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1. SCOPE AND PURPOSE
1.1 Purpose

This document applies to prognostics of gas turbine engines and its related auxiliary and subsystems. Its purpose is to
define the meaning of prognostics with regard to gas turbine engines and related subsystems, explain its potential and
limitations, and to provide guidelines for potential approaches for use in existing condition monitoring environments. It
also includes some examples.

1.2  Field of Application
This document seeks to meet the increasing interest in gas turbine engine prognostics. Specifically, the document tries to

provide a timely guideline for applying prognostic technologies to enhance the capability of current monitoring and
diagnostic systems. Sonje examples are provided that are intended to illustrate different approaches and methodologies.

2. REFERENCES
2.1 Applicable Referemces

Bannantine, J., et al., Fuhdamentals of Metals Fatigue Analysis, Prentice Hall, #980.

Boyce, Meherwan, Gas Turbine Engineering Handbook, Gulf Publishing Cempany, 1995.

Bowerman, Bruce L. and O’Connel, Richard T., Forecasting and Time Series, Duxbury Press, 1993.

Byington, C. S. et al., “Prognostic Enhancements to Diagnostic:Systems for Improved Conditipn-Based Maintenance”,
IEEE 0-7803-7231-X/01,{2002.

Engel, S. J., Gilmartin,| B. J., Bongort, K., Hess, A, “Prognostics, The Real Issues Involyed with Predicting Life
Remaining”, IEEE 0-7808-5846-5/00, 2000.

Halford, G. “Cumulative [Fatigue Damage Modeling — Crack Nucleation and Early Growth” First International Conference
on Fatigue Damage, September 22-27, 1996.

Hartman, W., and Hess| A., “A USN Strategy for Mechanical and Propulsion System Prognostics with Demonstration
Results” AHS Forum 58,|Quebec, Canada, June 11-13, 2002.

Kurtz, Rainer, and Brun] Klaus=“Degradation in Gas Turbine Systems” Proceedings of the ASNIE TURBO EXPO 2000,
May 8-11, 2000, Munich (Germany.

I |

Ioannides, and Harris, “ANewt atiyuc HfeModet-fot Ru”illg Bcdlillyb”, Joturmatof Tlibuh)yy, Yor- 107, pp. 367-378, 1985.

Lundberg, and Palmgren, “Dynamic Capacity of Rolling Bearings”, Acta Polytechnica Mechanical Engineering Series 1,
Royal Swedish Academy of Engineering Sciences, No. 3, 7, 1947.

Peltier, R. V., Swanekamp, R. C., “LM2500 Recoverable and Non-Recoverable Power Loss” ASME Cogen-Turbo Power
Conference, Vienna, Austria, August 1995.

Roemer, M. J. and Kacprzynski, G. J., “Advanced Diagnostics and Prognostics for Gas Turbine Engine Risk
Assessment,” Paper 2000-GT-30, ASME and IGTI Turbo Expo 2000, Munich, Germany, May 2000.

Roemer, M. J., and Ghiocel, D. M., “A Probabilistic Approach to the Diagnosis of Gas Turbine Engine Faults” Paper
99-GT-363, ASME and IGTI Turbo Expo 1999, Indianapolis, Indiana, June 1999.
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Roemer, M. J. and Kacprzynski, G. J., “Development of Diagnostic and Prognostic Technologies for Aerospace Health
Management Applications,” IEEE Aerospace Conference, Big Sky, Montana, March 2001.

SAE Aerospace Technical Report Style Manual, Technical Standards Division, SAE, April, 1994.

Socie, D., “A Procedure for Estimating the Total Fatigue Life of Notched and Cracked Members”, Engineering Fracture
Mechanics Vol. 11 pp. 851-859, Pergamon Press Ltd., 1979.

Sines, and Ohgi, “Fatigue Criteria Under Combined Stresses or Strains”, ASME Journal of Eng. Materials and Tech., Vol.
103, pp. 82-90, 1981.

Yu, and Harris, “A New Stress-Based Fatigue Life Model for Ball Bearings”, Tribology Transactions, Vol. 44, pp. 11-18,
2001.

2.2 Definition

Prognostics is the ability[to predict the future condition of a component and/or system of.<componénts. For the purposes of
gas turbine engine prognostics, this definition is often further described in terms. of hard faflures of components or
condition/degradation of [performance related problems. These are further defined asfollows:

Failure Prognostics: Failure prognostics is focused on the prediction of damage state or failurg rate of a component or
system of components ih an engine. Failure prognostics can either be directly or indirectly affgcted by the diagnosis of
specific engine faults, de¢pending on the level of impact the componentexperiences from the fgult condition. Prognostic
models are required to pfoject the future condition of these componentssand/or system of components.

Condition Prognostics: Gondition prognostics is associated with:the slower degradation (wear rdlated) processes that an
engine is exposed to thrpughout its life. It is usually associated with the diagnosis of fault(s) congitions and the capability
of predicting when the symptoms of the identified fault(s) will reach an undesirable state in which|system operation will be
adversely affected. Proghostic models are required to project the future “path” of these identified fault(s) on total system
performance or reliability].

2.3 Potential Benefits pf Prognostics

Improved Safety of Hlight

e Improved Operational Availability

Reduced Life Cycle Costs

Optimized Maintenapcé/lnspection Intervals

2.4 Needed Terminology

Monte-Carlo Simulation: A process for making multiple analyses of a particular deterministic problem by changing the
associated parameters that effect the results/outcome of the process based on the uncertainties that exist in those
parameters, usually in the form of a distribution.

Diagnostics: A technique for classifying or isolating a particular “non-normal” condition associated with a system,
subsystem or component down to a piece of information that is useful in understanding the off-design condition.


https://saenorm.com/api/?name=eb5146c7d55d97344e42b247c4b42ab3

SAE INTERNATIONAL

AIR5871

Page 5 of 19

2.5 Acronyms

Al

TBO

D&P

MTBF

EFH

FEA

LP

HP

OEM

FOD

HCF

LCF

PDF

PHM

MTB

2.6 Prognostic Requiréments
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sion system prognostics is fault isolation and diagnosis. Fault isolation ¢
idence assogiated with a fault detection in order to identify the locatig

ptable fevel of degradation). If the identified fault affects the life of a crit
must also reflect this diagnosis.

nd diagnosis consists of
n of the fault within the

ition proghosis can then be used to forecast the remaining useful life (thg¢ operating time between

cal component, then the

grnosis of criticat faiture modes; specific Tequirements forconfidenceint

rvals and severity levels

must be identified by the developer and/or end user. In general, the fault detection statistics and diagnostics accuracy
should be specified separately from prognostic accuracy.

To specify fault detection and diagnostic accuracy, the following probabilities should be used: as a minimum:

1. The probability of fault detection in terms of false alarm rate and real fault probability.

2. The probability of specific fault diagnosis confidence and severity.
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To specify prognostic accuracy requirements, the developer/end-user must first define:

1.

The level of condition degradation beyond which operation is undesirable.

2. A minimum warning level of acceptable operation, given a failure mode or degraded condition.

3. A minimum probability level that remaining useful life will be equal to or greater than the minimum warning level.

3. EXAMPLE PROGNOSTIC STRATEGIES

3.1

Analytical Prediction

The total available useful life of an engine component is typically calculated from design parameters and an assumed

operational envelope. In
very crude forecast of

implementations of it su
now being considered (q
projected operational pd
their propagation for rem

q

J

Another example of a
component. This humbe|
(gears, bearings, etc.) w
determine the maximum
actual condition of the s
section.

3.2 Measured and Tre

Sensors provide a con
characteristics. These d
remaining useful life car
measures.

An example of this app
pump. As the performa
generated by applying 1
examples, a database ¢
decision making network

the simplest case, operating hours can then be tracked and projected.in
remaining useful life. This is analogous to cycle counting methods s
ch as TAC (Total Accumulated Cycles) that are often used today-‘Morg
iscussed in a later example) that use stochastic models to represent fa
rameters, and rare/random events to help improve the predietion of s
aining-useful-life.

imple analytical prediction strategy is assigning alTime Between Ovsg
I can be derived from fatigue life predictions, under assumed operating
thin a propulsion system assembly. The shortest'predicted life of all the
number of operating hours between required témoval from service for oy
pecific component. A more advanced analytical modeling approach wi

nd-Based Predictions of Wear and-Degradation

tinuous view of the physicalbdata that are directly related to a cg
be made based upon assumed operational profiles and removal limit
oach is the measdrement and trending of pressure head and flow for

nce parameters deteriorate towards an undesirable level, a remainin

ools such—das linear regression analysis to the trended measurement

f physical-measurements can be further processed by techniques su
s, and/rule based expert systems.

In the following sectio

to the future to provide a
uch as minors rule and
b advanced methods are
lure mode uncertainties,
pecific failure mode and

brhaul (TBO) index to a

loads, for various parts
critical elements will then
erhaul, regardless of the
| be described in a later

mponent’s performance

ata can be processed into jtrendable measures of the component “hgalth” and projections of

5 of the trendable health

a positive displacement
g useful life estimate is
5. In more sophisticated
ch as feature extraction,

a—summaryof five of the leadingdata-driven—and-model-based—a

halytical approaches for

performing predictions on remaining useful life or wear/degradation of specific components or engine systems are

discussed.

4. GENERIC PROGNOSTIC TECHNOLOGIES

Prognostics simply denotes the ability to predict a future condition. Inherently probabilistic or uncertain in nature,
prognostics can be applied to a system or component’s failure modes governed by material condition or by functional
loss. Like the diagnostic algorithms, prognostic algorithms can be generic in design but specific in terms of application.
This section will briefly describe five approaches to prognostics.
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4.1 Experience-Based Prognostics

In the case where a physical model of a subsystem or component is absent and there is an insufficient sensor network to
assess condition, an experience-based prognostic model may be the only alternative. This form of prognostic model is the
least complex and requires the failure history or “by-design” recommendations of the component under similar operating
conditions (also basis for Reliability Centered Maintenance). Typically, failure and/or inspection data are compiled from
legacy systems and a Weibull distribution or other statistical distribution is fitted to the data. An example of these types of
distributions is given in Figure 1. Although simplistic, an experience-based prognostic distribution can be used to drive
interval-based maintenance practices that can then be updated at regular intervals. An example may be the maintenance
scheduling for an electrical or airfframe component that has little or no sensed parameters and is not critical enough to
warrant a physical model. In this case, the prognosis of when the component will fail or degrade to an unacceptable
condition must be based solely on analysis of past experience or OEM recommendations. Depending on the maintenance
complexity and criticality associated with the component, the prognostics system may be set up for a maintenance
interval (e.g., replace e\J:ry T000+/-Z0 EFH (Engine Flight Hours)) and later updated as more] data become available.
Regularly updated mainfenance databases, as often used in autonomic logistics applications\, hgve important benefits for
this type of prognostics.

Experienced/Inspection-Based PHM

Legacy-Based

| . .
! \ Maintenance Action

*Weibull'Formulation

r / \ / PDF *Update Capability
&
i
1’ : In-field Inspection * New Data
i / Results PDF * Legacy Data
i \
| \
N S
r‘

\ In-FicldMTBF or MTBI
Legacy MTBF or MTBI
FIGURE 1 - EXPERIENCE-BASED APPROACH

4.2  Evolutionary Progmostics

An evolutionary prognostic approach relies on gauging the proximity and rate of change of| the current component
condition (i.e., features) byanalyzing the known performance faults. Figure 2 is an illustration of the technique.
Evolutionary prognosticd may be implemented on systems or subsystems that experience conditional failures, e.g., an
auxiliary power unit (APU) gas path degradation. Generally, evolutionary prognostics works well for system level
degradation because conditional loss is typically the result of interactions of multiple components functioning improperly
as a whole. This approach requires that sufficient sensor information is available to assess the current condition of the
system or subsystem and the relative level of uncertainty in this measurement. Furthermore, the parametric conditions
that signify known performance-related faults must be identifiable. While a physical model, such as a gas path analysis or
control system simulation, is beneficial, it is not a requirement for this technical approach. An alternative to the physical
model is built in “expert” knowledge of the fault condition and how that knowledge manifests itself in the measured and
extracted features.



https://saenorm.com/api/?name=eb5146c7d55d97344e42b247c4b42ab3

SAE INTERNATIONAL

AIR5871

Page 8 of 19

4.3 Feature Progressi

Utilizing known transitiofal or seeded fault/failure degradation paths ‘of measured/extracted feg
over time is another com

trained on features that
“ground truth,” is require]
usually obtained from i
automatically adjust its
and the correlated featd
vibration feature data se
curve is due to error tha
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similar operating conditig
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Statistical Feature
Shifts over Time

Track and Predict Path

4% Fault

Feature 1

Feature 2 —*

’ .
¢+ Projected

Fault Detection Path

Threshold

-

Time2

Time 0-% / Timel  Feature 1

Feature Space
Feature 3

-

TO T1

FIGURE 2 - EVOLUTIONARY PROGNOSTICS

bn and Al-Based Prognostics

monly utilized prognostic approach. In this approach, neural networks o
progress to a failure. In such cases, th&’probability of failure, as defined
d as a-priori information. This “ground truth” information needed to train
nspection data. Based on the input features and desired output pre
eights and thresholds based on-the relationships it sees between the p
re magnitudes. Figure 3 shows an example of a neural network afte
ts. The difference between-the neural network output and the “ground t
still exists after the network parameters have optimized to minimize this
ire can be used to(intelligently predict these same feature progressions
ns.

ture(s) as they progress
r other Al techniques are
by some measure of the
the predictive network is
diction, the network will
robability-of-failure curve
being trained by some
uth” probability-of-failure
error. Once trained, the
for a different test under
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1200
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Feature/AlI-Based PHM

Input features

Tima from Failurs
¢ 20 1o 6.7 hrs : ‘
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547 to 1.24 hrs

F2, Accelerometer #3 Wavelet |IR

4.4  State Estimator Pr|

State estimation techni
prognostic technique. In
predict future feature be
Alpha-Beta-Gamma is fi
vector can be constructe

w=lr 7 il

Then, the state transition

»12t00.7 hrs
"0.2t00hrs.

F1, Accelerometer #3 RMS

FIGURE 3 - FEATURE/AI-BASED-PROGNOSTICS
bgnostics

ues such as Kalman filters oryVarious other tracking filters can als
this type of application, the minimization of error between a model and
havior. Either fixed or adaptable filter gains can be utilized (Kalman is
ed) within an n"-order statel variable vector. For a given measured or e
d as shown below.

equationistused to update these states based upon a model. A simple

relationship between th

This simple kinematic equation/can be expressed as follows:

featurexposition, velocity and acceleration can be used if constant 3

b be implemented as a
measurement is used to
typically adapted, while
tracted feature f, a state

Newtonian model of the
cceleration is assumed.

F+D) = f(n)+ f(n) +%f'(n)t2

where f is again the feature and ¢ is the time period between updates. There is an assumed noise level on the
measurements and model related to typical signal-to-noise problems and unmodeled physics. The error covariance
associated with the measurement noise vectors is typically developed based on actual noise variances, while the process
noise is assumed based on the kinematic model. In the end, the tracking filter approach is used to track and smooth the
features related to predicting a failure. Figure 4 is an illustration of this approach.
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Parameter Estimation-Based PHM
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FIGURE 4 - STATE ESTIMATOR PROGNOSTICS
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tic model is a technically comprehensive\modeling approach that has b
prognostics. For a particular fault, it cah be used to evaluate the distrib
ction of uncertainties in component strength/stress or condition. The re
reate a neural network or probabilistic-based autonomous system tg obtain real-time failure
Dther information used as input:to the prognostic model may include d
hta and operational profile-predictions. This knowledge-rich informationy can be generated from
n combined with in-field eXperience and maintenance information ob
ure modes may be unique from component to component, the physics
5 the engine. An example of a physical, model-based prognostic techni
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jue is shown in Figure 5
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Model/Physics-Based PHM
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Information

FIGURE 5 - PHYSICS-BASED PROGNOSTICS
5. PROGNOSTIC IMPULEMENTATIONS

Cost effective implementation of a prognostic system will vary'depending on the design maturity|and operational/logistics
environment of the monitored equipment. One commen element to successful implementation is feedback. As
components are removed from service, disassembly. inspections must be performed to asséss the accuracy of the
diagnostic and prognostic system decisions. Based upon this feedback, system software and wdrning/alarm limits should
be optimized until desifed system accuracy and warning intervals are achieved. In addition, selected examples of
degraded component pafts should be retained for testing that can better define failure progression intervals.

5.1 Example: Gas Turpine Engine Blade-Rrognostics

A pictorial representation of a failure~prognostic modeling approach that was developed for a combined HCF/LCF blade
failure mode is shown in|the next seties of figures (Note: Figure 6 is extended on two pages). This sequence of steps was
implemented to demonsfrate a probabilistic approach to prognosing the HCF/LCF failure mode life of a gas turbine engine
fan blade. The sequenge of ‘grobabilistic/prognostic modeling aspects included: (i) probabilisfjc mission type mixture,
(ii) probabilistic mission profile simulations, (iii) probab|llst|c aerodynamlc forcmg function, steady and unsteady, derived
from the mission profile sasu . = sdlalong the fan stages,
(iv) probabilistic blade steady- state and dynamlc stress anaIyS|s |nclud|ng aII modes WhICh generate vibratory stresses,
(v) probabilistic equivalent stress profiles for both the steady state and the vibratory stress components, (vi) probabilistic
stress-life transformation, including modeling uncertainties due to multi-axial stress effects, local plasticity effects using
Neuber’s approach, and rainflow counting, (vii) probabilistic damage mechanism using a nonlinear damage accumulation
model for crack initiation. The last plot is a comparison of life prediction showing the effects of FOD random occurrences
and laser shot peening on the fan-blade HCF/LCF life.
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For component failure prognostics, a probabilistic model capable of simulating projected mission profile scenarios for all
critical parameters is a desirable feature. In such a model, the random mission profiles are modeled by multipulse,
continuous, non-normal stochastic processes. The rare accidental events, such as random FOD events, engine
malfunctions, material defects, maintenance-induced damage, large flow distortion, etc. which have a discrete occurrence
in time, are modeled by discrete impulse processes, such as Poisson or Weibull shot-noise processes. For a large time
macro-scale, the typical mission environment represents a continuous component, while the rare events represent
discrete components. A pictorial schematic representing this type of mission environment is shown in Figure 6. A detailed
probabilistic model capable of simulating future mission profiles and FOD events is needed due to the non-linearity
involved by the progressive damage mechanism, which includes the significant HCF/LCF/Creep interactions. An
additional reason for having such a model is that a component’s prognosis can be significantly affected by the large
variability in the engine operating environment in cases where severe missions or FOD events occur.

Due to the complexity of these stochastic models which involve high non-linearity, (i.e., very skewed probability
distributions, multi-moda[ densities, and delicate non-stafionary or hon-homogeneous aspects), the use of pure analytical
process models limited] to classical probability distributions and stationary assumptions afe not always possible.
However, simple modelqd can be used for defining the random variability of the parameterswithip the complex stochastic
models describing the m|ssion profiles.
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Stochastic Mission Profiles and Forcing Function Projections
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