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ABSTRACT

This paper introduces techniques to deal with teadpaspects of fusion systems with redundant in&diom. One of the

challenges of a fusion system is that individudbimation is not necessarily announced at the stime. While some

decisions (or features or data) are produced &tadampling frequency, other decisions are geedrat a much lower rate,
perhaps only once during the operation of the syste only during certain operating conditions. Thieans that some
information will be outdated when the actual infation fusion task is performed. An event may haweuaed in the

meantime leading to a decision discord. We tachkie thallenge by introducing the concept of “infation or decision

forgetting”. In other words, in case of an inforiatdiscord, more recent information is evaluatethwigher confidence
than older information. Another difficulty is disguishing between outliers and actual system staeges. If tools perform
their task at a high sampling frequency we can eynfilecision smoothing”. That is, we factor out tiecasional outlier and
generally reduce the noise of the system. To thdt e introduce an adaptive smoothing algorithat #valuates the
system state and changes the smoothing paramét@midounters suspicious situations, i.e., situegtithat might indicate a
changed system state. We show the concepts intedducthe diagnostic realm where we aggregate tieud of several

different diagnostic tools.
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1. INTRODUCTION

Classification is a field that spans a wide ranfjdisciplines such as pattern recognition, modeldiggnosis, clustering, etc.
Often times, problems not typically associated valassification tasks can be re-phrased to allow afstools from the
classification toolbox. One problem that makes sifasation a hard task is the dynamic nature of ynagstems. As their
signature changes, they escape the carefully draftetitioning domain. Efforts such as adaptivessificatiort try to copy
with this challenge. An added level of complexipnes through the integration and aggregation @kmétion of redundant
information which has to be ranked based on timégirity’. In case of dynamic systems, the aggregation setiers to deal
with temporally disjoint information. That is, attigh relevant, information is produced at differsaimpling frequencies.
Some classification tools may operate at a mitisel sample period while others give only one esinat a specific phase
of operation of the system. This is a problem Hignificant event occurs between the estimate &f dassifier and the
estimate of the other classifier. The fusion tooésl of course not know whether an event occurdaias it is concerned,
either one estimate is bad (and it does not knpwaai which one that is) or something has happefedillustrate, consider
two classification tools A and B. We start witthase case where both tools render their informatidhe same time. Tool
A can only establish whether or not event x is @nésvhile tool B can detect events x and y. Toatah identify event x
very reliably while tool B’s performance is only diecre. If event x occurs, there is a high likebldathat tool A indicates
event x and also a lesser likelihood that tool Bidates event x. If both tools indicate event x sheuld be reasonably
certain that event x did indeed occur. If tool Bigates event y one might be tempted to chooset evieacause of the good
performance of tool A. However, should event y aceuof which tool A knows nothing about — tool Alwalways
misdiagnose that event as either event x or nibl ™ will perform its mediocre job by sometimes icating event y
correctly. The decision maker (maintenance perdofileet management, etc.) faces the quandary wtdohto believe.
He/she sees only that (otherwise reliable) toohdidates event x (or nil) while tool B indicateseaty (or worse, since it
does not do a very good job, sometimes event xjprtect classification is the likely result withatlitional averaging
schemes and voting schemes.
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Now assume that first tool A carries out its jdien tool B. Consider that first event x is preserd event y occurs after tool
A has completed its classification task but befod B. An added problem is that both tools couddfprm correctly and that
an a priori discounting of tool B's estimate is apipropriate. Rather, the temporal nature of tfarmation has to be taken
into account. In Sections 2-4 we will discuss apph®s to deal with some of the issues outlined. here

Our work is motivated by a diagnostic task. Todagnufacturers and service providers tend to deveifiprent tools to
accomplish specific diagnostic detection needss Pphaitchwork approach achieves optimization at tmeponent level, but
ignores benefits gained by taking a system-lewa@lwiln our system-level view, no one tool is regdito deal with all faults
of interest at a high level of accuracy, becausemmmethod can do so. For example, some diagriosliEare less sensitive
to slight environmental changes than others amgscannot easily be expanded to detect new faanitsstill other tools are
very good at detecting certain faults while beingcm poorer or inapplicable for other faults. Recadvances in both
hardware and software technology have made it plesg implement more sophisticated and reliabégdostic algorithms
in real-time systems. Therefore, it seems logicatake the next step and use a system-level sclibategathers and
combines the results of different diagnostic tdolsnaximize the advantages of each one while asdinge time minimizing
the disadvantages. Such a fusion scheme holdsdngge to deliver a result that is better thanktést result possible by any
one tool used. In part this is achieved becausgnaant information is available that when combinerdtectly improves the
estimate of the better tool and compensates foslioetcomings of the less capable tool. Howeveplyapg the data fusion
principles of Hall and Gardao decision level fusion, there is no substitwted good diagnostic tool. In general, multiple,
marginal-performance tools do not necessarily cambd produce an improved result and in fact massammthe outcome.

2. METHODOLOGY FOR DECISION SMOOTHING

We consider decision smoothing a pre-processing lsfore the information fusion main modules (Fegd). As outlined
above, the challenge in dynamic systems is in piingia different reaction to situations where decis agree and situations
where decisions disagree. When decisions agreejnatite absence of evidence to the contrary, weufaie there is no
reason for the fusion agent to change the colleabpinion within that time step (there is still anote chance of joint
incorrect classification). However, if tools disagr the fusion main module has to decide whethertaal is correct and the
other is not (and which) or whether an event hasiwed between the two tools. To help in this $itum we try to support
the fusion main module by removing outliers and egally by smoothing decisions of individual tools situations of
agreement and by updating decisions quickly whemanged event is indicated. This necessitates ¢kd o provide a
system status recognition tool which allows the difterent strategies to work side by side.
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Figure 1. Decision Smoothing and Decision For getting asa Fusion Pre-Processing M odule

We implement the concept of decision smoothingariaexponential averaging time series filter witla@t/e smoothing
parameter. The filter is expressed as

x(k) = ax(k 1)+ (1-a)y(k)

where
x(k) and x(k-1) are the filtered value at timerid&k-1, respectively
a is the smoothing parameter
y(K) is the new incoming value

Changes of the smoothing parameter will allow wegddut noise and outliers when no fault has ocdulrat to react

quickly to changes from one event to another. Thegeif everything is calm, the smoothing paraméddarge (weed out
noise); if something is happening, the strategioi®e more cautious, and to reduce the smoothingnpeter value. The
reduction is accomplished with the help of an imigiency factor. This factor can be interpreteé aentinel which monitors
system changes. The sentinel checks if the stdtasdecision changes and keeps track of these ebafst, a change
counter establishes whether there is a changeinibopcompared to the last one. If the change arustgreater than zero,
an intermittency factor is computed dividing theebe counter by some user defined sentinel windtw.sentinel window

is a running window that is small initially to allooperation even when there is only one measureriéig implies that

initially, the parameter will be more receptivecttanges. When more values become available, thdgowimcreases and the
decision smoothing becomes more temperate. Thosnadans that in general, more information is betteler this paradigm

because longer and more refined smoothing canplake. The smoothing parameteis calculated by

constricton_exponeh

a = (1-intermittenc
where the constriction_exponent scaiesnd is a value > 1

Additionally, alpha is bounded between a lower apger value to ensure that the filter becomes eettio sluggish nor too
responsive. The filtered decision is then calcubgt¢he exponential filter

filtered_cecision= o Hiltered_cecision+ (1- a) thew_decigin



Finally, a forgetting factor is employed that has effect of reducing the sensitivity of the partenavhen no changes have
been observed for a while thus allowing the alpaonito settle to its smoothing task. The forgetfexgor is a value less than
1. It is computed over time as

change_cout = change_cont [forgetting factor

Put together, the algorithm is as follows:

BEGIN
IF there is a change in the status of a tool THEN
Increase the change_count
END IF
IF change_count >0 THEN
intermittency=change_count/window
ENDIF
alpha=max(lower_bound,min(upper_bound,(1-min(1,intermittency))*constriction_exponent))
filtered_decision=filtered_decision*alpha+new_decision*(1-alpha)
change_count=change_count*forgetting_factor
END

Figure 2 shows an example for the averaging whveoedicision states (null fault and fault 1) wemawated with a change
of decision state at step 50. An underlying assiongs that decisions are scaled between O anddlaem interpreted as
confidence or likelihood for a fadltOne can see the initial responsiveness of alplfiagure 2(b) and also a more sensitive
value during the change of fault states. The sniogtharameter mirros the intermittency’s behavidscAto be seen in
Figure 2(b) is the fault indicator which is thegddication result. As can be seen, the individiassifiers have a number of
misclassifications if the likelihood of 0.5 is usasl a classification threshold or when the “maximuims” strategy is used.
However, the smoothed values have a greatly redotsdlassification with only 2 misclassified deoiss close to the
crossover point where the fault state changesrigleaible in Figure 2(a) is how the averaging We®ut noise and outliers
and responds quickly to the change of fault state.

Figure 2: Exponential averaging of information with adaptive smoothing component
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3. METHODOLOGY FOR INFORMATION FORGETTING

So far we have discussed how to reduce variatinondecisions during decision agreement and how theothing is
automatically turned off when the decisions disagtéowever, we still need a mechanism to deal Withdisagreement
where one tool makes a decisionathout a system state at timeahd another tool comes to a different conclusipatch
later time 1. It is then necessary to account for the fact thahay have occurred betwegnand 3. We postulate that the
later decision needs to be given more weight ire @dslecision disagreement to account for the poisgiof event d. The
guestion is how much more weight(@r how much less weight)dshould have. We further propose that the disdogris a
function of time passed betweenat time t and d at time $. The reason is that there is a higher possifiityevent d to
occur when the period-t; is larger and vice versa. In addition, the toolgstmhave information about their a priori
performance. Again, we assume that the decisiansaled between 0 an8idnd propose to change the forgetting factor as
the confidence value increases. Figure 3 showfotigetting factor as a function of the confidenthe forgetting factor is
close to 1 for small tool confidence and rises.tbds tool confidence increases. The particulgresknd upper saturation is
system dependent.
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Figure 3: Fading exponent as a function of confidence value

The idea of decision forgetting is to discount mfiation as it ages when tools disagree at diffeierés (and no new update
of both tools can be obtained). We force the oldérmation to “fade” as a function of time passéfdthe conditions
outlined are met, the decision will be subjected forgetting exponent. The forgetting exponenttrbastuned to the system
at hand..

The algorithm is as follows:

BEGIN
IF decisions of tools not coherent AND time since last information sampling not the same THEN
FOR EACH instance of the time difference
new_decision=old_decision"*fading_exponent
old_decision=new_decision
END FOR LOOP
ENDIF
END

Figure 4 shows how the information of faults at @hifderent confidence levels (confidepgg(1)=0.8 and
confidencgye(1)=0.2) is discounted over time
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Figure 4: Fading over time

4. APPLICATION TO DIAGNOSTIC INFORMATION FUSION

We applied the principles of decision smoothing efiokmation forgetting to the diagnostic infornmatifusion task for a gas
turbine engine. The main goal was to provide igHli health monitoring capability for gas path faulkey system

components considered for this health monitorifgeste are the fan, the high pressure compressonjghe& low pressure

turbines, and bearings. In addition, wireless miextro-mechanical systems (MEMS) measure andepsoeibration data
from the bearings. This sensing technology offerisanced turbo-machinery vibration diagnostics avittan accompanying
weight penalty. The information fusion module (IFfl§monstrates dual use capability by being desicgaditested on both
a commercial and a military engine (CFM56 and Fidépectively). The faults considered are:

 Fan fault — Fan blade damage, typically occurring tb bird strikes or other Foreign Object Damag@§) during
takeoff.

»  Compressor fault — Compressor blade damage or @iahoperation

» High Pressure Turbine (HPT) fault — Typically atdrdoss of one or more blades, most commonlyrauhigh power
conditions.

* Low Pressure Turbine (LPT) fault — Typically a jertoss of one or more blades, most commonly duhigh power
conditions. LPT blade faults are less frequent tHBiT blade faults.

e Customer Discharge Pressure (CDP) fault — Leakaggcess of the desired bleed level commandetidwitcraft and
communicated to the Full Authority Digital ElectiorControl (FADEC). FADEC does not have control ottee CDP
valve. The CDP valve takes air off the HP comprefsounse in various aircraft functions such ascainditioning, cabin
pressurization, and anti-icing.



» Variable Bleed Valve (VBV) fault — VBV doors not clogi according to FADEC issued command, or one oremor
doors get stuck in a particular position. VBVs antended to prevent low pressure compressor stalls.

= Combustor Leak (Leak) fault - Holes burnt in lirerd hot gas leaks into the bypass duct.

e Variable Stator Vanes (VSV) fault — Manual errarsristallation resulting in small misalignmentsviane angles. The
VSVs control the amount of air that goes throughtityh pressure compressor.

* Inlet Guide Vane (IGV) fault — Manual errors in takation resulting in small misalignments in vaarggles. The IGVs
control the amount of air that goes into the fan.

e The combustor leak, VSV, and IGV faults are apjliedo the military engine, while the CDP leak &8V faults are
applicable to the commercial engine only; otherwike faults are applicable to both engines.

Current diagnostic and condition monitoring syst@@aserate information that, while unambiguous girtepecific intended
application, will be less accurate as more faultecage is demanded from the tool and less defasiteew diagnostic tools
are added to either enhance capability or address faults. This may lead to: 1) ambiguity in troeditooting, 2)
maintenance personnel making uninformed decisi®nsyroneous component removals, and 4) high tpgreosts. The
fusion effort is one part of an overall projecttthddresses these problems through the desigreahdfta condition-based
Intelligent Maintenance Advisor for Turbine Engin@SIATE) systeni. The overall goal of the information fusion was to
combine the relevant diagnostic and other on-bodaiimation to produce a fault diagnosis estimatenttigate each of the
aforementioned problems. The vision is to achiem®ee accurate and reliable diagnosis than anyiohail diagnostic tool.

Several diagnostic tools (Model based diagnostiistoneural nets, etc.) as well as non-diagnosiiarination sources
(vibration, fault codes, etc.) were selected fdorimation aggregation. The functional architectafdMATE is shown in
Figure 5. We carried out extensive Monte Carlo $atnons to validate the tools as well as the fusimdule and currently
are instrumenting rig tests. The overall classifimatask of the integrated main fusion module vtite pre-processing tool
(decision smoothing and decision forgetting) imgwwhe result by about two orders of magnitude @egh to any
individual tool alone from an average of 10% missifications to 0.1% misclassifications. The effetcthe pre-processing
modules was estimated to contribute about 10% pedoce improvement to the overall fusion scheme.
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Figure5: IMATE Functional Architecture®

5. SUMMARY AND CONCLUSIONS



We introduced a system for decision forgetting dacision smoothing. Both are considered pre-procgdspls for a fusion

main module. These pre-processing tools allow gladdnflict resolution and improved fusion perforroa through the

concept of averaging of information when no cotdliexist and aging of information where conflicte present. We tackle
in particular situations where information arrivatsdifferent times. Disagreement in these situatioan be the result of
either poor tool performance or the result of cdrperformance with an event occurring in the mieaat A system status
sentinel determines whether smoothing can commenadether increased responsiveness to changed satquired. The
two tools have been tested in a diagnostic se#timtjcontributed substantially to a reduction inataissifications.

We view these techniques as applicable not onigettision fusion. Rather, they are equally usefulgimcessing on the
feature of data level. In this paper, we considdgredtwo techniques decision smoothing and deci&ogetting as pre-
processing techniques, mostly because we desigegitidy hierarchical fusion main module. If a td@echical model is not
used, decision smoothing and decision forgettimgatso be part of an integrated fusion tool.

6. ACKNOWLEDGMENTS

This research was in part supported by DARPA ptdj#oA 972-98-3-0002. The author also greatfully moWwledges the
comments of Malcolm Ashby, Kiyoung Chung, Vivek Badaxtichael Krok, and Hunt Sutherland.

7. REFERENCES

1. P.Bonissone, Y. Chen, K. Goebel, P. Khedkar bty Soft Computing Systems: Industrial and Comtiaérc
Applications”, Proceedings of the IEEE, Sept 1999, Vol 87, No 9,pp. 1641-1667, 1999.

2. K. Goebel, A. Agogino, Fuzzy Sensor Fusion fasGurbine Power Plants, Proceedings of SPIE, $&usion:
Architectures, Algorithms, and Applications 111, pp2-61, 1999.

3. D. Hall, A, GargaPitfallsin Data Fusion (and How to Avoid Them), Proceedings of the Second International
Conference on Information Fusion (Fusion '99), 1999

4. K. Goebel, M. Krok, H. SutherlanBjagnostic Information Fusion: Requirements Flowdown and Interface Issues,
Proceedings of the IEEE Aerosense Conference, 2000.

5. M. Ashby, W. Scheureitelligent Maintenance Advisor for Turbine Engines (IMATE), Proceedings of the IEEE
Aerospace Conference, 2000.



