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Abstract

Vibration diagnostics that assume a “stationary” monitored signal are not effective for
main and engine accessory gearboxes because the operating conditions (speed and/or load)
of these components are often non-stationary, which leads to spectral smearing and
erroneous analysis. Traditionally, this is avoided by defining steady state operating
conditions in which to perform the analysis. However, most engine accessories are only
highly loaded during transients and, in the case of rotorcraft gearboxes, non-stationary
loading is often prevalent due to rotor effects. In addition, the progression of certain faults
can lead to non-stationary vibration signals. Therefore, the authors have developed a novel
health monitoring methodology that is applicable during non-stationary operation through
application of Joint Time-Frequency Analysis (JTFA). This paper highlights the results
obtained from applying JTFA techniques to very high frequency (VHF) vibration data
collected from healthy and damaged components. When the accuracy of these approaches
is compared with conventional techniques, the JTFA approaches significantly outperform
the conventional methods.
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Introduction

Main and engine accessory gearboxes are commonly replaced either upon failure or after
they have served a predetermined amount of time that is produced from statistical
estimates of component reliability. This maintenance approach has the potential to
compromise readiness and safety (in-flight failure) or, alternatively, results in significant
useful life remaining in some units. Premature component removal equates to increased
cost (maintenance time and material), decreased mission readiness, and increased
maintenance-induced faults. This situation is typified in numerous studies and media
reports [1,2,3]. Specifically, according to an FAA report [4], “Diagnostic troubleshooting
procedures for controls and accessories...have not been effective.” Clearly, there are
enormous economic (maintenance & logistics), safety, and operational readiness benefits
to advancing the state of accessory gearbox health management systems. A practical
system for failure prognosis would therefore have a significant benefit on readiness and
safety. Early fault detection and effective prognostics would reduce unplanned failures,
which will in-turn reduce life cycle cost and increase readiness and mission assurance.

In the case of major gas turbine turbo machinery components, vibration analysis has
proven to provide some of the most quantitative and reliable indicators of rotating member
fatigue detection and diagnosis. Furthermore, the utility of using high frequency
measurements for diagnostics and prognostics of these components is well documented in
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numerous studies [5,6,7]. As such, the authors are developing a comprehensive fault
prediction capability, utilizing high frequency vibration data, with an objective of
providing the earliest possible warning of an impending failure. Although many signal
processing techniques can be used to extract useful information from a vibration signal,
the focus of the authors’ diagnostic algorithm effort was the development of efficient Joint
Time Frequency Analysis (JTFA) techniques. Although JTFA is used for high frequency
signal analysis in many other disciplines, including speech analysis, radar processing,
telecommunications, underwater acoustics, bioacoustics, geophysics, and structural
analysis, their use for gearbox component diagnostics in this work is novel.

JTFA methods use various methods to transform the two dimensional time domain signal
into a three dimensional time-frequency domain signal to facilitate more accurate signal
processing and feature extraction. In this paper, the authors evaluated and developed
several JTFA methods for use in gearbox diagnostics that are less susceptible to signal
non-stationarity. Spectral smearing, in which energy from an evolving characteristic
frequency (i.e., shaft frequency, bearing fault frequency, gear mesh frequency, etc) gets
spread across multiple frequency bins, can reduce the efficacy of traditional frequency
domain analysis, including Fourier Transforms. Any frequency-domain based diagnostic
features derived from a smeared spectrum would be adversely affected by this smearing,
potentially leading to missed detections and false alarms. The developed JTFA techniques,
on the other hand, allow analysis of time varying frequency content of vibration signals
collected during transient conditions (speeds or loads), thus reducing the effects of
smearing. Application of these JTFA techniques can therefore increase PHM coverage and
its associated benefits by allowing accessory health monitoring during the most life
influencing regimes, regardless of operating speed.

Joint Time-Frequency Analysis and Feature Extraction Methods
As mentioned above, the authors evaluated and developed a number of joint time-
frequency analysis methods for use in gearbox diagnostics. The following sections provide
a brief description of the methods considered.

Short-Time Fourier Transform

The Short-Time Fourier Transform (STFT) method is a commonly used time-frequency
analysis approach. It splits a time domain signal into overlapping small segments, applies
a weighting window to each segment, and computes the discrete-time Fourier transform of
each segment. This process produces an estimate of the short-term frequency content of
the signal by looking at sufficiently short time spans during which it is assumed the signal
is stationary. Since it still utilizes a typical Fourier transform, the STFT requires a
stationary signal over each small segment. In order to facilitate semi-transient analysis, the
required segment lengths can be specified based on the target system’s shaft acceleration
and error tolerance. The segment sizes are thereby set such that any shaft acceleration over
the small time slice is negligible. This approach is illustrated in Fig. 1.

An additional consideration when developing a STFT technique is the balance between
frequency and time resolution. Small time slices give high time resolution but low
frequency resolution. A balance needs to be struck between the two as necessitated by the
targeted component’s specific fault detection/isolation needs. An advantage of the STFT
technique is that it is based on performing Fast Fourier Transform (FFT) analysis on small
data sets (small time slice of vibration data). Therefore onboard implementation would be
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more straightforward since it is likely that an efficient and proven FFT algorithm already
exists for the embedded system on the targeted platform. In addition, the small amount of
data needed for the algorithm reduces computational time and aircraft data bus traffic
since there are many efficient and proven FFT algorithms. This form of the Fourier
transform has numerous applications in speech, sonar, and radar processing.
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Fig. I — Example Short-time Fourier T rans}érm Analysis

Cohen's Class Distribution Function

The Cohen’s Class Distribution Function (CCDF) is a generalized time-frequency analysis
method that utilizes bilinear transformations through the use of a kernel function [8].
There are many available kernel functions, including Choi-Williams (commonly used in
speech analysis and ultra wideband signal analysis [9]), Wigner-Ville (commonly used in
biometrics), and Zhao-Atlas-Marks (evaluated for bearing diagnostics [10] and motor
diagnostics [11]). CCDF offers two primary advantages. First, a CCDF approach can
inherently be applied to non-stationary vibration data. That is, the Cohen Class
Distribution analysis can be used to analyze vibration data collected during transient
conditions. Second, a CCDF approach can result in both good frequency resolution and
good time resolution, as opposed to the STFT approach that trades time resolution for
frequency resolution.

However, one of the commonly cited drawbacks of CCDF approach is the influence of so
called cross term artifacts [11]. These cross terms are interferences caused by the linear
combination of both auto and cross terms resulting in increased signal redundancy [9, 11].
The resulting artifacts often obfuscate fault frequencies necessary for fault isolation. To
reduce the cross term effects, multiple methods having been implemented, including:
changing parameters of the kernel, utilizing different kernels, applying a filter, and using
the analytic signal. In this paper, the authors chose a well-known kernel function, Choi-
Williams, as described next.

Choi-Williams Distribution

The Choi-Williams Distribution (CWD), also called the Exponential Distribution, is a
derivative of the Cohen’s class distribution function and uses an exponential kernel (Eqn
1) to suppress the cross terms being induced by Wigner-Ville Distribution (WVD).
However it also reduces the time-frequency resolution. This tradeoff can be adjusted using
the factor ¢ in Eqn 1 to provide the optimal time-frequency resolution needed for a
particular application [8, 9]. Note that, as ¢ approaches o, the Choi-Williams Distribution
becomes the Wigner-Ville Distribution. It was determined that the CWD requires fewer
computational resources and also allows more flexibility by the ¢ parameter.

_g2?

CWD(&,7)=e © (1)
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Wavelet Analysis

Wavelets are uniquely designed to localize the exact time of specific vibration events and
their application has been widely discussed in many other papers [15,16,17]. In this paper,
the authors employed a Continuous Wavelet Transform (CWT) for decomposing the time
domain signal into time-frequency space. Wavelets can reveal amplitude and phase
modulation within the frequency band defined by the wavelet. Each type of modulation
can be used to identify specific fault signatures. For a signal x(t), the CWT of the signal is
defined as:

Wx(a,b)=[g*(a,b)(t)x(t)dt (2)

where * denotes complex conjugate, g(t) represents the mother wavelet, and g(a,b)(t) is a
baby wavelet, defined in Eqn 3 with g(t)=-g(t) [t<0], g(a,b)(t)=(1/Na)g((t-b)/a).

g(t)=exp(-ot)sin(wO0t) [t>0] (3)

in which, a and b represent the scale (dilation factor) and position (translation factor) at
which the wavelet coefficient is calculated. The pseudo frequency (Fa) corresponding to
the scale (a) can be defined as in Eqn 4

Fa=Fc/(a A) 4)

where Fc is the center frequency of a mother wavelet in Hz and A is the sampling period.
Fc/a is the center frequency of the baby wavelet.

Time-Frequency Domain Averaging

The Time-Frequency Domain Averaging (TFDA) is a technique that integrates time
domain averaging with a wavelet transform by decomposing the vibration at different
scales or frequencies over one complete rotation of the component. This approach keeps
the different scale representation of wavelet transform intact and simultaneously extracts
the periodic components from the noisy signal. Fig. 2 shows the approach for calculating
the time-frequency domain average from a time waveform.
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Fig. 2 — Time-Frequency Averaging Schematic

In the figure, the first row is a time waveform containing P number of blocks representing
a period of a sampled signal (or one complete rotation) with N number of samples. A
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wavelet transform of the time waveform generates wavelet coefficients (PxNxm) at
different scales (al,...,am). The resulting column (Averaged Wavelet Coefficient)
represents the averaged wavelet coefficients and each row contains one complete rotation
of samples (N) at the various scales.

Analysis Results
The authors evaluated the performance of the JTFA algorithms using three different data
sets. The primary objective was to evaluate the speed and torque dependence of the
various JTFA approaches when compared to traditional vibration diagnostic algorithms.
The results are summarized next.

Scaled Gearbox Test Data

The first data set evaluated was from a run-to-failure test collected by a large university on
a scaled gear box test rig. During testing, high speed accelerometer data was collected.
Although this rig does not contain all of the components of an actual engine gearbox, it
was used to generate ideal transitional gear fault progression data (from healthy to fault) in
about 50 minutes. The authors used this data to benchmark the performance of the
developed algorithms. The test was conducted at a steady speed, but varying torque, as
shown in Fig. 4. The resulting gear failure is also shown.

Scaled Gear Box Operating Conditions
1800

——Shaft Speed (RPM)
1600 Torque (in-Ibf)

0 10 20 30 40 50 60
Test Time (mins)

Fig. 3 — Scaled Gearbox Speed and Torque Profile

As seen, this was a run to failure test in which a healthy gear was run until it failed
(multiple teeth broke off). Although there were no intermediate inspections to provide
ground truth damage measurements, it is assumed based on test observations that before
45 minutes the gear was healthy (or had only very minor damage) and after 45 minutes the
gear was degraded/damaged. The authors applied both traditional vibration analysis
approaches and the developed JTFA methods to the test data. Since the traditional
vibration analysis approaches are not the focus of this paper, the equations are omitted
here but can be found in the referenced papers [5,7]. However, it is sufficient to say that
the features are commonly used in gearbox diagnostics.

Feature Dependence on Operating Conditions

Many of the traditional gear diagnostic features evaluated, such as the Sideband Index
(shown in Fig. 5, left) calculated from the Time Synchronous Averaged (TSA) signal, were
very sensitive to changes in operating condition (in this case, torque). This characteristic
would either increase probability of false alarm or reduce probability of detection, and is
therefore not attractive.
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Fig. 4 —Scaled Gearbox Test (SGBT): TSA SI Results (left) and Various JTFA Feature
Results (right)
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The authors then extracted several features using the JTFA approaches. Fig. 5 (right)
shows the torque and a normalized kurtosis feature that was extracted using the Choi-
Williams (green) and STFT (red) approaches. As seen, the JTFA features are insensitive to
changes in torque, as evident by the relatively flat response from ~28 minutes to ~45
minutes when torque is changing but the system is healthy. Furthermore, the JTFA features
are very sensitive to the changing health of the system, as evident by the relatively large
increases from ~45 minutes (when the fault is believed to occur) until the end of the test.
This sensitivity to changing health, coupled with the insensitivity to changing operating
condition, demonstrates the advantage of the JTFA approach and makes application of
these features attractive.

In addition, the feature variance of the healthy data during changing torque (roughly ~28
min. to ~45 min.) was compared to the feature variance of healthy data during steady
torque (roughly 0 to ~28 min.) to quantify the torque dependency of each feature. As seen
in Fig. 7, JTFA features (in blue) represented 8 of the top 10 performing features.
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Fig. 5 — Feature Torque Dependency Results for SGBT

Fault Detection Performance

A snapshot of the results extracted from the Joint Time Frequency Analysis (JTFA) can be
seen in Fig. 8, which represents the surface plots for the Choi-Williams Distribution. The
top plot represents the JTFA response of the gear when it was healthy (at time = 1.5
minutes) and the bottom plot represents the JTFA response of the gear when it was faulted
(at time = 50.2 minutes). As seen, the gear fault is clearly evident. This result is significant
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because there is a clear time dependency in the frequency response in the 0-1000 Hz
frequency band. Although a general increase is evident throughout the duration of the
sample, the fault is most evident during the 0.01 — 0.05 sec interval (circled in the figure).
This shows a clear advantage of the JTFA approaches during constant speed but varying
load conditions. It is worth noting that the torque is changing for the faulted case (see Fig.
5) but this fluctuation does not explain the differences between the two plots.

Healthy Gear Response (t=1.5 minutes) Faulted Gear Response (t=50.2 minutes)

Choi-Williams Distribution Choi-Williams Distribution

9.
o

0.4

Magnitude

Frequency (Hz) Time (sec) Frequency (Hz) Time (sec)

Fig. 6 — Choi-Williams Surface Plot

To better quantify the performance of the various algorithms, the authors applied a
statistical analysis of the features. First, probability density functions (PDFs) were
established for each set of healthy features (using presumed healthy data from the first 45
minutes of the test) using best fit techniques to optimally fit the underlying healthy
distributions. Next, a threshold was calculated from each feature’s PDF to achieve a target
false alarm rate, in this case 2%. Finally, the probability of miss detection was calculated
using the defined thresholds and PDFs of features from the damaged gearbox (determined
using the same method as the healthy PDFs). For the purposes of this analysis, it was
assumed all features calculated after 45 minutes were from a faulty system. The results of
the probability of miss detection (P(MD)) analysis are shown in Fig. 9.
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Fig. 7— P(MD) Results for SGBT data

The traditional TSA features (RMS, SI, NA4, Kurtosis, and FM4) are considered the
“baseline” accepted results that would be expected from current vibration diagnostics
(shown in red). Ideally, an accurate diagnostic feature should have a low P(MD), and the
lower the number the less likely the system will miss a fault. As seen, JTFA features
(shown in blue) represented 7 of the top 9 performing features. Because these features are
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less affected by changing operating condition, the threshold can be lowered (without
increasing Probability of False Alarm) and improvements in P(MD) are realized.

As seen above, the new JTFA features outperformed most of the traditional gear features.
It should also be noted that this is only one of the many diagnostics metrics that should be
evaluated when comparing algorithm results and the results of these other metrics
(including detection horizon) will be considered in future work.

Fault Prognostics

An ideal system would provide a smooth transition from diagnostics to prognostics in
order to fully realize the benefits of health monitoring. This section illustrates one example
of how these JTFA approaches, by providing more reliable diagnostic results, can lead to
enhanced prognostic results as well.

Particle Filtering Based Prognostics

Particle filters are Bayesian estimation algorithms for approximating the state of a system
when a limited number of measurements and a model of the system behaviour are
available [18]. Particle filtering algorithms offer a solid theoretical framework to handle
model nonlinearities and non-Gaussian noise. Furthermore, their use in diagnostics and
prognostics is appropriate because they are well suited to solve the problem of real-time
state estimation by incorporating data from sequential observations (measurements) into
system state estimates. A nonlinear dynamic state-space model may be used to represent
the behaviour of a system at fault and predict the evolution of a damage state as a
probability density function (PDF), which in turn can be updated sequentially in an
attempt to increase accuracy as more observations or measurements become available.

To perform diagnostics, the particle filtering implementation estimates system states using
available measurements and the process model to establish if the system is considered to
be at fault. In this case, the current value of a fault dimension can also be estimated from
the model. To perform prognostics, this is used as an a priori state estimate that is fed back
into the model recursively to generate future state predictions. Each a priori state
calculation is also utilized to update model parameters to ensure the model represents the
system and its operating conditions accurately according to all available measurements.

The particle filter describes and approximates a state of a system with a PDF by using
state estimate samples or "particles" having associated discrete probability masses, known
as “weights.” The current state PDF p(x;,) is calculated as

p(xt | yl:t) ~ Z ‘Z}r (x(g:t) ' 5('x0:r - x(i):r) (5)

i=1

where xo, is the past state trajectory and y; are the measurements up to time t; J is a
Markov model-like functional relationship, and w represents the weight given to each
particle. In one of the original implementations of particle filtering, the sequential
importance resampling (SIR) particle filter, the measurement data is used to update the
weights using Bayes’ rule of conditional probability as

PVia | X)) DXy | X,)

q(Xay | Xogs Vigar)

Wia =Wy

(6)
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Hence, particles, together with their weights, represent a sampled version of the system
state PDF and provide not only state values, but likelihood (probability) as well.

In the case of prognostics, long-term predictions are generated describing the evolution of
a fault size indicator, which is represented by the state PDF, using a fault progression
model. To accomplish state prediction, the state value associated with each particle is
considered as an initial condition. Then, the evolution of each particle is computed by
successively taking the expectation of the model given all previous system states. The
process is illustrated in Fig. 10. The discrepancies between the predictions and the updated
state estimates are used to update model parameters so that it can better represent actual
system behaviours and operating conditions, offering increasing accuracy with more
observations.
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(previous
states)
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k ket Time
Fig. 8 - Representation of State Prediction Using the Fault Progression Model and
Recursive Weight Calculation

Particle Filtering Applied to Scaled Gearbox Data

The particle filtering approach was applied to four of the JTFA features shown above. The
aim was to trend the feature data up to a particular instant of time, and extrapolate the
trend to predict the time at which the feature value would exceed the failure threshold, or
end of life (EOL). The time remaining until the EOL was then used to quantify the
remaining useful life (RUL).

The particle filter operates on the data incrementally. An initial estimate of the trajectory
of the feature evolution is produced with the first few feature values as input. This yields
an initial estimate of the RUL. The particle filter constantly updates its predictions of the
feature trajectory with additional data, one data point at a time. This simulates the
operation of the system real-time, when sensor data are incrementally provided to the
diagnostics, and the resulting feature values are trended and used to update the RUL
estimates at each time step. Fig. 11 illustrates the results of running this process on one of
the JTFA features.
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Fig. 9— RUL Estimates from Feature Trending

As seen from the figure, the particle filter produces a most-likely estimate of the feature
evolution (red line in Fig. 11). In addition, the filter may also be configured to produce
estimates of the feature paths for a given confidence level. This is done by considering the
feature value PDFs at each time step, and selecting a cut-off confidence level. In the figure
above, the feature paths for an 80% confidence level are shown as light blue and green
lines. Fig. 12 shows the fused RUL estimate from the RULs derived from each feature.
The fusion was performed by taking the minimum of the four feature RULSs. In this case,
the algorithm was applied after the fault was detected. As such, only the last 10 minutes

are shown.
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Fig. 10— RUL Estimates from the Particle Filter

Application to Gas Turbine Turbo-Propeller Engine Reduction Gearbox

The authors also applied some of the developed JTFA approaches to data from a gas
turbine turbo-propeller engine reduction gearbox data set. Two sets of data were used: 1) a
dataset from a healthy reduction gearbox (RGB) and 2) a dataset from a RGB with fretting
and corrosion on the rear planet carrier. The system was operated at speeds >1000 RPM
and torque >18000 ft-1bf. Speed was ramped up in the beginning, kept constant in the
middle, and then ramped down at the end of test, and the torque was varied between 60%
and 100% during the constant speed segment. It should be noted that during testing the
gearbox was driven by an aircraft gas turbine engine and loaded via a large dynamometer.
Both of these components introduce an amount of vibration similar to what occurs on-
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wing, making the detection of any faulted components more difficult but much more
realistic. In addition, detection of planetary gear faults has traditionally been difficult due
to the moving frame of reference of each planet gear with respect to a fixed sensor. As
such, the authors evaluated the detection capability of the JTFA features using the
performance metrics previously described. For this analysis, a 2% False Alarm Threshold
(FAT) was used to calculate the detection and missed detection rates. This was calculated
by fitting an appropriate statistical distribution to both the healthy and faulted features.
Then the probability of detection (P(D) or PoD) and probability of missed detection
(P(MD) or PoMD) where calculated from the 2% threshold. As seen in Fig. 13, the JTFA
features clearly separated the test cases with >99% detection rate.
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Fig. 11 — Matrix Norm 1 and Resonant Feature Results and Statistical Analysis

Table 1 summarizes the complete findings from the JTFA and traditional gear diagnostic
features. As seen, most of JTFA features clearly detected the planetary gear fault with a
98-100% detection rate. The features are quite consistent during the healthy and damaged
RGB tests and are comparatively less sensitive to the speed and torque variations. Of the
traditional gear diagnostic features, only the Sideband Index could reliably detect the fault.

Table 1 — Performance Metrics of JTFA and Traditional Gear Diagnostic Features

Feature Type Feature P(D)
Resonant Feature 63

Matrix Norm 1 100
JTFA Features Matrix Norm 2 99
TFDA RMS 98
TSA Kurtosis 6
Traditional Gear TSA Sideband Index 98
Diagnostic Features | TSA NA4 4
TSA FM4 4
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Evaluation of JTFA Algorithms with Aircraft Accessory Bearing Fault

Progression Data

The authors also applied the developed algorithms to a bearing fault progression dataset
and evaluated their fault detection and classification performance. Specifically, data was
evaluated from a run-to-fail test that was previously conducted on a rotorcraft oil cooler
ball bearing at variable operating conditions for a cumulative time of 1,419 min (23.65
hours). As seen in Fig. 14, bearing shaft speed (blue line) was nominally constant at max
speed (with a deviation of approximately 1%) and the applied radial load (dotted red line)
was periodically ramped up and down during the test. A constant 300 Ib axial load was
also applied. During the test, two accelerometers (PCB 352A60) were installed on a
bearing housing at radial and axial directions and a force sensor was used to measure the
radial load. Data was sampled periodically at 102,400 samples/second for 5 seconds
during testing. During this testing, a spall initiated on the outer raceway at the operating
time of 754 minutes. Visual confirmations of the spall progression (via borescope pictures
taken in situ) were also taken to quantify the ground truth of the bearing fault.

Operating Conditions: Shaft Speed and Applied Load
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Fig. 12 — Operating Conditions for Bearing Fault Progression Test

Fault Detection Performance

The authors applied the developed algorithms to the vibration data described above. Fig.
15 shows a trend of one of the JTFA features from the radial accelerometer, as well as a
number of pictures that quantify ground truth. It can clearly be seen that the feature
increases as the condition worsens.

7™ DSTO International Conference on Health & Usage Monitoring
(HUMS 2011)



AIAC14 Fourteenth Australian International Aerospace Congress

x 10° Matrix Norm 1 min

9

L

T+

6 Initiated Spall at 754min —
[} :
3 s}
=
c
£

3l

21

M\

o

500 1000 1500
Time (min)

Fig. 13 — Successful Tracking of a Bearing Fault with JTFA
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To evaluate the fault detection capabilities of the features, the authors used the process
described previously to define a 2% false alarm threshold. Table 2 includes the fault
detection rates of the diagnostic features extracted from the radial and axial accelerometer
signals. In the table, any detection rate over 90% is blue colored and the highest rate
achieved, which was almost 100%, is red in color. As seen, the Matrix Norm 1 and
Wavelet Variance JTF features performed particularly well in this example.

Table 2 — Probability of Detection Rate at 2% False Alarm Threshold

. Detection Rate at 2% False Alarm Threshold
Signal Type Feature
Radial Vibration Axial Vibration
Wave 33.9 44.7
Wavelet Matrix Norm 1 96.2 98.8
Wavelet Variance 98.8 99.1
JTF Distribution | CWD 38.8 64.3
CWD Matrix Norm 1 99.9 99.2
STFT 84.5 75.5
STFT Matrix Norm 1 99.4 97.2
Conclusion

The goal of this work was to develop a unique incipient fault detection capability that
provides an extended detection horizon for gearbox component degradation. This
capability, coupled with advanced prognostic algorithms, can provide a much more useful
prediction horizon than current systems and enable autonomic logistics. To meet this goal,
the authors developed a number of new, innovative approaches for high frequency
vibration fault detection using Joint Time-Frequency Analysis. Many of these approaches
have been proven in other fields but not yet applied to gearbox component health
management. In summary:

e Data from a scaled gearbox test rig that experienced torque oscillations and eventual
failure was used to evaluate the developed approaches. Although a clear torque-
dependency was evident in traditional gear diagnostic features, the new JTFA features
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were less affected by the torque oscillations and produced a much higher P(D). On
average, the JTFA features produced a P(D) of 93.2, as compared to a P(D) of 53.2 for
the traditional features.

e A particle filtering approach for prognostics was applied to JTFA feature results from
the scaled gearbox test rig. The predictions from multiple features were then fused to
produce promising results. This demonstrates the applicability of the JTFA features
and particle filtering approach to a health monitoring routine that includes prognostics.

e Results from a gas turbine reduction gear box data set were also obtained to evaluate
the ability to detect a planetary gear fault when compared to conventional approaches.
The new JTFA features significantly outperformed the traditional gear features, and
resulted in a P(D) of 98-100% on the best performing sensor. On average, the JTFA
approach produced a P(D) of 90.0% and the traditional approaches produced a P(D) of
only 28.0%. These results are significant since there were substantial torque and speed
changes occurring throughout the test. It should also be noted that the gearbox was
driven by an aircraft gas turbine engine and loaded via a large dynamometer. Both of
these components introduce vibration and noise similar to what occurs on-wing,
making the detection of the fault much more realistic.

e The developed techniques were also applied to an aircraft accessory bearing fault
progression dataset. In this example, the JTFA features showed pleasing results,
producing a P(D) greater than 98% in most cases. These results demonstrate the ability
to accurately track the progression of a bearing spall.

e In general, JTFA features performed better than traditional gear features, especially
under varying operating conditions. In particular, the TFDA and STFT features
performed the best by exhibiting both higher probability of detection and lower
variance due to speed or load changes. However, there is no single standout approach,
highlighting the need for utilizing multiple diagnostic approaches to provide complete
coverage.

¢ Although demonstrated here using high bandwidth vibration data, the approaches are
also applicable using legacy engine vibration sensors. In addition, initial analysis
suggests that it is possible to run the algorithms on existing engine controllers (i.e.,
FADECs). As such, the authors expect the approaches to be readily implementable
using existing instrumentation and processing hardware.

As demonstrated, JTFA signal processing can accentuate small time scale variances in
vibration signals that are correlated to system health but would be missed by more
traditional processing. The JTFA methods can also be applied to any time domain signal,
including the “raw” vibration signal (the signal as collected with no additional signal
processing applied). The ability to “mix and match” processing and feature extraction
enables a more comprehensive suite of diagnostic algorithms. In addition, the flexible and
modular design of the algorithms will facilitate the development of embedded software
necessary for distributed and on-wing PHM. The often stringent process requirements of
embedded hardware will be mitigated by the fact the user can select various combinations
of modules, depending on their computational complexity. Finally historic data can be
used to evaluate the chosen features’ performance during the design phase of the
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diagnostic system by calculating appropriate performance metrics, including probability of
missed detection and false alarm.
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