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on Gas-Path Sensor Data Validation
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Gas-path analysis holds a central position in the engine condition monitoring and fault diagnostics technique.
The success of gas-path analysis, as concluded from previous investigations, depends mainly on the quality of the
measurements obtained. For approaches using either a classical Kalman � lter method or a contemporary arti� cial
neural network approach,ahighsuccess rate ofdiagnosiscanonlybeguaranteedwhen a correct set ofmeasurement
deltas is available.The objective of the present work is to design a genetic autoassociativeneural network algorithm
that can perform of� ine sensor data validationsimultaneously for noise � ltering and bias detection and correction.
The neural network-based sensor validation procedure usually suffers from the slow convergence in network
training. In addition, the trained network often fails to provide an accurate accommodation when bias error is
detected. To remedy these network training and bias accommodation problems, a two-step approach is proposed.
The � rst step is the construction of a noise-� ltering and a self-mappingautoassociativeneural network based on the
backpropagationalgorithm.The second step uses an optimizationprocedure built on top of these noise-� ltering and
self-mapping nets to perform bias detection and correction. A nongradient genetic algorithm search is employed as
the optimization method. It is shown in the present work that effective sensor data validation can be achieved for
noise � ltering, bias correction, and missing sensor data replacement incurred in the gas-path analysis. This newly
developed algorithm can also serve as an intelligent trend detector. A true performance delta and trend change
can be identi� ed with no delay, to assure a timely and high-quality engine fault diagnosis.

Nomenclature
b j = bias added in the j th sensor signal
ERR = error incurred as data passing decentralizedneural

networks (DNNs)
f = � tness value of genetic algorithm (GA) search
Is = input of the self-mapping autoassociativeneural

network (AANN)
K = noise-level control parameter
K 0 = noise-free data, K D 0 in Eq. (1)
K 2 = noise level, K D 2 in Eq. (1)
li = lower bound of the i th parameter for GA search
M = number of sensors
Ni = noise of the i th sensor signal
Od = output of DNN
Os = output of self-mapping AANN
r = blending factor used in crossover operator
rand = uniformly distributed random number between [0, 1]
Si = signal of the i th sensor
U = random number bound by [u; l]
u i = upper bound of the i th parameter for GA search
X i = i th selected chromosome in the GA population
NX i = offspring of the i th selected chromosome X i

x = random number between [0, 1]
YSFDIA = sensor failure detection, identi� cation, and

accomodation (SFDIA) accommodated performance
delta

YTRUE = original true performance delta
yi = ranking of the i th selected chromosome
3 = averaged noise-to-signal ratio

Received 3 October 2001; revision received 6 February 2002; accepted
for publication 6 February 2002. Copyright c° 2002 by the American In-
stitute of Aeronautics and Astronautics, Inc. All rights reserved. Copies of
this paper may be made for personal or internal use, on condition that the
copier pay the $10.00 per-copy fee to the Copyright Clearance Center, Inc.,
222 Rosewood Drive, Danvers, MA 01923; include the code 0748-4658/02
$10.00 in correspondence with the CCC.

¤Professor, Department of Aeronautics and Astronautics. Senior Member
AIAA.

†Ph.D. Student, Department of Aeronautics and Astronautics.

3i = noise-to-signal ratio of the i th sensor
¾ = sensor scatter

I. Introduction

E NGINE condition monitoring (ECM) holds a central position
in facilitating safe engine operation and effectiveon-condition

maintenance. Since the pioneering work of Urban,1 gas-path
analysis2¡6 has been developed into practical ECM software sys-
tems to help realize the objective of on-condition and preventive
maintenance. However, to date there still exist practical dif� cul-
ties for maintenance mechanics to comprehend and use these soft-
ware systems. On-condition or preventive maintenance, in fact, is
not fully enforced, simply because the engine operators still can-
not successfully or easily convert the data gathered into useful
information.

In the past,gas-pathanalysishas been developedbasedon model-
based diagnostic methods.1;2 The success of these methods relies
heavily on the mathematical model that represents the engine char-
acteristics and the number and quality of the parameters measured.
For systems with insuf� cient measurement data or corrupted data
with high noise or large bias, the diagnosis results often are not
reliable.7 Aside from these basic mathematical problems, the effort
required for executing Kalman � lter analysis for ECM diagnosis is
so large that it tends to discouragemodel-basedmethods from being
routinely applied by airlines.

Arti� cial neural network- (ANN-) based techniques are evolv-
ing as another approach for diagnosing engine performance
problems.8¡10 The major advantages enjoyed by neural network-
based methods are 1) they require no mathematicalmodel to de� ne
parameter relationships in the ECM problem and 2) they can tol-
erate imperfect sensor data while diagnosing engine faults. Unlike
the model-based approach, the number of sensors, or mathemati-
cally the problem of identi� ability of the system, is basically im-
material for ANN-based methods. It has been demonstrated that
a four-input limited ECM system is not inferior to an eight-input
extended counterpart when a neural network is employed as the
diagnostic method.7 How successful the ANN is depends on how
good the quality of the fault samples that are provided are. A pre-
vious feasibility study7 of an ANN-based approach indicates that
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engine fault diagnosis can achieve a 100% success rate, provided
that an unbiased and noise-free set of input data is available. Also
indicated is that the success rate decreases as the noise level of the
sensor data increases. This � nding suggests that a sensor data vali-
dation process is of paramount importance for the development of
ANN-based diagnostic methods. Both training and testing samples
ought to be validated before they are inserted into the diagnostic
ANN. A validated training data set represents a more correct and
consistent input/output mapping relationship,and usually the train-
ing of an ANN using a properly correlated data set has a faster rate
of convergence.Similarly, in diagnosingthe sensed data, it is partic-
ularly important to analyze these data � rst. Otherwise, noise, bias,
or other imperfections contained in the sensor data would easily be
mistaken for the physical parameter trend change, resulting in an
incorrect diagnostic judgment and, hence, a higher possibility of a
false alarm. Hence, it is suggested that a reliable ECM diagnostic
tool should contain two elements: a sensor validation preprocessor
and a fault diagnostic solver, as illustrated in Fig. 1.

In recent sensorvalidationstudies, the autoassociativeneuralnet-
work (AANN) approachhas oftenbeen employed.8;11;12 The present
AANN method belongs to the so-called nonlinearprincipal compo-
nent analysis category.13;14 Noise contained in the input nodes is
eliminated in the mapping part located between the input and the
bottleneck layers. The reconstructed data, however, are generated
in the subsequent demapping layers beyond the bottleneck layer.
AANNs are currently being used in many real-time monitoring or
control problems.15¡17 In these safety-criticalprocesses, data must
be � rst validated and/or accommodated (when data are proven to
be invalid) before any work is to be done using these data. Al-
though ANN-based diagnostic tools can tolerate a certain degree of
corruption or incompletion in data input, logically, a reliable fault
diagnosticmethodshouldbe able to validate its input dataprudently,
so that a consistent, high-quality diagnosis can be maintained.

The experiences with AANN in sensor data validation show that
noise � ltering can be achieved with no basic problems, but bias
correction encounters some dif� culties.8 In dealing with bias de-
tection and correction, the robust autoassociative neural network
(RAANN), which is an extension of the noise-� ltering ANN, was
proposed. However, it is found that RAANN is hard to train, and
the bias error, in general, cannot be accurately accounted for. To
overcome these dif� culties, the present work proposes a different
design philosophy. Bias correction and noise � ltering are decou-
pled, which avoids the dilemma faced by RAANN, namely, too
many objectives are assigned for one network. Bias correction is
treated as a parameter identi� cation task in the present approach,
and this parameter identi� cation is carried out via a global search
using a genetic algorithm (GA). AANs are used only for noise � l-
tering and for � tness evaluation of the GA search process. In the
subsequent sections, the elements of this proposed genetic AANN
algorithm are introduced and explained.Then a validation exercise
is performedto demonstratethat sensorerrors includingnoiseor dif-
ferent types of bias errors (hard failure, soft failure, and drift error)
can all be treatedsatisfactorily.The signi� cance of the use of this in-
telligent sensor data validation algorithm in ECM is also discussed.
Finally, a conclusion is drawn and some future suggestions are
proposed.

Fig. 1 ANN-based fault diagnostic system.

II. Fault Sample Generation and Diagnosis
The diagnostic ability of an ANN is gained through a learning

process using training samples. Training samples can be generated
via numerical simulation or by collecting identi� ed faults from ac-
tual maintenanceor repair work. The former, namely, by simulating
the ECM fault matrix,2;7 was adopted in the present study. This fault
matrix, in the present research, represents the relationship between
the moduleperformanceparametersand themeasurementdeltasof a
Pratt and Whitney Aircraft, United TechnologiesCorporation (PW)
4000-94 engine at cruise condition (engine pressure ratio equal to
1.29). Only a single-fault type is consideredat a time. In the gener-
ation of the sensor data, data scatters representingengine-to-engine
variability and measurement nonrepeatability were supplied by a
survey results of 48 PW engines maintained in an engine repair
station.7 The formula used herein states that

sensor data D clean data C K¾ [rand ¡ 0:5] (1)

in which cleandata are obtainedby multiplyingthe fault matrix with
a single-module fault vector. The constant K is a control parameter
governingthe noise level and ¾ is the averagedcharacteristicsensor
scatterof actual enginesas listed in Table 1. The variablerand stands
for a random number between [0, 1] with a uniform probability
density distribution.

For simplicity, there are � ve engine faults (high-pressure com-
pressor performance loss, low-pressure compressor performance
loss, high-pressure turbine performance loss, low-pressure turbine
performanceloss,and fan performanceloss)with fault severityrang-
ing from 1 to 5% performance loss assumed in generating the fault
samples. Sensor measurements used in the following studies are
exhaust gas temperature (EGT), fuel � ow (WF), low-rotor speed
(N1), and high-rotor speed (N2), respectively.Note that K D 2 cor-
responds to having noise-contaminatedmeasurements comparable
to data acquired from the actual engines.

The second term on the right-hand side of Eq. (1) is not the only
representation of data nonrepeatability.For example, one may use
K ¾ as the standarddeviationof a Gaussian distributionof the prob-
ability density function for generating the random number. Equa-
tion (1) is only used for convenience, and it is clearly understood
that the data � uctuations are bounded within the range of §K ¾=2.
Figures 2 and 3 show the success rates of two diagnostic networks
trained, respectively,using samples generated by a uniformly and a
Gaussian-distributedrandom data set. The variable 3 appearing in
Figs. 2 and 3 is a measure of the sensor noise level and is de� ned
by

Table 1 Averaged sensor
scatters ¾ (PW4000)

Parameters Values

EGT 3.81±C
WF 0.74%
N2 0.15%
N1 0.17%
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3 D 1
M

MX

i D 1

3i (2a)

3i D
Ni

Ni C Si

(2b)

where N and S represent noise and trend change, respectively.The
integer M represents the number of sensors, and, presently, we
choose M D 4 for the four-input network.

There are no qualitative differences existing between these two
simulated results. The success rates all decline as the noise level
increases.Moreover,Gaussian-distributednoise tendsto affectmore
adversely the success rate because there exist more highly scattered
data in the training and testing fault samples. However, the AANN
preprocessor, as enforced, is helpful for enhancing the accuracy of
diagnosisregardlessof what kindsof noisemodels are used.For this
reason, Eq. (1) will be adopted hereafter for generating the noisy
data for the subsequent analysis.

III. Genetic AANN Sensor Validation Algorithm
For an engine gas-path fault diagnosis problem, the actual trend

change is often of the same order as the sensor bias and the noise

Fig. 2 Success rate vs noise-to-signal ratio for input data with/
without AANN � ltering (uniformly distributed random data noise
model).

Fig. 3 Success rate vs noise-to-signal ratio for input data with/without
AANN � ltering (Gaussian-distributed random data noise model).

Fig. 4 Flow chart of genetic AANN sensor validation algorithm.

level. This situation makes RAANN work only for sensor failure
detection and identi� cation, leaving the sensor failure accommoda-
tion, when using a neural network-basedapproach,as a problem yet
to be satisfactorily resolved.

It has been reported by many researchersthat training a RAANN
is much more dif� cult than the training of a noise-� ltering AANN.
The reason is that we have added an additionalrequirement(i.e., the
eliminationof bias error) to the input/outputmapping relationshipof
the neural network under consideration.This convergenceproblem
in training a RAANN is associated with the aforementioned bias
elimination capability of a RAANN. To not be limited by this basic
drawback associated with RAANN, the present work chooses a
strategy that uses noise-� ltering AANN only and considers bias
detectionand accommodationa problemof parameteroptimization,
as explained in the following.

The present idea in constructing a sensor failure detection, iden-
ti� cation, and accommodation (SFDIA) procedure is illustrated in
Fig. 4. There are four constituent components that are included
in this procedure: 1) a GA optimizer, 2) a noise-� ltering AANN,
3) a self-mapping AANN, and 4) a bank of decentralized neural
networks (DNNs). The function of the noise-� ltering AANN is to
remove the sensor data nonrepeatability, thus making the output
values, or the input to the subsequent self-mappingAANN, contain
mainly the errors inducedby the bias effect.The differencebetween
the input/output values of the self-mappingAANN, therefore, is an
evaluationof how close the input/output data are. This input/output
difference is de� ned as the � tness function for the GA optimizer
placed in front of the noise-� ltering AANN shown in Fig. 5. Why
such a self-mapping input/output difference can be used as the � t-
ness function for the GA search may be explained as follows. Sup-
pose the correct bias value for a faulty sensor is guessed correctly.
The sensordata, as subtractedfrom their bias value, will encompass
trend change plus noise effect only. As these bias-correcteddata go
through the noise-� ltering AANN, the noise effect will be largely
eliminated, resulting in a set of data that are intercorrelated almost
perfectly with each other. Hence, this corrected data set, when fed
into the self-mapping AANN, will map onto itself as evidenced by
a very small input/output error norm that is the global minimum the
GA optimizer is intended to search for.

Although the GA � tness value can be taken as an index for sensor
fault identi� cation, sometimes ambiguities might arise when the
� tness value corresponding to certain assumed faulty sensor is not
prominently, for example, at least an order of magnitude, lower
than the others.DNNs are, therefore,used as a second check to help
decide which sensor is indeed faulty. This double-checkprocedure
is a special design feature that can reduce the possibility of a false
alarm.

At the present time, a suitable genetic AANN algorithm so de-
veloped can perform sensor validation in a sequential manner by
searching one-by-one the bias assumed with a candidate sensor. In
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principle, the GA search procedure may be carried out simultane-
ously with all of the sensors initially assumed faulty. However, the
AANNs trained and used in this optimization procedure are based
on the single fault assumption. In other words, there should be only
one sensor that is biased as the search procedure truly converges.A
simultaneoussearch should accompany the multiple sensors valida-
tion problem. Another practical advantage of a sequential search is
the saving of computing time required because the parameter space
dimension is only one for a sequential search, resulting in a much
faster convergence rate compared to a multiple-parameter search
technique.

The block diagram of such a genetic AANN search is illustrated
in Fig. 4, for which the search procedure is explained as follows:

1) Detect whether a sensor has failed by feeding the observed
measurements into both noise-� ltering and self-mapping AANNs
and check the error residue. If the error exceeds a certain threshold,
thedataaredeemedfaultyand thenpassedto theneighboringgenetic
AANN box for SFDIA treatment.Otherwise, the data go to the next
fault diagnostic ANN for engine fault isolation.

2) Assume that the i th sensor is faulty, and a population of GA
chromosomes is created randomly within the parameter bound de-
� ned with the i th sensor.

3) Insert each GA chromosome into the noise-� ltering AANN.
Data coming out at the output nodes will appear in a form in which
the sensor noise is largely � ltered out.

4) Feed the output of the noise-� ltering AANN into the next self-
mappingAANN for � tnessevaluation.The closerthe suggestedbias
value is to the true solution, the smallerwill be the � tness computed.

5) Go back to step 2 to perform the GA operations reproduction,
crossover, and mutation, to generate the next population of chro-
mosomes and repeat these GA evaluations (steps 3 and 4) until a
predetermined stop criterion is achieved.

6) Perform GA search from steps 2 to 5 for all of the candidate
sensors.

7) Identify the faulty sensor by comparing the lowest � tness val-
ues obtained with the assumed candidate sensors. The sensor that
is identi� ed as faulty should have a � tness value that is an order
of magnitude smaller than those pertaining to the other candidate
sensors.

8) Take the outputs of the self-mappingAANN correspondingto
the i th GA search as the accommodated i th failed sensor data and
feed them into the DNN bank.Check the DNN errors to see whether
this i th assumed biased sensor has the lowest error (which should
be at least an order of magnitude smaller) when comparing to the
other DNN errors.

9) Final SFDIA judgment is decided by comparing the results
of steps 7 and 8. If the i th assumed failed sensor passes both the
selection criteria of steps 7 and 8, this sensor will be deemed faulty
and the corresponding output of the self-mapping AANN is taken
as the accommodated sensor data for the subsequent use of engine
fault diagnosis.

In the next subsections we will discuss, respectively, the charac-
teristics of each of the aforementionedneural networks and the GA
search mechanism used in the optimization procedure. The idea of
constructing such a genetic AANN validation procedure will be-
come clearer as the properties of these components are explained
and demonstrated.

A. Noise-Filtering AANN

This AANN is trained using a set of fault samples generated by
Eq. (1). The noise level is de� ned using K D 2. A singlemodulefault
is assumed for each fault type (total of � ve faults) with deterioration
severityrangingfrom1.5 to 4.5%.Thereare a totalof 400sensordata
that are generated, in which each fault type contributes80 samples,
spanning uniformly over the deterioration levels.

In the establishment of the weights associated with the noise-
� ltering AANN, the input nodes are fed with noise-contaminated
data (K D 2), whereas theoutputtargetnodesare noisefree (K D 0).
The structureof this AANN is 4–8–3–8–4, in which threebottleneck
nodes are assumed. This AANN is abbreviated as K 2=K 0 AANN
in Fig. 4.

Fig. 5 Convergence histories of noise-� ltering AANN.

Fig. 6 Noise-� ltering capability of AANN.

The convergencehistories for trainingand testing this AANN are
illustrated in Fig. 5. Overtraining is monitored while training this
noise-� ltering AANN. The training stops as the error residue reach
a level of 1:16 £ 10¡6.

Figure 6 indicates the noise-� ltering capability of this AANN.
A series of 20 consecutive measurement deltas are tested and pre-
sented. A faulty condition occurs at the 11th readout, as evidenced
by a trend change appearing in the noise-free data. Noise levels are
purposely de� ned high as compared to the trend changes for N2
and N1 sensors. As observed from the raw data, it is hard to tell
whether trend changes occur with N2 and N1 sensors. The � ltered
data, however, correctly recover the original noise-freevalues. This
demonstrates the noise-� ltering ability of the present AANN.

The noise-� ltering AANN is then tested with data containingbias
error. A representativeexample is shown in Fig. 7. In this example,
anEGT sensoris assumedto havefailedwith a bias,which is equal to
the trendchange.The resultof thisAANN outputrevealsa smoothed
but erroneous temporal distributionfor each sensor readout. Sensor
nonrepeatabilityis seen � ltered; however, the corrected data do not
recover the original true value. For example, the bias of the EGT
sensor, as weight summed through the network, affects all output
nodes of the AANN, which was trained using nonbiased, noisy
samples. It is not surprisingto see this behaviorbecause the AANN
cannot generalize its mapping ability onto bias correction that was
absent from the features possessed by the training samples. The
in� uence of bias, hence, can propagate through the noise-� ltering
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Fig. 7 In� uence of bias on noise-� ltering AANN.

Fig. 8 Identity mapping of self-mapping AANN.

AANN. From the output values shown in Fig. 7, it is observed that
the bias effect may sometimes amplify, rather than diminish, when
passing through the noise-� ltering network.

B. Self-Mapping AANN

Downstream of the noise-� ltering AANN is a so-called self-
mapping AANN. This particular AANN was trained using clean
data (K D 0) for both input and output nodes (K 0=K 0 AANN). The
network structure has three hidden layers (4–6–3–6–4), and there
are 400 samples that were used for the training process. Identity
mapping is achieved with this self-mapping AANN, as illustrated
in Fig. 8, in which 20 clean samples were tested with very low
input/output differences.

This self-mapping AANN has certain bias correction capability.
Figures 9 and 10 demonstrate the test results of the bias correction
characteristics.A set of data corresponding to a biased EGT sensor
was sent through the network. The results computed at the output
nodes can almost completely recover the nonbiasedvalues (Fig. 9).
A second data set for which an N2 sensor is biased is also checked;
however,thebiascontainedthis time canonlybepartiallyeliminated
as it passesthroughthe self-mappingAANN (Fig. 10). This example
indicatesthat the self-mappingAANN cannot be used alone for bias
correction,simply becauseits performancein eliminatingbiaseffect
is not always reliable.

Fig. 9 Bias correction ability of self-mapping AANN (sensor 1 biased).

Fig. 10 Bias correction ability of self-mapping AANN (sensor 3
biased).

One can take advantageof this partial self-mappingcharacteristic
to de� ne our � tness function for the GA search:

f .b j / D
MX

i D 1

[Os.i/ ¡ Is.i/]
2 (3)

in which Os .i/ and Is.i/ are the output and input values corre-
sponding to the i th sensor and M is the total number of sensors.
The function f .b j / represents the � tness of the j th sensor assigned
with bias value b j . Suppose a near-optimal bias is guessed for the
correctly selected failed sensor. The output of the noise-� ltering
AANN will yield an almost, but not exactly, recoveredset of sensor
data. As this corrected data set enters into the next self-mapping
AANN, the � tness will approach its minimum, signifying that the
search trend is converging toward the desired true bias value.

Note that the AANN characteristics and the � tness de� ned for
the GA optimization is very critical. Based on our experiences, in-
appropriate AANN architecture and � tness de� nition would often
lead to incorrect search results.

C. Decentralized ANN

The DNN has been used for fault identi� cation and accommo-
dation.18 DNN utilizes the redundancyof sensor informationand re-
constructsthe missing sensordata fromother availabledata.Table 2
illustrates the features of the DNNs used in the presentwork. All of
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Table 2 Decentralized ANN de� nitions for DNN Architecture

Neural Neural network
network no. Input Output structure

DNN1 1 EGT 1 WF 1 N2 1 N1 3–5–5–1
DNN2 1 EGT 1 N2 1 N1 1 WF 3–5–5–1
DNN3 1 EGT 1 WF 1 N1 1 N2 3–5–5–1
DNN4 1 WF 1 N2 1 N1 1 EGT 3–5–5–1

Table 3 Error characteristics of DNN fault identi� cation

Candidate faulty sensor
Assumed faulty
sensor EGT WF N2 N1

EGT 2.01e¡3 3.71e¡2 9.38e¡2 6.58e¡2
WF 7.18e¡2 2.16e¡3 2.19e¡1 3.70e¡2
N2 1.17e¡1 1.29e¡1 2.05e¡3 1.71e¡2
N1 3.85e¡2 3.15e¡2 3.08e¡2 2.32e¡3

these DNNs are trained using clean data. Noise effect is not consid-
ered because it has already been greatly eliminated in the preceding
noise-� ltering ANN process.

Error incurred as data passing through this bank of DNNs is,
hence, de� ned as

ERR D
MX

i D 1

[Od .i/ ¡ Os.i/]
2 (4)

where Od.i/ is the output of the i th DNN and Os.i/ is the i th sensor
data coming out of the self-mapping AANN. The summation runs
through all of the DNNs de� ned in the bank. As the GA search
takes on a near-optimal bias value for the correctly identi� ed failed
sensor, the reconstructed set of data out of the self-mapping and
decentralizedANNs in the search processwill result in a very small
error residue de� ned by Eq. (4). Otherwise, the in� uence of bias,
produced either by an incorrect guess of the bias value or by an
erroneous isolation of the failed sensor, will propagate through the
noise-� ltering and the self-mapping AANNs as well, yielding a set
of relatively poorly intercorrelated inputs to the DNNs and, hence,
a larger error residue de� ned by Eq. (4).

Table 3 indicates the error characteristics of the DNN bank. The
diagonalentriesof thismatrix have error residuesthat are anorderof
magnitude smaller than those of the off-diagonal terms. This char-
acteristic, therefore,can be used as an additional fault identi� cation
index for the present SFDIA algorithm.

D. GA

For the present optimization problem, there often exist multiple
local minima over the parameter bound of the � tness function, as
illustrated in Fig. 11. A gradient search may easily lead to an er-
roneous solution, depending on how the data were initiated. A GA
search19¡21 is ideal for a global, rather than a local, search of the
optimum of the objective function. Therefore, the GA optimizer is
adopted here for the task of bias parameter identi� cation.

Important features of the presently used GA are described in
Table4, and the searchspacefor eachparameteris de� ned in Table 5.
Real-valued random population initiation starts the GA evolution.
Each generation contains a family of 100 chromosomes. Through
the GA operators, namely, reproduction,crossover, and mutation, a
next generationis produced. In general, the � ttest individualshave a
better chance to survive to the next generation.This GA search will
stop at a predetermined number of generations, and the parameter
corresponding to the � ttest value will be taken as the converged
solution.

A selection operator is critical for a successful GA evolution.
Here, we use tournament selection to generate the parents for off-
spring reproduction. The upper 60% ranked chromosomes are se-
lected � rst. These � ttest individuals, which are randomly chosen
from the � ttest pool, will compete with one another. This competi-
tion will be done 100 times, and a next generation of 100 winners

Table 4 Main features of GA

GA parameters Operators setting

GA type Real-valued GA
Selection method Tournament
Crossover method Blending
Population size 100
Crossover rate 95%
Mutation rate 10%
Tournament selection rate 60 » 80%
Blending factor 0.4
Maximum no. of function evaluations 100,000 (1,000 generations)

Table 5 Sensor bias value and GA searching bound

Parameter Averaged ECM delta Bias GA searching bound

1 EGT 0.04 0.02 [¡5.0, 5.0]
1 WF 0.4 0.2 [¡5.0, 5.0]
1 N2 1.4 0.5 [¡5.0, 5.0]
1 N1 1.1 0.5 [¡5.0, 5.0]

Fig. 11 Fitness value vs bias.

will be selected to continue the next evolution process. To be spe-
ci� c with this selection method, a group of 200 randomly generated
numbers between [1, 60] is � rst created,

yi D .0:6 £ population-size¡ 1/ £ xi C 1; i D 1; : : : ; 200
(5)

in which xi is a random number between [0, 1]. The integer part
of yi is the ranking of the i th selected chromosome. Competition
is then performed with the (2i ¡ 1)th and the (2i )th chromosomes,
and the � tter (higher ranking) will survive.

Blending crossover of each two parent X1 and X2 chromosomes
selected from the tournament selection process is de� ned here by

NX1 D r £ X1 C .1 ¡ r/ £ X2; NX2 D r £ X2 C .1 ¡ r / £ X1

(6)

to produce the offspring, where variables with an overbar are off-
spring, and r is the blending factor that could be random or � xed.
Here, we choose r as a � xed number, and r D 0:4.

Mutation is performed for the randomly selected chromosomes
in a population. The mutation ratio here is set to be 10%. For a
selected j th chromosome, the mutated new offspring takes on a
new parameter:

NX i D
»

U .ui ; li /; if i D j

X i ; otherwise (7)

where U .u i ; li / is a random number bounded by [u i ; li ]
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IV. Sensor Data Validation Tests
In this section we will examine the validity of the presently

proposed SFDIA algorithm. First, the detection of sensor error is
presented. Then, a bias identi� cation and accommodation will be
demonstrated.Sensor errors, includinghard failure, soft failure, and
drift error will be tested. Finally, a large set of examples consisting
of sensorbiaseswith differentdegreesof failure is to be examinedto
show the robustness of the present genetic AANN validation algo-
rithm. In all of the cases studied, the sensor data are assumed noisy
with data scatters (K D 2) comparable to those of the actual engine
deltas.

A. Sensor Error Detection

Sensor measurements are � rst sent into the noise-� ltering and
self-mapping AANNs for failure detection. The overall � tness de-
� ned by Eq. (3) is used as a reference value for claiming whether
bias error exists in the sensors. Because the residue of the AANNs
exceeds a certain predeterminedthreshold,the sensor data are taken
as unquali� ed, and error identi� cation and accommodation will be
activatedbefore these data are fed into the diagnostic fault isolation
ANN.

The sensor failure detection threshold can be determined in ac-
cordancewith the minimal acceptablesuccessrate of the subsequent
fault diagnostic results. Figure 12 shows the success rate of engine
fault diagnosis subject to different degrees of sensor bias. The hor-
izontal coordinate is the bias-to-signal ratio where signal refers to
the averaged parameter delta. The statistical success rate is com-
puted using 200 samples generated by Eq. (1). It is demonstrated
in Fig. 12 that the EGT sensor is most insensitive to the diagnostic
result, whereas N2 sensor is most sensitive. Suppose a 90% success
rate is the minimal acceptance level, then the error residue of the
most in� uential N2 sensor, correspondingto the success rate no less
than 90%, is taken as the threshold for alarming the detection of the
sensor failure.

B. Hard Failure Correction

Two types of hard failure are simulated. The � rst is a complete
loss of the sensor data that is represented by a constant of zero
throughout the period of data collection. The second hard failure
is modeled by a large sudden jump in the observed data. Both of
these two hard failures have triggered the error detectionalarm. The
resultsafter treatmentby thepresentSFDIA algorithmare illustrated
in Figs. 13 and 14. There are three curves appearing in Figs. 13 and
14. Raw data refers to the data input into the SFDIA procedure,
which contain noise, bias, and trend change.True data are the clean
data simulated that have only a trend change and are the target of
the present SFDIA optimization.The SFDIA-corrected data are the

Fig. 12 Success rate of diagnosis subject to different degree of sensor
bias.

Fig. 13 Sensor hard failure: recovery from a complete loss of sensor
data.

Fig. 14 Sensor hard failure: recovery from a large sudden jump of
sensor data.

accommodated data using the present algorithm. It is shown that
data can be recoveredcompletelywithout signi� cant error incurred.

C. Soft Failure Correction

Usually a soft failure in sensor data is relatively hard to identify
when compared to a hard failure. Here, we assume a soft failure in
an EGT sensor with a drift of bias varying linearly from 0.003 to
0.06. This migration of sensor error has an amplitude growth from
approximately 6.7 to 150% of the averaged parameter delta, and,
during the course of sensor drift, a trend change occurs with a jump
value of 0.06 appearing at the 11th recording.

The corrected data are shown in Fig. 15. Again, the present vali-
dationalgorithmhas proven to be excellentin recoveringthedrifting
soft failure data. Not only is the bias drift correctly identi� ed, but
also the ambiguity in mistaking bias drift for performance trend
migration is straightened.

D. Data Recovery Evaluation

To examine the robustness of the present data validation algo-
rithm, a set of test examples are generated. Normal engines pa-
rameter scatter (K D 2) together with different bias amplitudes
(50 » 300% of averaged trend change) are used in the generation
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of the test examples. For each � xed bias level, there are 200 faults
that are generated, spanning uniformly from 1 to 5% performance
degradation for each of the � ve fault types.

The results are shown in Figs. 16a–16d. The vertical coordinate
represents the averaged ratio of the recovered data to its original
unbiased and noise-free value. The recovery rate (RR) is de� ned
herein by

RR D
³

1 ¡
jYSFDIA ¡ YTRUE j

jYTRUEj

´
£ 100% (8)

where YSFDIA and YTRUE represent, respectively, the SFDIA accom-
modated and the original true performancedeltas.Curves appearing
in Figs. 16a–16d are the recovery rates corresponding to different
candidate sensors that are assumed biased. It is shown in Figs. 16
that a wrong identi� cation of the faulty sensor will lead to a low
sensor recovery rate. The present genetic AANN algorithm � nds

Fig. 15 Sensor soft failure: recovery from a drifting bias of sensor
data.

a)

b)

c)

d)

Fig. 16 Sensor recovery rate vs bias amplitude.

no problem in identifying the faulty sensor. The uniformly high re-
covery rates demonstrate the accuracyand robustnessof the present
scheme. It is shown that the SFDIA test has been performed well in
terms of noise � ltering and sensor bias detection and accommoda-
tion for single sensor failure problems.

E. Computing Time Evaluation

A GA search is notorious for its long computing time require-
ments. This is because the search is done in a multiple pointwise
manner. The fast computing characteristic of the ANN approach,
however, offsets this drawback and reduces the time in evaluating
the � tness function. For the cases studied in the preceding subsec-
tions, the clock time required for computinga single bias correction
case takes approximately 24 s on a Pentium III (450-MHz) pro-
cessor, for which 3000 generations with each generation having a
population size of 100 was considered.

V. Intelligent Trend Detector
In gas-path analysis, the observed measurements are the resul-

tants consistingof several contributingfactors as added to the base-
line value de� ned by the manufacturer. Figure 17 illustrates these
contributing factors, in which only a portion is associated with
the deviant of engine performance. One may attribute these fac-
tors to three categories.Category I is the measurement nonrepeata-
bility that is random in nature. Category II accounts for the gen-
uine parameter deltas responsible for the health condition of the
gas path. Category III comprises other factors due to sensor bias,
installation calibration error, Reynolds number, variable geometry
setting deviations (bleed, nozzle, etc.), and baseline shift caused by
correctionerror using inaccurate referencedata. To date, how to ex-
tractcategoriesI and III from themeasurementdelta (observedvalue
subtracted from the provided baseline value) is a critical problem
not yet solved. Usually, it requires a frequent calibrationof sensors
and a systematic monitoring and update of the baseline migration.

The presently developedgenetic AANN algorithmcould be used
as an intelligent trend detector and a performance delta sorter. This
is because category I can be � ltered by AANN, and category III,
which can be considered as a generalized sensor bias, can be iden-
ti� ed using the present algorithm.This characteristic is particularly
valuable for real-life applicationof the ECM diagnostic techniques.
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Fig. 17 Contributing factors to observed measurement value.

Fig. 18 Data correction and trend detection by genetic AANN
algorithm.

Appropriate and timely correction action can be activated soon af-
ter a true performance trend change is discovered, and false alarms
can, thus, be greatly reduced because only true deltas are used in
the diagnostic ANN.

The ability of the present algorithm as an intelligent trend de-
tector is shown in Figs. 18 and 19. A set of consecutive recordings
is depicted in Fig. 18, in which the data series contain noise, bias,
trend change, and a nonphysical jump value known as outliers.The
treated data, however, almost completely recover the original per-
formance delta distribution, and the genuine trend change is cor-
rectly identi� ed. Illustratedin Fig. 19 is a comparisonof the present
data validation method with respect to two conventional smooth-
ing algorithms.22 Both 10-point moving average and exponential
memory retention methods need at least 10 points for the smoothed
trend to pick up the jumped value. A hazardous event may happen
during this transient pick-up period. Conventional data smoothers
are statisticalaverages that have no idea about what kind of physics
are associated with these measured data. However, the present ge-
netic AANN data smoother is trained using educated samples that
are generated using the gas-path dynamics. Noise � ltering and bias
correction are done during the course of searching for an equilib-
riumpoint in the intrinsicstate-spacearoundwhich the sensordeltas
are properly correlated. In other words, the present genetic AANN
algorithm has knowledge about how sensor deltas should be inter-

Fig. 19 Comparison of data smoothing methods in trend detection.

correlated.This explainswhy they bear the name of intelligent trend
detector.

VI. Conclusions
A new of� ine sensor data validation preprocessor for an engine

gas-path diagnostic system is developed. SFIDA can be achieved
using a genetic search in conjunction with noise-� ltering and
self-mapping AANNs. This newly proposed algorithm avoids the
fundamental dif� culties encountered in constructing the required
robust autoassociative network. In the present work, sensor
validation works only for single sensor failure on an of� ine ba-
sis. The characteristics associated with the noise-� ltering and self-
mapping AANNs are explained,and the � tness functionde� ned for
the genetic search of the bias quantity is demonstrated as appropri-
ate. A large set of testing samples is insertedinto this geneticAANN
algorithm for scheme validation, and the results show a high recov-
ery rate over a broad bias range. Moreover, the present algorithm is
able to sort out performance-relateddeltas in the presence of noise,
as well as biases of various kinds (soft, hard, and drifting failures).

The present geneticAANN procedurecan also serve as an intelli-
gent trend detector.Jump values in the trendcan be identi� ed imme-
diately with no delay. Ambiguities in de� ning measurement deltas
can also be straightened using the present data validation method.
Deltas arising from installationcalibration,Reynolds number, vari-
able geometry settings, and baseline shift may be absorbed into a
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so-called generalized bias and can be corrected together with the
true sensor bias using the present genetic AANN method.

Future work may include1) evaluationof the presentANN-based
diagnosticsystem using real-enginedata, 2) extensionof the present
of� ine genetic SFDIA scheme to a real-time or pseudoreal-timeba-
sis, and 3) improvementof the presentmethod to cope with multiple
sensor failure problems.
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