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Abstract

This paper presents methods and tools which can be used
within the framework of diagnostics and prognatics to
acommodate impredsion d red systems. We outline the
advantages and dsadvantages of the different techniques
and show how they can be used in a hybrid fashion to
complement ead ather. We mnclude the paper with a
number of successul red world examples.

I ntroduction

M otivation

Diagnostics and prognastics has recently undergore
revived interest in industry. Manufadturing companies are
trying to shift their operation to the service field where
they susped an oppoatunity to yield higher margin. One
embodment is the long term service areaments with
guaranteed utime. The latter shifts the motivation to keep
the eguipment in working ader more to the service
provider. Since atualy performing a maintenance ation
is generally uncesired and costly, in the interest of
maximizing the margin, service shoud orly be performed
when necessary. This can be acomplished by using a tool
which measures the state of the system and indicates any
incipient failures. Such a too must have ahigh level of
sophistication which incorporates monitoring, fault
detedion, dedsion making abou posshle preventive or
corredive adion, and monitoring o its exeaution. Becaise
of the complexity of the task, Al andin perticular also Soft
Computing, has been cdled uponto help. Recently we
have witnesed the gplicaion o many Soft Computing
techniques in suppat of service tasks auch as anomaly
detedion and identificaion, diagnostics, progndstics,
estimation and control (Bonisone & al 1995 Chen &
Bonisone 1998. In this paper we will briefly describe the
comporents of Soft Computing and ill ustrate some of their
most successul applicaion to services and maintenance

Soft Computing

Soft Computing (SC), a term originally coined by Zadeh
(1999 as “... tolerant of impredsion, uncertainty, and
partial truth”, is a sub-field of Artificial Intelligence
Acoording to Zadeh, Soft Computing is “an asociation o
computing methoddogies which includes as its principal

members fuzzy logics (FL), neuro-computing (NC),
ewlutionary computing (EC) and probalili stic computing
(PC).” (Zadeh 98. It shoud be noted however that we
have not reatded a nsensus yet as to the exad scope or
definition d SC (seefor instance Dubads & Prade 1999.

The main reason for Soft Computing popuarity is the
synergy derived from its comporents. SC main
charaderistics is its intrinsic cgpability to creae hybrid
systems that are based ona (loose or tight) integration o
these techndogies. This integration povide us with
complementary reasoning and seaching methods that
adlows us to combine domain knowledge and empiricd
data to develop flexible mputing tools and solve
complex problems. Fig. 1 illustrates a taxonomy of these
hybrid algorithms and their comporents. The interest
reader shoud consult the work of Bouchon et a. (1995
and Bonisone (1997 for an extensive mverage of this
topic.

SC Components and Taxonomy

Fuzzy logics, introduwced by Zadeh (1965, gives us a
language, with syntax and locd semantics, in which we
can translate our qualitative knowledge aou the problem
to be solved. FL's main charaderistic is the robustness of
its interpolative reasoning mechanism. A comprehensive
review of fuzzy computing can be foundin Ruspini et al.
(1998.

Probabili stic computing such as Bayesian Belief Networks,
based onthe original work of Bayes (1763 and Dempster-
Shafer's theory of belief, independently developed by
Dempster (1967 and Shafer (1976, gives us the
mechanism to evaluate the outcome of systems affeded by
randamness or other types of probabilistic uncertainty.
PR's main charaderistic is its ability to upcdite previous
outcome estimates by condtioning them with newly
avail able evidence

Neural networks (NN), a magor comporent of neuro-
computing, were first explored by Rosenblatt (1959 and
Widrow (1960. NN are computational structures that can
be trained to lean patterns from examples. By using a
training set that samples the relation between inpus and
outputs, and a leaning method, for example a back-



propagation type of algorithm introduced by Werbos
(1974, neuro-computing (and in particular neura
networks) give us a supervised leaning algorithms that
perform fine-granule locd optimizaion. A comprehensive
current review of neuro-computing can be foundin Fieder
and Bede (1997).

Genetic Algorithms (GA), a magor comporent of
evolutionary computing, were first proposed by Holland
(1979. GA give us a method to perform randamized
global seach in a solution space In this face a
popdation o candidate solutions, encoded as
chromosomes, is evaluated by a fitnessfunction in terms of
its performance The best candidates evolve and pass ®me
of their genetic charaderisticsto their offsprings, who form
the next generation d potential solutions. For a airrent
review of evolutionary computing the reader is referred to
Bad et a. (1997).

The common denominator of these techndogies is their
departure from classcd reasoning and modeling
approaches that are usualy based on Boolean logic,
analyticd models, crisp classficaions, and deterministic
seach. In ided problem formulations, the systems to be
modeled o controlled are described by complete and
predse information. In these caes, formal reasoning
systems, such as theorem provers, can be used to attach
binary truth values to statements describing the state or
behavior of the physicd system.

When we solve red-world problems, we redize that they
are typicdly ill-defined systems, difficult to model and
with large-scde solution spaces. In these caes, predse
models are impradicd, too expensive, or non-existent.
Our solution must be generated by leveraging two kind o
resources. problem domain knowledge of the
procesdprodict that we want to improve/fix and field data
that charaderize the behavior of such procesgprodict.
The relevant available domain knowledge is typicdly a
combination o first principles and experiential/empirica
knowledge, and is usually incomplete and sometimes
erroneous. The available data ae typicdly a mlledion o
inpu-output measurements, representing instances of the
system's behavior, and are usually incomplete and nadsy.

We can olserve from Fig. 1 that the two main approaches
in Soft Computing are knowledge-driven reasoning
systems (such as Probabilistic and Multivalued Systems)
and data-driven seach and ogimization approaches (such
as Neuro and Evolutionary Computing). This taxonamy,
however, is oft in nature, given the eistence of many
hybrid systems that span acossmore than ore field, as we
will seein a subsequent Sedion.

Alternative Approaches to SC

The dternative gproaches to SC are the traditional
knowledge-driven reasoning systems and the data-driven
systems. The first classof approaches are exemplified by
first-principle derived models (based on dfferential or
difference euations), by first-principle qualitative models
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(based onsymbadlic, qualitative cdculi - seeForbus (1981)
and Kuipers (1989, by classcd Bodean systems, such as
theorem provers (based on uificaion and resolution
mechanisms) or by expert systems embodying empiricd or
experiential  knowledge. All these @proaches are
charaderized by the ecoding o problem domain
knowledge into a model that tries to replicate the system’s
behavior. The semnd class of approaches are the
regresson models and crisp clustering techniques that
attempt to derive models from any information avail able
from (or usually buried in) the data.

Knowledge driven systems, however, have limitations, as
their underlying knawvledge is usualy incomplete.
Sometimes, these systems require the use of simplifying
asumptions to kee the problem tradable (eg.
lineaizaion, hierarchy of locd models, use of default
values). Theoreticdly derived knowledge may even be
inconsistent with the red system’'s behavior. Experiential
knowledge, on the other hand, could be static, represented
by a mlledion d instances of relationships among the
system variables (sometimes pointing to causality, more
often just highlighting correlation). The result is the
cregion d predse but simplified models that do nd
properly refled redity or the aedion d approximate
models that tend to become stale with time and are difficult
to maintain.

Purely data-driven methods also have their drawbads,
since data tend to be high dmensional, noisy, incomplete
(e.g., DBs with empty fields in their records), wrong (e.g.,
outliers due to malfunctioning/faili ng sensors, transmisson
problems, erroneous manua data eitries), etc. Some
techniques have been developed to addressthese problems,
such as fedaure extradion, filtering and validation cgtes,
imputation models, and virtual sensors (which model the
recorded data as afunction d others variables).

The fundamental problem of these dassc gproaches
resides in the difficulty to represent and integrate
uncertain, impredse knowledge in data-driven methods or
to make use of somewhat unreliable data in a knowledge-
driven approach.

Although it would be presumptuous to claim that Soft
Computing solves this problem, it is reasonable to state
that SC provides a different paradigm in terms of
representation and methoddogies which fadlit ates these
integration attempts. For instance in classcd control
theory the problem of developing models is decomposed
into system identificaion and parameter estimations.
Usually the first one is used to determine the order of the
differential equations and the second ore to determine its
coefficients. Hence in this traditional approach we have
model = structure + parameters. This equation daes not
change with the adlvent of Soft Computing. However we
now have a much richer repertoire to represent the

structure, to fine tune the parameters, and to iterate in this
process

For example, the knowledge base (KB) in a Mamdani type
fuzzy systems (Mamdani 1979 is typicdly used to
approximate arelationship between a state X and an ouput
Y. The KB is completely defined by a set of scaling
factors (SF), determining the ranges of values for the state
and ouput variables; a termset (TS), defining the
membership dstribution o the values taken by ead state
and ouput variable; and byaruleset (RS), charaderizing
a syntadic mapping d symbds from X to Y. The
structure of the underlying model is the ruleset, while the
model parameters are the scding fadors and termsets.
The inference obtained form such system is the result of
interpolating among the outputs of all relevant rules. This
results in a membership dstribution defined onthe output
space which is then aggregated (de-fuzzfied) to produce a
crisp ouput. With thisinference mechanism we can define
a deterministic mapping between ead pdnt in the state
space ad their correspondng ouput. Therefore, we can
now equate afuzzy KB to a resporse surfacein the adoss
product of state and ouput spaces which approximates the
original relationship.

A Takagi-Sugeno-Kang (TSK) type of fuzzy systems
(Takagi and Sugeno 1983 increase its representational
power by alowing the use of a first order polynomial,
defined onthe state space to be the output of ead rule in
the ruleset. This enhanced representational power (at the
expense of locd legibility) results in a model which is
equivalent to Radial Basis Function (Bersini 1995. The
same model can be trandated into a structured network,
such as ANFIS (Jang 1993, in which the ruleset
determines the topdogy d the net (model structure), while
the termsets and the polynomial coefficients are defined by
dedicated nodks in the rrespondng layers of the net
(model parameters). Similarly, in the traditional neural
networks the topdogy represents the model structure and
the links weights represent the model parameters.

While NN and structured nets use locd seach methods,
such as badk-propagation, to tune their parameters, it is
possble to use global seach methods, such as genetic
algorithms, to achieve the same parametric or to pcstulate
new structures. An extensive @mverage of these goproaches
can be foundin Bonisone (1997). In the next sedion we
will provide abrief summary.

Hybrid Algorithms. The Symbiosis

Over the past few yeas we have seen an increaing
number of hybrid algorithms, in which two or more of Soft
Computing techndogies have been integrated. The
motivation is to leverage the alvantages of individual
approaches to combine smocothness and embedded



empiricd qualitative knowledge with adaptability and
general leaning ability to achieve improvement of overall
algorithm performance. We will now analyze afew of
such combinations, as depicted in the lower box d Fig. 1.
First we will ill ustrate the use of NN and GA to tune FL
systems, as well as the use of GA to generate/tune NN.
Then, we will see how fuzzy systems can control the
leaning d NN and the run-time performance of GAs.

FL tuned by NN. Within the limited scope of using NNs
to tune FL controllers, we want to mention the seminal
work on ANFIS (Adaptive Neura Fuzzy Inference
Systems), proposed by Jang (1993. ANFIS is a
representative hybrid system in which NNs are used to
tune a FLC. ANFIS consists of a six layers generalized
network. The first and sixth layers correspond to the
system inpus and ouputs. The second layer defines the
fuzzy partitions (termsets) on the inpu space while the
third layer performs a differentiable T-norm operation,
such as the product or the soft-minimum. The fourth layer
normalizes the evaluation d the left-hand-side of ead
rule, so that their degrees of applicability will add upto
one. The fifth layer computes the polynomial coefficients
in the right-hand-side of ead Takagi-Sugeno rule. Jang's
approach is based on a two-stroke optimizaion process
During the forward stroke the termsets of the second layer
are kept equal to their previous iteration value while the
coefficients of the fifth layer are computed wsing a Least
Mean Square method At this point ANFIS produces an
output, which is compared with the one from the training
set, to produce an error. The aror gradient information is
then used in the badkward stroke to modify the fuzzy
partitions of the seaond layer. This processis continued
until convergenceisreaded. .

FL tuned by GAs. Many reseachers have explored the
use of genetic dgorithms to tune fuzzy logic controllers.
Cordon et a. (1995 have prodwced an updied
bibliography d over 300 mpers combining GAs with
fuzzy logic, of which at least half are spedfic to the tuning
and design o fuzzy controllers by GAs. For brevity's sske
we will li mit this ®dion to a few contributions. These
methods differ mostly in the order or the seledion d the
various FC comporents that are tuned (termsets, rules,
scding fadors).

Karr, one of the preaursors in this quest, used GAs to
modify the membership functions in the termsets of the
variables used by the FCs - seeKarr (1991). In hiswork,
Karr used a binary encoding to represent three parameters
defining a membership value in eat termset. The binary
chromosome was the mncaenation o all termsets. The
fitness function was a quadratic aror cdculated for four
randamly chasen initial condtions.

Kinzd et al. (1994 tuned bah rules and termsets. They
departed from the string representation and wsed a aoss
product matrix to encode the rule set (as if it were in table

form). They also proposed customized (point-radius)
crosover operators which were similar to the two-point
crosover for string encoding. They first initiaized the
rule base acording to intuitive heuristics, used GAs to
generate better rule base, and finally tuned the membership
functions of the best rule base. This order of the tuning
processis smilar to that typicdly used by self-organizing
controllers, as illustrated in Burkhardt and Bonisone
(1992.

Lee ad Takagi (1993 aso tuned the rule base and the
termsets. They used a binary encoding for eat threetuple
charaderizing a trianguar membership distribution. Each
chromosome represents a TSK-rule, concaenating the
membership dstributions in the rule anteceadent with the
polynomial coefficients of the mnsequent.

Bonisone d a (1996 followed the tuning ader suggested
by Zheng (1992 for manua tuning. They began with
maaoscopic efeds by tuning the FC state and control
variable scaling factors while using a standard unformly
spread termset and a homogeneous rule base. After
obtaining the best scding fadors, they proceealed to tune
the termsets, causing medium-size dfeds. Finaly, if
additional improvements were needed, they tuned the rule
base to achieve microscopic dfeds.

This parameter sensitivity order can be eaily understoodif
we visualize ahomogeneous rule base & a rule table: a
modified scding fador affeds the enttire rule table; a
modified term in a termset affeds one row, column, or
diagordl in the table; amodified rule only aff eds one table
cdl.

This approach exemplifies the synergy of SC techndogies,
as it was used in the development of a fuzzy Pl-control to
synthesize a freight train handling controller.  This
complex, red-world applicaion could na have been
addressed by classcd analyticd modeling tedchniques
(withou reaurring to many simplifying assumptions).
Furthermore, its lution space was too large for a pure
data-driven approach. By using a fuzzy controller
Bonisone (Bonisone d a., 1996 was able to trandate
locomotive engineas training pocedures into  an
exeautable model that exhibited a reasonable performance.
However, this performance, was far from optimal, even
after manua tuning d the model. By using a genetic
agorithm to tune the model's <ding fadors and
membership functions, Bonisone demonstrated that this
approach was able to find much better solutions within a
reasonable anourt of time, under different train handling
criteria.  In addition, he showed that not al parameters
needed to be treded equaly, and that sequential
optimizaion could gredly reduce mmputational effort by
tuning the scding fadors first. The scdability of this
approach enabled him to tune the cntroller for ead tradk
profile, prodwing a library of offline-customized
cortrollers.



NNs Generated by GAs. There ae many forms in which
GAs can be used to synthesize or tune NN: to evolve the
network topology (number of hidden layers, hidden nodes,
and nunber of links) letting the Badk-Propagation (BP)
leaning algorithm tune the net; to find the optimal set of
weights for a given topdogy, thus repladng BP; and to
evolve the reward function, making it adaptive. The GA
chromosome needed to diredly encode both NN topdogy
and parameters is usually too large to alow the GAs to
perform an efficient global seach. Therefore, the éowve
approaches are usualy mutualy exclusive, with a few
exceptions that rely on variable granularity to represent the
weights.

Montana and Davis (1989 were anongthe first to propose
the use of GAs to train a feedforward NN with a given
topdogy. Typicdly NNs using Badk-Propagation (BP)
converge faster than GAs due to their exploitation d loca
knowledge. However this locd seach frequently causes
the NNsto get stuck in alocad minima. On the other hand,
GAs are dower, sincethey perform a global seach. Thus
GAs perform efficient coarse-granularity search (finding
the promising region where the global minimum is located)
but they are very inefficient in the fine-granularity seach
(finding the minimum). These daraderistics motivated
Kitano (1990 to propcse an interesting hylrid algorithm
in which the GA would find a good parameter region
which was then used to initializethe NN. At that point, BP
would perform the final parameter tuning.

Mclnerney (1993 improved Kitano's algorithm by using
the GA to escape from the locd minima found bythe BP
during the training d the NNs (rather than initializing the
NNs using the GAs and then tuning it using BP). They
also provided a dynamic adaptation o the NN leaning
rate. For an extensive review of the use of GAsin NNs, the
reader is encouraged to consult the work of Vonk et al.
(19979).

NN controlled by FL. Fuzzy logic enables us to easily
trandlate our qualitative knowledge @ou the problem to
be solved, such as resource dlocdion strategies,
performance ealuation, and performance ®ntrol, into an
exeautable rule set. This charaderistic has been the basis
for the successful development and deployment of fuzzy
controllers.

Typicdly this knowledge is used to synthesize fuzzy
controllers for dynamic systems - see Bonisne & a
(19995. However, in this case the knowledge is used to
implement a smart algorithm-controller that alocates the
algorithm's resources to improve its convergence and
performance As a result, fuzzy rule bases and fuzzy
algorithms have been used to monitor the performance of
NNs or GAs and modify their control parameters. For
instance, FL cortrollers have been used to control the

leaning rate of Neural Networks to improve the aawling
behavior typicdly exhibited by NNs as they are getting
closer to the (loca) minimum.

The leaning rate is a function d the step size ad
determines how fast the dgorithm will move dong the
error surface following its gradient. Therefore the choice
of the leaning rate has an impad on the acaracy of the
final approximation and onthe speed of convergence. The
smaller its value the better the gproximation bu the
slower the mnwvergence The momentum represents the
fradion d the previous changes to the weight vedor,
which will still be used to compute the aurrent change. As
implied by its name, the momentum tends to maintain
changes moving along the same diredion thus preventing
oscillations in shallow regions of the eror surface ad
often resulting in faster convergence Jaoobs (1988
established a heuristic rule, known as the Delta-bar-delta
rule to increase the size of the leaning rate if the sign d
the eror gradient was the same over several conseautive
steps. Arabshahi et a (1992 developed a simple fuzzy
controller to modify the leaning rate & a function d the
error and its derivative, considerably improving Jaaohbs
heuristics.

The seledion d these parameters invalves a tradeoff: in
general, large values of leaning rate aaxd momentum result
in fast error convergence, but poa acarag/. On the
contrary, small values leal to better acaracy but slow
training, as proved by Wasserman (1989.

GAs controlled by FL. The use of Fuzzy Logc to
trandate and improve heuristic rules has aso been applied
to manage GAs resources (popuation size seledion
presaure, probabiliti es of crosover and mutation,) during
their trangition from exploration (global seach in the
solution space to exploitation (locdized seach in the
discovered promising regions of that space- see Cordon
(1999, Lee(1993.

The management of GA resources gives the dgorithm an
adaptability that improves its efficiency and converge
speal. According to Herrera & Lozano (1996, this
adaptability can be used in the GA's parameter settings,
genetic operators sledion, genetic operators behavior,
solution representation, and fitnessfunction.

In general we can state that the management of GA
resources gives the dgorithm an adaptability that improves
its efficiency and converge speed. The aucia asped of
this approadh is to find the mrred balance between the
computational resources allocaed to the meta-reasoning
(e.0., the fuzzy controller) and to the objed-level problem-
solving (e.g., the GA). This additional investment of
resources will pay off if the cntroller is extendible to
other objed-level problem domains and if its runtime



overhead is offset by the runtime performance
improvement of the dgorithm.

This brief review of hybrid systems ill ustrates the roles
interadion o knowledge and data in SC. To tune
knowledge-derived models we first trandate domain
knowledgeinto aninitia structure and parameters and then
use global or locd data seach to tune the parameters. To
control or limit search by wing prior knowledge we first
use global or locd seach to derive the models (structure +
parameters), we embed knawledge in operators to improve
global seach, and we trandate domain knowledge into a
controll er to manage the solution convergence and quality
of the seach agorithm. All these facds have been
exploited in some of the service gplicaions described
below.

Diagnostics and Prognostics Tasks

The task of diagnasisisto find an explanation for a set of
observations and — in the cae of prognasis — to forecast
the murse of events. Diagnasis can further be broken down
into anomaly detedion and falure identification,
depending on the desired ganularity of information
required. Prognasis is concerned with incipient failure
detedion, margin prediction, or overal performance
prediction. The latter can be prediction o efficiency,
current system status, margins, etc.

The outcome of diagnosis and prognasis will  drive
planning and exeaution. Possble planning includes
corredive adion which can be dther readive or proadive.
Corredive ation includes remnfiguration d the airrent
system or sub-system, derating the setpoint, or changing
the goal. Anocther possble plan is maintenance planning
which has to take into consideration nd only the arrent
system status, but aso the st of maintenance (out of
seguencevs. routing), disruption d service, and the st of
further damage. All these steps can be interim fixes or
tadicd dedsions.

Some of the dallenges that diagnosis and prognasis
systems face ae the aility to a dhanging environment
which must allow the distinction between “normal” wea
or desired system changes and the reportable system
deviation. The transients are often times very similar and a
proper distinction becmes important. Environments do
not only change with time but also in space Mobile
diagnasis or remote monitoring and dagnosis g/stems are
one posshle aswer. However, accessbility and
transmittability are limited by handwidth and cost.
Therefore, the system may be equipped with remote repair
cgpabiliti es which is a step towards an autarkic system.
This implies a more sophisticaed dedsion maker which

can reason abou the information gathered and come to an
optimal judgment within the mnstraints of the system.

Diagnasis and prognasis of complex systems will li kely
incorporate a number of different techniques and tools
which are refined to ded with particular problems. That
means also that some todls may provide adiagnasis for the
same fault. It is to be epeded that the diagnastic or
prognagtic findings of different tools are not exadly the
same. In the best case, the fault magnitude is foundto be
different and ore has to find a trade-off for the degree of
failure. In the worst case, the tools completely contradict.
It is then necessary to provide some nflict resolution
cyoabilities and to weigh reliability, evidentia
manifestations, fault magnitude, etc. In addition, the
domain in which the fault is being reported may be
different, such as either a probabili stic or fuzzy domain,
simple weights or binary state evaluations. A mapping
from these different domains to a unified ore is required.
Finally, information acquired at different times, system
states, sampling periods must be agregated to a final
evauation. This is all task of the diagnastic information
fusion.

Case Studies of SC Applicationsin
Diagnostics and Maintenance

Distributed ANFIS models to predict voltage
breakdown in power distribution network

Problem. Power bladouts have been tracel in a number
of cases to the spread o initialy locdized events. These
events were caised by vdtage instabilities which then
extended to vdtage ollapses (Yabe @ d., 1995.
Typicdly, power systems consist of a complex web o
interconnected componrents such as bulk transmisson and
locd power generation. Problems for example & an urban
subsystem can percolate throughthe system and lea to a
blackout of alarger area The vulnerahility of the system to
voltage llapse depends on system operating condtions,
is driven by customer behavior, and is nat very easly
digtingushable from norma operating condtions.
Conventional courntermeasures are limited by the st
involved and the dlowable operating pants. It is therefore
desired to monitor and predict voltage stability of power
systems.

Solution. Most techniques for voltage stability cdculation
cdculate the point of collapse or the readive power
margin. For a given system configuration, the interadion
between vdtage, readive power and adive power are
defined in a threedimensional surface Load variation
resultsin atrajedory onthat surface(Fig. 2). It is assumed
that the ollapse lineis locaed at paoints of infinite voltage
derivatives. Different system configurations (other than
changes in load which is smply movement on the locd



surface) result in different surfaces and it is the goa to
provide monitoring and prediction of local subsystems.
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Fig. 2: Load-voltage surface with trajectories and collapse
line

To start, each surface was represented via ANFIS (Y abe et
al., 1995). Training was performed using a range of power
system configurations and recording local observations
while the system is driven to collapse. These surfaces
represent a model base. In addition, an inference module
was utilized which inferred the margin to collapse for the
current state of the system. If the state lies on one of the
surfaces, then several parameters can be computed such as
directional vector, minimum dS, constant power factor
(PF) asdisplayed in Fig. 3.
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Fig. 3: Collapse points

In addition, a load prediction module was employed which
used a fuzzy exponential weighted moving average
predictor which utilizes an adaptive smoothing parameter
(Khedkar & Keshav, 1992). The parameter changes its
value based on the system status which is captured in fuzzy
rules. Finaly, a self-diagnosis module was employed

which  calculates several indices (equivocation,
inapplicability, urgency) to evaluate how well the system
performs its monitoring task. It uses these indices to assess
its own reliability in predicting a voltage collapse.

Results. The system was tested on a variety of different
settings ranging from small to large system. Noteworthy is
the interpolative power of the overall system which
compensates for a lack of being able to cover al possible
scenarios with empirical data for training or to interpolate
between rules. Fig. 4 shows the interaction of the different
modules employed in this scheme. A small system test was
set up where two power plants were modeled by a
generator, an exciter, a power system stabilizer, a turbine,
and a boiler. The system was used to test the predictive
capability of the system which performed very well. A
different set-up with a different amount of shunt
compensation was a test for the fuzzy inference since the
predictive system had never seen this configuration before.
Collapse was predicted when subject to different load
conditions about one minute before the actual event. For a
large system test, 25 machines, 91 buses, and 109 branches
were modeled to reflect a location between a bulk
transmission and a large urban subsystem with both load
and local generation. The load at all buses was ramped in
this case. Test cases included changes in generation
dispatch, strength of the transmission system, etc.
system data P,Q,V

LOAD URGENCY
)| INFERENCE PROFILE RULES
v % >
MODEL g o LOAD g
BASE 2 3| |PREDICTOR g
o >
W |
£
o vy
g RESPONSE
ACTION 1o system

Fig. 4: Architecture of the System



Prediction of Paper Web Breakage in Paper Mill
Using Neural Netsand Induction Trees

Paper mill s have enormous sze of often times a hunded
meters in length or more. Making paper involves running
miles of wet and dy webs over and hetween large
cylinders which convert pulp into the final product. The
sped o the web can readr 30mph. With thase condtions,
it is not surprising that the web hbreaks abou once aday.
Bredkage results in a stand-still of the machine of about an
hou and a half which in turn cause plant wide revenue loss
of several million ddlars per day. It is therefore desirable
to prevent breakage by predicting imminent bregkage to be
able to take preventive adion.

Breakage does occur becaise the roll draw is larger than
permissbhle. Draw is necessry to stretch the paper to
aquire desired properties. The force «erted is between
cetain minimum and maximum vaues which are
determined by the tendency of the web to stick to aroll and
the maximum force which depends on norconstant web
properties (tea strength, tensile strength, and dy content)
and external fadors (e.g., temperature, lubricant,
roughress ash content, and retention). To increase yield, it
is desirable to run the machines at the upper operating
point (Chen & Bonissone, 1998.

Solution. Two approaches were chosen because of their
complementary nature. Neural nets with fuzzy accéerators
and induction trees derived from dedsion trees. Both help
in predicting some agped of the web breskage. The former
ismore acwurate and provides afiner estimate of the break
tendency whil e the latter is more useful for diagnosis and
for finding relevant feaures related to breskage. The two
approaches were then combined to gve different types of
information abou the system state (Fig. 5). The neural net
output was used to indicate the posshility of a bred in the
short term using a @ntinuows number. The output of the
indwction tree was interpreted as a description o the
sensitivity relationships between the arrent break
tendency and the airrent values of the inpu sensor
readings.

Other approaches were mnsidered as well, such as fuzzy
causal modeling, principa comporent analysis, and
leaning wvedor quantization. However, they did na
produce the same results as the methods chosen.

paper mill

VAN

C4.5

~.,

break posshility
fault classfication

N

Fig. 5: Hybrid System for Bre&age Detedion

Results. The network was trained via badpropagation
algorithm using namalized input sensor data. Output was
a quantized measure before bresage such that the last ten
readings before breskage were asgned a value of 0.9, the
next last 20 readings a value of 0.5 and the 10 readings
before that avalue of 0.1. The interpretation could be low,
medium, and high time to bresage. Training was dore
using fuzzy accderators which adaptively adjust
momentum, leaning rate, and stegoness parameters after
ead iteration. They read to the rate a& which leaning
commences. For example, if the aror derivative is the
same over severa leaning epochs and the deaease of the
error is snall, the leaning rate is incressed. The other
parameters are aljusted in a similar fashion whereby the
condtion is evauated using fuzzy reasoning. During
training a mrred classficaion o 99.1% was achieved for
the neural network. The validation set achieved 86.8%
corred classficaion.

C4.5 was used as the induction tree and the same data &
used for the neural network were employed for training
and testing. Here, the dasses were assgned the lingustic
label “low”, “medium”, and “high”. A subset of the
clasgficaion rules was then used in the on-line detedion
as afault isolator to explain the aurrent situation. A typicd
clasdficaionruleis:

IF Wire water pH < 0.104
AND Retention aid flow > 0.260
THEN classification = high

Training deta adieved a 95.3% corred classficaion while
validation dbta caneto 87.2%

The suppementa nature of neural nets and dedsion trees
dlows a high clasdficaion rate with simultaneous
explanation d the outcome.



Generator Diagnosis using BBN

Problem. Complex industria systems such as utility
turbine systems are often monitored to deted incipient
faults and to prevent caastrophic failure. Generators are
fairly large devices which consist of a few basic
comporents:. inlet system, compressor, combustor, turbine,
and exhaust system. The goal is to operate the turbine &
maximum allowable temperature and to ke emissons
within desired range whil e deli vering the maximum power.
Generators can deliver power in awide range and dten are
bunded in series of generators which are switched onand
off acwmrding to demand while the process of the
individual generator isidedly runat steady state.

Due to a large number of moving parts and large forces
and speeads at work, there is aways the potential for
failure. Typicd failures could be shaft cradks, beaing
fallures, blade falures, nozze failures, etc. Often times,
the individual comporent canna be observed diredly. For
example, it is impossble to visually insped the turbine
shaft in operation. Indired measurements, however, can
give dues to a poatentia problem. Therefore, reasoning
systems have to be built which use these dues to come up
with an explanation. In complex systems, such as a
generator, there is a large number of causa
interconredions which make gproaches like rule based
expert systems hard to set up and to manage. Literally
thousands of thase relations exist which would have to be
converted into rules. What aggravates the problem is that
the exad magnitude of the relationship is often times not
uncerstood A link could be ather strong o wedk. Finally,
there can be different types of links which could dencte
either the flow of information a an adua physicd
influence

Solution. A modeling tod which addresses the needs
outlined abowve is the Bayesian Belief Net (BBN). BBNs
have been succesfully used for generators (Morjaria,
1996. For the generators considered, complex
interdependencies were initially modeled using causal nets.
Later, the network was amended with probabilistic
information. Cause-and-effed relations sich as down in
Fig. 6 can be set up to model particular behavior. In the
example shown a blade fault may cause both an incresse in
boiler temperature aad vibration. However, as indicaed
before, one caina diredly observe the blade fault.
Therefore, it is necessary to use the measurable units to
perform diagnastic reasoning. The problem is aggravated
by the fad that, say, a shaft fault may also cause a
incresse in vibration and that the presaure is medium. A
dedsion hes to be made whether a blade fault or a shaft
fault is present.

Blade fault Shaft fault

Vibration
high

Fig. 6: Example BBN used for Generators

BBNs use probabilistic information to suppat this
ressoning. Both prior probabilities — probabiliti es in the
absence of any additiona information — and condtional
probabiliti es — explaining relationships between pairs of
nodes — can be used via some mathematicd manipulations
to reverse the acs and reason abou the fault given
symptoms vibration and presaure. Such arc reversa is the
diagnasticians problem who is only exposed to the
symptoms and must find the caise for the observed
symptoms.

Presaure
low

A network with several thousand noaks creaes problems
of its own in that the solution is NP-hard. Furthermore,
finding the condtional probabiliti es is not always draight
forward. However, it is desirable to find goodapproximate
solutions rather than insisting onexad solutions (Morjaria,
1996 and even a network set up with gross smplificaions
where probabiliti es are asdgned values based on feuristics
(highVlow) appeasto perform in areasonable manner.

Some design rule have to be observed when setting upa
BBN. For example, no cycles may be introduced into the
network. An extenson to the BBN includes the
introduction o dedsion nocs which alow the
incorporation  potential adion to be taken based on a
current situation. The dedsion nock would then perform a
locd optimization besed onthe data & hand. A BBN with
dedsion noasiscdled an Influence Diagram.

Today, monitoring BBNs have been deployed to many
generators around the world (Morjaria, 1996 and are
observed remotely to deliver diagncstic information in a
timely and cost efficient fashion. Remote operation can
reduce the st of on-site availability of computational
power and expertise. Remote operation dees creae some
problems which range from bandwidth limitations to the
question d what to dowith all the data.

Besides generators, BBNs have dso been successully used
in several other large scde systems sich as locomotives
(Morjaria ¢ al, 1998.



Adaptive Classification for Gas Turbines

Anomalies

Problem. Gas Turbines are used in many applicaions.
They can range from stationary power plants to the use in
airplanes or helicopters. Depending onthe particular use,
the design and size of the gas turbine will vary. On a
coarse level, however, gas turbines use the same operating
principles. It is also desirable to be &le to deted incipient
fallures to remgnze faults before they cause wstly
seondary damage or result in equaly uncesired
shutdowns. Service providers have long tracked the
behavior of the engine by measuring many system
parameters and by wsing trend analysis to deted changes
which might be indicaive of developing failures (Doel,
1990. Challenges of these schemes are that faults may nat
be recognized distinctively due to large anourts of noise
as well as changing operating conditions which constantly
move the estimate for “normal” operation. The former is
caused in part by changing environmental condtions for
which corredions with first principle models or regresson
models work only to some extent. The latter is due to
changes of schedules, maintenance, etc. which is naot
necessarily known to the analyst.

Solution. The solution wsed evaluates data in multi-variate
fedure space uses fuzzy clusters, a digital filter, and
allows the duster to adapt to changing environments. The
evaluation in multi-variate feaure space helps
distingushing some faults becaise system variables are
interconneded and changes in ore variable may result in
changes of other variables as well. For example, a bleed
problem, where ar le&s from the cwmpressor, will result
in a lessefficient engine. However, in case of an aircraft
engine, the mntroller demands a cetain thrust level and
will cause more fuel to be injeded into the combustors.
Thisin turn will raise both the turbine speed as well as the
exhaust gas temperature. Any particular change may be too
smal to be picked up aone. However, in a three
dimensional space the change is more pronourced and can
be deteded more eaily. However, there is dill the
potential for high misclassficaion and a aisp classfier
will not work very well. The gproach chosen uses fuzzy
clusters which have alower degree of membership in the
region d overlap, but the dassficaion error bemmes
smaller. Fig. 7 shows fuzzy clusters in the exhaust gas vs.
turbine speed space

If in addition adigital filter is added to the scheme, a small
lag is introduwced, but the misclassficaion is further
reduced because noise in the overlapping region is
deaeased as well. The aaptive properties of the dusters
allow the centroids to move and their shape to change. To
adhieve this goal, the centroid was superimpased with an
exporentia filter with small parameter which forces the
centroid to be updated acmrding to the arrent data. Data
was used for updating orly when it was classfied as part

of a particular cluster. That is, data of type “normal” was
used to updite the duster “normal” but not the duster
“bleal valve fault” and viceversa
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Fig. 7: Fuzzy clustersin multi-dimensional space

Results. The system was tested with historicd gas turbine
data. It showed superior behavior compared to traditional
trending approaches which was ®en in a low fase
negative rate (none observed with the data avail able) and a
much reduced false postive rate which improved by
severa orders of magnitude. Fig. 8 shows the adaptation o
a duster during operation. The “x” dencte the locdion o
the centroid of cluster “normal” and the squares dencte the
locdion d a fault cluster. During a software change, the
normal region changes considerably in ore dimension as
seen by the verticd jump o the operating pant in the
graph. Because there were no changes in the other two
dimensions, the dgorithm adapts corredly to the new
locaionwhile retaining the aility to deted faults.

Fig. 8: Adaptation o clusters during operation



Fuzzy Classification of MRI Signatures For
Incipient Failure Detection

Problem. A magnetic resonance (MR) madiine is a
medicd device which operates by taking a multitude of
measurements of an oljed to creae images of that objed.
Sensors used are arranged in a drcular fashion and the
objed is moved throughthe ring o sensors which results
in a series of diced images. An image is creaed by
assembling the diff erent sensor readings. If a comporent of
the MR macdine fails, the fault may show up as
deterioration d the image such as blurs or stre&ks. To
evaluate MR status, one can perform system tests whereby
a phantom — for example aplastic head —is inserted and
the image axd dher data sets evaluated against a
benchmark image and data sets. It is then crucial to discern
from the data which comporent of the machine has fail ed.
However, there is no straightforward ore-to-one match
between data and faults.

A diagnostic system must be &le to corredly classfy
faults and to rejed false positives, thus exhibiting robust
behavior in ndsy environments. From an engineeing
perspedive, the user isinterested in an approach which can
be understood and which is transparent. This will also help
to incorporate newly found fault patterns and cher
relationships. These new relationships $ioud idedly be
recognzed even if they are outside the training set. The
diagnastic system shoud be alaptive enoughto identify
unknown faults and label them as such.

Solution To extrad and anayze information from
signatures of system tests and to identify any pdentially
present faults a system was designed which consists of a
fedure extracdion modue using feaures in time, frequency
and wavelet spaces, several thresholding filters, a
classficaion modue using rule-based reasoning, and a
database relating the fault type to pcessble recommended
fixes (Fig. 9).

During fedure extradion, datais used from particular slice
readous which contain information from the sensors but
also abou hardware, software version, site information,
etc. Statisticd, frequency, and wavelet feaures sich as
mean, standard deviation, slope, power, time of maxima,
spike and odlier information etc. is obtained and stored.
As afirst processng step, a thresholding filter caegorizes
data into namal and abnama based on a few criticd
feaures. A fuzzy rule-based system determines particular
fault types by establishing the degree of belongng to a
fuzzy partition and the awciated fault. In case of
ambiguows results, for example when several faults are
indicaed, the most likely ore is established using
closeness measures to prototype faults. The doseness
measures are then aggregated to form a anfidence value.
Finally, arecmommended corredion d the fault situationis
presented by mapping the fault to the most likely cause and

by linking the outcome to eledronic documents concerned
with the repair of the faulty condtion.

|Femure Extraction |

|Recommended Fix |

Fig. 9: System Architecure for MRI Fault Detedion

Results. Cases (90 dots eadt for 4 cases per fault) were
equally divided into training and validation cases. Feaures
were dustered using fuzzy partitions into “high’,
“medium” or “low”. Fig. 10 shows the feaure spacewith
faults “Shim”, “Gradient”, RF Recdve”, and RF
Transmit”. Each data point is assgned based on closeness
to prototype faults. Cases are evaluated based on their
closeness(Euclidean) to the prototype caes and assgned a
confidence value based on the doseness Results were
visualized by showing the individual feaures (Fig. 11) and
a “typicd” fedure representing the fault. The system was
implemented with automatic email feedbadk which
alowed to tradk the use and also to evaluate the success
rate of the todl. Based on that feadbad, the acaragy is
abou 98%

RF Receive RF Transmit

High
Medium
Low

urrent Data
Vibration (Fault to be
classified)
Gradient Feature Space
Shim

Fig. 10: Fuzzy Partitioning of Feature Space
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Fig. 11: Visudizaion d Output
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