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Fuzzy Logic Intelligent System for Gas Turbine Module
and System Fault Isolation
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A fuzzy logic intelligent system is developed for gas-turbine fault isolation. The gas path measurements used
for fault isolation are exhaust gas temperature, low and high rotor speed, and fuel flow. These four measurements
are also called the cockpit parameters and are typically found in almost all older and newer jet engines. The
fuzzy logic system uses rules developed from a model of performance influence coefficients to isolate engine faults
while accounting for uncertainty in gas path measurements. It automates the reasoning process of an experienced
powerplant engineer. Tests with simulated data show that the fuzzy system isolates faults with an accuracy of 89 %
with only the four cockpit measurements. However, if additional pressure and temperature probes between the
compressors and before the burner, which are often found in newer jet engines, are considered, the fault isolation
accuracy rises to as high as 98 %. In addition, the additional sensors are useful in keeping the fault isolation system

robust as quality of the measured data deteriorates.

Nomenclature

N1 = low rotor speed
N2 = high rotor speed
P25 = pressure between low-pressure compressor (LPC) and

high-pressure compressor (HPC)
P3 = pressure before burner
R = setof real numbers
T = setof terms
T25 = temperature between LPC and HPC
T3 = temperature before burner
U = universe of discourse of fuzzy set
X = element of fuzzy set
z = measurement deltas
A = change from baseline good engine
n = efficiency
Ha(x) = degree of membership of x in fuzzy set A
& = engine faults
o = uncertainty as standard deviation
— = mapping

Introduction

AULT diagnosis has emerged as a key area of research in au-
tomationandintelligentsystems.! Traditionally,faultdiagnosis
depended mainly on the experienceof the operator. Becauseit is dif-
ficult for a human operator to react rapidly and consistently, there
hasbeenaneffortto add “intelligence”to the faultdiagnosisprocess.
The model-based fault isolation approach, originating from control
theory, has receivedincreasing attentionboth in the research context
and for real-world applications>~* This approachinvolves defining
residuals that differentiate the undamaged and the damaged system
and then use of a mathematical model of the system, along with in-
formation processingmethods, to extractinformationaboutthe state
of the system from the residuals. Such model-basedapproacheshave
been widely used for gas-turbine health monitoring.
Gas turbines are highly susceptible to damage because of a harsh
aerothermodynamic environment and rapidly rotating blades. Gas-
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turbine performance diagnostics involves the accurate detection,
isolation,and estimation of engine module performance,enginesys-
tem problems, and instrumentation problems using measurements
from the engine gas path. In performance diagnostics, discernable
changes in gas path measurements from a baseline good engine are
used to obtain changes in engine condition. Historically, the fault
isolation problem was treated as a system identification problem
and the analysis performed using Kalman filters >~

The use of Kalman filters for fault isolation and assessment in
relative engine performance diagnostics started in the late 1970s
and early 1980s, as shown in the works by Urban® and Volponi.® In
these studies, the predictor-corrector property of the Kalman filter
was used to predict engine module efficiencies, flow capacities, and
areas, as well as sensor errors. Inputs to the Kalman filter were
measurement deltas (deviations) from a baseline engine. Influence
coefficients based on a linearized model were used to model engine
performance,and noise propertiesof the system were capturedusing
the measurement covariance matrix. Further details about the setup
of the Kalman filter equations and the various matrices are discussed
in Refs. 5 and 6.

In recent years, neural networks have also been applied to the
gas-turbine fault detection and isolation problem. Whereas the
Kalman filter literature focuses on long-term deteriorationof the en-
gine modules, the neural network literature focuses on single fault
isolation.!*!5 Depold and Gass'* found from a detailed study of
airline engine maintenance records that a leading cause of reliabil-
ity events such as in-flight shutdowns, delay and cancellations, or
unscheduled engine removals is a single fault that immediately fol-
lows a rapid or step change in the engine gas path measurements.
A power plant engineer observing the engine measurement data
on a daily basis can detect such trend shifts. Because human be-
ings performing routine tasks are prone to error, Depold and Gass
have also investigated neural network methods for automated trend
detection.'

Once a trend shift has been detected, the experienced powerplant
engineer may be able to isolate the engine fault by consulting finger-
print charts provided by jet engine manufacturers. These fingerprint
charts summarize the relationships between measurement devia-
tions of gas path parameters from a baseline model and an engine
fault and are developed using performance influence coefficients
and a fault model. However, in reality, the powerplant engineers
have frequent difficulty isolating the engine fault from gas path per-
formance data. Powerplantengineers also look at other information
such as engine maintenance history, trends from other engines on
the same aircraft, borescope inspections, etc., to supplement infor-
mation obtained from gas path signals. Even with all of these data
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at their disposal, they have problems in accurately making a diag-
nosis. Part of this problem occurs because it is difficult to monitor
manually large amounts of data as they become available after each
flight. Therefore, automation of the knowledge base residing in the
fingerprint charts allows the fault isolation to be performed as each
measurement data point becomes available and may preventexpen-
sive maintenance events. Recent studies have shown that once a
trend change has been detected, a trained neural network can isolate
the engine fault.!

The Kalman filter can also be configured to isolate engine sin-
gle faults following a trend change, as shown in a recent study
by Volponi et al. comparing the neural network and Kalman filter
approaches.'® Feedforward neural network architecture, along with
backpropagationlearning, was used to train the neural network us-
ing both ideal and noisy data. When the neural network is trained, it
can isolate faults given a set of measurement deltas. For the single
fault analysis, a bank of Kalman filters was used with each Kalman
filter in the bank tuned to a particular engine fault. The Kalman
filter with the least error was selected as being associated with the
most likely fault. The engine faults used in this study were mod-
eled using influence coefficients, and realistic noise was added to
make the simulated data more realistic. The noise was obtained by
taking an average of gas path measurement data from several dif-
ferent airlines for a given large commercial engine and is given in
Ref. 15.

Typical gas path instrumentation measures exhaust gas tempera-
ture (EGT), low spool rotor speed N 1, high spool rotor speed N2,
and fuel flow (WF) at a given power condition. The four measure-
ments are sometimes called the four basic parameters or cockpit
parameters in gas-turbine performance diagnostics, and instrumen-
tation to measure them is available in almost all older and newer
engines. Some new engines have additional pressure and temper-
ature instrumentation between the low-pressure and high-pressure
compressor (P25 and 725) and before the burner (P3 and T 3). The
attempts to automate the engine performance diagnostics process
can be viewed as an effort to add intelligence to these sensor mea-
surements. Smart or intelligent systems have sensors and actuators
and a controller or diagnostics system that acts as the brain of the
smart system.!” Such systems can report their current health condi-
tion and needed diagnostics automatically to the maintenance per-
sonnel. Smart systems for health monitoring are being increasingly
suggested for expensive mechanical systems to prevent expensive
downtime.

Most often, neural networks have been used for performing this
function of automated reasoning. Neural networks are good at per-
forming patternrecognitionfrom noisy data. Most health monitoring
problems can be posed as inverse problems where the objective is
to extract the system state from the noisy measurements using a
physics-basedor data-based model. Neural networks are very pow-
erful because they are universal function approximators.!® However,
neural networks often use backpropagationlearning, which is com-
putationally intensive. Kalman filters need considerable numerical
linear algebra in the form of matrix inversions. Basically, for the
single fault, the Kalman filter and neural network are being used
in an attempt to automate the fingerprint charts. These fingerprint
charts can be interpreted as rules, and rules can be used to define
the knowledge based on an expert system. However, conventional
expert systems have difficulty in handling uncertainty."”

Fuzzy expert systems are robust and are being increasingly used
for health monitoring and other applications.!”-?* Recently, it has
been proven that classical feedforward neural networks of the type
used in engine diagnostics can be approximated to an arbitrary de-
gree of accuracy by a fuzzy logic system, without having to go
through the laborious training processneeded by a neuralnetwork.?!
In addition, fuzzy rules follow human-language-based reasoning
processes and are much easier to interpret and understand com-
pared to neural networks that have a blackbox nature? It is also
possible to include heuristic knowledge from experts into a fuzzy
logic system. In a recent work, Ganguli®* showed that fuzzy logic
systems could be used for engine module fault isolation under high
levels of uncertainty. In this paper, we extend the fuzzy logic sys-

tem to include system faults such as bleed leaks and failures and
variable stator vane malfunctions, as well as certain instrumenta-
tion faults. In addition, fault isolation results from the fuzzy logic
system are compared with results from neural networks and Kalman
filter methods in the published literature.!®

Module and System Faults

Typically, a twin-spool gas-turbine engine has five modules: fan
(FAN), low-pressure compressor (LPC), high-pressure compres-
sor (HPC), high-pressure turbine (HPT) and low-pressure turbine
(LPT). The burner lies between the high-pressure compressor and
the high-pressureturbine. The gas turbine operates by compressing
the incoming air in the first three modules (FAN, LPC, and HPC),
combusting the fuel-air mixture in the burner, and then expand-
ing the air through the turbines (HPT and LPT) to generate power.
Most damages to the engine manifest themselves as changes in ei-
ther the module efficiency or flow capacity/area. The FAN, LPC,
and HPC modules have flow capacities associated with them. The
HPT and LPT modules have areas associated with them. Besides
the five modules, the engine can experience system faults such as
bleed leaks and failures, variable stator vane malfunctions, as well
as certain instrumentation faults.'® The fault models for the nine
single faults consideredin this study are shown in Table 1. Besides
the five module faults, other faults consideredare the start bleed leak
(2.9 BLD), stability bleed leak (2.5 BLD), P49 indication problem
(P49ER), and stator vane misrigging (HPCSVM). It is assumed that
one and only one single fault occurs at a given time. The influence
coefficients and fault models used to obtain the fingerprint charts
are given by Volponi et al. and are used in this study.'® The finger-
prints for each of the nine faults are shown in Table 2. Figures 1
and 2 show an example of a fingerprint chart for the low-pressure
turbine fault and 2.5 bleed fault, respectively. Figures 1 and 2 are
obtained from the fingerprint charts in Table 2. From these charts,
it appears that it would be difficult for a human engineer to look
at several such charts and identify the correct fault from the mea-
surement deltas. However, this task is well suited for a fuzzy logic
system.

Table1 Description and modeling of single faults

Fault Description Model

FAN Damage in fan module —2%mn, —2.5% FC
LPC Damage in LPC module —2%mn, —2.2% FC
HPC Damage in HPC module —2%mn, —1.6% FC
HPT Damage in HPT module —2%n, +1.5% FP4
LPT Damage in LPT module —2% 1, +3.3% FP45
2.5BLD Stability bleed leak 2%

29BLD Start bleed leak 2%
HPCSVM HPC stator vane misrigging —6%

P49ER P49 indication problem 2%

P3 (%)

T3(C)
T25(C)
P25 (%)

N1 (%)

Sensors

N2 (%)

WF (%)

EGT(C)

4 2 0 2 4 6 8

Measurement Deltas

Fig. 1 Fingerprint chart for 2.5 bleed fault.
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Table 2 Fingerprints for selected gas turbine faults

Measurement

faults AEGT, °C AWF, % AN2, % AN1, % A P25, % AT25°C AT3,°C AP3, %
FAN 13.60 1.60 —0.11 0.10 1.66 1.41 7.31 —0.34
LPC 21.77 2.58 —1.13 0.15 2.59 2.28 —8.05 —-2.52
HPC 9.09 1.32 0.57 0.28 —2.35 —-0.22 5.23 —0.01
HPT 2.38 —-1.92 1.27 —1.96 —6.80 —6.90 2.84 —-0.22
LPT —-7.72 —1.40 —0.59 1.35 3.99 391 3.15 0.05
2.5 bleed 6.15 0.99 0.31 0.01 —2.08 —1.71 1.73 0.01
2.9 bleed 8.43 2.12 0.58 0.12 —1.36 —1.27 —1.20 —0.04
HPCSVM —-5.71 —0.69 2.33 —0.02 —0.51 —0.54 2.05 0.54
P49ER —0.65 —-3.40 —0.49 —-0.92 —1.11 0.03 —0.42 —2.44

P3 (%)
T3 (C)
T25 (C)
£ P25 (%)
[
5 o
& N1 (%)
N2 (%)
WF (%)
EGT(C)
-8 -6 -4 -2 0 2 4
Measurement Deltas
Fig. 2 Fingerprint chart for LPT fault.
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Fig. 3 Schematic representation of a fuzzy logic system.

Fuzzy Logic System

A fuzzy logic system (FLS) is a nonlinear mapping of an input
feature vectorinto a scalar output.?* Fuzzy set theory and fuzzy logic
provide the framework for the nonlinear mapping. FLSs have been
widely used in engineering applications because of the flexibility
they offer designers and their ability to handle uncertainty. An FL.S
can be expressed as a linear combination of fuzzy basis functions
and is a universal function approximater. Further information on
FLSs is available from textbooks 2*

A typical multi-input/single-output FLS performs a mapping
from V € R" to W € R. Here,

f:VeR" > WEeR
where

V=VixV,x---xV,eR"
is the input space and W € R is the output space.

A typical FLS maps crisp inputs to crisp outputs using four ba-
sic components: rules, fuzzifier, inference engine, and defuzzifier
(Fig. 3). Once the rules driving the FLS have been fixed, the FLS
can be expressed as a mapping of inputs to outputs.

Rules can come from experts or can be obtained from numerical
data. In either case, engineering rules are expressed as a collection
of IF-THEN statements such as IF u; is HIGH, and u, is LOW,

THEN v is LOW. To formulate such arule we need an understanding
of 1) linguistic variables vs numerical values of a variable (e.g.
HIGH vs 3.5%); 2) quantifying linguistic variables (e.g. u; may
have a finite number of linguistic terms associated with it, ranging
from NEGLIGIBLE to VERY HIGH), which is done using fuzzy
membership functions; 3) logical connections between linguistic
variables (e.g., AND, OR, etc.); and 4) implications such as IF A
THEN B. We also need to understand how to combine more than
onerule.

The fuzzifier maps crispinputnumbersinto fuzzy sets. Itis needed
to activate rules that are expressed in terms of linguistic variables.
An inference engine of the FLS maps fuzzy sets to fuzzy sets and
determines the way in which the fuzzy sets are combined. In several
applications, crisp numbers are needed as an output of the FLS. In
those cases, a defuzzifier is used to calculatecrisp values from fuzzy
values.

Fuzzy Sets

A fuzzy set F is defined on a universe of discourse U and is
characterized by a degree of membership (x) that can take on
values between 0 and 1. A fuzzy set generalized the concept of an
ordinary set whose membership functiononly takes two values, zero
and unity.

Linguistic Variables

A linguistic variable u is used to represent the numerical value
x, where x is an element of U. A linguistic variable is usually
decomposed into a set of terms 7' (#), which cover its universe of
discourse?

Membership Functions

The most commonly used shapes for membership functions 1 (x)
are triangular, trapezoidal, piecewise linear, or Gaussian. The de-
signer selects the type of membership function used. There is no
requirement that membership functions overlap. However, one of
the major strengths of fuzzy logic is that membership functions can
overlap. FLS systems are robust and handle uncertainty well be-
cause decisions are distributed over more than one input class.?¢
For convenience, membership functions are normalized to one so
that they take values between 0 and 1 and thus define the fuzzy set.

Inference Engine
Rules for the fuzzy system can be expressed as

R;:1F x,is Fy AND x,is F, AND ---ANDx,, is F,, THEN y =C;,

i=1,2,3,...,M

where m and M are the number of input variables and rules, x;
and y are the input and output variables, and F; € V; and C; ¢ W
are fuzzy sets characterized by membership functions pr, (x) and
¢, (x), respectively. Each rule canbe viewed as a fuzzy implication

F12»~m=FlXFZX"'XEn_)C[



GANGULI 443

which is a fuzzy setin VxW=V; xV,x .-
membership function given by

x V,, x W with

Mg (X, Y) = g (X1) * o, (X2) * - % (g, (Xa) * pe; ()

where the asterisk can be the min or product operator with x =
[x1, X5, ...,x,]1€V and y € W. This sort of rule covers many ap-
plications. The algebraic product is one of the most widely used
T norms in applications and leads to product implication. In pat-
tern recognition problems, the outputs are often crisp sets, and
He; (y) =1 1is often used for the product implication formula.?*

Defuzzification

Popular defuzzification methods include maximum matching
and centroid defuzzification.”” Whereas centroid defuzzification is
widely used for fuzzy control problems where a crisp output is
needed, maximum matchingis oftenused for pattern matching prob-
lems where we need to know the output class. Suppose there are K
fuzzy rules and, among them, K ; rules (j=1,2,...,LandListhe
number of classes) produceclass C;. Let Di, be the measurementsof
how the pth pattern matched the antecedent conditions (IF part) of
the ith rule, which is given by the product of membership grades of
the pattern in the regions that the ith rule occupies,

m
i
D,, = | |l/~11
i=1

where m is the number of inputsand p;; is the degree of membership
of measurement / in the fuzzy regions that the ith rule occupies.
Let D)™ (C;) be the maximum matching degree of the rules (rules
Ji.1=1,2,..., K;) generating class C;,

K :
max ) — Jl
D » ) Iln:af( D .,

then the system will output class C,, provided that

DJ™(Cj) = max DI (C))
If there are two or more classes that achieve the maximum matching
degree, we will select the class that has the largest number of fired
fuzzyrules. (A fired rule has a matching degree of greaterthan zero.)

Problem Formulation

Input and Output

Inputs to the FLS are measurementdeltas and outputs are engine
faults. We have eight measurementsrepresentedby z and nineengine
faultsrepresentedby &. The objectiveis to find a functional mapping
between z and £. Mathematically, this can represented as

§=F@
where
& = {FAN, LPC, HPC, HPT, LPT, 2.5 BLD, 2.9 BLD,
HPCSVM, P49ER}”

and
z = {AEGT, AWF, AN2, AN1, AP25, AT25, AP3, AT3}"

Each measurement delta has uncertainty coming from both mod-
eling errors and measurement errors, which makes the preceding
inverse problem difficult to solve.

A schematic representation of the intelligent system for gas-
turbine fault isolation is shown in Fig. 4. The gas turbine in its
normal state of operation can be viewed as an input-output system
operatingin steady state. When a single fault occurs, there is a sharp
change in the gas path sensor measurements reflecting the change
in the gas turbine. This change in sensor measurement can then be
compared to the baseline engine without faults to obtain a measure-
ment residual. The residuals generated by the faulty system then

Gas Residual Automated
Turbine Sensors Generation | | Reasoning >
Inputs
f Qutputs Residuals Fault
Fault Information

Fig. 4 Schematic representation of intelligent fault isolation system
for gas turbine.

are subjected to automated reasoning by fuzzy logic to yield fault
information.

Fuzzification

Here FAN, LPC, HPC, HPT, and LPT are fuzzy sets denoting the
five enginemodules.In addition,2.5 BLD, 2.9 BLD, HPCSVM, and
P49ER are fuzzy sets denoting the four system faults. Each fuzzy
set has degrees of membership ranging from zero to one. In this
paper, we are only interested in the isolating the fault and not in
its magnitude. Therefore, we do not further decompose the module
fuzzy sets using linguistic variables.

The measurement deltas AEGT, AN1, AN2, AWE, AP25,
AT?25, AT3, and AP3 are also treated as fuzzy variables. To get a
high degree of resolution, they are further split into linguistic vari-
ables. For example, consider AEGT as a linguistic variable. It can
be decomposed into a set of terms

T (AEGT) = {Very High—, High—, Mediumhigh—, Medium—,
Mediumlow—, Lowmedium—, Low—, Negligible, Low+,
Lowmedium+, Mediumlow+, Medium+, Mediumhigh-+,
High+, Very High+}

where each term in T (AEGT) is characterized by a fuzzy set in
the universe of discourse U (AEGT) = {—25°C, 25°C}, which s se-
lected to include values spanning the fingerprint charts in Table 2,
while maintaining symmetry. A total of 15 fuzzy sets are used to
partition the numerical variables. It is found that a courser partition
does not give very accurate results. A trial and error process and a
careful study of the fingerprintcharts were used to obtain the number
of fuzzy sets. This process can be labeled heuristic reasoning.

The other seven measurement deltas are defined using the
same set of terms as AEGT, spanning the following uni-
verses of discourse: U(AWF)={—4,4%}; U(AN2)={-3,3%};
U(AN1)={-3,3%}; U(AP25)={-6,6%}; U(AT25)={-10,
10°C); U(DT3) ={—10, 10°C}; U (A P3) ={—3,3%}. Because the
influence coefficients on which the fingerprints are based represent
a linear model, the diagnostic system should be limited to small
measurement deltas.

Fuzzy sets with Gaussian membership functions are used. These
fuzzy sets can be defined using the following equation:

() = exp{—0.5[(x — m)/o T}

where m is the midpoint of the fuzzy set and o is the uncertainty
(standard deviation) associated with the variable. Table 3 gives the
linguistic measure associated with each fuzzy set and the midpoint
of the set for each measurement delta. The midpoints are selected
to span the region ranging from a perfect engine (all measurement
deltas are zero) to one with significant damage.

The fuzzy setcorrespondingto very highis defined slightly differ-
ently to accountfor the open-endednature of the linguistic variable:

(@) = exp{—0.5[(x —m)/c]*} myg_ <x OR x<myy,

nx) =1 mygr <x OR x <myy_

Here myy, represents the midpoint corresponding to fuzzy set
VH+. The standard deviations for the measurementdeltas are repre-
sentative of airline data'® and are shown in Table 4. For illustration,
Fig. 5 shows the membership functions for each of the 15 fuzzy
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Table3 Midpoints of Gaussian fuzzy sets

Measurement deltas

Linguistic AN and AT?25 and

measure Symbol AEGT, °C AWF, % AN2, % AP25,% AT3,°C AP3,%
Very high— VH-— -20 -3 -2 -6 —10 -3
High— H- —15 -2.5 -1.5 —4.5 -7.5 -2.5
Medium high— MH-— —12.5 —2.25 —1.25 -3 -5 -2.25
Medium— M+ —10 -2 -1 —-2.5 —-2.5 —1.5
Medium low— ML— -7.5 —1.5 -0.5 -2 —1.75 —-0.75
Low medium— LM— -5 -1 —-0.25 —1.5 —1.25 -0.5
Low— L— -2.5 -0.75 —0.125 -0.5 -0.25 -0.25
Negligible N 0 0 0 0 0 0
Low+ L+ 2.5 0.75 0.125 0.5 0.25 0.25
Low medium+ LM+ 5 1 0.25 1.5 1.25 0.5
Medium low+ ML+ 7.5 1.5 0.5 2 1.75 0.75
Medium+ M+ 10 2 1 2.5 2.5 1.5
High+ H+ 12.5 2.25 1.25 3 5 2.25
Medium high+ MH+ 15 2.5 1.5 4.5 7.5 2.5
Very high+ VH+ 20 3 2 6 10 3

Table4 Measurement uncertainty

Measurement Standard
delta deviation
AEGT 4.23°C
AN1 0.25%
AN?2 0.17%
AWF 0.50%
A P25 0.46%
AT?25 1.12°C
AT3 1.99°C
AP3 0.24%

1.2

1.0

0.8

06

#(AN2)

04
02

0.0

-0.2 ; T T T
-2.25 -1.25 -0.25 0.75 1.75

AN2(%)

Fig. 5 Fuzzy sets for high rotor speed (N2) measurement delta.

sets for AN2. The membership functions for the other fuzzy sets
are similar in appearance. The midpoints for these fuzzy sets are
obtained through heuristic reasoning.

Rules and Fault Isolation

Rules for the fuzzy system are obtained by fuzzification of
the numerical values in the fingerprint charts using the following
procedure?®?:

1) A set of eight measurement deltas corresponding to a given
module fault is input to the FLS and the degree of membership of
the elements of AEGT, AWF, AN2, AN1, AP25, AT25, AT3,
and A P3 areobtained. Therefore,each measurementhas 15 degrees
of membership based on the linguistic measures in Table 3.

2) Each measurement delta is then assigned to the fuzzy set with
the maximum degree of membership.

3) One rule is obtained for each fault by relating the measurement
deltas with maximum degree of membership to a fault.

These rules are tabulated in Table 5. The linguistic symbols used
in Table 5 are defined in Table 3. These rules can be read as follows
for the FAN module:

IF
AEGT is Mediumlow— AND
AWF is Mediumlow— AND
AN?2 is Mediumlow— AND
AN1 is Mediumhigh+ AND
A P25 is High+ AND
AT?25 is Mediumhigh+ AND
AT3 is Medium+ AND
AP3 is Negligible

THEN
Problem in FAN module

The rules for the other faults can be similarly interpreted. These
rules provide a knowledge base and represent how a human engi-
neer would interpret data to isolate an engine fault using fingerprint
charts. The fuzzy rules in Table 5 represent a fuzzified model of the
fingerprints shown in Table 2. Because Gaussian fuzzy sets asymp-
totically approaching zero far from the midpoint are used, all of
the rules fire at some level. For any given input set of measurement
deltas, the fuzzy rules are applied using product implication. Once
the fuzzy rules are applied for a given measurement, we have de-
grees of membership for each of the nine faults. For fault isolation,
we are interested in the most likely fault. The fault with the highest
degree of membership is selected as the most likely fault.

Results and Discussion

The fuzzy system is tested using simulated data developed from
the fingerprint charts. For each fault, 1000 data sets are generated.
Noiseis added to the simulated measurementdeltasusing the typical
standarddeviations shown in Table 4. Testing with noisy data allows
an analysis of the robustness of the system.

Table 6 shows the testresults from the fuzzy system. The accuracy
offaultdetectionis shown for the nine faults for four different sensor
suites. Here, basic four refers to AEGT, AWE, AN1, and AN2
sensors only, which are presentin almost all operational gas-turbine
engines. The other results show the effect of addition of P25 and
T?25 sensors between the LPC and the HPC and P3 and 73 sensors
before the burner. With the four basic measurements, the average
successrate is about 89%. However, there is considerable variation
is the fault isolation accuracy for the different faults. In particular,
the bleed faults and the LPC are not isolated well. In these cases, the
bleed faults are sometimes confused with the LPC and vice versa.
The confusion between the LPC module fault and the bleed fault is
because of the similarity in the directions of the fingerprints, which
can be seen in the fuzzy rules. In the cases where the random error
is high, the fingerprints for the LPC look very similar to those of the
bleeds and vice versa.
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Table 5 Rules for fuzzy system

Measurement

faults AEGT AWF AN2 AN1 A P25 AT?25 AT3 AP3

HPC MH+ ML+ L— L+ LM+ LM+ H+ L-

HPT VH+ H+ MH- L+ M+ M+ H- H-

LPC M+ ML+ ML+ LM+ M- L— MH+ N

LPT L+ M- MH+ VH— VH— H-— M+ L-

FAN ML— ML— ML— MH+ H+ MH+ M+ N

2.5 bleed LM+ LM+ LM+ N ML— ML— ML+ N

2.9 bleed ML+ MH+ ML+ L+ LM— LM— LM— N

HPCSVM LM— L— VH+ N L—- L—- ML+ LM+

P49ER N VH— ML— M- LM— N L— H-—

Table 6 Faultisolation results (%) from fuzzy system 100
Basic four Basic four
Measurement Basic +P25 +P3 All
faults four +T25 +T3 eight
HPC 92 100 98 100 o R
HPT 100 100 100 100 § %"';‘Sa
LPC 82 85 94 94 p #
LPT 100 100 100 100 g 0 .
FAN 100 100 100 100 E] 4
2.5 bleed 69 78 82 89 0 HPC
2.9 bleed 61 93 94 99 e LPC
HPCSVM 100 100 100 100 s 25BLD
P49ER 100 100 100 100 —%.-29BLD
Average success rate 89 95 96 98 —x— HPT, LPT, FAN, HPCSVM, P49ER
0 T T T
0 05 1 ole 15 2

Table 7 Comparison of fault isolation accuracy (%), neural
network,” fuzzy system, and Kalman filter

Basic four All eight

Measurement

faults Fuzzy Neural Kalman Fuzzy Neural Kalman
HPC 92 90 100 100 100 100
HPT 100 100 100 100 100 100
LPC 82 90 90 94 60 90
LPT 100 100 100 100 100 100
FAN 100 100 100 100 100 100
2.5 bleed 69 75 50 89 80 85
2.9 bleed 61 87 80 99 87 97
HPCSVM 100 100 100 100 100 100
P49ER 100 100 100 100 100 100
Average success rate 89 93 91 98 91 97

2Neural network and Kalman filter results are from Ref. (16).

Placing additional sensors to measure P25 and 725 results in
the fault isolation accuracy increasing from 86 to 95%. There is a
marked increase in the isolation accuracy for the 2.5 and 2.9 bleed
faults. In case additional sensors besides the basic four were used to
measure P3 and 73, the average fault isolation accuracy increases
from 89 to 96%. In particular, the isolation accuracy increased from
82 to 94% for the LPC fault. In addition, there is also an increase
in the isolation accuracy for the 2.5 and 2.9 bleed faults. Placing
the T3 and P3 sensors results in a greater improvement in fault
isolation accuracy than the 725 and P25 sensors. However, when
all of the eight sensors (basic4 + P25+ 725+ T3 + P3) are used,
the average fault isolation accuracy rises to 98%.

Table 7 compares results obtained using the fuzzy logic system
with those obtained using neural network and Kalman filters in
Ref. 16. The same test cases were used for these results. There is
a close agreement between the results. The fuzzy system and the
Kalman filter give better results with the eight-sensor suite, com-
pared to the neural network. This may be because the fuzzy sys-
tem and the Kalman filter include the knowledge of the fingerprint
charts in their rule base and influence coefficient matrix, respec-
tively, whereas the neural network has to learn the relationships
from the simulated training data. Volponi et al.'® have given a de-
tailed discussionon why the nonlinearmultiplayerperceptronneural
network gives better results with four measurements than with eight

Fig. 6 Faultisolation success rate with increasing uncertainty in data
(basic four measurements only).
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Fig. 7 Faultisolation success rate with increasing uncertainty in data
(basic four measurements +P25 + T25).

measurements. The key problems appear to be that the neural net-
works learn the model from noisy data and have a high degree of
distributed nonlinearity.

The results discussed until now were obtained for test data gen-
erated using standard deviations given in Table 4 and that were also
usedin creating the membership functionsfor the FLS. Figures 6-10
show results obtained for the FLS for test data generated for various
levels of uncertainty.Here oy is the baseline standard deviation given
in Table 4. Results are obtained for uncertainty ranging from 25% of
the baseline value to 150% of the baseline value. Figure 6 shows the
influence of measurementuncertaintyforasystem with only the four
basic parameters. For very low uncertainty levels (o /0y = 0.25) the
FLS shows 100% accuracy in fault isolation. As the measurement
data deteriorate, the fault isolation success rate falls for the HPC,
LPC, 2.5 bleed, and 2.9 bleed faults. The turbine and fan modules
and HPCSVM and P49ER faults are isolated with 100% accuracy
even with low-quality data.
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Fig. 8 Faultisolation success rate with increasing uncertainty in data
(basic four measurements +7'3 + P3).
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Fig. 9 Faultisolation success rate with increasing uncertainty in data
(all eight measurements).

The inclusion of P25 and 725 sensors results in some improve-
ment in the fault isolation accuracy, as shown in Fig. 7. Similarly,
the inclusion of P3 and T'3 sensors over and above the basic four
resultsin some improvementin accuracy,as shownin Fig. 8. Finally,
inclusion of all eight sensors shows considerable improvement in
fault isolation accuracy, as shown in Fig. 9. For uncertainty levels
lower than oy, the faultisolation accuracy is significantly improved.
Thus, itis very important to focus on data cleaning and rectification
methods, as well as improved sensors to remove potential outliers
in the data.’® In addition, the robust nature of the FLS is clear from
the fault isolation accuracy deteriorating gradually as uncertainty
levels increase.

Finally, the average success rates for the four different measure-
ment suites are summarized in Fig. 10. Note that the importance
of having the additional sensors becomes more important as data
quality falls. The FLS is able to identify the correct fault despite the
presence of considerable uncertainty in the measurements.

The current study demonstrated the effectiveness of the fuzzy
logic approach in the isolation of single faults following a sharp
trend change. However, the study makes several assumptions and
simplifications:

1) Unmodeled single faults, sensor faults and multiple faults are
not addressed.

2) Only module faults are considered,and pure combustor perfor-
mance problems are neglected.

3) The relationshipsbetween the module efficiencies and flow ca-
pacities/areas are considered fixed at the values provided by engine
manufacturers.

4) The robustness of the system to noise in the measured data
is analyzed by scaling all of the uncertainties to the same factor.
The effect of scaling the uncertainty individually per measurement
is neglected.
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Fig. 10 Comparisonofaveragefaultisolationsuccess rate for different
sensor suites and uncertainty in data.

5) Missing measurements are not considered.

6) A “winner take all” approach is used to find the most likely
fault, and the possibility of using “beliefs” from the output of the
system to study the possible confounding between the first and sec-
ond most likely faults is not considered.

These issuesneed to be addressedin future research work to make
the diagnostic system more useful for real-world gas-turbine health
monitoring.

Conclusions

An FLS is developed for gas-turbine engine performance diag-
nostics. It takes measurement deviations from a baseline model of
a good engine and isolates the engine fault. The FLS operates with
fourbasic (cockpit) measurements (EGT, WF, N1,and N2) and ana-
lyzesdeteriorationin five modules (FAN, LPC, HPC, HPT, and LPT)
and four system faults (2.5 bleed, 2.9 bleed, HPCSVM, P49Error).
These measurements are available on most jet engines. The FLS is
based on fingerprint charts provided by engine manufacturers and
widely used by airline engineers.

Results show that the FLS has a success rate of about 90% in
isolating the faulty engine module with four cockpit measurements.
Incases where the FLS is confounded,it was due to large uncertainty
in thedata. The FLS, therefore,can be used as arobustexpertsystem
for automating the process of interpreting gas-turbine performance
fingerprint charts.

Additional pressure and temperature sensors between the com-
pressors (P25 and T'25) or before the burner (P3 and 7'3) improve
the fault isolation accuracy to about 95%. When all eight sensors
are used together, the FLS shows an accuracy of 98% in fault iso-
lation. Additional sensors become more important as data quality
deteriorates. Therefore, additional sensors besides the four cockpit
sensors are useful and recommended for accurate and robust fault
isolation.
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