vary is explained in the next section.

Typical SFDIA techniques proceed in three sequential steps:
Whenever a fault in the instrumentation set is detected, the faulty
sensor is isolated, and then the measurementis possibly accommo-
dated. The approach described here is different: My, is chosen at
the onset of the analysis, so that an My;,; number of measurements
are not used in the objective function. The optimization produces
an estimation of the performance parametersx and the environment
and power setting parameters w (Fig. 1). Given the estimated x and
w, the predicted values of the M;,s measurements not used in the
optimization are automatically obtained. If the difference between
the actual and predicted measurements is larger than a threshold
based on the noise standard deviations, then SFDIA is achieved;
otherwise, the outcome of the analysis is that no bias is present
and estimation of x and w has been done by using the subset of
measurements providing the best consistency.

Because the identity of the faulty sensors is unknown, a com-
binatorial search has to be done for every x and w to find the se-
lection providing the lowest value. If, for example, two biases are
assumed to be present, every time the objective function J (x, w)
has to be evaluated during the optimization procedure, the follow-
ing set of functions are calculated by sequential elimination of two
measurements:

M

Ju (e, w) = Z lzi — e w)l (12)

I Zodj(W)'Uj
J#kl

The value assigned to the objective function will be

J@x,w) = nkliln Ju(x,w) (13)
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In general, the number Q of evaluations of J(x, w) to choose from
is equal to the number of possible combinations:

M M! 14
Q B Mbias B Mbias!(M - Mbias)! ( )

Environment and power setting parameter biases are dealt with in a
different way because they basically affect most of the terms in the
summation. A bias in any of these parameters is likely to increase
the value of most terms and, therefore, of the overall sum. Therefore,
SFDIA is automatically performed for the environment and power
setting parameters because they have to be guessed by the optimizer.

Estimation of Performance Parameters by GAs

A large level of inaccuracy is likely to affect the solution if all
performance parameters are allowed to be responsible for the shift
in the measurements that are actually due to engine faults located
in one or two components. Application of the constraint on the
maximum number of faulty engine componentsenablesreductionof
inaccuracy and smearing. Moreover, the sensor validationtechnique
based on relative redundancy can be used. Concentration on the
faulty engine components is effected by use of a tailored GA.

With typical calculus-based optimization methods (with or with-
out computation of gradients) it is difficult to minimize functions
such as Egs. (12) and (13), which are remarkably “non-well be-
haved.” In the present work GA!®17 have been used to minimize the
chosen objective function. Several distinctive features make them
different from other optimization techniques.

1) No derivatives need be calculated, and in principle, any
nonsmooth function can be optimized. Calculation of gradients
for complex real-world gas turbine engine performance models is
basically unfeasible analytically and burdensome and error prone
numerically.

2) Constraints can be dealt with in a very flexible way. There
are two different ways of embedding constraints into a GA-based
optimization: by means of penalty functions or design of specific
operators.'8

3) GAs use a population of possiblesolutions (strings) rather than
a single solutionto be updated iterationby iteration. They are global
search techniques and, therefore, less likely than calculus-based
methods to get stuck in a local rather than the global minimum.

4) Probabilistic rather than deterministic transition rules are used
to create the next generation of strings from the current one.

Points 1 and 2 highlight the suitability of GAs for gas turbine
performance analysis. The underlying idea to reduce inaccuracy
throughoptimizationis as follows: Because the performance param-
eter vector solution is supposed to have just few nonzero elements
due to faults affecting one or two engine components at most, the
optimization technique is only allowed to propose solutions satis-
fying this constraint. In fact, a reduction of the number of degrees
of freedom produces more accurate results. Achievement of this
objective is much easier if a GA-based optimizer is used.

The constraint as to the maximum number of fault-affected per-
formance parametersis applied by guided initializationof the popu-
lation of strings and design of tailored genetic operators rather than
use of a penalty term.

A typical GA is based on three operators: selection, crossover,
and mutation. The selection operator chooses the strings to be used
in the next generation according to a survival of the fittest criterion:
The objective function to be minimized is mapped onto a fitness
function to be maximized, and the larger the fitness the higher the
probability of survival. The crossover operator allows information
exchange between strings, in the form of swapping of parts of the
parameter vector in an attempt to generate fitter strings. Mutation is
used to introduce new or prematurally lost information in the form
of random changes applied to randomly chosen vector components.

The GA here used for diagnosticsis somewhat different from the
typical one just outlined. Its main features are the following.

1) The objective function is a function of the performance pa-
rameter vector x and the environment and power setting parameter
vectorw.

2) Whereas most GAs use a binary coding of the parameter space,
here a real coding is chosen as faster and more accurateconvergence
has been achieved."”"?° The creation of problem-specific operators
is remarkably simplified as well.

3) Initializationof the populationis guided. As a calculus-basedit-
erative techniquefor solving an optimization problemis more likely
to converge successfully if the initial guess it starts with is suffi-
ciently close to the solution being sought, the population of strings
is initialized according to the constraint on the maximum number
of fault-affected performance parameters. In this way, various fault
classes are generated: Some of them will represent faults in a single
engine component, others faults affecting two components. These
classes are then processed by the three operators described next.

4) The selection operator uses the stochastic universal sampling
algorithm.?! Selectionis extendedto all classes, so thatiterationafter
iterationthose classes will survive that on average show lower values
of the objective function. After a few iterations, the competition is
over because the whole population is made of a single fault class.
Concentration on one or two engine components is then achieved.

5) The crossover operator is applied to pairs of strings that are
members of the same fault class. Crossmating between different
fault classes is not allowed.

6) The mutation operatoris dynamic,? in that size of the random
mutations applied to the parametersis exponentiallyreduced to fos-
ter fine convergenceto the solution. The operator just modifies the
fault-affected parameters for each fault class, so that the constraint
is satisfied. In simple terms, selectionextended to the whole popula-
tion forces concentrationon the faulty engine components, whereas
crossover and mutation help selection to refine the solution.

When GAs are dealt with, a problem can be the computing power
necessary to achieve convergence. Every iteration involves evalua-
tion of the objective function for most of the strings, and from the
point of view of computing power, the main burden is running the
performance simulation code [calculating k(x, w) and z,q4(w)]. The
code requires application of an efficient Newton—Raphson based
method to reach convergence.Nowadays, all major gas turbine man-
ufacturers have developed quick and robust methods for iteratively
solving the set of equations defining the performance simulation
codes.

The tests described in the next section show that running the GA-
based optimizer to convergenceis definitely feasible from a compu-
tational point of view. The optimization task demanded, though,
is certainly difficult inasmuch as the objective function is very
nonsmooth and a combinatorial problem is actually underlying the
search of the solution because a choice of faulty sensors and engine
components is required. As a matter of fact, the method is much
more burdensome than classic KF-based techniques. However, it is
believed that the achievable gains justify the use of the computing
power required, especially for performanceanalysis of development
engines. In this case, performanceengineersmay spend a lot of time
trying to solve the difficult diagnostic task at hand.

Note thatno linearizationis ever done during any stage of the fault
diagnosis. The fully nonlinear approach provides accurate results,
even though estimation is more complicated.

Testing

The diagnostic method has been tested with simulated data of
a low bypass ratio turbofan, the EJ200,2> powerplant of the Euro-
pean Fighter Aircraft (Typhoon). A Rolls—Royce steady-state per-
formance simulation model (named RRAP) has been used. The en-
gine is mainly modeled by six components: inner and outer fan,
high-pressure (HP) compressor, HP turbine, low-pressure (LP) tur-
bine, and propelling nozzle. To monitor the health of the engine
components, 10 performance parameters are used: outer and inner
fan efficiency nanour and Nganin , overall fan flow function I'gyy, nozzle
dischargecoefficient Cp, HP compressor (HPC), HP turbine (HPT),
LP turbine (LPT) efficiencies, and flow functions nypc, I'upc, nupr,
upr, nrpers and ' pr. The engine is supposed to be analyzed in a
typical development test bed. The instrumentation suite supposed
to be available is made of 16 measurements: inlet total pressure and
temperature P; and T}, spool speeds Ny and Ny, outer fan exit total
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pressure and temperature P;; and 73, inner fan exit total pressure
and temperature P,; and 75;, inner fan mass flow W,;, HP com-
pressor exit total pressure and temperature P; and 75, LPT exit total
pressure and temperature Ps and 75, main burner fuel flow Wgg,
engine inlet airflow Wy,, and thrust FN. P, and 7T, are used to set
the ambient condition, Wgg is given, and thrustis measured. Thus 3
measurements are used to set the operating point and 13 to monitor
the engine components. Real measurement noise levels have been
used, and they are similar in magnitude to what is available in the
public literature 2*

One or two engine components are supposed to be faulty in the
presence of two or four biases affecting the measurements. The
three environment and power setting parameters are both noisy and
biased. HP and LP spool speeds are assumed to be unbiased. This
situation has actually been chosen to stay on the safe side because
in practice such a large number of faulty sensors is unlikely in a
real test bed. The level of deterioration is defined by the ranges
of variation of the performance parameters: A maximum of 3% is
allowed. Flow functions are allowed to both increase and decrease.

The biases superimposed to measurements have purposely been
chosen small because small values are particularly undesirable in
that their detection is difficult. Undected biases can affect the esti-
mation of the performance parameters. The magnitude of the biases
has been set to 1% for all measurements; apart from those whose
assumed measurement nonrepeatabilityrange, equal to 3* o, is com-
parable to 1% variation. For these, a level of 2% has been chosen.
The biases affecting the environment and power setting measure-
ments have been set to the large value of 50*o as accommodationis
automatically carried out. The GA populationis set to 4000 strings,
and 200 iterations are sufficient to reach convergence.

Table 1 shows the comparison between typical results provided
by the proposed diagnostic system and a straightforward maxi-
mum likelihood-based optimization minimizing function (9) with
allowance for noise and biases in w, without constraint on the num-
ber of fault-affected parameters. The comparison shows that the
GA-based approach produces a more accurate estimation, and in
particular the smearing effect is ruled out. Interpretation of the re-
sultsis much easier because the fault-affectedcomponentsare easily
isolated. Note that with both approaches the estimation of the envi-
ronment and power setting parameters is accurate.

Table 2 shows the values of all of the terms that could be used
to sum up in the objective function in the case of faulty outer fan
and HPC introduced earlier. In the considered case, the W,, Pi3,
T3, and P, are biased. Correctly, the GA identified the first four
measurements as faulty, and then the corresponding terms have not
been included in the objective function.

Figure 2 shows the typical convergence of the population of
strings to a single fault class. Concentration on the faulty com-
ponents is easily achieved after few iterations. Table 3 summarizes
the 150 test cases that have been run as well as the average results.

Table1 Comparisonin a two faulty components case

Maximum

Parameters Actual Predicted  likelihood
ADfanout -3 -2.99 -2.9
AN 0 0 -0.27
Aﬂfanin 0 0 —0.33
ATypc 3 2.99 291
Anupc -1 —1.03 —0.41
ATlypr 0 0 —0.56
Anupt 0 0 —0.11
ATLpr 0 0 -0.72
Anrpt 0 0 -0.2
AC, 0 0 -0.27
Setting parameters

wf 811.728 811.603 811.231

P, 83.688 83.773 83.574

T, 312.02 312.094 311.89

RMS _— 0.01 0.39

Table 2 Bias isolation

Parameter Actual Predicted
Wia 6.59 6.65
Pi3 13.07 13.28
T3 11.19 11.38
Py 11.84 12.09
Ts1 0.16 0.02
Wy 0.06 0.13
P 0.73 0.48
Ts 0.1 0.19
Ts 0.12 1.02
Ps 0.81 0.16
F 0.63 0.55
Nnp 0.92 0.77
Nip 0.27 0.27

Table 3 Test case results

Head Two biases Four biases

One faulty component

rms 0.037 0.106
er, gls 0.44 0.87
2, kN/m? 0.11 0.13
e3, K 0.18 0.23
SCC, % 93.2 95.2
SSC, % 98.3 97.6
Two faulty components
rms 0.181 0.272
er, gls 0.86 1.46
2, kN/m? 0.22 0.27
e3, K 0.32 0.38
SCC, % 98.1 96.3
SSC, % 91.9 91.7
4500
S| e
3500 — — .
HPC—LPT/'/ _;’;’Z
3000 ~ :FANOUTVIN
g o o
% 2000 o
= FANIN-HPT
1500 £ FANIN.LPT
1000 | urcan
500 4l e arr
) I— irrmes
1 5 9 13 17 21 25 29 33 37 41
fault
n. of iterations classes

Fig. 2 Convergence of the fault classes.

The root mean square error,

N
ms= | Y (x —xw,.)Z/N (15)

j=1

where x; and x.,; are the actual and estimated values of the jth
performance parameter, respectively and ey, e,, and e; are the aver-
age errors of estimation of the ambient and power setting parame-
ters. Successful componentclassification (SCC) rate and successful
sensor classification (SSC) rate are the percentage of correct identi-
fication of faulty engine components and sensors, respectively. The
results show the high level of accuracy achieved, especially when
data are analyzed in light of the overall number of biases (5 and 7,
respectively, out of 16 measurements). As expected, an increase in
the number of biases produces larger estimation errors in terms of
rms and e, e,, and e3.

An increase in the number of faulty components also pro-
duces larger estimation errors. Note that a larger value of
(Npert + P) /(M — My;,s) implies less relative redundancy. Con-
versely, the capability to isolate faulty engine components and
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sensors does not generally seem to be dependent on the number
of biases. The percentages of successful component classification
show how much the smearing effect has been reduced. The better
SCC performanceprovidedin the two faulty componentcasesis due
to a number of runs where a single actually faulty component has
been identified, but a small deterioration has wrongly been found
in the nozzle as well. Usually these errors affect the estimation rms
only marginally. Note that, even thoughany faultrelating to a single
faulty componentcan be representedby a string of a two-component
faultclass provided that the fault-freecomponent’s performance pa-
rameters are zero, this occurrenceis very rare except for the nozzle.
Whereas the GA automatically identifies during the convergence
whether one or two engine components are faulty, the number of
supposedly biased measurements has to be set from the beginning.

If the actual biased measurements are greater than the assumed
ones, My;,s, then the optimizer is likely to converge to an incorrect
solution due to the effect of the undetectedbiases. However, if My,
is larger than the number of actual biases, the optimizer is likely
to estimate the engine faults correctly because the biased measure-
ments will be isolated together with other fault-free sensors to get
the most consistent solution. M;,, should be chosen on the basis
of specific knowledge about the typical occurrence of sensor faults
for the given engine-sensorsuite. In the considered case of the test
bed for a two-spool development engine, occurrence of faults in
more than two sensors has to be regarded as unlikely. However, the
choice of My;,s is usually not crucial because the number can safely
be chosen to overestimate the real number of biases.

If no clue about a good choice of My, is available, a sensible
approachis to run a number of optimizations with different values
of My;,. For every value of M,;,;, an average value can be fixed,
which representsthe expected magnitude of the optimized objective
function when no bias has gone undetected. Comparison of the
results allows the guess of the actual number of biases. The results
shown in Table 3 confirm that the optimizer performs well even
with a relatively large number of biases. Good performance should
beachievedas long as relativeredundancyis ensured. This condition
is usually satisfied in comprehensively instrumented development
engine test beds. Pass-off tests are usually dependent on a much
more restrictednumber of sensors,and then multiple operating point
analysis® should be used to maximize the amount of information
extractable from the sensor suite.

The results presented so far have been obtained with function
(9) applied to Gaussian noise measurements. A set of test cases
have been run with both Egs. (10) and (9) to compare the diagnostic
accuracy when the measurementnoise is not perfectly Gaussian. It is
common to simulate the discrepancy from the Gaussiannoise model
by superimposition(with probability ¢) to the correct Gaussian PDF
of a similar PDF with a standard deviation that is three times larger.
The noise cumulative distribution function is then assumed to be
made of two terms:

F(z;o)=(0—¢e)Fg(z;0) +eFg(z;30) (16)

where z is a measurement, o is its standard deviation, ¢ is a small
number (~0.1), and Fg; is the cumulative Gaussian distribution
function.

Using the objective function (10) is like assuming the measure-
ment noise is to be defined by a double exponential joint PDF:

pw) = ﬁ ]ﬁ (U—lj) exp(—ﬁi 'Z—j') a7

which has much wider tails than the Gaussian PDF for the same value
of the standard deviation. Figure 3 shows a double exponential and
two Gaussian PDFs.

From a statisctical point of view, utilization of Eq. (10) is sound
if o; is the mean absolute deviation and not the standard deviation.
However, measurement nonrepeatability of gas turbine sensors is
usually expressed by standard deviations. Moreover, if the noise is
Gaussian, the absolute mean deviation convergesto /(2/w o) if the
number of observationsto estimate the noise scatter is large.

Table4 Comparison of results with different

objective functions
Head Function (9) Function (10)
rms 0.487 0.198
er, gls 3.30 1.80
2, kN/m? 0.51 0.27
e3, K 0.83 0.58
SCC, % 63.6 72.7
SSC, % 86.4 86.4
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Fig. 3 PDFs.

With ¢ =0.3,50 mixed test cases have been run to compare
squares and absolute values [functions (9) and (10)] . Table 4 sum-
marizes theresults. As expected, the objectivefunction(10) provides
remarkably more accurate results due to its robustness to small de-
viations from the assumed model. The estimation errors are smaller,
and the capability to isolate faulty components better. However, the
two functions show the same capability to isolate faulty sensors. As
far as the optimization process is concerned, use of the smoother
function (9) allows a faster convergence, whereas function (10) is
harder to minimize.

Conclusions

Sinceits introduction, the successfulapplicationof GPA has been
hindered by many factors. KF-based estimation techniques have
long been used to deal with real-world issues (such as measurement
noise and biases) and make GPA effective. However, a number of
unrealistic assumptions have to be accepted to apply the technique,
and the outcome is that the diagnostic capability is often unsatisfac-
tory when smearing is not required.

A novel diagnostic approach has been developed and tested. The
gas turbine engine and sensor fault diagnosis problem is solved by
means of an optimizationtechnique.Performance parametersare es-
timated by minimizing an objective function. The smearing effect,
typical of classic maximum-likelihood-based techniques, makes it
difficult to identify clearly the component(s) responsible for the
engine’s loss of performance. This problem is successfully over-
come by application of a constraint on the maximum number of
fault-affected performance parameters. Another consequenceof the
applicationof this constraintis thatrelative redundancy is available
and, thus, SFDIA is carried out for the monitoring measurements, as
well as for the ambient and power setting parameters. The remark-
ably nonsmooth objective function is minimized by a specifically
designed, real coded GA, which isolates the fault-affected engine
components and sensors.

The proposeddiagnosticsystemhas been thoroughlytested with a
large numberof cases produced with a Rolls—Royce accurate steady-
state performance simulation model of a two-spool, low bypassratio
turbofan, the EJ200. The results show the high level of accuracy
achieved even in presence of such a large number of sensor faults.

Furthermore, the diagnostic system is flexible: In case sensible
guesseson the maximum number of faulty sensors are available, the
optimizer can be tailored accordingly.

Use of an objective function different from the classic quadratic
one allows to cope with discrepancies from the assumed Gaussian-
shaped measurement noise, as well as with small modeling errors.
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