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Abstract — We discuss in this paper how to aggregate
output from different classifiers and associated uncertainty
measures. The fundamental question in the presence of
conflicting information is to which degree individual
signals or information should be believed. This paper
tackles the fusion task by sequentially reinforcing and
discounting information using a hierarchical fusion
approach. The focus of this paper is on two modules of the
hierarchical approach: Decision strengthening and
decison weakening. Decisions are reinforced when
individual tools agree; decisions are discounted when tools
disagree or when several cases are indicated at the same
time. Boundary conditions and operators to accomplish this
are discussed and an algorithm that shows the desired
propertiesisintroduced. We show how the methods work in
the context of real-time gas turbine diagnosis. We were
able to record substantial performance improvement over
the best diagnostic tool employed and over a benchmark
algorithm.

some tools cannot easily be expanded to include new
classes. Finally, while some tools are good detgatertain
classes they might be virtually worthless for oghdn any
case, the information is hardly ever the same atestevel

of granularity. Where information is expressed iffedent
domains, has only partially overlapping signal @ass)
coverage, is acquired at different sampling periodis
experiences significant time delays between upddtes
complexity of the fusion task rises significantlfthe
resulting patchwork approach achieves optimizatibrihe
local level, but ignores benefits gained by takingystem-
level view. Therefore, it seems logical to take tiext step
and use a system-level scheme that gathers andirgesnb
the results of different classification tools to ximaize the
advantages of each one while at the same time riziinign
the disadvantages. Such a fusion scheme holdsrtimeige

to deliver a result that is better than the bestiltepossible
by any one tool used. In part this can be accahet
because redundant information is available that nwhe
combined correctly improves the estimate of theebpdbol
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1 Introduction

tool. However, there is no substitute for a good
classification tool and, ordinarily, multiple, mangl-
performance tools do not necessarily combine tdyre an
improved result and in fact may worsen the outcfithe

In today’s systems, there is an increasing usesdfimdant
sensors and reasoning systems. This redundancy
sometimes direct (i.e., several systems measuring

reasoning about the same information) or indiraa.,( W hi hical hi h .
several systems measuring or reasoning about iafozm e propose a hierarchical architecture that sedalbnt

having some functional or analytical relation) B})11anipulates the information from the classificatitmols
successively implementing reasoning systems servidgitially) and the fused estimate (later) untietmost likely

providers and manufacturers attempt to addresedbd for candldateh CI{?‘SS has beeg (;efmed. In hpartm_ulas, |_Ehha
better class coverage and for better classificati(f?foCeSSt at increases and decreases the weigt givthe

performance.The stipulation to use several tools arise§'35S€s according to the_ heuristics |mple_menteot_hs_n
because often times any one tool cannot deal Withasses respective layers of the fusion process. This 'mhat itis
of interest at the desired level of accuracy. Imt ghis possible for some classes to emanate as winnems dre

results from system changes or environmental chgngt®Yer only to be overruled in the next layer.
which have a different impact on the classification
capabilities of individual classification tools. kuddition,

gSDecision fusion



2.1 Fusion architecture

2.2 Information used in fusion scheme
The architecture displayed in Figure 1 gives anndes/
over how the fusion is performed conceptually. Gale  Our fusion tool uses a priori information and thetpmit
the fusion tool is divided into the components precoming from the classification and non-classificati
processing (layers 1-3), aggregation in the coserflayers jnformation sources. The proposed scheme reliesiliiesn

4-7), and post-processing (layer 8). Each componefformation about tool performance implying thatisth
consists of several modules that are designedpoove the nformation is attainable through experiments  or

fusion task at hand. Within the data pre-processingmulations.

component, the modules “Temporal Aggregation” and

“Decision Fading” perform functions to eliminatetbers, 2 2 1 Confusion matrix

feed more reliable data to the core fuser, and detd

temporal decision discord. Cross-correlations a@ofed The confusion matrix of the classification tools tise

into the fusion process in the “Association” lay&nd a primary source of a priori information for the infioation
priori tool performance is considered in the “Seglilayer.  fysijon. The confusion matrix is a performance memsor
Output of the pre-processing component are modifleds the individual classification tools. It lists thebserved
estimates that reflect partially integrated infotima about a classes versus the estimated classes. Becaudasaks are
priori tool performance. Next, the modules of thenumerated, it is possible to obtain informatiort ooly
hierarchical core fuser aggregate the modifiedtisipacting  ahout the correctly classified states, but alscuitiee false
on heuristics that reward and penalize class assgh positives (FP), false negatives (FN), and falsessifeed
based on their distribution across classificationld and (FC) states. False positives are false alarm dondit false
with classification tools (Strengthening, Weakeinn negatives are missed faults, and false classifiads
addition, evidential information is integrated intihe reported alarms that are improper|y assigned_ Im ou
reasoning process in the layer “Evidence Updatingrepresentation of the confusion matrix, the roves the
Finally, layer “Tie-Braking” merges information alto actual classes, the columns list the estimatedsetasThe
criticality and frequency of occurrence. The resale then diagonal entries represent the correctly classif@ses. The
polished in the post-processing layer “Back-Scdlit® first row — except the first entry — contains tHe. Fhe first
allow better interpretation for the user. The layavere column — except the first entry — contains the FNe off-
initially arranged according to expert reasoning. this diagonal elements — except the FP and FN — aré=@he
paper, we report on the modules “Strengthening” anfhple 1 shows the normalized confusion matrix for a
“Weakening”. Some of the other modules are desdribe c|assification tool where the result was divided the

Goebel [2, 3] and Goebel and Mysore [4]. number of experiments for each class. Given is taoke
Pre-Processing | Laver & — ; ——
g Concurrency temporal aggregation |_| decision fading l—l

Layer 2 correlating

Association yl | |

;i);l;:]g: g reliability norming H relevance scaling I_'
Core Fuser Lt |>| _

Strengthening same class, many tools reinforcement i—|

b\?ggli:r:ling I)' few tools discount I—)l many classes discount l—l

J
L 6:
E?l?c?énce Updating evidential reinforcement

v

Figure 1: Fusion Architecture



classes C with classes, @here n = {0, ... , 6} and a set of surely
estimated classeSwith classesC,, where n = {0, ... , 6}. T 10 isclas
2
. i i i i Q
Table 1: Confusion matrix ysed as input for both deaigh < Likely this class
IFM run-time version 4 05
- - - - - - - 3 Likely
C, C c, C C, C; Cq 8 not this class,
Co 0.833 0.023 0.039 0.035 0.035 0.013 0.023 0.0
C, 0258 0696 0019 0012 0005 0.005 0.005 Certainly
not this class

C, 0313 0011 0582 0029 0027 0014 0.024 I I
0, 0, 0,
C, 0325 0010 0029 0573 0052 0.007 0.004 10% 35% 1o
class triggering criteria
C, 0382 0007 0027 0041 0496 0.007 0.041 (could be magnitude. confidencestc)
C, 0094 0001 0013 0005 0012 0.848 0.028
C, 0234 0007 0032 0004 0058 0.026 0.640

Figure 2: Mapping of classification tool outputant
0-1 domain

2.2.2 Relevance matrix classification tools who has to provide the mapping from
classification output to confidence level. Figure 2 shows the

Relevance is an assignment of whether a tool can perforralassification output to information fusion mapping.

classification on a per class basis. It can be derived from the

confusion matrices but can also be used in the concept@iher system information that does not stem from a

design phase of the classification tools to determine whi€tassifier per se (but can be used to support a class gpinion

tool will or can cover which class. Relevance is indicated b§ also provided as input for the information fusionl t&de

“1”, no relevance by “0”. Relevance is summarized for apall this information “evidential information”. In a

classification tools in a relevance matRx Table 2 shows diagnostic context, this is information that would not i

an example for 3 tools through  and 7 classes.G G. itself give rise to an action but helps the diagnostician in
understanding and confirming a diagnostic opinion.

Table 2: Relevance assignment of tools 2.3 Strengthening and weakening

Co Cl C2 C3 C4 CS CG .
t, 1 1 1 1 1 0 0 Fundamentally, the proposed fusion scheme operates by
t, 1 1 1 1 1 1 1 manipulating the classifier outputs and the fused estimate.
t, 1 1 1 1 1 0 1 This manipulation is performed by increasing and

decreasing the likelihood of class assignment. In pad, thi

2.2.3 IFM input operation starts at the pre-processing level by factoring in
cross-correlation effects, temporal effects etc., which may

Primary input to the information fusion is the outpitie  "€Sult in substantial fusion performance improvemeht {3

classifiers, i.e., the class vector of each classification togfidition, likelihood manipulation in the core-fuser also

for the respective classes considered. The informatidProves performance. We report here on two layers of the

fusion tool is built on the premise that it can utiliz&ore-fuser: Strengthening and Weakening. Essential to this

information that led to the classification. In other woiids, Manipulation is the normalized format of the classifier

will not only consider the final class assignment bup #te Output. The preferred classifier output G ofoy] | ie.,

underlying relevant class strength. Depending on th@<C; <1. This is necessary to take advantage of the

classification tool employed this can_k_)e a diSta”CQ_meaS'érﬁerators proposed.

(for example for a k-means classifier), probability (for

example for a Bayesian Belief Net), weight (for example 105 3 1 Operators for fusion estimate increase and

a neura] n.et),. membershlp (for exa_mp_le fo_r a fuzzy knn)ecrease

etc. This individual assignment criterion is then scaled

between zero and one using an appropriate classififffere are several operators that can be employed in a
specific non-linear function. The implicit interpretation iSyeight manipulation approach. For operations meant to
that a level closer to one means that the class is mcreasw_mb/rease the weight of a class decision, the power operator is

more likely while a confidence level less than 0.5 i seful. The functions(c) is defined bys:C — [01] with
increasingly not likely. Thereby we avoid the step o

needing a parametric model for fusing heterogeneous dﬁ?s properties
[5] and instead impose this task on the designer of the s(C)=cP where0< p<1 1)



t
where ¢ is the fused estimate of a class. This operatidhatz X,j <1. The thresholdstneeds to be tuned to take
results in an increase of the class estimate pedvibat the i=1
old estimate is kept within the 0-1 boundaries. Tilgon that scaling into account. It has to be noted thia¢n the
tool designer must provide a proper number for tharchitecture of Figure 1 is used, the classifietpotihas
exponent which is not necessarily a trivial task because dfeen further scaled at this point to take a piidfdrmation,
the need to translate the specific conditions sumuing the temporal effects, as well as cross-correlation imtgount
desired increase. Tuning can be performed usingt®&lori2, 3]. The resulting set of scaled classifier atit' has
Carlo approaches [3] or using other optimizatioslssuch the same properties as the original €t in particular
as genetic algorithms. c,0[o1]. The resulting strengthening equation

Similarly, the power operator can be employed ins:C'_,[O,l]aggregates the scaled classifier outputs that are

decreasing operations. The functios(c) is defined by 9'eater  than  threshold ot cj=ts, e,
. ; i ¢ if ¢ =t
W(C) =cP wherep>1 2 0 otherwise
c is again the fused estimate of a class. This dpera _ L 4
results in a decrease of the class estimate proviu the Cr _ZC'I )
old estimate (the input) is kept within the 0-1 bdaries. 1=

Note that the output is also bounded by the intgfya]; ) _ )
For illustrative purposes, an example case withofstand 3
Another simple operator is the multiplier definedy b POssible class cases will be presented. The dkassdol

functionm:C - [01] with the properties outputs were scaled in the pre-processing layer aued
listed in Table 3.

m(C) = cliny whered <my <1 3) Table 3: Scaled input to strengthening layer
ClassO0 Classl Class?2

Scaled tool A 0.496 0.380 0.024

Scaled tool B 0.047 0.047 0.646

In some sense, this is a more convenient operat@ause of
the linear effect on the outcome which is easierigaalize.
However, tuning issues remain mainly the same as
mentioned above. One drawback of these operatoysbma
for classification systems that do not provide thput in
the required format scaled between 0 and 1. Iretltases, i .
methods to scale the output have to be employst fihe Table 4: Output of strengthening layer
operator will also have trouble with binary cla&sifoutput. ClassO Class1 Class 2
However, we have shown that our scheme can dehl wit _Fusedvalue 0.543 0427  0.670

these cases through the manipulations at the megsng

steps. These steps result in the conversion ofpimatput From Table 3 we can see that the class estimasegjrdie
into continuous variables as a result of the camenay, between the two tools. While tool A assigns clasthé®

The output from the strengthening layer is giveiiatle 4.

association and scaling modules [2, 4]. highest likelihood, tool B assigns class 2 the éagh
likelihood. The fused output are then the aggrebatdues
2.3.2 Strengthening (layer 4) between the two tools. Note again that the outpifitthe

two classifiers were scaled by their respective ririp
reliability. The output of this layer produces aafjreement

The idea of the Strengthening layer is to reinfagpecific
between the two classes.

class assignments. In particular, if class opiniexigressed
by different tools agree (where each tool is frorsea of
tools tO T), the result should lead to a more confide
assessment of the system state. This is the tdaise where
coinciding opinions are rewarded. The rewardingesuinis The weakening layer performs part of the conflegtalution
accomplished by calculating the fused value assthe of in cases where tools disagree on the classificattate of
the classifier outputs that are in agreement. Wirettasses the system. This is performed — in contrast to the
agree is established on the basis of whether thass a strengthening layer — by discounting entries. Disting
common threshold.tRecall that the classification is a valugvas chosen because conflicting information lowers t
expressing a likelihood for that particular claBsat is, it is conviction in a correct outcome. Therefore the duselue

typically a weighted value where the sum over théguot for the co_nflicting _ classes will be decreased. The
from the tool t;,i D[l...,t] for a class j is scaled suchimplementation of this module checks whether the si

the tools’ outputs for a class are less than thm et the
relevance assignments (i.e., check whether thi$ i®o
allowed to make a statement about a class) matighy a

nt-3-2 Weakening (layer 5)



thresholding scale (here chosen to [pe0t5). In essence,
this heuristic discounts the fused value if the alative

class opinion did not have sufficient strength. €fect is a
thresholded contrast intensification operation.
weakening equation 8:C; — [0,1]:

t t
Xt, fd, if ;c”— <t Dzl:r”— 5)
= 1=

otherwise

X,
X
f;

where g is the classifier value before pre-processinggnd
is the relevance for classifier i and class j acuwased in
section about the relevance matrix.

In addition, for scenarios with a one-class assionpt
(which is not uncommon in diagnostic environmenits)s
considered a conflict if the fused estimate comstaiaveral
classes with high likelihood. The conflict is adsked by
penalizing the contributions of conflicting infortien. In

specific intended application, will be less acceras more
fault coverage is demanded from the tool and lesmite
as new diagnostic tools are added to either enhance

Theapability or address new faults. This may lead 1p:

ambiguity in troubleshooting, 2) maintenance pengbn
making uninformed decisions, 3) erroneous component
removals, and 4) high operating costs. The fusftortevas
one part of an overall project that addresses thesglems
through the design and test of a condition-baséalligent
Maintenance Advisor for Turbine Engines (IMATE) &

[6]. The overall goal of the information fusion was
combine the relevant diagnostic and other on-board
information to produce a fault diagnosis estimatenitigate
each of the aforementioned problems. The vision t@as
achieve a more accurate and reliable diagnosis #mn
individual diagnostic tool.

Key system components considered for this health
monitoring scheme were the fan, the high pressure
compressor, the high & low pressure turbines, aatihgs.

other words, if more than one class is greater thanin addition, wireless micro electro-mechanical eps$

threshold, then both estimates get discounted. Téis
expressed by the following equatiaw, :C; - [0,1] where

the threshold t,was set to t, = 0&nd the discount
d,, O]oq.

X, d, if Xg, >t 0 Xg o >t

k=1c,k#]

c

(6)

otherwise

Note that in both weakening operations the muéipli

operator was used. The power operator could haem be

used instead.

For the illustrative example, using the output die t ’

strengthening layer as input to the weakening lajiee
output of the weakening layer becomes as showmabiels:

Table 5: Output from weakening layer
Class0 Class1 Class?2
0.543 0.341 0.536

Fused value

Note that — in contrast to the input — class assgrt of
class 2 is now lower than class 0. Their relativailarity is
modified further downstream in layers Evidentialdaging
and Tie-Breaker.

3 Application to diagnostic information
fusion

We applied the principles of information fusion wieight
manipulation — including Strengthening and Weakgnririo
a diagnostic task of a gas turbine engine. The meah was
to provide in-flight health monitoring capabilitgrf gas path
faults. Current diagnostic and condition monitorgygtems

generate information that, while unambiguous inirthe

(MEMS) measured and processed vibration data frioen t
bearings. This sensing technology offered enhaiadxb-
machinery vibration diagnostics without an acconyam
weight penalty. The information fusion module (IFM)
demonstrated dual use capability by being desigaed,
tested on both a commercial and a military engi@&M56
and F110, respectivelffj]. The faults considered were:

e Fan fault — Fan blade damage, typically occurring d
to bird strikes or other Foreign Object Damage (FOD
during takeoff.

Compressor fault — Compressor blade damage or

abnormal operation

High Pressure Turbine (HPT) fault — Typically atjr

loss of one or more blades, most commonly duriigd hi

power conditions.

Low Pressure Turbine (LPT) fault — Typically a fert

loss of one or more blades, most commonly durigg hi

power conditions. LPT blade faults are less frequen
than HPT blade faults.

e Customer Discharge Pressure (CDP) fault — Leakage
excess of the desired bleed level commanded by the
aircraft and communicated to the Full Authority Dad)
Electronic Control (FADEC). FADEC does not have
control over the CDP valve. The CDP valve takes air
off the HP compressor for use in various aircraft
functions such as air-conditioning, cabin pressuidn,
and anti-icing.

e Variable Bleed Valve (VBV) fault — VBV doors not
closing according to FADEC issued command, or one
or more doors get stuck in a particular positioBVié
are intended to prevent low pressure compressis. sta
Combustor Leak (Leak) fault - Holes burnt in lirerd
hot gas leaks into the bypass duct.

Variable Stator Vanes (VSV) fault — Manual errams i
installation resulting in small misalignments innea
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Figure 3: IMATE functional architectuf@]

angles. The VSVs control the amount of air thatsgoef both Strengthening and Weakening was smalleaurs
through the high pressure compressor. the effects are of course not additive. Detailsheftraining
+ Inlet Guide Vane (IGV) fault — Manual errors inand testing methodology are described in [3].
installation resulting in small misalignments innea
angles. The IGVs control the amount of air thatgyoe
into the fan. .
e The combustor leak, VSV, and IGV faults are4 Summary and Conclusions

applicable to the military engine, while the CDRKe

and VBV faults are applicable to the commerciafVe introduced a system for manipulation of fusetlies
engine only; otherwise, the faults are applicabledth for decision strengthenmg and d(_aC|_S|on Wgakerﬁugh are
engines. part of the core-fusion module within the hieracahimodel

introduced. These modules allow partial conflickalation
and improve fusion performance through the conadpt

Several diagnostic tools (Model based diagnostiisjo Nformation aggregation and discounting based orerse
neural nets, etc.) as well as non-diagnostic inétion criteria where conflicts are encountered. We tackle

sources (vibration, fault codes, etc.) were setbdier particular situations where class estimates diffithin and

information aggregation. The functional architeetuof &Cross classification tools and the fusion tool.e@jors

IMATE is shown in Figure 3. We carried out extemsiy Suitable  for the manipulation were introduced and
Monte Carlo simulations to validate the classifizattools ~discussed. Strengthening  and = weakening depend on

as well as the fusion modules individually and vimgk Processed information that integrate a priori penfnce
together as outlined in the architecture of Figdreln information and temporal mformauon thh the gllagatlon
addition, we performed instrumented rig tests. Bherall 00! outputs. Results from a diagnostic task inainraft
classification task of the integrated main fusioodule with €ngineé context were mentioned. Strengthening and
the pre-processing tools, core fuser (of whichngiteening weakening c_ontnbute a large portion to the overall
and weakening are a part of), and post-procesgipgoved Performance improvement.

the result by about two orders of magnitude congbdce
any individual tool alone. In particular, improvente were
recorded from an average of 10% misclassificatiointhe
individual classification tools to 0.1% misclassifiions of ; ) > eV
the fusion tool. The effect of the Strengtheningd anh|erarph|cal model is not useq, the individual lzyand also
Weakening modules alone was evaluated to contridae (e discounting and increasing operators can be qfar
performance improvement each to the overall fusiopfand-alone solutions or other integrated fusiofsto

scheme. It has to be noted that the cumulative argment

We view these techniques shown here as applicalblerty
to decision fusion. Rather, they are equally usdtul
processing on the feature or data level. In additib a
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