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ABSTRACT: The 757/767 internal drive generator (IDG), 
which provides 400 Hd120 volt ac power to the aircraft 
cabin, experiences failures due to seizure of the scavenger 
drive pump and/or axial gears on the main drive shaji of the 
unit. These generators are an integral part of the aircraft’s 
engines sitting outboard, inside the engine cowling. The 
seizure of gears represents a significant loss with gear 
replacement estimated at $I 7,000 and unit replacement costs 
at $250,000. One of the US. commercial airline companies 
engaged Oak Ridge National Laboratory in a brief study to 
determine if a methodology could be developed to interrogate 
and diagnose gear wear with the ultimate goal of deploying 
an instrument for test stand and flight line use. Through a 
structured analysis it was determined that accelerometers 
mapped with higher order spectral analysis (HOSA) a d o r  
wavelets could provide an analytic approach and basis for a 
diagnostic sensodsystem capable of assessing IDG gear wear 
on the aircraft or the test stand. 

NOMENCLATURE 

R,, : Autocorrelation function 
E[ ] : Expected value operator 
P,, : Power spectral density 
Ci, : i-th Order cumulants 
Si, : i-th Order polyspectrum 
y(t) : Wavelet function 

1. INTRODUCTION 

Condition-based maintenance (CBM) and prognostics has 
taken on a new meaning in the expanding area of machine 
reliability and maintainability. I t  is no longer sufficient to 
rely solely on predictive scheduling for servicing equipment 
and systems. As the need arises to maximize system 

‘Managed by Lockheed Martin Energy Research 
Corporation, for the U.S. Department of Energy under 
Contract DE-AC05-960R22464. 

performance (reliability and operational readiness), new 
methods and approaches to CBM must be investigated (or 
developed) in order to expand existing operational limits and 
lifetimes. 

Two such methods are HOSA and wavelets. These advanced 
computational methods are not new to the digital signal 
processing community but are just now coming into their 
own as accepted analytic methods and tools for characterizing 
systems. Their strengths are in the novel ways in which they 
analyze and present data. It is to this strength that the paper 
is addressed. 

This paper will investigate the use of these two methods for 
developing system descriptors. It is not intended as a 
complete review of the work nor the supporting theory. It is 
intended, however, to show their unique capabilities in signal 
characterization in hopes that the reader, if not already 
familiar with the techniques, will appreciate and possibly add 
them to his or her working analytic toolbox. 

2. BASIC OVERVIEW OF THE IDG 

The IDG is mounted outboard of the engine, coupled to the 
engine gearbox for drive power. On the 757, each IDG 
provides -90 kVA of power at 115 volts and 400 Hz. There 
is an IDG on each engine and one on the auxiliary power unit 
turbine. The IDG takes input from 4000 to 9000 rprn and 
converts this through a hydrauIic/mechanicd mechanism to a 
constant 12000 rpm for the generator rotor. With a size of 
14” in length by 13” in diameter. this machine has a power 
density ten times greater than the standard Army field 
generator. 

By utilizing a set of gears to drive various hydraulic pumps 
for drive force, the rotational speed is regulated to a set of 
planetary gears. The gears multiply speed to 12000 rpm when 
the input is low, lockup at a 1:l ratio at 12000 rpm, and 
decrease shaft speed when the input exceeds 12000 rpm. Thus 
the generator shaft sees 12000 rpm +/- 2.5%. 
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The scavenging pump gears are thin precision spur gear sets. 
Constant speed trials of those on the test stand were essential 
in tracking gear frequency accuracy. During normal operation 
on the aircraft, the input speed is not directly known but 
must be calculated as a percentage of N2, the allowable read 
out of the turbine rpm of the engine. On the test stand, a 
precision speed control gave us the opportunity to verify the 
gear set response and its characteristics. The frequency 
distribution of energies as a function of rotation speed and 
gear meshing frequencies was very well correlated with the 
calculated results. These are illustrated in the bispectrum plots 
(Figures 4 and 5) with the overall distribution of energies 
as a function of discrete frequencies. 

The IDGs good gears w e e  replaced with a set of 80% worn 
gears. Visual inspection identified rough surfaces with 
imperfections but overall the teeth surface quality was fairly 
uniform. The wear was very even and a general overall 
opening of the gear teeth dimensions was observed. 

As the worn gears operate, the distribution of energies was 
much more nonGaussian. This is due to the randomness 
associated with the shaft and gear motions that comes from 
the lack of tight tolerances and variations of movement that 
can be accommodated with increased backlash capabilities of 
the gears themselves. This variation of signal patterns is key 
to understanding the operation and incipient failure 
diagnostics in this particular failure mode. These transient 
events are not stationary, vary rapidly, and will not be 
adequately characterized by the standard fast Fourier transform 
(FT) analysis techniques. 

3. BASIC MATHEMATICAL OVERVIEW 

The following is an abbreviated overview of HOSA and 
wavelets. It is not intended as a rigorous mathematical 
formulation but as a cursory examination of the supporting 
mathematics in hopes of providing the reader with an 
intuitive feel and reason for applying them to CBM. 

For the interested reader there are many books and articles 
that provide an excellent review of the two approaches. As a 
start, [ I ]  is recommended for further HOSA study and [2] for 
wavelets. In both techniques, FT is the generating argument. 

3.1 HOSA 

The estimation of power spectral density (PSD) of' discrete 
deterministic or stochastic signals has been a useful tool in 
digital signal processing for many years. I t  has been used 
successfully in advanced communications. radar, imaging, and 
biomedical systems. Research in this area has also led to 
signal modeling used to characterize process dynamics. 

In estimating PSD, the signal of interest is reconstructed as a 
superposition of statistically uncorrelated harmonic 

components that describe the power distributed among the 
select frequency components. The information contained in 
the PSD is present in the autocorrelation sequence and is 
related as follows. 

The autocorrelation function of a stationary process, x(n)  is 
defined by, 

R,:=E[x '(n)x(n+rn) ] 

where E[:] denotes the ensembie operator and x*(n)  is the 
complex conjugate of x ( n ) .  The PSD, P,, is defined as the 
FT of the autocorrelation sequence 

where f denotes the frequency. As seen, P, and R, are 
pairs. 

A PSD is sufficient to characterize a Gaussian process of 
known mean. However, in many situations this assumption 
that the process in question is Gaussian is invalid leading to 
uncertainties in the model. In these situations, it is desirable 
to obtain information in terms of deviations from 
Gaussianess and the presence of nonlinearities. Higher order 
spectra, defined in terms of higher order cumulants of the 
process, do contain such information. As will be seen, higher 
order moments are natural generalizations of the 
autocorrelation and cumulants are nonlinear combinations of 
these moments. For this paper, only the third-order cumulant 
and its polyspectrum will be used. 

The mathematical formulation of the second- and third-order 
cumulants is as follows. It should be noted, for completeness, 
that the first-order cumuiant, C1,, is the process mean with 
the fourth-order cumulant defined as C4Jk,l,m). 

C,=( k) = E[x* ( n ) x (  n+ k) ] (3) 

(4) 
k ,  i) = E[x ' ( n )  x (  n f k )  x (  nt- I) ] 

The kth-order polyspectrum is defined as the FT of the 
corresponding cumulant sequence 

which is respectively. the power spectrum and bispectrum. 
Note that the bispectrum is a function of two frequencies. In 
contrast to the power spectrum, the bispectrum is complex 
valued. 

There are three specific reasons for using HOSA for analyzing 
a process. First, to determine deviations from Gaussianess. 



Second, to estimate the phase of nonGaussian signals. And 
third, to detect and characterize the nonlinear properties 
which generate time series via phase relationships of their 
harmonic components. 

3.2 Wavelets 

As stated earlier in the introduction, CBM and prognostics 
has taken on a new meaning in the expanding area of 
machine reliability and maintainability. Tried and true 
methods such as FT and associated PSD have limited 
capabilities in resolving the time-frequency characteristics of 
a process with sufficient clarity to make them useful in 
nonlinear, transient analysis. This is of particular importance 
in the monitoring of machine vibrations to detect and 
diagnose defects. Recent advances in time-frequency analysis 
(TFA) have made great strides in this area. Particular 
examples of this are identified in [3]. Frayer [4] states the 
existence of commercially available systems for monitoring 
simple machinery but limited capabilities for detecting 
bearings and other defects in complex machines. He suggests 
that TFA applied to transients is one approach to improving 
the situation. 

Wavelets is a class of TFA methods that has gained 
popularity in recent years. The mathematical formulation is 
based on defining a set of orthonormal basis functions that 
possess certain mathematical properties such as the 
admissibility condition. The wavelet, similar to the FT, 
provides an approach where the properties of a signal not 
obvious in the time domain can be compared to a set of 
given basis functions to establish similarity. The strength of 
wavelets is that unlike short-time Fourier transform (SlTT), it 
does not suffer from restriction associated with time-frequency 
trade-offs. 

Wavelets are characterized by a set of elementary functions 
yft) which are scaled and time shifted. As an example Nu-jfr- 
b)) is centered at time b with frequency a-1, respectively. 
When the dilated and shifted function ly(a-l(t-b)l is used as 
the tick marks to measure a signal’s behavior, the resulting 
representation is called a wavelet transform, or the 
continuous-time wavelet transform (CTWT) if the signal under 
consideration is a function of time. The CTWT is defined as 

(7) I C T W T ( a ; b ) = - j f ( t ) v ( f - b ) d t ,  a a s 0  
.(;;;; 

where y(t) represents the mother wavelet. The parameter a is 
the scale index, the reciprocal of frequency. The parameter b 
indicates the time shifting (or translation). 

Wavelets come in complimentary pairs. y(r) and @(r), defined 
as mother and father wavelets, respectively. The father 
wavelet is good for representing the smooth or low-frequency 
part of the signal while the mother wavelet is good for 
representing the detail or high-frequency part of the signal. 
The ability to decompose a signal into its approximations 
(low-frequency) and details (high-frequency) and reconstruct at 
a selected Ievel is used in the analysis of the IDG data. 

The mother and father wavelet pairs come in families. There 
are many well-known families each with a particular structure 
and form that lends itself to a particular decomposition 
capability. In this analysis, the biorthogonal wavelet is used 
because of its linear phase property. 

As stated earlier, wavelets are the fundamental building block 
functions, similar to the sine and cosine functions used in 
FT. In wavelet analysis y(t) and q ( r )  are used in linear 
combinations to represent a signal f ( f ) .  These representations 
are useful in data compression, signal and image analysis, 
and nonparametric statistical estimation. The series 
approximation for a continuous time signal At) is given as: 

where j is the number of muitiresolution components (or 
scales) and k ranges from 1 to the number of coefficients in 
the specified component. The coefficients dj,b dj-l,b d1.b and 
Sj,k are the wavelets coefficients and are approximated as 

(9 )  

4. APPROACH 

The initial task was to identify the accelerometer position(s) 
on the IDG sufficient to characterize the operation of the 
unit. This was achieved through a series of correlation tests 
based on an array of accelerometers deployed to capture and 
compare signal strengths. The results identified a single 
location on the outer housing sufficient to characterize the 
operation of the IDG. Figure l a  shows the unit mounted on 
the test stand with the array of accelerometers used in the 
study. Figure lb-d is the opened view of the IDG detailing 
the main planetary gears and the associated drive gears that 
make up the IDG. Figure Id shows a set of worn gears. 

The next step was to test to see if a bad set of gears 
exhibited nonGaussian, nonlinear behavior. From the 
dynamics of the process, this would seem intuitive. However, 
a preliminary analysis was necessary to support the 
assumption. If this fact was true. using HOSA and wavelets as 
the basis for the analysis instead of classical techniques could 
be warranted. The test included good and worn (80%) 
scavenge pump gears run on the test stand and good gears run 
on the aircraft. The test matrix was conducted as follows: 
constant power vs. rotational speed variations and constant 
speed vs. varying power levels. 



5. ANALYSIS 

5.1 Time-Series and  Spectral Analysis 

The results of the time-series and spectral analysis are 
presented in Figure 2 and Figure 3, respectively. As seen 
in the histograms in Figure 2, the IDG with the worn gears 
showed a marked operational difference from the good gears. 
This difference exists across the test stand and aircraft. From 
the histograms it is evident that the worn scavenge pump 
gears exhibit nonGaussian behavior. 

The spectral analysis included STFT and PSD. The STFT 
provided little in the way of characterizing dissimilarities. 
The PSD, on the other hand, did provide sufficient spectral 
information. As seen in Figure 3, the average power 
calculated as the ensemble average across the different power 
levels vs. worn and good gears on the test stand and good 
gears on the 757 has sufficient discrimination power. This is 
especially evident in the spectrum below -5000 Hz. Closer 
examination does not provide any additional information as 
far as specific spectral components that could be used as 
operational discriminators. 

5.2 HOSA 

As was defined in Section 3.1, the strength of HOSA lies in 
its ability to quantify deviations from Gaussianess and to 
detect and characterize nonlinear operations. Based on the 
results of the histogram analysis, a bispectrum analysis 
(Equation 6) was performed on the data collected during the 
tests. Results (Figure 4 and Figure 5 )  show that the 
HOSA method does quantify cross-variable differences and 
details significant similarities and symmetry for invariable 
comparison. 

Figure 4a-c are the 15 kW power run-up analysis for good 
gears on the 757 and worn and good gears on the test stand, 
respectively. As seen, there is a dispersed characterization of 
spectral information for the good gears on the test stand and 
757. For the worn gears there is a marked consolidation of 
energy at f i=O and f2=0 with a dominant peak along f i=O.  
Figure 5a-b contrasts the 5 kW power run-up test of good 
vs. worn gears on the test stand. I t  follows the same 
qualitative analysis as the 15 kW test. It should be noted that 
HOSA is also sensitive to power level variations. 

5.3 Wavelets 

As stated earlier, the biorthogonal wavelet was used in this 
analysis because of its linear phase property needed in the 
reconstruction of the signal. Figure 6a-c show the 
decomposition of the 15 kW worn and good gears on the test 
stand and good gears on the 757, respectively. Most notable 
is the similarity in signal decomposition and coefficients for 
the good gears on the test stand and 757 and the dissimilarity 
between these and the worn gears on the test stand. 

analysis of levels d l  through d7. The results are detailed in 
Table 1 which shows the major contributing frequencies 
identified in the PSD analysis. Here, for the 15 kW power 
run-up test, the normalized frequencies match for the three 
signals with the exception of .0829. Further analysis shows 
this particular frequency is detailed at the other power run-up 
levels. 

Table 1. PSI) analysis  of reconstructed “d3” 
15 kW signals. 

Good Test Stand Good 757 Worn Test Stand 

0.0622 0.0699 0.0674 f 1 
NA NA 0.0829 f2 

0.0907 0.0984 0.0984 f3 

6. CONCLUSION 

The intent of this paper is to show that HOSA and wavelets 
can be used as alternative analytical approaches for 
developing system descriptors for rotating equipment. 
Section 5.0 provides supporting evidence for this, showing 
promising results that provide differing views of the analyzed 
data. Based on this observation, it is worthwhile to consider 
these techniques as viable options to the more classical 
approaches. It is not to say, though, that we should abandon 
our history for the sole use of these. Each analytic approach 
is unique and should be considered on its own merit. 
Experience and use will be the determining factors. 
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Figure 2. Histograms time series data. 
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Figure 4. Bispectrum analysis of IDG during the 15 kW power run-up test. 
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Figure 5. Bispectrum analysis of IDG during the 5 kW power run-up test. 
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Figure 6. Wavelet decomposition using biorthogonai wavelet of 15 kW run-up test data. 
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