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Key indicatorsof jet enginehealth are deviationsin gas-pathsensor measurements from a “good”baselineengine.
These measurement deviations or deltas are used to detect and estimate engine deterioration and faults. Typical
measurements are exhaust gas temperature, low rotor speed, high rotor speed, and fuel � ow. The measurement
deltas are displayed to powerplant engineers through computer visualization tools such as trend plots, which are
then used for diagnostic and prognostic decisions. The measurement deltas are also used in pattern recognition
and state estimation algorithms to detect and isolate faults. Both the fault detection and the visualization process
are hindered by the presence of noise in the data. Traditional linear � lters used by the gas turbine industry for
smoothing gas-path measurement deltas tend to smooth out the trend shifts in the signal that can signify a fault or
repair event. The linear � lters also perform poorly when high-amplitude impulsive noise and outliers are present
in the signal. However, nonlinear � lters can be designed to suppress noise while preserving the � nal detail in the
gas turbine measurements. Results with simulated signals show noise reduction of about 60% can be obtained with
a nonlinear center weighted idempotent median � lter.

Nomenclature
a = smoothing parameter of exponential average � lter
b = weights of � nite impulse response � lter
k = discrete time
M = number of points in sample
N = window length of � lter
N1 = low rotor speed
N2 = high rotor speed
WF = fuel � ow
w = integer median � lter weights
x = input to � lter
y = output of � lter
z = noisy measurement deltas
z0 = ideal measurement delta
Oz = � ltered measurement delta
1 = change from baseline “good” engine
´ = ef� ciency
2 = root mean square error
µ = noise
¾ = standard deviation, uncertainty
9 = mathematical representationof � lter

Introduction

H EALTH monitoring of jet engines is important because of the
high cost of engine failure and the possible loss of human life.

Many problems in jet enginesmanifest themselvesas changes in the
gas-path measurements.1¡3 Typical gas-path measurements are ex-
haust gas temperature (EGT), low rotor speed N1 , high rotor speed
N2 , and fuel � ow WF . These measurements are also called cockpit
parameters because they are displayed to the pilot. Some newer en-
gines also have additionalpressureand temperatureprobes between
the compressors and turbines. However, the cockpit parameters are
present in both newer and older engines, and therefore, fault de-
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tection and isolation systems should be able to work using them
to be useful for older engines, which are more susceptible to dam-
age. Jet engine gas-path analysis works on deviations in gas-path
measurementsfromanundamagedbaselineengine to detect and iso-
late faults. These deviations in the measurements from baseline are
known as measurementdeltas and are plotted vs time. The resulting
computer graphics (known as trend plots) are used by powerplant
engineers to analyzevisually the conditionof the engine and its var-
ious modules. Unfortunately,noise contaminates the measurements
deltas, which can hide key features in the signal from someone ob-
serving the data.

A typical measurement delta has two main features. The � rst is
because of long-term deterioration and can be considered to vary
in time as a low-degree polynomial, with a very satisfactory linear
approximation.4;5 The second feature of the measurement delta is
sudden steplike changes due to so-called single faults. Depold and
Gass6 foundfroma statisticalstudyofairlinedatathat themaincause
of engine in-� ight shutdown is single faults, which are preceded by
a sharp change in one or more of the measurement deltas. Such
a sharp trend change can also occur if the engine is repaired and
tested on the ground in a test cell. Therefore, a typical jet engine
measurement delta signal can be assumed to be a linear long-term
deterioration along with sudden step changes due to a single fault
or a repair event.

The powerplant engineer does not only rely on observing trend
plots to monitor the engine condition.Variousdiagnosticalgorithms
have been developed to estimate engine condition and to iden-
tify faults from the health signals using weighted least squares,7;8

Kalman � lter (see Ref. 9), neural network,6;10¡12 fuzzy logic,13 and
Bayesian (see Ref. 14) approaches. However, whereas all of these
algorithms attempt to handle the uncertainty in the measurement
deltas, their performance is often degraded as the noise in the data
increases.This is also true for system identi� cation of jet engines15

that is done to produce better control and diagnostics models. In
addition, these estimation and pattern recognition algorithms are
often optimal for Gaussian noise models and can degrade when
non-Gaussian outliers are present in the data.16

Classical signal processing has been dominated by the assump-
tion of Gaussian random noise model for de� ning the statistical
properties of a real process.16 However, many real-world processes
are characterized by impulsive noise that causes sharp spikes and
outliers in the data. For example, data can be corrupted by impul-
sive noise during acquisition and transmission through communi-
cation channels.17 A phenomenonsuch as atmospheric noise is also
impulsive in nature.16 Fault detection and isolationmethods that are
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optimizedfor randomGaussian noise can suffer severeperformance
degradation under non-Gaussian noise.

In signal processing,� ltering methods are used to preprocess the
data to reduce noise. The term noise here is used in a general sense
and includes any corruption to the signal that hinders the pattern
recognition or state estimation process or that leads to false arti-
facts being observed during visualization.Traditionally, smoothing
methods used by the gas turbine industry are moving averages and
exponential smoothing.6 The moving average is a special case of
the � nite impulse response (FIR) � lter and the exponential average
is a special case of the in� nite impulse response (IIR) � lter. De-
pold and Gass6 � rst addressed the problem of � nding a � lter that
preserves the sharp trend shifts in gas-path measurements due to
a single fault. They showed that the exponential average � lter has
faster reaction time than the widely used 10-point average and is,
therefore, a better � ltering method for processing data before trend
detection and fault isolation. They also developed some rules of
thumb to remove outliers from gas turbine measurements. These
rules were based on the logic that a shift in any one measure-
ment without shifts in the other measurements would indicate an
outlier.

However, both the FIR and IIR � lters are linear � lters and re-
move noise while blurring the edges in the signal. In addition,
the human visual system is acutely sensitive to high frequency in
the spatial form of edges.18 Most of the low frequency in an im-
age is discarded by the visual system before it can even leave the
retina. Unfortunately, the presence of sporadic high-amplitude im-
pulsive noise in a signal can confuse the human visual system into
seeing “patterns” where none are really present. Such noise can
also trigger an automated trend detection system to give a false
alarm. Therefore, it is necessary to remove any such high-amplitude
noise while preserving edges from the measurement deltas be-
fore subsequent data processing operations for fault detection and
isolation.

Substantial research efforts have been conducted in the � eld of
image processing to � nd suitable alternatives to linear � lters that
are robust or resistant to the presence of impulsive noise. Among
these works, the approach that has received the most attention is
that of median � lters. Median � lters are a well-known and useful
class of nonlinear � lters in the image processing� eld.19¡24 They are
useful for removingnoise while preserving� ne details in the signal.
However, they are not well known in engineering health monitor-
ing applications.Ganguli25 used FIR median hybrid (FMH) � lters20

for removing noise from gas turbine measurements while preserv-
ing trend shifts. In this study, step changes were considered in a
constant signal as a representation of a single fault event. Results
showed that the FMH � lter preserved the sharp trend shifts in the
signal, whereas the moving-average and exponential-average� lter
smoothed the trend shifts. The problem of deterioration was not
addressed. Furthermore, the FMH � lter used in this study required
up to 10 points of forward data, and therefore, had a 10-point time
lag. Because jet engines often get only 1 or 2 points in each � ight,
the 10-point time lag is very large and is more suitable for engines
with online diagnostics systems or for systems where data are ob-
tained rapidly. The cost of high rate data acquisition remains quite
high. In applications other than gas turbine engines, Nounou and
Bakshi26 used the FMH � lter to remove noise from chemical pro-
cess signals. Manders et al.27 used a median � lter of length � ve to
removenoise in temperaturedata for monitoring the cooling system
of an automobile engine with installed thermocouples and pres-
sure sensors. Ogaja et al.28 used FMH � lters to remove noise from
data measured by a global positioning system (GPS) that directly
measures relative displacement and position coordinates for a tall
building.

Nonlinear � lters are not limited to median type � lters. A spe-
cial neural network called the autoassociative neural network
(AAAN)29;30 has been used for noise � ltering, sensor replacement
and gross error detection and identi� cation. Lu et al.11 and Lu and
Hsu31 recently used autoassociativeneural networks for noise � lter-
inggaspathmeasurements.The AAAN performsa unitarymapping,
which maps the input parameters onto themselves. The AAAN is

also capableof removingany outliers in the data and performsbetter
at preserving trend shifts than the moving-average or exponential-
average � lter. To train the AAAN, noisy data are input to it and
mapped to noise-freedata at the output nodes. The number of input
nodes and output nodes are equal to the number of measurements.
The AAAN has an input and output layer, two hidden layers, and a
bottleneck layer. Thus the data go to the input layer, then a hidden
layer, then a bottleneck layer, followed by a hidden layer and the
output layer. Lu et al.11 used 8 measurements nodes for the hidden
layer and 5 nodes for the bottlenecklayer resulting in an 8–9–5–9–8
AAAN architecture.Therefore, the neural network learns the noise
characteristicsof the data and is trained to give noise-freedata from
noisy data.

Many � ltering algorithms use a � xed noise detection threshold
obtainedat a preassumednoise density level. For example,wavelet-
based noise removal methods26;32;33 use orthogonal wavelet anal-
ysis, which � nds coef� cients related to undesired features in the
signal. Nounou and Bakshi26 showed that wavelet-based noise re-
moval methods could be superior to the FMH � lter for process
signals with sharp trend shifts. The wavelet-based noise removal
has three parts: 1) orthogonalwavelet transform, 2) thresholdingof
wavelet coef� cients, and 3) inverse wavelet transform. When the
wavelet coef� cients at the highest orthogonal level of decomposi-
tion are set to zero, noise can be removed from the signal. However,
� ndinga thresholddependson the noise level and natureof the noise
and is a dif� cult problem. Neural-network-based� ltering methods
are also sensitiveto thenoise levels in the trainingdata. For example,
the AAAN used by Lu et al.11 was trained with representativenoisy
date using simulated signals. However, when the noise character-
istics becomes different from that used in algorithm development,
which can happenin practicalapplications,theperformanceof these
algorithms can show degradation.

In this paper, we use a special type of median � lter called the
center weighted idempotent median (CWIM) � lter to process gas
turbine health signals for improved visualizationand analysis. The
� lter requires only 2 forward data points compared to 10 points
required by the FMH � lter. In addition, the � lter is demonstrated
on signals containing both deterioration and sharp trend shifts. A
key advantage of the � lters studied in the paper is that they do
not need a priori knowledge of the noise characteristics of the
signal.

Jet Engine Diagnostics
Figure 1 shows a scheme of the jet engine health monitoring

process.The measurementdeltas are processedusing smoothingal-
gorithms based on moving or exponentialaverages.6 In some cases,
the health monitoring function may be completely performed by
powerplant engineers. In these cases, the measurement deltas are
visualized using computer graphics, and the powerplant engineer
uses previous experience to detect engine deteriorationor faults. In
case a fault or severe performancedegradationis detected, the pow-
erplant engineer may suggest prognostics and maintenance action.
In other cases, the powerplant engineer may also have access to
automated fault detection and isolation software that can estimate
the condition of the different modules and also detect and isolate
other faults. In addition, expert systems may be available for inter-
preting the output of the fault detection and isolation algorithms for
suggestingmaintenanceand prognosticsaction. In general, both the
automatedand human componentsof the diagnosticssystem should
be used for the best possible decisions.

Fig. 1 Scheme of jet engine diagnostics process.
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Note from Fig. 1 that a key component of the diagnostics system
is the smoothing or � ltering function. Although much research has
been conducted on the fault detection and isolation function, not
much work has been done to improve the data smoothing and � lter-
ing function.6;11;25;31 The next two sections give a brief background
on linear � lters and the nonlinear median � lter.

Linear Filters
The FIR � lter can be represented as

y.k/ D
NX

i D 1

b.i/x.k ¡ i C 1/ (1)

where x.k/ is the kth input measurement and y.k/ is the kth output.
N is the � lter length and fb.i/g is the sequence of weighting coef-
� cients that de� ne the characteristicsof the � lter and sum to unity.
When all of the weights fb.i/g are equal, the FIR � lter reduces to
the special case of the mean or average � lter, which is widely used
for data smoothing. For example, the 10-point moving average has
the form

y.k/ D .1=10/[x.k/ C x.k ¡ 1/ C x.k ¡ 2/ C ¢ ¢ ¢ C x.k ¡ 9/] (2)

Each of the 10 weights for this � lter is equal to 1/10.
IIR� ltersare linear � lters with in� nite � lter length.Exponentially

weighted moving average is a popular IIR � lter that smoothes a
measured data point x.k/ by exponentially averaging it with all
previous measurements y.k ¡ 1/:

y.k/ D ax.k/ C .1 ¡ a/y.k ¡ 1/ (3)

The parameter a is an adjustable smoothing parameter between 0
and 1 with values such as 0.15 and 0.25 being routinely used in
applications.6 The exponential-average � lter has memory because
it retains the entire time history by using the output of the last point.
Further details about linear � lters are available from textbooks.34

Median Filters
Nonlinear median � lters are discussed next, from the basic stan-

dard median � lter to the more powerful weighted median � lter,
center weighted median � lter, and idempotent median � lters.

Standard Median Filters
Standard median (SM) � lters are a popular and useful class of

nonlinear � lters.The success of median � lters is based on two prop-
erties: edgepreservationand noisereductionwith robustnessagainst
impulsive type noise. Neither property can be achieved by tradi-
tional linear � ltering without using time consuming and often ad
hoc data manipulation. The median � lter with length or window of
N D 2K C 1 can be represented as19

y.k/ D median[x.k ¡ K /; x.k ¡ K C 1/; : : : ; x.k/;

: : : ; x.k C K ¡ 1/; x.k C K /] (4)

where x.k/ and y.k/ are the kth sample of the input and output
sequences, respectively. To compute the output of a median � lter,
an odd number of sample values are sorted, and the median value
is used as the � lter output. Thus, the median � lter uses both past
and future values of x.k/ for predicting the current output point.
This � lter for discrete time k and window length N D 2K C 1 can
be written in compact form as

y D median.x¡k ; : : : ; x¡1; x0; x1; : : : ; xk / (5)

Because the output of a median � lter is always one of the input
samples, it is possible that certain signals can pass through the me-
dian � lter without being unaltered.This has been shown to hold for
median and many median-based� lters. Because such signals de� ne
the nature of a � lter, these are referred to as root signals. A root is

a signal that is not modi� ed by further � ltering. Thus, a signal is a
root signal of the SM � lter if it satis� es

x0 D median.x¡k ; : : : ; x¡1; x0; x1; : : : ; xk / (6)

Repeated median � ltering of any � nite length signal will result in
a root signal after a � nite number of passes. It has been shown that
if an SM � lter has � lter window width 2K C 1 and the signal has
length P , then at most

3

µ
P ¡ 2

2.K C 2/

¶

passes of the � lter are required to producea root signal.35 However,
this bound is rather conservative in practice. Typically, after 5–10
� lterings only slight, if any, changes take place in the � lter output,
and the � lter is said to have converged.

It is important to determine if a � lter will drive any input signal to
one of these roots after a suf� cient but � nite number of passes. If it
does, the � lter is said to have convergenceproperty. The important
fact is the step edges, ramp edges of suf� cient extent, and constant
regionsare root signalsof themedian � lter. This means that suchsig-
nals are preservedeven after repeated� ltering,which is very impor-
tant to the feature preservationproperty of the median-type � lters.

Weighted Median Filter
The weighted median (WM) � lter is a generalization of the SM

� lter where nonnegative integer weights are assigned to each po-
sition in the � lter window. WM � lters provide a number of free
parameters in the form of weights that can be tuned to design a � lter
to perform speci� c tasks. WM � lters have been successfullyused in
image processing where edges are very important details. The WM
� lter output is given as19

y.k/ D median[w.k ¡ K / ± x.k ¡ K /;

: : : ; w.k/ ± x.k/; : : : ; w.k C K / ± x.k C K /] (7)

where ± stands for duplication. Duplication means that the sample
x.k/ is repeated w.k/ times in the array before taking the median.
There are N D 2K C 1 weights for the WM � lter. If we assume that
Eq. (7) is de� ned for the kth sample, we can write the de� nition of
the WM � lter in more compact form as

y D median.w¡k ±x¡k; : : : ; w¡1 ±x¡1; w0 ±x0; w1 ±x1; : : : ; wk ±xk/

(8)

Symmetric WM � lters are widely used in practice to avoid bias ef-
fects.A symmetric WM � lter has weights satisfyingthe relationship
w¡1 D wi , i D 1; 2; : : : ; K .

Note that WM � lters with positive integer weights are limited
to low-pass capabilities. Low-pass � lters remove high-frequency
noise. Arce36 generalized the weights to negative weights by using
the following de� nition:

y D median[jw¡k j ± sgn.w¡k /x¡k; : : : ; jw¡1j ± sgn.w¡1/x¡1;

jw0j ± sgn.w0/x0; jw1j ± sgn.w1/x1; : : : ; jwkj ± sgn.wk/xk] (9)

Here the weight signs are uncoupled with the weight magnitudes
and merged with observation samples. This extension to negative
weights allows the use of a WM � lter to do bandpassor high-pass� l-
teringand to suppressdesiredfrequencies,respectively.The weights
of the � lter could be optimized for specialized application.36 How-
ever, in our application, we are looking for a low-pass � lter con-
taminatedwith high-frequencyGaussian noise. Hence, we consider
positive integer weights only.

Center Weighted Median Filter
A subclass of the symmetric weighted median � lter is the center

weighted median (CWM) � lter.22¡24 In the CWM � lter, all samples
inside the � lter window are assigned unit weights except the center
sample. Thus, a CWM � lter with window size 2K C 1 has a weight
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of w0 D 2L C 1 for the center sample, and all other weights are
wi D 1 for each i 6D 0, where L and K are nonnegative integers,

y D median.x¡k ; : : : ; x¡1; 2L C 1 ± x0; x1; : : : ; xk / (10)

Different CWM � lters are producedby different values of L . When
L D 0, the CWM � lter reduces to the SM � lter. When L ¸ K , the
CWM becomes the identity� lterbecausethe numberof duplications
of the center sample results in the median becoming equal to the
center sample.Root structuresfor the CWM � lterhave the following
theorems.

Theorem 1. The minimum length of a constant neighborhood
of CWM of window length 2K C 1 and center weight 2L C 1 is
K C 1 ¡ L.

Theorem 2. An edge is a root of any CWM � lter.
Proofs of these theorems may be found in Ref. 22.

CWIM Filter
When L D K ¡ 1, the CWM � lter is an idempotent � lter,37 that

produces root signals after a single � ltering pass. This avoids the
need for repeated passes that are needed by other types of median-
based � lters to converge to the root signal. Thus, a CWIM � lter of
window length 2K C 1 can be de� ned as

y D median.x¡k; : : : ; x¡1; 2K ¡ 1 ± x0; x1; : : : ; xk / (11)

Filter Design for Gas-Path Measurements
The approachof designinga � lter to preservecertainimagedetails

whilediscardingothersis knownas optimal� lteringunderstructural
constraints.22 The CWM � lter has two design parameters that must
be determined to meet certain requirements. These are the center
weight 2L C 1 and the window length 2K C 1. A typical design
objectiveis to � nda CWM � lter to preservecertainsignal structures,
for example, the smallest length constant neighborhoodthat is a set
of adjacent points having similar values.

Using Theorems 1 and 2, we could design a � lter for speci� c
applications.For jet engine measurementdeltas,we can assume that
any one point that is not a part of a trend or constant neighborhood
is a spurious data point representing impulsive noise. However, any
two or more points that represent a trend are assumed to re� ect a
genuine trend. This is a very conservative assumption and ensures
that any � ne detailsin the image lastingoveronepointare preserved.
We want a � lter with minimum need for forward data. This can be
accomplishedby using a � lter of small window length (for example,
a three-point � lter). However, larger window lengths lead to better
noiseattenuation.As a compromise,we selecta � ve-point� lter with
window length N D 2K C 1 D 5. This results in K D 2 and a time
delay of only two data points in the signal.

From Theorem 1, we see that the minimum length of a constant
neighborhoodof CWM of windowlength 2K C 1 and centerweight
2L C 1 is K C 1 ¡ L . Therefore, for preserving constant neighbor-
hoods of minimum length 2, we need K C 1 ¡ L D 2; this yields
L D 1. The center weight is then equal to 2L C 1 D 3. The corre-
sponding � lter with K D 2 and L D 1 is

y D median.x¡2; x¡1; 3 ± x0; x1; x2/ (12)

The preceding � lter is also an idempotent � lter because L D K C 1.
Therefore, it should converge to a root signal in only one pass and
not need repeated passes like the conventional median � lters. We
shall use this � ve-point CWIM � lter with triple duplication of the
center sample for our results.The � lter preservesconstantneighbor-
hoods of minimum length equal to 2 and does not preserve constant
neighborhoods of length less than 2. From Theorem 2, an edge is
always preserved by the CWM � lter. Therefore, it preserves � ne
details but removes spurious impulsive noise.

Test Signal
Gas-path measurement deltas are obtained by subtracting the

baseline measurements for a good engine from the actual mea-
surements. The baseline measurements often come from an en-
gine model, and various correction factors are used to reduce the

Table 1 Fingerprints for selected gas turbine faults
for ´ = ¡2%

Faults 1 EGT, ±C 1WF , % 1N2 , % 1N1, %

HPC 13.60 1.60 ¡0.11 0.10
HPT 21.77 2.58 ¡1.13 0.15
LPC 9.09 1.32 0.57 0.28
LPT 2.38 ¡1.92 1.27 ¡1.96
Fan ¡7.72 ¡1.40 ¡0.59 1.35

Fig. 2 Scheme of jet engine modules and sensor measurements.

measured data to standard sea-level conditions.38 Because both the
enginemodeland thecorrectionfactorsaremathematicalmodel ide-
alizations, they are sources of errors in the gas-path measurements
deltas. Therefore, gas-path measurement deltas contain high levels
of uncertainty due to sensor errors and modeling approximations.

A typical twin spool jet engine (Fig. 2) consists of � ve mod-
ules: fan, low-pressure compressor (LPC), high-pressurecompres-
sor (HPC), high-pressure turbine (HPT), and low-pressure turbine
(LPT). Air coming into the engine is compressed in the fan, LPC,
and HPC modules, combusted in the burner, and then expanded
through the LPT and HPT modules, producing power. The sensors
N1 , N2 , WF , and EGT provide information about the condition of
these modules and are used for health monitoring. Table 1 shows
in� uence coef� cients for a commercial jet engine at a � xed power
condition with ´ D ¡2% from a baseline good engine. These in� u-
ence coef� cients are taken from Ref. 12. The numbers in Table 1 are
the � ngerprints or fault signatures for the module faults. As an ex-
ample, a 2% ef� ciency decreasein the HPC correspondsto a 13.6±C
increasein exhaustgas temperature,a 1.6% increasein the fuel � ow,
a 0.11% decrease in high rotor speed, and a 0.10% increase in low
rotor speed. Test signals are created for the four measurementswith
the � ngerprint chart numbers as a guide for the maximum measure-
ment deltas. Using synthetic test signals allows us to evaluate the
� lter performance because the � nal answer is known.

Ideal Signal
The signals in Figs. 3–6 contain 250 data points for the 1 EGT,

1WF , 1N2 , 1N1, and measurements, respectively. In Figs. 3–6,
an ideal, noisy and CWIM, FIR, and IIR � ltered signal is shown.
The ideal test signals used in this study are obtained by putting
together linear deterioration signals superimposed with edges rep-
resenting a single fault or maintenance event. A number of com-
binations of the deterioration and fault signals are studied. This
simulated fault time history idealizes a real-life scenario within a
compressed timescale. The maximum amplitude values uses for
each signal are 1 EGT D 15:4±C, 1WF D 1:91%, 1N2 D ¡0:74%,
and 1N1 D ¡1:99%, which correspond to, for example, an HPT
fault of ´ D ¡1:41%, an HPT fault of ´ D ¡1:48%, an HPT fault
of ´ D ¡1:31, and an LPT fault of ´ D ¡1:97%, respectively (from
Table 1).

Noisy Signal
Randomnoise is addedto the simulatedmeasurementsusing stan-

dard deviationsfor 1 EGT, 1N1, 1N2 and, 1WF of 4.23±C, 0.25%,
0.17% and 0.50%, respectively. These numbers are obtained from
typical airline data given in Ref. 12. Impulsive noise is also added
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Fig. 3 Ideal, noisy, and � ltered ¢ EGT data.

to the ideal signal. The impulses are selected at eight levels: ¾ ,
1.5¾ , 1.75¾ , 2¾ , ¡¾ , ¡1:5¾ , ¡1:75¾ , and ¡2¾ . These points are
placed in an arbitrary way to simulate spurious data that follows
no theoretical noise model. The noisy signal is shown in Figs. 3–
6 for the four measurements. Both random and impulsive noises
are included in that signal. Note that noise causes problems in dif-
ferentiating between a healthy and damaged engine and also hides
important features of the data.

After noise is added to this signal, it allows us to test the perfor-
mance of a � lter in the presence of trend shifts that can represent a
single fault precursor to a major maintenance event and also ramps,
which model long-term deterioration over time. The stationary re-
gions simulate a healthy engine.The test signals used here are rela-
tively more complex than those found in actual practice. However,
they serve to illustratethe CWIM, FIR, and IIR � lters overa rangeof
signal-to-noiseratios and for different deterioration rates and trend
shifts.

Error Measure
Consider the basic measurement deltas 1 EGT, 1N1 , 1N2, and

1WF . Then we can write any of these measurement deltas as fol-
lows:

z D z0 C µ (13)

where z0 is the measurement delta also called the ideal signal. In
reality such a pure signal would be contaminated by noise and out-
liers, and therefore, z is the polluted or corrupted signal. A � lter

Fig. 4 Ideal, noisy, and � ltered ¢WF data.

9 performs the following operation that returns the � ltered signal
from the corrupted signal:

Oz D 9.z/ D 9.z0 C µ/ (14)

In the next section,we evaluatethe CWIM, FIR, and IIR � ltersusing
simulateddata.The followingroot mean squareerrormeasurebased
on the L2 norm will be used to analyze the � lter performanceover a
sample of M points by comparing the � ltered signal with the ideal
signal39:

2 D 1
M

MX

k D 1

q¡
Ozk ¡ z0

k

¢2
(15)

Numerical Experiments
Numerical experiments are conducted to evaluate qualitatively

and quantitatively the CWIM � lter and the traditional linear � lters
using the test signals. Figures 3–6 show the ideal, noisy and � ltered
signals for 1 EGT, 1WF , 1N2, and 1N1, respectively.It is veri� ed
that the ideal signal for each of the four cases are indeed root signals
of the CWIM � lter. This is not surprisingbecause constant regions,
step edges, and ramp edges of suf� cient extent are root signals of
median � lters, as mentioned by Senel et al.21 The FIR � lter used in
Figs. 3–6 uses a 10-pointmoving average [Eq. (2)] and the IIR � lter
uses a D 0:25 in Eq. (3).
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Fig. 5 Ideal, noisy, and � ltered ¢N2 data.

ObservefromFigs. 3–6 that considerablenoise is reducedfor each
signal after CWIM � ltering and that trendchangesand deterioration
history are more clearly visible. For the 1 EGT signal in Fig. 3,
the three points where trend shifts occur are clearly identi� ed. In
addition, the linear variations simulating engine deterioration are
also preserved. The impulsive outliers in the data are successfully
removed.The FIR � lter is very goodat removing the high-frequency
random noise and absorbing the outliers. However, the FIR � lter
smoothes out the trend shifts. The FIR � lter also takes nine points
to start, which results in some impulsivenoise in the signal between
k D 1 and k D 9 not being smoothed. In contrast, the IIR � lter needs
one point to start and the CWIM � lter needs two points. The IIR
� lter also reduces random noise, but smoothes out the trend shifts
in the signal. For the 1WF signal in Fig. 4, the three points where
the trend shifts occur are clearly identi� ed after CWIM � ltering.
The linear characteristics in the signal are also preserved. For the
1N2 signal in Fig. 5, the step edges are clearly preserved,and their
temporal locations are enhanced in the signal after CWIM � lters. In
addition,the � ne detail due to a small trend shift betweenk D 50 and
k D 100 is also brought out in the � ltered signal. Such � ne detail is
very dif� cult to decipher in the noisy signal.Finally, the 1N1 signal
in Fig. 6 shows the step edges and deterioration features are clearly
brought out.

The resultsalso show that theCWIM � lterworksbest in removing
outliers and not in removing Gaussian noise. Thus, for the 1 EGT
and 1WF signals, which have high levels of Gaussian noise, the

Fig. 6 Ideal, noisy, and � ltered ¢N1 data.

CWIM � ltered signal still contains more random noise that the FIR
and IIR � ltered signals. For the 1N2 and 1N1 signals, which have
low random noise levels, the � ltered signal appearsmuch less noisy.
This is not surprisingbecause the CWIM � lter used here falls under
the classof the“gentle� lter,” which removesoutlierswhile to a large
extent not affecting other features.19 In contrast, the FIR and IIR
� lters remove Gaussian noise. However, fault isolation algorithms
such as theKalman � lter,which is used forgas-pathstate estimation,
are only optimal under a Gaussian noise environment.40 Therefore,
such algorithms can handle the Gaussian noise present in the data,
but would have problems with non-Gaussian outliers.

The impulses that corrupted the signal and prevented proper vi-
sualization have been removed by the CWIM � lter. The removal
of impulsive noise is important for improved visualizationbecause
the human visual system is very sensitive to high frequency in the
form of edges. The removal of the impulsive noise also makes the
� ltered signal more amenable to automated fault detection and iso-
lation.

The results shown in Figs. 3–6 are qualitativeand representone of
many possible noisy samples. For a more quantitative understand-
ing, 1000 samples of noisy random data about the ideal signals
shown in Figs. 3–6 were taken for each of the four measurements,
and the average root mean square error calculated. These results
are shown in Table 2. For each of the four measurements, there is
a reduction in noise of about 58–60% for the CWIM � ltered signal
compared to the noisy signal.
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Table 2 Average root mean square error for noisy and
CWIM � ltered data

Data 1 EGT 1WF 1N2 1N1

Noisy 0.156 0.0046 0.0062 0.0091
Filtered 0.064 0.0019 0.0025 0.0037

Fig. 7 Average root mean squared error for noisy and FIR, IIR, and
CWIM � ltered ¢ EGT data.

To illustrate the bene� t of the CWIM � lter over the linear � l-
ter, Fig. 7 is a comparison of the noise reduction in 1 EGT using
the FIR, IIR, and CWIM � lters. Compared to the noisy signal, the
FIR � lter shows a noise reduction of 13%, the IIR � lter of 35%,
and the CWIM � lter of 59%. Therefore, the nonlinear CWIM � lter
can be recommended for noise removal from jet engine gas-path
measurements.

Conclusions
A nonlinear � lter, the CWIM � lter, is analyzed for improved vi-

sualizationand noise removal in jet engine gas-path measurements.
A typical jet enginemeasurementdelta signal is createdusing linear
deterioration superimposed with occasional trend shifts. The four
measurements considered are exhaust gas temperature, fuel � ow,
low rotor speed, and high rotor speed. The following conclusions
are drawn from this study.

1) A nonlinear CWIM � lter is specially designed for noise re-
moval in jet engine measurement signals. This � lter results in a
noise reduction of about 60% in all four measurements used in this
study.

2) The CWIM � lter retains the trend shifts and other features in
the signalwhile removingnoise.It helps in generatinga signal that is
more suited to thehuman visualsystemby removinghigh-amplitude
impulsive noise that can lead to a person observing patterns where
none are really present.

3) Filtering gas-path measurementsusing the CWIM � lter before
fault detection and isolation is likely to improve the performance
of state estimation algorithms such as the Kalman � lter, which are
optimal for Gaussian noise and can show performance degradation
in the presence of non-Gaussian outliers.

4) The linear FIR and IIR � lters typically used for smoothing
jet engine signals are found to smooth out the key features in the
signal. For the exhaust gas-path temperature signal, the noise re-
duction by the FIR, IIR, and CWIM � lters is 13, 35, and 59%,
respectively. Therefore, the CWIM � lter is recommended for pre-
processing jet engine measurement deltas before performing fault
detection or visualization.
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