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Abstract 
 

Flexible power transmission couplings play a major part in the drive train of rotorcraft, 
STOVL aircraft (such as the F-35 Joint Strike Fighter), and other land, sea, and marine 
propulsion systems. These components are generally subject to high torque, rotational speeds, 
and temperatures, which results in high static and dynamic loads that make them susceptible 
to degradation and failure. Additionally, couplings are susceptible to accelerated failures, 
mainly driven by high cyclic stresses induced by extreme shaft misalignment and secondary 
causes like improper assembly, fastener damage, lubricant loss, etc. Damage to other drive 
train components can also lead to increased vibration and misalignment, which in turn 
induces coupling failure. The authors have developed real-time, embedded software to enable 
continuous coupling monitoring and overcome drawbacks associated with inspections and 
preventative removals. Application of these technologies will establish an economical, safe, 
and effective maintenance-scheduling regime for couplings. 
 
Keywords: Shaft coupling, diagnostics, prognostics and health management, fault detection, 
helicopter drive shaft, model-based, vibration diagnostics, prognostics. 
 
 

Introduction 
 

Helicopter drive shafts and couplings are safety-critical aircraft components whose failures 
occur with little warning and often disastrous results. For example, a recent 369E tail rotor 
driveshaft failure in Queensland, Australia typified this [1]. Although the shaft had no prior 
indication of damage or fatigue and was well within normal operating mode and flight time, it 
sustained a buckling failure during the helicopter’s ascent. The pilot reported no indication of 
the impending failure other than a loud bang and a shudder through the tail rotor pedal. 
Fortunately, the failure occurred at a low altitude and the pilot was able to bring the aircraft 
down safely. However, this incident may have been avoided had an early detection 
technology been able to provide advance warning of shaft and coupling failures.  
 
Coupling failures have also led to other well-documented crashes in helicopters [2, 3], further 
emphasizing their indispensable nature. This indispensability, compounded with their high 
susceptibility to failure, establishes the need for Prognostics and Health Management (PHM) 
of shaft couplings. In addition, shaft couplings typically have a very short time interval 
between fault initiation and catastrophic failure, making shaft coupling incipient fault 
detection very critical. Furthermore, the large number of components in a drive train also 
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makes fault isolation to a particular component challenging. Techniques to provide better 
fault isolation capability are therefore needed. 
 
In order to address these challenges, the authors have developed an integrated approach that 
combines model-based shaft coupling prognostics with vibration diagnostic features. This 
shaft and shaft coupling PHM system, which has broad HUMS applicability, includes model-
based prognostics, vibration diagnostics, finite element stress analysis, usage-models, and 
material fatigue models to predict remaining useful life of helicopter drive shafts and flexible 
shaft couplings. The authors believe the developments detailed herein offer a complimentary 
approach to other published shaft coupling PHM technologies [4, 5] through the development 
of hybrid vibration features and use of vibration analysis to infer coupling stresses. The 
approach was developed with consideration to existing on-board sensors and processors to 
allow easy integration into legacy platforms. These algorithms were then packaged into 
embedded software to allow real-time PHM of couplings and associated shafts. When this 
prediction framework and embedded software was validated with data from a scaled 
driveshaft/coupling test stand that included the requisite measurement of the ‘ground truth’ 
damage level, it was found to characterize faults and significantly reduce prediction 
uncertainty to levels necessary for accreditation.  
 
The resulting PHM software suite will ensure safety and reduce operational costs by 
scheduling maintenance toward the end of actual component life, increasing availability by 
preventing unscheduled maintenance and reducing inspections, and minimizing ground 
support equipment. In addition, the use of accelerometer(s) as the primary sensor will enable 
easy integration of coupling PHM with other vibration-monitored components like shafts, 
gears, and bearings to reduce hardware complexity, signal processing, and computational 
needs. This integration will reduce both recurring and nonrecurring PHM costs.  
 
 

Technical Approach 
 
Fig. 1 shows the overall approach that was developed for shaft-coupling PHM. This approach 
encompasses a direct, traceable, and certified methodology to handle both the deterministic 
and stochastic elements of mechanical component prognosis. As seen, both model-based and 
vibration feature-based PHM techniques were developed. The top of the figure highlights the 
key steps in the model-based portion of the methodology. This approach combines algorithms 
that predict misalignment angle (using vibration data) with structural dynamics information 
obtained from model-based techniques (finite element analysis) to predict shaft/coupling 
stress. In addition, nonlinear usage-based techniques were implemented for stress-cycle 
accumulation. 
 
The service life of a shaft is randomly distributed and can be modelled by a stochastic 
deterioration process that allows approximation of remaining useful life (RUL). However, in 
order to apply these estimation techniques, actual shaft damage (i.e., current crack size) must 
be known. In health monitoring applications, this must be inferred, as it is nearly impossible 
to directly measure. Other critical parameters in remaining useful life estimation are functions 
of several factors that are often unknown or vary across different aircraft (loading, geometry, 
and material type). Even when estimating these parameters using updated state space models, 
variation remains as these model factors change due to material property and geometric 
uncertainties. These problems were addressed in the developed approach through stochastic 
models of the physical laws governing shaft failure mechanisms. 
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Fig. 1: Shaft-coupling PHM overview 

This model-based methodology has been integrated with vibration feature-based PHM 
(bottom part of Fig. 1). These vibration feature-based PHM algorithms are most suited to on-
line analysis of accelerometer, tachometer, and alignment sensor data in order to evaluate the 
health of the coupling. The algorithms are predominantly signal processing-based and 
incorporate concepts of physics and structural dynamics. They are used to extract key features 
from accelerometer and optical sensor measurements. These real-time algorithms predict 
feature values for healthy couplings and enable a comparison with baseline values. Forecasted 
prognostic algorithms are then used to predict remaining useful life.  
 
The methodology also includes fault classification and knowledge fusion algorithms to merge 
the outcomes of the two approaches to determine the health state and level of belief or 
confidence in the prediction. The integrated prognosis process also uses the health state 
information as an input to predict the time-to-failure and the critical fault that could lead to 
failure. 
 
 

Vibration Feature-Based Diagnostics 
 
Vibration analysis for condition assessment and fault diagnostics has a long history of 
application to power and mechanical equipment. All machines have some normal level of 
vibration, and mechanical trouble will cause a change (usually an increase) in vibration 
levels. In addition, each machine component has a characteristic vibration signature that is 
affected by faults within the component or by the forces to which it is subjected. Deviations in 
the vibration signatures of various components from a pre-defined normal level will usually 
indicate a degradation of their mechanical components. Since each mechanical problem 
theoretically generates vibration in a unique way, measuring and noting changes in a 
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component’s vibration characteristics can aid in the identification of the specific nature (and 
even location) of the problem. These characteristics are captured using mathematical 
computations called “features.” Several feature vectors have been developed over the years 
and are well documented in the vibration analysis literature.  
 
Many shaft coupling cracks can be detected by using simple spectrum plots and trending the 
1x, 2x, or 3x shaft frequency vibration levels. The problem associated with this method is that 
it is not specific to coupling cracks. Lower shaft harmonic vibration trends caused by 
increased bow, misalignment, or unbalance are indistinguishable from that of a faulted 
coupling. Monitoring the increase in 1x vibration levels can detect a fault, but the type of 
system fault may still be unknown.  
 
The process of extracting fault detection and tracking features from a vibration signal can be 
enhanced with many processing nuances. Signal processing techniques, time domain feature 
extraction, and frequency domain analysis can all be used to provide better, more reliable 
vibration-based diagnostic information. During this effort, the vibration diagnostic module, 
referred to as GearMod-ShaftTM and detailed in Fig. 2, was used. This proven module 
combines multiple signal processing techniques to reduce signal noise and several reliable 
features indicative of driveshaft health. 
 

 

Fig. 2: GearMod-ShaftTM: Vibration feature-based diagnostics 

The vibration magnitudes at engine orders are extremely useful in diagnosing faults. By 
comparing and tracking the relative magnitude of various orders (1/4, 1/3, 1/2, 2/3, 1, 2, etc.), 
many fault types can be detected, including shaft crack, unbalance, and misalignment. 
GearMod-ShaftTM also has the ability to perform Order Domain analysis. When trying to 
isolate the vibration magnitudes at shaft speed harmonics from transient data, the varying 
shaft speed will cause frequency domain plots to appear blurry or stretched out. It becomes 
necessary to resample the data and attain a constant sampling frequency based upon the 
rotation of the shaft rather than time. As shown in left part of Fig. 3 [6], a Fast Fourier 
Transform (FFT) is applied to one second of data from both a signal that is sampled with 
constant time and a signal sampled with constant angle. Since the shaft is accelerating 
throughout the second of data, the first FFT (frequency) results in a smeared spectrum. In 
contrast, the second FFT (order domain) shows clear content (peaks) at harmonics of the shaft 
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speed, even though the shaft is accelerating. Both FFT plots (the rightmost plots) are 
extracted from the same data; however, the bottom plot is a result of order domain processing. 
The resampling therefore eliminates the smearing seen in the top FFT plot and emphasizes the 
energy at the shaft/shaft coupling orders (as seen by the clear peaks). These peaks represent 
the energy content of the signal expressed in terms of shaft orders. This processing is 
significant because it allows estimation during non-steady and transient operational states, 
providing an advantage over traditional approaches that are restricted to steady operations and 
result in less frequent PHM updates. 
 
In addition, GearMod-ShaftTM further conditions the signal through time synchronous 
averaging (TSA). This algorithm averages consecutive revolutions of the resampled signal to 
reduce the signal-to-noise ratio when compared to other order domain/tracking approaches. 
The first step of the process subdivides the vibration sample into segments, or blocks, based 
on shaft angular position (derived from a tachometer signal). During the second and final 
TSA step, the segmented signal is averaged over one or several shaft revolutions. This 
averaging reduces any vibration due to things not synchronized with shaft rotation speed. An 
example of this process can be seen in the right side of Fig. 3. 
 

Order Domain TSA 

 

Fig. 3: Example order domain (left) [from 6] and TSA signal processing (right) 

In addition to various statistical features (including RMS and Kurtosis), numerous shaft 
orders are calculated from the Order Domain and TSA time domain signals. As stated above, 
the vibration magnitude at harmonics of shaft speed are indicative of specific shaft failure 
modes. The developed diagnostics therefore calculate shaft orders 1 through 4 from the TSA 
and Order Domain signal, as well as some additional hybrid features.  
 
Data-Driven Prognostics 
 
Within the developed shaft coupling PHM architecture, vibration-based features are used to 
drive both diagnostic and prognostic routines. Impact uses these features to estimate the 
current health state of the coupling and to predict the future health state of the coupling using 
data-driven prognostics. There are many published techniques, including evolutionary 
trending methods such as Kalman filters, neural networks, and fuzzy logic [6]. For instances 
in which historical fault/failure data (i.e., time domain plots of various signals leading up to 
the failure) or statistical data sets are available, methods commonly used in stock market 
forecasting can also be used. These methods include regression analysis, time series analysis 
[8], decomposition techniques, exponential smoothing, and Box-Jenkins techniques [9]. 
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Based on previous experience with these approaches, the authors narrowed the list of 
candidate techniques for shaft coupling prognostics to neural networks and a forecasting 
method. Although widely used [10, 11], the main critique of neural networks is that the 
reasoning behind their decisions is not always evident, and they are sometimes brittle when 
applied to data sets that are different from the training data. For these reasons, the authors 
chose not to use a neural network-based prognostic at this time. 
 
Instead, efforts have focused on advancing the state-of-the-art of prognostic technology by 
implementing a regression-based approach referred to as forecasted prognostics. As part of 
this approach, a curve is first fit to a buffer of current health state predictions that represents 
the latest segment of data using best-fit techniques. Next, a statistical analysis of the residuals 
(actual data versus the curve fit estimates) is performed to calculate the confidence intervals. 
Finally, future health state values are estimated using confidence bounds that increase as 
forecasts are made into the future. The final step differentiates this approach from more 
traditional regression approaches, which often assume fixed confidence bounds. Assuming a 
fixed confidence bound would result in far future predictions having the same uncertainty as 
near future predictions. However, a more accurate assumption is that the further out into the 
future a forecast is made, the more uncertain it is.  
 
An example plot of the algorithm’s output is shown in Fig. 4. As seen, health state predictions 
are trended and forecasted to produce an assessment of remaining useful life (RUL). Notice 
that the longer the prediction is made into the future, the more uncertain it becomes. In this 
example, the forecast was made from the current time until the lower bound on the RUL 
estimate was lower than a threshold set at 20%, resulting in a conservative RUL prediction. 
However, in practice, this threshold can be set at any condemning RUL and the mean or upper 
confidence bounds could also be used. 
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Fig. 4: Sample forecasted prognostic result 

 
Model-Based Prognostics 

 
The data-driven prognostics approach described above is complemented by a model-based 
prognostic within the developed shaft coupling PHM approach. The authors developed the 
two PHM techniques in order to provide coverage during each stage of coupling life. A 
model-based prognostic, unlike the data-driven approach, can provide a remaining useful life 
estimate that is independent of a feature trend. Therefore, by combining the feature 
independency of a model-based approach with the closely correlated health condition output 
of the data-driven approach, a broader coverage horizon can be provided. Fig. 5 depicts the 
generalized model-based prognostic approach that was developed. As seen in the right part of 
the figure, material-level fatigue models are central to the model-driven approach. Both a 
crack initiation and crack progression model are used to determine the coupling RUL. These 
models are detailed below and are wrapped in stochastic methods that account for the typical 
fatigue life dispersion and uncertainties in material properties, model parameters, and 
geometry tolerances. In addition to the stochastic material parameters, the models also need 
an estimate of the current coupling stress. Since this stress is dependent on the alignment of 
the shaft assembly, and since shaft misalignment can be readily assessed using the current 
vibration response of the system, a vibration analysis approach is used to estimate the 
misalignment angle of the system. This estimate is then fed into the stress-estimator, which is 
derived from a finite element analysis. This process is fully detailed below. The final output 
of the model-based prognostic approach is the current remaining useful life of the shaft 
coupling and confidence bounds for that value. 
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Fig. 5: Model-based PHM overview 

Shaft Misalignment Angle Estimation 
 
Shaft misalignment greatly affects the stress that the coupling experiences and therefore 
greatly affects crack growth rates. In order to characterize the shaft misalignment, the authors 
have developed a technique to estimate the misalignment angle from the vibration data. 
Although this technique may not be as effective as a dedicated sensor, it does show potential. 
The misalignment angle was estimated by a hybrid feature comprised of the most 
misalignment sensitive GearMod-ShaftTM features. The hybrid feature is a fusion of features 
normally affected by misalignment (mainly order domain SO2, but severe misalignment can 
affect SO3 and SO4) and those features that are not typically affected by misalignment (SO1 
and conventional RMS).  
 
Model-Based Diaphragm Stress Analysis 
 
Determination of the cyclic stress is needed for Eqn 1 in the model-based approach. To 
estimate the stresses in this coupling under various levels of misalignment, a finite element 
model was created (Fig. 6). Because of symmetry, a half model of the coupling was sufficient 
to extract the required information. The geometry shown is a simplified version of the actual 
diaphragm tested because the diaphragm’s actual shape is a proprietary contour. Therefore, it 
is very likely the stresses calculated from the simplified model are much higher than those 
experienced during the actual testing. These higher stresses provide a conservative (worst 
case, no contour) bound to the stress ranges, but, more importantly, the simplified model still 
provides a valid misalignment to stress relationship. 
 
The primary crack-inducing stress is caused by shaft misalignment. To simulate 
misalignment, a parallel offset was applied to one diaphragm (in the y-direction) while the 
opposite end was constrained. Displacement constraints were applied at three locations on the 
half model’s diaphragm circumference to simulate 4 points of support on the full model. The 
simulation was performed with steel as the diaphragm material and assumed material 
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properties of AISI 4340 [12]. Fig. 6 shows the stress in the y-direction as a result of the 
applied misalignment used during the diaphragm tests. This stress is purely alternating as the 
coupling rotates and the areas of maximum stress (and most likely crack formation) are 
indicated by red. To establish an upper limit on the expected stress levels for this simplified 
model, the boundary conditions were extended to the entire outer diaphragm circumference. 
In order to make this process implementable in an on-board scenario, a stress look-up table is 
created from the model and used for real-time, on-board implementation. 
 

 
Fig. 6: Diaphragm FEA model 

Fatigue Models 
 
Eqn 1 predicts the number of cycles to fatigue initiation, typically assumed to be the time at 
which a 0.254 mm (0.010 inch) crack first appears. However, there is some remaining life that 
occurs during the crack growth regime. Therefore, the developed approach uses a modified 
version of the Paris crack growth law proposed by Foreman [13]. Eqn 2 is only used to 
propagate the crack size if the vibration diagnostics detect the presence of a crack. If no crack 
is detected, the coupling remaining life is only based on the fatigue initiation life predicted by 
Eqn 1. 
 

( ) ( )bfmfa N2' ×−= σσσ
 

 

(1)

aσ = alternating stress 

mσ = mean stress 

fN = cycles to failure 
'
f = material property σ

b  = material property 
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a  = crack size (inch) 
N  = number of cycles 

mC,  = material properties 

maxK = maximum stress intensity factor 

( )( )5.0
max api ∗= σmaxK  

minK = minimum stress intensity factor ( )( )5.0
minmin apiK ∗= σ  

CK  = plane stress fracture toughness of material property 
 
In addition, the vibration diagnostic information is used to update the model prediction. If 
during an iteration of the analysis the model predicts 0 remaining useful life but the vibration 
diagnostic doesn’t indicate a crack, the 0 RUL value is replaced by the next lowest RUL value 
from the distribution. Using the vibration diagnostics to update the model predictions 
effectively reduces the original stochastic uncertainty and makes the model more specific to 
the monitored system. 
 
Stochastic Wrapper 
 
Modeling of fatigue lives is often performed through statistical methods that account for 
stochastic processes and the life dispersion historically experienced. One widely used method 
is a Monte Carlo simulation. In a Monte Carlo simulation, inputs are represented by 
distributions that are based on historical means and standard deviations. Then the inputs are 
randomly chosen and the simulation is performed [14]. Final simulation results are 
represented by distributions characterizing the dispersion in the actual fatigue lives. The 
authors have adapted the above models into forms that can be used in Monte Carlo 
simulations. Specifically, the authors classified the stochastic inputs into one of two 
categories: operational-specific or coupling-specific. Operational-specific inputs characterize 
the uncertainty in the current (and future) operating conditions, such as load and speeds. In 
addition, operational-specific inputs “tailor” the models to the currently monitored machine 
by providing operational time-dependent parameters. Coupling-specific inputs characterize 
the uncertainty in the dimensions, materials, and model constants. These inputs will not vary 
in time and characterize the entire population of couplings. The parameters that were 
stochastically simulated during this effort are summarized in Table 1. The deviations were 
chosen to simulate the fatigue life dispersion described by material testing detailed in MIL-
HDBK-5H (AISI 4340) [12]. 
 

Table 1: Stochastic parameters 
Parameter Mean Value Standard Deviation 

σf’ 260 (ksi) 2.6 (ksi) 
b -0.080 0.00080 
C 1.4e-11 7.0e-13 
m 2.5 0.125 

 



AIAC-13 Thirteenth Australian International Aerospace Congress 
 
 

Sixth DSTO International Conference on Health & Usage Monitoring 

Prognostic Output Fusion 
 
Since the developed PHM approach uses two prognostic techniques (model-based and 
vibration feature-based), it is necessary to combine the two RUL estimates into a single, more 
accurate value. As such, an advanced data fusion technique is being implemented that uses a 
Kalman filter with a scaled correction (see Eqn 3). The scaled correction is based on the 
vibration feature-based RUL prediction and is used to modify the Kalman filter, which is used 
to trend the model-based RUL prediction. The scale is chosen to minimize the variance in the 
adapted result. The adapted value, A, has the cumulative distribution defined by the 
convolution of the scaled model values (1-K)M and the scaled sensor measurements KS: 
 

(1 )
0

( ) ( ) ( ) ,

where
( ) (1 )

with
( )

( ) ( )

A K M KSF a F a s f s ds

A M K S M K M KS

Var MK
Var M Var S

∞

−= −

= + − = − +

=
+

∫

 
(3) 

 
 

Validation Testing: Run-to-Failure Testing 
 
The authors collaborated with a coupling original equipment manufacturer to conduct run-to-
failure diaphragm tests. Four accelerometers (PCB 353B16) were installed on the tail stock 
and test bed rail of the diaphragm test stand. In addition, a tachometer was installed to allow 
synchronous averaging and order domain analysis. During this test, the shaft (parallel) 
misalignment angle was incrementally increased to raise the stress on the diaphragms in order 
to induce a failure. It is worth noting that the diaphragms were subjected to angles far above 
their rated maximum angle in order to produce a timely fault. Table 2 shows the misalignment 
steps, shaft speed, and total run time under each condition. One half second of data was 
collected at 204,800 Hz every 10 seconds. The test was automatically shutdown by a very 
sensitive velocity-based vibration sensor at about 2.7 million cycles into the test run with the 
largest misalignment. There were no intermediate inspections, only a measurement of the 
final 25 mm (0.9875 inch) crack on the outer rim on the diaphragm. 
 

Table 2: Diaphragm run-to-failure testing 
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Vibration Feature-Based Diagnostic Analysis Results 
 
The authors applied the developed diagnostic approach to the data collected during the run-to-
failure testing. Fig. 7 shows the trend of a conventional RMS calculation over the entire test, 
with the various misalignment angles noted. Notice the little to no increase caused by the 
diaphragm crack. Any system using a simple RMS feature for shaft/coupling fault detection 
would therefore not detect the crack. 
 

 

Fig. 7: RMS trend over duration of test 

In comparison, one of the features produced by GearMod-ShaftTM is shown in Fig. 8. Overall, 
this feature seems to be the best indicator. It not only provides the earliest indication, but also 
has a fairly stable magnitude leading to a narrower distribution and, ultimately, lower false 
alarm rates. For instance, a threshold can be set at a feature magnitude of approximately 
0.0055 g’s. Using this threshold, there is clear separation of the cracked and health diaphragm 
health states. It should be noted that the fast progression times are directly caused by the 
prolonged operation at extremely high misalignment angles. In an actual application, the 
coupling will not be subjected to such extreme conditions for more than a few minutes, 
realistically only occurring during rare, severe occasions such as a steep angle helicopter 
landing. Therefore, the authors anticipate the diagnostic detection horizon during actual 
operation may be much longer than shown. 
 

 

Fig. 8: GearMod-ShaftTM feature trend for diaphragm test 
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Diagnostics Results: Real-Time Misalignment Angle and Stress Estimation 
 
As mentioned, the model-based analysis requires a known misalignment angle in order to 
calculate the required diaphragm stress. In reality, however, the actual angle may not be 
known; therefore an estimate of the true misalignment angle needs to be made. The results of 
the developed shaft misalignment angle estimation method, based on the previously described 
misalignment feature, can be seen in Fig. 9. For each test represented in Table 2, the 
misalignment features were calculated. Then, assuming normal distributions for each case, the 
feature’s Probability Density Function (PDF) at each angle was calculated, as shown in Fig. 9 
(B). The PDFs shown were calculated using 10% of the total number of points, since there 
was not a separate baseline test. Although the feature cannot easily distinguish between the 
lower angles, the resulting RUL predictions are not greatly affected, since these low angles 
induce much lower stresses and therefore provide almost infinite life compared to the higher 
angles. Once the baseline misalignment behaviour of the driveshaft/diaphragm system has 
been characterized by generating the misalignment feature distributions, an estimate of the 
misalignment angle can be made. First, the misalignment angle was calculated, as described 
previously. Next, a Z-test was performed for each baseline misalignment angle to test the 
hypothesis of whether the new feature belongs in that distribution or not. A significance level 
of 0.05 was used. Finally, the angle was estimated to be the one for which the hypothesis was 
not rejected (i.e., the feature belongs to that distribution). In the event that multiple 
hypotheses were accepted (the feature does not clearly belong to any distribution), a simple 
winner-takes-all approach was applied. Finally, the estimated angle was used with the finite 
element analysis and a stress look-up table to relate observed misalignment angles to 
maximum stresses. 
 

 
Fig. 9: Stress estimation through misalignment angle prediction 
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Diaphragm RUL Prediction Using Forecasted Prognostics 
 
Both prognostic techniques described above were then applied to the sub-scale diaphragm 
run-to-failure test data. The GearMod-Shaft™ feature shown previously (Fig. 8) was used for 
forecasting because it trended well with the assumed crack growth. An estimate of the RUL 
was performed on every second of data. Results from the last 20 minutes of forecasting are 
shown in Fig. 10 (green line), along with the model-based results (dark blue line) and original 
GearMod-Shaft™ feature (light blue line), which is multiplied by 1000 to fit on same y scale. 
The results from the model-based fatigue prediction are shown in dark blue and are generally 
more conservative than the forecasted data-driven estimates. Confidence intervals for both 
prognostics are also shown as dotted lines. As seen, the vibration feature-based forecast 
produced a much narrower confidence interval than the model-based interval, as the 
GearMod-Shaft™ feature had little variation. It is worth pointing out that the forecasted RUL 
predictions in this example were only applied after the GearMod-Shaft™ feature exceeded a 
threshold. The reason for this is that the forecast method is a regression-based prediction 
technique that uses trends to extrapolate remaining useful life. As such, the forecasted RULs 
are off the scale prior to 5 minutes. In the future, reliability information will be used to make 
predictions prior to exceeding of the threshold and the results of this approach in the early 
stages of the fault will be improved. As seen in the figure, the fusion algorithm was also 
applied (black line) to combine the 2 RUL predictions. 
 

 
Fig. 10: Diaphragm test prognostic comparison 

Fig. 11 shows a zoomed in view of the last 5 minutes. As seen, the model-based predictions 
are generally conservative while the vibration feature-based prognostics generally 
overestimate the remaining life. Fusion of these two results produces a more accurate 
prediction of remaining useful life. 
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Fig. 11: Diaphragm test prognostic comparison 

 
Conclusions 

The authors have developed a robust prognostics and health management (PHM) application 
for flexible helicopter and STOVL aircraft drive shaft couplings that incorporates both model-
based and vibration feature-based PHM techniques. Fusion of these two results was found to 
produce an accurate prediction of remaining useful life when compared to coupling 
diaphragm run-to-failure data. Model-based predictions were generally conservative, while 
the data-driven prognostics generally over-predicted the remaining life. Integral to the 
approach are vibration-based features that are used to estimate the current health state of the 
coupling and predict the future health state using data-driven prognostics. Accurate vibration 
analysis is critical to providing a real-time indicator of the current coupling health state. As 
shown during testing, coupling faults rapidly progress, which, without adequate diagnostic 
information, can lead to unexpected power loss or even potential loss of an aircraft. It is 
therefore safety-critical to have a real-time indicator of shaft coupling health that reliably 
provides the earliest possible indication of a fault. The developed signal processing 
techniques and features were shown to provide such an indicator because of their 
responsiveness to coupling cracks. In addition, it was shown that other information, such as 
misalignment angle, can be inferred from vibration signatures. These predictions were shown 
to be important inputs to the model-based methodology, specifically for use by finite element-
based stress estimators. Finally, material-level fatigue models were wrapped in a stochastic 
process to predict remaining useful life. The authors suggest that vibration monitoring of 
flexible shaft couplings can result in increased safety and should be considered for any safety-
critical application. Additional conclusions from this effort include: 
 

 During testing, >90% of the coupling’s life was spent in the fatigue initiation phase. 
 Crack growth rate predictions confirm that coupling cracks grow rapidly (>0.00254 

mm (1e-4 inches) per cycle, 0.033 mm (0.0013 inches) per second), as shown by the 
vibration features. 
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 Order-domain processing allows assessment of coupling health during transient and 
non-steady operation, including critical operational modes such as start-up and 
STOVL-engagements. 

 Vibration data may be useful in providing a method to infer misalignment angle for 
use in the model-based approach if no sensors are available for direct measurement. 

 Accurate finite element analysis modeling increases accuracy by providing better 
characterization of the relationship between misalignment angles and stresses. 

 Using the vibration diagnostics to update the model’s predictions effectively reduces 
stochastic uncertainty and makes the model more specific to the monitored system. 

 The data-driven forecast produced a much narrower confidence interval than the 
model-based interval, as the GearMod-Shaft™ feature had little variation.  

 The RUL predictions were generally conservative, estimating a shorter time-to-failure 
than actual experienced during testing. 

 
Future work will focus on the maturation of the developed diagnostic and prognostic 
approaches using available run-to-failure test data. A more robust technique (most likely a 
Bayesian approach) will also be applied to reduce the variability in vibration-based 
misalignment angle estimations, thus improving the accuracy of the remaining useful life 
estimate. Reliability information will also be used to generate remaining useful life 
predictions prior to threshold exceedance and to improve prediction during the early stages of 
a fault. These improvements should increase accuracy and allow for real-time implementation 
of a PHM system for safety-critical shaft couplings with very rapid fault propagation rates. 
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