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Abstract

With increased system complexity, Condition-Based Maintena@B&1f becomes a promising
solution to system safety by detecting faults and schedulimgenance procedures before faults
become severe failures resulting in catastrophic events. Fgr @Bnany mechanical systems,
fault diagnosis and failure prognosis based on vibration signalsimalre essential techniques.
Noise originating from various sources, however, often corruptatiobr signals and degrades
the performance of diagnostic and prognostic routines, and consggqubatiperformance of
CBM. In this paper, a new de-noising structure is proposed and dppligibration signals
collected from a testbed of the main gearbox of a hekcomtibjected to a seeded fault. The
proposed structure integrates a blind deconvolution algorithm, featdracteon, failure
prognosis, and vibration modeling into a synergistic system, in whietblind deconvolution
algorithm attempts to arrive at the true vibration sighedugh an iterative optimization process.
Performance indexes associated with quality of the extrdetgdres and failure prognosis are

addressed, before and after de-noising, for validation purposes.
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List of Symbols
fs Planetary carrier rotation frequency
N Number of teeth in the annular gear
p Index of gear in consideration
Np Number of gears
m Index of harmonics of tooth meshing frequency
M Total number of tooth meshing harmonics in consideration
n Index of harmonics of carrier rotation frequency
N Total number of carrier rotation harmonics in consideration

Angular phase shift caused by a crack on the plate

n Magnitude of modulating signal at its harmonfc
m Magnitude of vibration signal from a single gear at its harmamcf °
p,mn Magnitude of frequency components from geat sidebananN+n

Remainder of fiN+n)/N,
mn Magnitude of combined vibration signal (superposition of vibration ssgnal

from different gears) at sidebaniN+n

q Angular phase evenly separated¥yygears
Whn Weighting factor of nonlinear projection at sidebamg+n.
D Angular position of gegp.
|. INTRODUCTION

The increasing demand for system safety and reliability regjtivat faults in complex dynamic

systems be detected and isolated as early as possiblatsmaintenance practices can be
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scheduled before faults become severe. Traditional breakdown and schedugdnance
practices are, therefore, replaced by Condition-Based Mainten@Bd#) to meet this need [1].
CBM is an integration of signal processing, feature extractfault detection and isolation,
failure prognosis, and decision making. In order to implement CBM,h#dadth of critical
components and subsystems must be monitored and reliable diagnosticizogimategies
developed [1]. Then, the system health can be assessed and maetpremices can be
scheduled based on the remaining useful life of components/system®itb catastrophic
events.

Performance of failure prognostic routines, however, is closebteclto the features (also
known as condition indicators), derived from sensor data, which relieakvolution and
propagation of a failure in the system [2-5]. For many mechlasystems, features are typically
extracted from vibration data [6]. During the operation of such &mysf a fault occurs, it is
expected that the vibration signals will exhibit a charactersignature which reveals the
severity and location of the fault. Noise in the system, howevemn aforrupts the vibration
signals and masks the indication of faults, especially in thely stages, thus curtailing the
ability to accurately diagnose and predict failures. Therefors,imhportant to develop a good
and reliable de-noising scheme to improve the signal-to-noiseanati make the characteristics
of the fault perceptible in the vibration data. This process wiprove the quality of the
obtained features, potentially lower the fault detection thresholdhwhareasing the accuracy
of the diagnostic and prognostic algorithms.

The main transmission of Blackhawk and Seahawk helicopters emphoyes-@anet epicyclic
gear system, which is a critical component directly rdlatethe availability and safety of the

vehicle [6-7]. Recently, a crack in the planetary carrier pleds discovered during regular
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maintenance, as shown in Figure 1. This resulted in major overhaldsign and replacement
of gear plates with a high cost associated with these aesiviManual inspection of all
transmissions is not only costly, but also time prohibitive [2]. CBBuUId provide a
cost-effective solution to reduce the work burden and enhance vedifietg [2]. Many research
efforts towards designing and implementing CBM on helicopters, sschibration signal
preprocessing [3, 8], vibration signal modeling [9], features extra¢B-4], detection of cracks,
and prediction of crack length [10], have been carried out. The objectitresopaper is to
propose a new vibration pre-processing structure, which synergibestiom de-noising,
vibration modeling, feature extraction, and failure prognosis, to enhheceerformance of
CBM. The planetary gear system with a seeded crack on the ayear plate will be used to

verify the proposed method.

Fig. 1. The crack of planetary gear carrier pldtdhe UH-60A helicopter

For an epicyclic gear system, the widely used de-noising technggdeme Synchronous
Averaging (TSA), which can be implemented in the time or frequelmeyain [3-6, 8] This
operation enhances the components at the frequencies that are moftifiie shaft frequency,
which are often related to the meshing of gear teeth [2-3]. Asdahee time, it tends to average
out external random disturbances and noise that are asynchronous with the rotatigear. the

Other de-noising algorithms include Blind Source Separation (B2$)13] stochastic
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resonance [14], and adaptive schemes [15-16]. BSS aims to extraadluati but physically
different, excitation sources from the combined output measurementdié]to the complex
environment and the large number of noise sources in mechanical syttenapplication of
BSS is severely hindered [11]. A practical solution is to focusenrtain vibration source that
contributes mostly to the vibration, while it treats all other sssi@s a combined noise. Then,
the objective is reduced to separating the vibration source from mgiszh, in this sense, is the
cumulative contribution of many different sources. This leads tblird deconvolution
de-noising algorithm [17-19].

Previous research work reported in [9] has provided a good understandingtrofethération
signals, originating from the epicyclic gearbox under both headthg faulty operational
conditions. However, little knowledge about the noise profile is auMaildo remove noise and
recover the actual vibration signal, a blind deconvolution algorithm developed similarly
formulated image processing problem [17] will be modified and ereployhe paper addresses
in detail the structure of the overall de-noising scheme, thgsasalf vibration mechanisms, the
blind deconvolution algorithm, as well as its experimental vetiboaThe results show that the
proposed de-noising scheme can substantially improve the signal-toratisge feature
performance, and the precision of the failure prognostic algorithm.

Il. THE DE-NOISING SCHEME ARCHITECTURE

The proposed overall de-noising scheme is illustrated in Figure acéalerometer mounted on
the gearbox frame collects vibration signals and the TSA sgftjais calculated. The blind
deconvolution de-noising algorithm is carried out in the frequency domaghhences(t) is
Fourier transformed to arrive &f). Then, the de-noising algorithm is appliedS®) which

outputs the de-noised vibration data in the frequency doB(@nlf the time domain signal is
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required,B(f) can be inverse Fourier transformed to obtHth FromB(f) andb(t), features can
be extracted and fused to be used subsequently for fault diagnosis andpfaidpnasis. With the
main objective being remaining useful life prediction, the failuregposis algorithm also
provides an estimate of crack length on the planet gear cplateras a function of time [10].
Both the estimated crack length and load profile of the helicgptee as inputs to the vibration
model [9], which generates the noise-free modeled vibration sigiialThis modeled vibration
signal is Fourier transformed into the frequency domain and gedrey spectra are normalized
to obtain the weighting factor vectd(f), which is used in a nonlinear projection of the blind

deconvolution de-noising algorithm.
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Fig. 2. The overall structure of the de-noisingesuk

The architecture of the proposed de-noising algorithm is decompodeshawn in Figure 3. In
this scheme, a nonlinear projection, which is based on vibration analysis ingtinenitg domain,
and a cost function minimization are critical components, whichdeseribed in the sequel.
Initially, an inverse filter Z(f) must be defined. This inverse filter is an initial estimatéhef

modulating signal in the frequency domain, and converges to athil@ugh an optimization

routine that recovers the vibration signal from the noisy measatadSd). The initial inverse
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filter z(f) is convoluted with5(f) to obtain a rough estimate of the noise-free vibration signal
B(f). The signal B(f) passes through the nonlinear projection, which maps to a
subspace that contains only known characteristics of the vibrsigmal, to yieldBni(f). The
difference betweenB(f) and Bni(f) is denoted a<e(f). By adjusting z(f) iteratively to
minimize E(f), and wherk(f) reaches a minimal value, the signa{f) B(f) can be regarded as
the de-noised vibration signal. At the same tinz¢f) converges t&(f). Through an inverse
Fourier transform, the de-noised vibration signal in the time domain can be obtaingt as w
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Fig. 3. Blind deconvolution de-noising scheme

[1l. VIBRATION DATA ANALYSIS
The vibration signals are derived from the main transmission geavbdlackhawk and
Seahawk Helicopters. The gearbox is an epicyclic gear systdnmfive planet gears, whose
configuration is illustrated in Figure 4. The gearbox is mounted testacell and with a seeded
crack fault on the planetary gear carrier. The following seciittiesd to describe the expected

vibration data in the healthy and faulty gear carrier plate, respectively.
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Fig. 4. The configuration of an epicyclic gear syst

llI-1. Healthy gearbox

Let us assume that the gearbox is an ideal healthy system witlagks. The accelerometer is
mounted at a fixed point at position= 0. Since the vibration signal is generated from the
meshing of gear teeth and the planetary gears are rotatidg ih& angular gear, the vibration
signal is amplitude-modulated to the static accelerometer. iBhathe observed vibration
amplitude will be large when the planetary gear is close tadbelerometer and it will be small
when the planetary gear is far. Suppose that there is only oneapjagear, then the vibration

observed by the transducer should have the largest amplitude wheart&epl gear is at= 0,

2,4, *. Similarly, the vibration should have the smallest amplitudeat , 3,5, *.

Suppose that the planetary carrier has a rotation frequerficyThe vibration amplitude
modulating signal for this single planet gear and its speethéch show components at
harmonics of °, are illustrated in Figure 5(a) and 5(b), respectively. In Fi§(i3g n is the index

of harmonics off ®*and a, is the amplitude of the component of the modulating signal at
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frequencyn f°.
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(a) Time domain modulating signal (b) Frequency domain modulating signal

Fig. 5. Vibration amplitude modulation signal

In the ideal case, thdp= 5 planetary gears are evenly spaced. Then, the planetany afetame

instantt has a phase:

s -1
g,=2p ft+pN (1)

p

The amplitude modulating signal for planetary geaan be written in the time domain as:

N

a,()=  a,cos(y,) (2)

n=-

whereN is the number of sidebands about the harmonics under consideration.

In this case, it is natural to assume that all mesh vibragiensrated from different planetary
gears are of the same amplitude but of different phase shitsainhulus gear haé= 228 teeth.
Since the speed at which teeth meshing is proportional to the angldaity of the planetary
carrier, the meshing vibration appears at frequendi€s[7, 9]. In addition, suppose that, in the

frequency domain, the meshing vibration signal has amplitudes, @t its harmonicsnN f°,

the spectra are illustrated in Figure 6. Then, the vibratiorakgenerated from planet ggacan

be written in the form of:

b,()= b,sin(mNg,) 3)

m=1

whereM is the number of harmonics under consideration.
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Fig. 6. Spectrum of tooth meshing vibration ofregéé planet gear
The observed vibration signal of planetary gpawith respect to the static accelerometer, is
given as the product of the meshing vibration signal and the amplitude taglsignal. It is

denoted agp(t), with frequency spectra as shown in Figure 7, and is given by:

M N

V,(0=a,0b,0=2  ap,sin((mN+ ) @

m=1n=-

Note the sidebands around the meshing vibration harmonics, as conpdfegure 6. The
“sidebands” are defined as the frequency components that appdaarasamically spaced series
[7, 9]. The position of the sidebands can be locatewhidy-n or (m, n with mbeing the index of

meshing vibration harmonics andhe index of the modulating signal harmonics.
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Fig. 7. Vibration spectrum of a single planet

When there are more than one, $&y planetary gears, the vibration signal observed by the
accelerometer is the superposition of tNe vibration signals generated fromp different

planetary gears. This superposition vibration signal has the form:

-10 -
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Np MmN

YO=3 ab,sin(mN+ng,)

(5)

No ™ N +
=l ab,sin p p- 1)%]
N p

2 bt met -
where Equation (1) and the fact that skn(2 ) = sin( ) for any integek are used.
Since the planetary gears are evenly spaced, the phase atigée stdebands will be evenly
spaced along 2[7]. From Equation (5), it is obvious that if sideban#li +n is not a multiple of
Np and (N +n)/Np has a remainder of, the vibration components from different gears are
evenly spaced by an angle 2Np. In this case, when the vibrations generated from different
planetary gears are combined, these sidebands add destructively and keroomseallkistrated in

Figure 8(a), in which/ =~ with 1 p 5 indicates the frequency components of gedihose

frequency components appear at sidebands wimdtern kNo are termed as Non-Regular
Meshing Components (NonRMC).

On the contrary, if sidebamdN+n is a multiple ofNp, the remainder ofmgN+n)/Np will be zero.

In this case, the vibration components from different gears do not hgheesa difference. When
the vibration signals from different planetary gears are combitieese sidebands add
constructively and are reinforced as illustrated in Figure 8gse frequency components that
appear at sidebands whendt + n = kNp are referred to as Regular Meshing Components (RMC)
or apparent sidebands.

This process of frequency components adding destructively/constructiaally generates
asymmetrical sidebands. Partial frequency spectra of thdéaside around the first order
harmonic that illustrates this asymmetry are shown in FiguvehereNp= 5 andN:= 228. Note
that the peak of the spectrum does not appeardl (order 228) but at = -3 (order 225)n = 2
(order 230), etc. The largest spectral amplitude (also known as dominant sidebaad apie

frequency closest to the gear meshing frequency [6].

-11 -
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Fig. 8. Examples of superposition of vibration sibfor a healthy gear plate wittip=5
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Fig. 9. Vibration spectrum of combined signal witix228 and\p,=5

According to the above vibration analysis in the frequency domain andysaesearch results
[6-7, 9], for an ideal system, only terms at frequencies thamal@ples of the number of
planetary gears.€. RMC) survive while the terms at other frequencies. NonRMC) vanish.

Then, the Fourier transform of the vibration data can be written as:
Y(f)= fhea(/mn((mNﬁ ) F)) (6)
Where mnis the magnitude of the spectral amplitude ratNgn)f ° and freais the nonlinear

projection for an ideal healthy gearbox given by:

1 ifmN, + n is a multiple oN,
) otherwise

(7)

[1I-2. Faulty gearbox

When there is a crack on the planetary gear carrier, agyureFiL, the five gears will not be

-12 -



G. Vachtsevanost. al: BLIND DECONVOLUTION

evenly separated along.2Suppose that, at time instanbne of the five planetary gears has an
angle shift caused by the crack. Then, this planetary gear has a phase ddt time instant

with pbeing given in Equation (1). For this gear, the modulating signal becomes:

N

a', = Nancos(n@pﬂy’)) (8)

n=-

The vibration signal generated from this gear is:

b= bysin(mN (g, +) (9)

Accordingly, the modulated vibration signal from this gear is written as:

V,0=a,00,0=5 " ab,sin((mN+ g, +d) (10)

m=1n=- N

If we denote byg = 2 (p-1)/Np, then when the vibration signals from the five planetary gears
are superposed (note that the other four gears do not have a pfasthslobserved vibration

signal should have the form of (suppose the phase shift happens on the last gear):

PN . iMoo ,
y'()== ab,sin((MN+ng)+=  apsin (MN+ g ,+d)
2 p=1 m=1n=- N 2m:1 n=- N
A (12)
= ab,  ap,si ON+ng)+ sif @NE ) +d )
m=1n=- N F1

Due to this phase shift, whenN+n is not a multiple ofNp, the vibration components from
different gears are not evenly spaced. This can be illustrated in FiguyeltLi&abvious that the
vibration components are not canceled in this case. This resultgherMlonRMC frequency
components. On the other hand, winel+n is a multiple ofNp, the vibration components from
different gears are not exactly in phase. The vibration compormnttfre last gear has a phase

difference, which results in lower RMC frequency components, as shown in Fighje 10(

-13-
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Fig. 10. Examples of superposition of vibratiomsibfor a faulty gear plate witkp=5

To see this effect in real vibration signals, the frequency gpacbund the first harmonic for
two different crack sizes at 1.35 inches and 4.4 inches are showguire Bil. The components
in the circles are the NonRMC. This is consistent with the aisaly Figure 10(a). Whem(\
+n) changes from O to, the NonRMC changes from a minimum to a maximum amplitude
while the RMC from a maximum to a minimum. On the other hand, wimdit+() changes
from to 2 , the NonRMC becomes from a maximum amplitude to a minimum wiel&MC
from a minimum to a maximum.

Then, it is clear that the nonlinear projection, given in (7), under dbengtion of a healthy
gearbox is not suitable for a faulty one. A reasonable modificafitime nonlinear projection is
given as follows. From previous research in [9], a vibration mod#ianfrequency domain is
established with the load profile and the crack size being two dhphus. Note that the load
profile is known and the crack size can be estimated from the pragatugirithm [10]. Then,
the modeled noise-free vibration sigma(t) generated from the vibration model is Fourier
transformed in the frequency domain to arrivaViéf). The magnitude oM(f) is normalized to
obtain weighting factor§\(f). For illustration purposes, a model signat) and the weighting

factor W(f) derived from its frequency spectra, are shown in Figures 12@)13(b). The

-14 -
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weighting factors around the first harmonic are zoomed in Figure 12(c).
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Fig. 11. The influence of crack size on frequenusctra
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Fig. 12. The model vibration signal and weightiagtbr. (a) The model vibration signal with cradk} The

weighting factor, normalized model vibration speag{c) The weighting factor at the 1st harmonic.

When a frequency domain sign&@(f) is fed into the nonlinear projection, its frequency

components are multiplied by the weighting fadtdf) to arrive at the output of the nonlinear

projectionBni(f). Suppose that, for a sideband locatednadit€{n) f° B(f) has a magnitude of

m.n, then, after the nonlinear projection, the magnitud®«(f) at this sideband is given by

Winn(f) m, n, whereWm, () is the weighting factor at sidebant\ +n. It is clear that the nonlinear

projection in this case is:

fnl :Wm,n( f)

"N+ ) D,

(12)

Note that the nonlinear projection under the healthy gearbox case itidaq(§ is a special

-15-
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case of (12).
From the above analysis of the system vibration behavior, the folleagsigmptions are made
and used in the blind deconvolution de-noising scheme:

1) The majority of vibration information is contained in limited numbksidebands around
the harmonics, which form tH&sun Note that the frequency spectra fade quickly on both
sides of the harmonics, this assumption is reasonable considering subsequent results.

2) The nonlinear projection that maps a signal into a subspace comt@ysknown
characteristics of the vibration signal is given in (12).

3) The amplitude of the modulating sigradt) decreases monotonically on either side of its
maximum value until it reaches the minimum. Note that this gsBomis somewhat
restrictive.

IV. BLIND DECONVOLUTION DE-NOISING SCHEME

From the vibration analysis of the gearbox, we know that the vibragoals collected from the
transducer are amplitude modulated [7, 9]. Multiple sources of noigefurther corrupt the
signal. A simplified model for such a complex signal may be defined as:

s(t) =a(t)b(t) + n(t) (13)
wheres(t) is the noisy vibration signah(t) is the noise-free un-modulated vibration sigai)
is the modulating signal, amdt) is the cumulative additive noise.
Note that the modulating signalt) is itself affected by noise in the system. Lat) denote the
ideal or noise-free modulating signal amdt) the noise introduced in this signal. Consequently,
a(t) can be represented as:

a(t) = a(t) +n,(9 (14)

Thus, Equation (13) can be rewritten as follows:

-16 -
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s() = (&9 +n(d) LY+ )
AP )+ h()

where A(t) = na(t)b(t)+n(t) contains the total additive noise in the system. On the b#ret, the

(15)

factor a(t) describes the multiplicative noise in the system. The goa fie-noising scheme,
such as the one described here, is to recover the unknown vibrationbgigfram the observed
signal s(t) given partial information about the noise sources and charac®mdtthe vibration
signal.
A typical approach would be to find the inverse af),

2(t) =1/4a(t) (16)
such that

b(t) = (s(t) - T(9)xL)
=s(t)z(t)-h(t)( Y

Note however that little can be assumed abaut and a(t) is not available, () is not

(17)

applicable. To solve this problem, rather than gisit), we propose an iterative de-noising
scheme that starts witla(t), a very rough initial estimate of the inverselad thodulating signal,
which demodulates the observed sigglto give a rough noise-free vibration signal:

b(t) =9} (18)
If partial knowledge about how the plate systenmilsienced by the modulating signait) and
a reasonable understanding of the true vibratignasiis available, then the ideal characteristics
of the vibration signal can be obtained by projegtihis estimated signal(t) into a subspace

with only the known ideal characteristics of thération signal to yield a refined signial(t).
Since this non-linear projection, as the subscenifies, removes all uncharacterisitic

components that exist in the rough estimate, it is necessary to stress the importance of a

-17 -
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good understanding of the underlying process. Araiive scheme then refines these results by
minimizing the error between the two signdlg) andbni(t), i.e.

min|e(t)] = min|b(t)- & (9 (19)
Previous research results detail the spectral ctarstics of vibration signals for rotating
equipment [6-7, 9]. It is appropriate, therefoejrnvestigate the measured noisy vibration in the
frequency domain. The convolution theorem states tine product of two signals in the time

domain is equivalent to their convolution in thedquency domain. Thus, model (15) can be

written in the frequency domain as:

S(f)= A H*E H+ N 9 (20)
with * being the convolution operator astf), A(f), B(f) and N(f) are the Fourier transforms
of s(t), ac), b(t) and fi(t), respectively. Then, the goal in the frequency dioms to recover
B(f).

Writing Equation (18) in the frequency domain, vavé
B(f)=S(NH*Z f) (21)

with B(f) and z(f) being the Fourier transforms df(ty and z(t), respectively. Passing
B(f) through the nonlinear projection, it yiel@si(f). Then, in the frequency domain, we will
minimize the difference betwe®ai(f) and B(f):

min|[E(f)] = min|B(f)- B, (f) (22)
The iterative process refine®(f) to minimize Equation (22). When it reaches the imai
value, z(f) converges t&(f). Then, with thisZ(f) replacing z(f) in Equation (21), a good
estimate foB(f) is obtained as:

B(f)=()* 4 f) (23)

-18 -
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Lastly, the estimate is transformed back into theetdomain to recover the noise-free vibration

signalb(t).

b(t)= FHR N} =  é¥"B J df (24)
To solve this problem, the following additional asgtions are made

4) Z(f) exists and is absolutely summable, Zz(f)<¥.

5) Since the modulating signal(t) is always positive, its inverse should be posito@

Hence, the Fourier transform of its inve®&# contains a dc component.

With the above two assumptions being taken intesic@nation, the cost function is defined as:

J= [B(H-B(N**+( ZH-D° (25)

1 Dy
whereDsupis the frequency range that contains the main tidmmanformation. Because of the
periodic fade of signal spectra between harmoriegndow centered at harmonic frequencies is
used to define critical frequencies. All these vaws form the suppomsup In Equation (25),
assumptions 4) and 5) are used to arrive at thenseterm to avoid an all-zero inverse filEf),
which leads to the trivial solution for error mirimation. Moreover, an iterative optimization
routine is required to implement this scheme. Theative conjugate gradient method is called
upon to address the optimization problem. This wethas faster convergence rate in general as
compared to the steepest descent method [20].

V. EXPERIMENTAL STUDIES

The initial length of the seeded crack on the earis 1.344 inches and it grows with the
evolving operation of the gearbox. The gearbox afesr over a large number of
Ground-Air-Ground (GAG) cycles at different torqlevels. This way, vibration data are

acquired at different torque levels and differenaick lengths.

-19 -
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V-1. Actual crack growth
The ground truth crack length data at discrete GAQes are available and tabulated in Table 1.
With these data, the crack length for GAG cyclesnmfrl to 1000 can be obtained via

interpolation, which results in the crack lengtbwth curve shown in Figure 13.

TABLE |

The ground truth data of crack length (inches)

GAG 1 36 100 230 400 550 650 714 730 988
Crack| 1.34 | 2.00| 250/ 3.02 354 407y 452 6.21 6,78 .63

\l

8

71

)
T

Crack Length (inches)

L L L L L L L L L
o 100 200 300 400 500 600 700 800 900 1000
GAG

Fig. 13. The growth of crack length versus GAG egcl

V-2. Load profile

In each GAG cycle over the first 320 GAG cycleg thrque increases from 20% to 40%, then
to 100%, and finally to 120% and then decreas@®% for the next cycle. From the 321st GAG
cycle on, the torque in each cycle increases frofb o 40%, then to 93%, and then decreases
to 20% for the next cycle. The torque profilestinge two cases are shown in Figure 14. Because
no consistent high torque level data throughoutethigre spectrum of GAG cycles is available
and there is no substantial difference betwee®83é¢ and 100% torque levels, the vibration data
at 100% torque in the first 320 GAG cycles and &#ta3% torque in the later GAG cycles are
considered as consisting one experiment. In thse,d@rque levels at 20%, 40%, and 100% are

investigated.
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(a) GAG cycles 7-320 (b) GAG cycles 321-1000

Fig. 14. The load profile of the gearbox

V-3. On-line real-time de-nosing

It is important to implement the de-noising scheameline. Therefore, the reduction of the
computational burden is critical. The real-time lementation of the de-noising scheme
involves the structure of the inverse filig(f), simplification of the convolution operation, the
initial Z(f), and simplification of the optimization routine.

V-3-1 The structure of the inverse filter

For the gearbox with five gears as in Figure 4, \ieation signal observed by the transducer

should have its largest amplitude at phase 0, 2 /Np, 4 /Np,* . The smallest amplitude

appears at phase= /Np, 3 /Np, 5 /Np, * . This indicates that the frequency of the modutati

signala(t) is much lower than that of the vibration sigh@). The same is true for the inverse of
a(t), Ya(t), whose frequency spectra fade quickly at highgudescies. Therefore, at the

implementation phase, the inverse filtg(f) can be truncated to a short signal containing only

limited coefficients to save computation time amdaurces. This also helps to improve the
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efficiency of the algorithm.
V-3-2 Good initial inverse filter

A good initial guess forz(f) will also improve the convergence rate of the dldeconvolution

approach. In the process of de-noising, sdtfievalues are collected and saved from previous
results. When the system operates under similaratpg conditions, the previously savé()

can be retrieved and serves as the initial estiwfate(f) under the current operating condition.

It is anticipated that this step will speed up cengence.

V-3-3 Simplification of the optimization routine

Optimization of the de-noising algorithm is a rexiue process. The number of iteration is
closely related to the required computation tim@rdach a minimal value of the cost function, a
large number of iterations are needed. Howeverthat later stages of optimization, the
improvement in the cost function value is rathemimal. This suggests that we can terminate the
optimization routine before it reaches the minimalue and this will not degrade performance
significantly.

For example, the convergence curve of the costiifumeersus iteration number from a specific
example is illustrated in Figure 15. It can be s#dwt the cost function becomes stable from
about the 200th iteration on. Hence, for onlineligppons, the optimization routine can be

terminated after a small number of iterations tasglin considerable computational savings.

Cost function value

. . . . . . . . .
o 100 200 300 400 500 600 700 800 900 1000
iterations

Fig. 15. Convergence of cost function along iterai
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V-3-4 Simplification of the frequency domain sigeahvolution

Earlier research results [9liggest that the main vibration characteristic atigre resides in
frequency range below 1530 Hz, which covers up to six harmonics. In additicapid fade of
the signal spectra between the harmonics enaliie defineDsupas a series of windows on each
side of the harmonics. Therefo®supis a collection of six windows with each window thgi
centered at the harmonic frequency and havingtainesrder of sidebands on both sides. Then,
the convolution operation only considers frequespgctra orDsup. TO achieve this goal, the
convolution operation is divided into three stepd ¢his process can reduce the computational
burden significantly.

Step 1: Picking up frequency spectra@npand separating them into six segments as shown in
Figure 16. The original signal spectra are showrFigure 16(a). The separated spectra at

different harmonics are shown in Figures 16(b)-16(g

Amplitud:
s
Amplitud
Ampliude
Ampliud
Amplid
Amplitud

£ 1 5
15] E 5l
o8 o4 o
o o o
| | L 4
! 01}
o o2
o .
05| o ) o
l i 02 01
I - n | | | | | )
0w 5055 .S S e ,

o
0 60 80 1000 1200 1400 10 13

I EEFEEEEEE. Wm0 w0 R W ow a0 @ W o 1 0 10 1
Frequency (order of ) ey 2nd Harmonic 3rd Hamnoric: 4 Hamonic it Hamoric 6th Hamoric

(a) (b) (©) (d) (e) ® (@)
Fig. 16. The separation of frequency spectra (witbsolution ofs). (a) The TSA signal spectra; (b) The 1st

harmonic spectra; (c) The 2nd harmonic spectral k&) 3rd harmonic spectra; (e) The 4th harmonictsae(f) The

5th harmonic spectra; (g) The 6th harmonic spectra;

Step 2: Convolving each segment with the invedser fand truncating the convolution results to
the length of each segment as illustrated in FigureFigures 17(a) and 17(b) show the inverse
filer and segment of the measured vibration si¢a sidebands at the 1st harmonic as shown in

Figure 16(b)), respectively. Figures 17(c) and )1&ldow the convolution results, before and
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after the truncation, respectively.

o.18 0.8 o

o0.16 4 o7 i 0.18] 018
0.14 4 0161 016
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o5
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Z o4 1 a2 50
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0.2

O'OzOTTTrL T‘m TQ(JT ,LTLT; - vatherT Hﬂ LITLJ,M.,. ] " " Ll W;JH!JMJZJMJ HZ

10 2

HHMWV [1e:
955 220 230 240 280 e oz o e %z m W ™
Frequency (order of %) 1st Harmonic Frequency Frequency

(a) (b) (©) (d)
Fig. 17. The convolution of the segment of frequesyectra (taking the 1st harmonic as an examfalg)he
inverse filter; (b) The measured vibration signaara around the 1st harmonic; (c) The convolutesult; (d) The

truncated convolution result.

Step 3: Putting the truncated convolution resudtsklto the frequency spectra Daupto obtain

the convolution result.

V-4. Experiments and performance metrics

3

Anplitide

A A A N D AR R
1 5 10 15 1 5 10
Frequency (order of f°) Frequency (order of f°)

15

(a) the initial inverse filter (b) The optimal imee filter

Fig. 18. The spectra of the inverse filter

The signals are normalized and limited within [t]1 so that all of them in the proposed scheme
can be treated similarly. Since the inverse fillgrf) is a low frequency signal and we do not
assume any prior knowledge, it is truncated toaonnly 15 spectral lines and assumed to be a
simple discrete impulse located at frequehtyas shown in Figure 18(a). The optimal inverse
filter Z(f) resulting from the blind deconvolution scheme sisown in Figure 18(b) for

comparison purposes. The large frequency compormris 10, and 15 are consistent with the
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modulating signala(t) for a five-planet-gear plate, whose inverse sthosthow frequency
components at 5, 10, and 15, as predicted fronthdwretical analysis.
The nonlinear projection is given in Equation (AR2d is updated in the closed-loop de-noising

scheme, shown in Figure 2, with the varying loaofifg and crack size. As an examplB(f),

Bni(f), and their differenc&(f) are shown in Figure 1€(f) is the first term in the cost function
(25) that must be minimized through the optimizatroutine. Finally, in the time domain, the
measured noisy vibration signa{t), the noise-free vibration signal recovered frotmd
deconvolutioro(t), and the noise signa(t) are shown in Figure 20.

o. 0.4 0.4

0.35 4 0.35

03 4 0.3

0.25 4 0.25

0.2

Amplitude
Amplitude
Amplitude

0.15 4 0.15

il 0.1 b 0.1
0.1 h q
0.05 i 0.05 q 0.05 JA“
. L 0 I
0 200 400 600 800 1000 1200 1400 0 200 400 600 800 1000 1200 1400 0 200 400 600 800 1000 1200 1400
Frequency (order of ) Frequency (order of ) Frequency (order of )
(&) B(f) (b) Bni(f) () E(f)
Fig. 19. The results of nonlinear projection
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Fig. 20. The estimated vibration signal before after nonlinear projection and their differen@g.The measured
vibration signak(t); (b) The recovered noise-free vibration sigo@); (c) The noise signai(t).

V-4-1 Signal-to-noise ratio

The signal-to-noise ratio (SNR), before and aftemdising, is investigated and the results at

-25-



G. Vachtsevanost. al: BLIND DECONVOLUTION

40% and 100% torque levels are shown in Figuresa)2dd 21(b), respectively. The

improvement in the SNR value is significant.

-0.5 T T T T T T T T T -1.5 T T T T T T
. W‘ 2l SNR of de-noised data
SNR of de-noised data M‘W MM 25l
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3 - W{W%M g \'l il ‘ ,' W }
Z 25¢ \ ‘WH ' zZ 4 ’ \“
it | |
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? -3-5 ‘m“‘.“w'.‘ | g 55

AL ! SNR bf TSA data ok

45 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ 65 SNR of TSA datg

o 100 200 300 400 500 600 700 800 900 1000 o 100 200 300 400 500 600 700 800 900 1000

GAG GAG
(a) Signal-to-noise ratio at 40% torque (b) Signal-to-noise ratio at 100% torque

Fig. 21. The signal-to-noise ratio

V-4-2 Feature performance evaluation

Although the blind deconvolution routine shows gnfficant improvement in the SNR, it is
desirable that it improves also the quality of thatures or condition indicators. The accuracy
and precision of mappings between the evolutioleatures and the actual crack growth have an
important impact on the performance of diagnoshd @rognostic algorithms and the CBM
system overall. To evaluate the quality of the deed, several performance indexes or metrics
are introduced.

The first performance index is an overall accurasgasure defined as the linear correlation
coefficient between the raw feature values ancthek length growth along the GAG cycle axis

(CCR) [9]. Suppos« is the feature vector andthe crack growth curve wittk and y their

means, respectively. The correlation coefficientiMeen them is:

CCR(X% ) = Sjg%y (26)
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where ss, = (x-9(y W, s = (x-%* and s, = (y- y)®, respectively. The extracted
feature will be used to map and predict the crackvth. Hence, a high correlation coefficient is
expected to generate an accurate estimate of thel atack length and is preferred. Thus, for a
good feature, the value of the correlation coedfitishould be near 1.

Because of changes in operating conditions and dliseurbances, the feature values along the
GAG axis are often very noisy and need to be snambthrough a low-pass filtering operation.
In this case, the correlation coefficient is cadtetl based on the smoothed feature cutve
(CCS) [9]. The calculation of CCS is the same &) (Rith x being replaced by%. In the
following experiments, the smooth low-pass filtemi butterworth filter with cutoff frequency of
0.01 of the sampling frequency.

The third performance index is a precision measoreesponding to a normalized measure of

the signal dispersion. It is referred to as perceedn deviation (PMD) [9nd defined by:

(27)

wherelxis the number of entities in the feature veator

In the fault detection and prognostic algorithm8][Xhe extracted feature values are used as a
measurement input. Therefore, this performance xinde closely related to the detection
threshold and precision of the prognosis resuéiméining useful life). From a precise feature,
the fault detection and prognostic algorithms catect the incipient failure and/or predict the
fault growth with a high confidence. PMD for a pgeecfeature should have a very small value
close to 0.

The previous indexes evaluate the performance erettire failure progression process. It is

also important to evaluate how the failure progeess a small period of time. To achieve this
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goal, a moving window along the time axis is applie the feature vector so that the correlation
coefficient and PMD in the moving windows can balaated to provide a “local” performance
assessment. The two adjacent windows are overlappelat the performance indexes in this
case are curves along the time axis.

The relative size of the NonRMC sidebands to the(R&debands iDsupor part of Dsupmay
indicate the presence of a fault on the planetanyier. As the crack grows, the operating
condition deviates from the ideal one. In this ¢cdBe constructive superposition of vibration
signals from different planetary gears is atterdiatéhile the destructive superposition is
reinforced. This phenomenon results in smaller REI@ larger NonRMC sidebands. This
indicates that the ratio between RMC and NonRM@Isaahds can be used as a characteristic
feature. Based on this notion, features are suktdlysextracted in the frequency domain. One of
these features, Sideband Ratio (SBR) [3], will keduto demonstrate the effectiveness of the
de-noising routine.

Let X denote the number of the sidebands in consideraiiorboth sides of the dominant
components of the harmonics, the sideband ratileeis defined as the ratio between the energy

of the NonRMC and all sidebands:

m X

S % b1 ge . NonRMC (28)
BR X = > —
A (NonRMC+ RMQ
g=- X

h=1

The results of SBR(12) at 40% torque level are showFigure 22(a). The running version of
the performance indexes is shown in Figure 22(be Tesults at 100% torque are shown in
Figures 22(c) and 22(d), respectively.

The correlation coefficient and PMD for this feaat different torque levels are summarized in
Table II. Substantial feature improvements are ead via the application of the de-nosing

routine. In the tables, D-N stands for de-noised.
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Sideband Ratio at torque 40%
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Fig. 22. Feature SBR(12) before and after de-ngisin
TABLE Il
The performance indexes of feature Sideband Ratio
20% 40% 100%
Torq ue
TSA D-N TSA D-N TSA D-N
CCR 0.943 0.975 0.979 0.985 0.953 0.983
CCS 0.950 0.982 0.986 0.992 0.971 0.991
PMD 2.06% 2.01% 2.57% 2.73% 5.57% 3.57%

V-4-3 Failure prognosis

A fault detection/failure
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successfully developed, and applied to the premictif the remaining useful life (RUL) of the
critical components [10]. The approach providedaitparticle-filter-based estimate of the state
probability density function (pdf), generat@sstep ahead long-term predictions, and uses
available empirical information about hazard thoddh to estimate the RUL pdf. The
implementation of this algorithm requires a faily®gression model, feature measurements to
reveal the failure progression, a nonlinear mapjoetyveen failure severity and feature value,
and external inputs such as the operational loafllgrto the system. More details about this
prognosis framework can be found in [10]. In thest®on, results are shown to compare the
algorithm performance when using the features ddrim the previous section, before and after
de-noising. This will illustrate the efficiency dhe proposed de-noising routine, on the
prediction of the planetary carrier RUL in the bepter testbed.

Once the RUL pdf is calculated, the performancefaure prognostic algorithm can be
evaluated. For this purpose, statistics such as @o#fidence intervals (Cl) and RUL
expectations may be used. In our experiment wibealed crack on the planetary carrier, failure
is defined when the crack reaches 6.21 inchesngthei.e. the crack reaches the edge of the
carrier plate. The ground truth data in Table Ivshibat the crack size reaches this value at the
714th GAG cycle.

Since the gearbox operates on the basis of GAGsythe RUL expectations and 95% CI are
also given with the unit of “GAG cycle”. Long-terpredictions are generated at the end of the
365th GAG cycle, using the current estimate forgtete pdf as initial condition. The state pdf
estimate, in turn, is based on feature measurencentsdering two cases: before and after the
de-noising routine. Results for each case are thpio Figures 23(a) and 23(b), respectively. It

must be noted that the 95% CI in both scenariogjaite similar precision-wise. However, the
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RUL expectation is closer to the ground truth vaklen a de-noised feature is used, showing

that the de-noise routine improves the accuradiieflgorithm.

Particle Fitters: Non-Linear System State Predicio  n Particle Fiters: Non-Linear System State Predicio  n
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(a) Prognosis based on TSA feature (b) Prognosis based on de-noised feature

Fig. 23. Prognosis results started from the 36586@ycle

As time goes on, differences between the two cheesme evident. Table Ill summarizes the
results obtained when performing the prognostioraigm at the 400th, 450th, and 500th GAG
cycles, respectively. In terms of precision of gnediction, it is clear that prognosis results with
the de-noised feature offer a considerable redudtiathe length of the 95% CI. For instance,
when the long-term prediction is performed at th6th GAG cycle, this reduction is in the order
of about 140 minutes (46 GAG cycles). At the samet the expected values for the RUL
obtained from the de-noised feature are also mararate that those from the TSA feature. It is
important to note that, in real applications, adpted failure time lower than the actual one is
preferred since it does not involve the risk oftamnng the operation beyond safety. A lower
failure time prediction only makes a conservatieeision to schedule maintenance earlier, but a

higher value of the failure time in the predictiomght postpone the timely maintenance,
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resulting in damage or loss of vehicle.

TABLE 1l

The performance indexes of failure prognosis

Feature Performance Initial GAG cycle for long-term prediction
365 400 450 500
95% ClI [637 773] [663 832] [680 828] (682 812]
TSA Length of CI 136 169 148 130
Expected value 705 747 754 747
95% ClI [638 777] [647 775] [618 720] [695 784]
De-noised| Length of CI 139 128 102 89
Expected value 710 711 670 746

VI. CONCLUSIONS

The successful implementation of CBM technologe®chieved through the application of a
failure prognostic algorithm, which in turn requra high quality feature to propagate the failure
in time with respect to the operating conditionsh# system. Good features are often extracted
from vibration signals collected from a noisy eomwment and noise might mask the signatures
of the faults/failures. Therefore, signal de-nagsiand preprocessing is important in the
implementation of CBM. This paper introduce the @lepment of a new vibration signal blind
deconvolution de-noising scheme in synergy withtuiga extraction, failure prognosis, and
vibration modeling to improve the signal-to-noisgia, the quality of features, as well as the
accuracy and precision of failure prognostic aldpons. The proposed scheme is applied to the
failure prognosis of a critical component of a befiter testbed and the results demonstrate the

efficiency of the proposed scheme.
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