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Abstract
Soft computing (SC) is an association of computing
methodologies that includes as its principal mesithezzy
logic, neuro-computing, evolutionary computing and
probabilistic computing. We present a collectiom@thods
and tools that can be used to perform diagnostics,
estimation, and control. These tools are a greathmfor
real-world applications that are characterized rogrecise,
uncertain data, and incomplete domain knowledge. We
outline the advantages of applying SC techniques ian
particular the synergy derived from the use of /I8C
systems. We illustrate some combinations of hyi8id
systems, such as fuzzy logic controllers (FLCs)etuy
neural networks (NNs) and evolutionary computin@€)E
NNs tuned by EC or FLCs, and EC controlled by FLCs.
We discuss three successful real-world examplesS©f
applications to industrial equipment diagnosticseight
train control, and residential property valuation.

1. Introduction

1.1 Motivation

There is a wide gamut of industrial and commercial
problems that require the analysis of uncertain and
imprecise  information.  Usually, an incomplete
understanding of the problem domain further compisun
the problem of generating models used to explaist pa
behaviors or predict future ones. These problemasgnt a
great opportunity for the application of soft cortipg
technologies.

In the industrial world, it is increasingly commdaor

companies to provide diagnostics and prognostingces

for expensive machinery (e.g., locomotives, aitcraf
engines, medical equipment). Many manufacturing
companies are trying to shift their operationsh®e $ervice
field where they expect to find higher margins. One
embodiment of this trend is the successful offenhtpng-
term service agreements with guaranteed up times&h
contracts provide economic incentives for the servi
provider to keep the equipment in working orderincg
performing unnecessary maintenance actions is uedes
and costly, in the interest of maximizing the masgi
service should only be performed when requireds Thain
be accomplished by using a tool that measurest#te sf
the system and indicates any incipient failurechSa tool
must have a high level of sophistication that ipooates

monitoring, fault detection, decision making abpassible
preventive or corrective action, and monitoring itf
execution. A second industrial challenge is to pev
intelligent automated controllers for complex dymam
systems that are currently controlled by human atpes.
For instance automatic freight train handling issk that
still eludes full automation.

In the commercial and financial world, we can dtiid
inefficient markets in which timely asset valuatiamd
pricing still represent a big challenge. For ins& while
we can easily determine the value of a portfolicstafcks
and bonds, we cannot perform the same precise ti@ua
for a portfolio of real-estate assets, which ccudde been
used as collateral for mortgage-backed securities.

Due to of the complexity of these tasks, artificial
intelligence (Al) and in particular soft computirtave
been called upon to help. Recently we have applaft
computing techniques in support of service task sas
anomaly detection and identification, diagnostics,
prognostics, estimation and control [1,2], and destial
property valuation [3]. This paper focuses on tise of
soft computing on these three aspects: diagnosticgrol,
and valuation. To begin, we will present our iptetation
of the definition and scope of the concept of soft
computing.

1.2 Soft Computing

Soft computing (SC) is a term originally coined bgdeh
[4] to denote systems that “... exploit the tolerarice
imprecision, uncertainty, and partial truth to aca
tractability, robustness, low solution cost, andttdre
rapport with reality.” Soft computing is “an asgi®on of
computing methodologies that includes as its ppilci
members fuzzy logic (FL), neuro-computing (NC),
evolutionary computing (EC) and probabilistic cortipg
(PC)” [5]. However,it should be noted that we have not
reached a consensus yet as to the exact scopédirutiate

of SC [6].

The main reason for the popularity of soft compytis
the synergy derived from its components. SC's main
characteristic is its intrinsic capability to credtybrid
systemghat are based on a (loose or tight) integratibn o
constituent technologies. This integration provides
complementary reasoning and searching methodsfibat



us to combine domain knowledge and empirical data t
develop flexible computing tools and solve complex
problems. Figure 1 illustrates a taxonomy of thiegerid
algorithms and their components. Extensive coveraige
this topic can be found in [7, 8].

1.3 SC Componentsand Taxonomy

Fuzzy Computing

The treatment of imprecision and vagueness camdsed
back to the work of Post, Kleene, and Lukasiewicz,
multiple-valued logicians who in the early 1930'epgsed
the use of three-valued logic systems (later fodldwby
infinite-valued logic) to represenindeterminedunknown,

or other possible intermediate truth-values betwéen
classical Boolearrue and false values [9]. In 1937, the

stemming from the representation of sets with éffiaied
boundaries; a relational facet, focused on the
representation and use of fuzzy relations; andpstemic
facet, covering the use &L to fuzzy knowledge based
systems and data bases. A comprehensive revieuzof f
logic and fuzzy computing can be found in [14].

Fuzzy logic gives us a language, with syntax arwéllo
semantics, in which we can translate qualitativevkedge
about the problem to be solved. In particular, Baves us
to use linguistic variables to model dynamic systehhese
variables take fuzzy values that are charactetiged label
(a sentence generated from the syntax) and a ngeéain
membership function determined by a local semantic
procedure). The meaning of a linguistic variableyrba
interpreted as an elastic constraint on its vallleese
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Figure 1: Soft Computing Components and Hybrid Systems

philosopher Max Black suggested the use obasistency

constraints are propagated by fuzzy inference oipess

profile to represent vague concepts [10]. While vagueness based on thegeneralized modus-ponenghis reasoning

relates to ambiguity, fuzziness addresses the daaharp
set-boundaries. It was not until 1965, when Zadepgsed
a complete theory of fuzzy sets (and its isomorghizy
logic), that we were able to represent and manipuilk
defined concepts [11].

In a narrow sense, fuzzy logic could be considlee
fuzzification of Lukasiewicz Aleph-1 multiple-valddogic
[12]. In the broader sense, however, this narrow
interpretation represents only one of FL's fourefac[13].
More specifically, FL has #bgical facet, derived from its
multiple-valued logic genealogy; aet-theoretic facet,

mechanism, with its interpolation properties, gives a
robustness with respect to variations in the system
parameters, disturbances, etc., which is one of Ridin
characteristics [15].

Probabilistic Computing

Rather than retracing the history of probabilitye will
focus on the development of probabilistic computiRg)
and illustrate the way it complements fuzzy commmitiAs
depicted in Figure 1, we can divide probabilistenputing
into two classes: single-valued and interval-valsgstems.



Bayesian belief networks (BBNs), based on the oalgi
work of Bayes [16], are a typical example of singidued
probabilistic reasoning systems. They started with
approximate methods used in first-generation expert
systems, such as MYCIN'’s confirmation theory [1Tida
PROSPECTOR’s modified Bayesian rule [18], and esdlv
into formal methods for propagating probability wes
over networks [19-20]. In general, probabilisti@sening
systems have exponential complexity, when we need t
compute the joint probability distributions fall the
variables used in a model. Before the advent oN8Ht
was customary to avoid such computational probléems
making unrealistic, global assumptions of conddion

takes values inside the region. In fuzziness, tieedainty
is derived from the deterministic bpartial membership of
a point (from a reference space) into an impregidefined
region of that space. The region is represented fugzzy
set. The characteristic function of the fuzzyreaps every
point from such space into the real-valued intef@al],
instead of the set {0,1}. A partial membership ahlloes
not represent a frequency. Rather, it describesldgree
to which that particular element of the universe of
discourse satisfies the property that charactetizesuzzy
set. In 1968, Zadeh noted the complementary natfire
these two concepts, when he introduced the prababil
measure of a fuzzy event [24]. In 1981, Smetsrebdd

independence. By using BBNs we can decrease thisthe theory of belief functions to fuzzy sets byidiefy the

complexity by encoding domain knowledge as stradtur
information: the presence or lack of conditional
dependency between two variables is indicated ky th
presence or lack of a link connecting the nodes
representing such variables in the network topalo@pr
specialized topologies (trees, poly-trees, direceyclic
graphs), efficient propagation algorithms have been
proposed by Kim and Pearl [21]. However, the coxipte

of multiple—connected BBNs is still exponential ihe
number of nodes of the largest sub-graph. Whenaphgr
decomposition is not possible, we resort to appnake
methods, such as clustering and bounding conditiprand
simulation techniques, such as logic samplingsMackov
simulations.

Dempster-Shafer (DS) systems are a typical exawiple
interval-valued probabilistic reasoning systems.eyh
provide lower and upper probability bounds instedda
single value as in most BBN cases. The DS theay w
developed independently by Dempster [22] and Shafer
[23]. Dempster proposed a calculus for dealinghwit
interval-valued probabilities induced by multiplakved
mappings. Shafer, on the other hand, started faom
axiomatic approach and defined a calculus of belief
functions. His purpose was to compute the credybili
(degree of belief) of statements made by diffesmirces,
taking into account the sources’ reliability. Altigh they
started from different semantics, both calculi were
identical.

Probabilistic computing provides a way to evaluthe
outcome of systems affected by randomness (or ofhes
of probabilistic uncertainty). PC’s basic infereti
mechanism - conditioning - allows us to modify poes
estimates of the system's outcome based on newread

Comparison between Probabilistic and Fuzzy
Computing. In this brief review of fuzzy and probabilistic
computing, we would like to emphasize that randesane
and fuzziness capture two different types of urziety. In
randomness, the uncertainty is derived from the-non
deterministic membership of a point from a samplacs
(describing the set of possible values for the oamd
variable), into a well-defined region of that space
(describing the event). A probability value desesikthe
tendency or frequency with which the random vagabl

belief of a fuzzy event [25]. These are the fivad tases of
hybrid systems illustrated in Figure 1.

Neural Computing

The genealogy of neural networks (NN) goes baclko#s,
when McCulloch and Pitts showed that a networkioty
decision units (BDNs) could implement any logical
function [26]. Building upon this concept, Roserbla
proposed a one-layer feedforward network, called a
perceptron and demonstrated that it could be trained to
classify patterns [27-29]. Minsky and Papert [30pyed
that single-layer perceptrons could only provideedir
partitions of the decision space. As such they wese
capable of separating nonlinear or non-convex regio
This caused the NN community to focus its effontstioe
development of multilayer NNs that could overcornese
limitations. The training of these networks, howewsas
still  problematic. Finally, the introduction of
backpropagation (BP), independently developed by
Werbos [31], Parker [32], and LeCun [33], providad
sound theoretical way to train multi-layered, féeoward
networks with nonlinear activation functions. 98B,
Hornik et al. proved that a three-layer NN (withednput
layer, one hidden layer of squashing units, and arnput
layer of linear units) was a universal functional
approximator [34].

Topologically, NNs are divided intdeedforward and
recurrent networks. The feedforward networks include
single- and multiple-layeperceptrons as well as radial
basis functions (RBF) networks [35]. The recurrent
networks cover competitive networks, self-orgargzinaps
(SOMs) [36], Hopfield nets [37], and adaptive remoce
theory (ART) models [38]. While feed-forward NNeea
used in supervised mode, recurrent NNs are typicall
geared toward unsupervised learning, associativaang
and self-organization. In the context of this papes will
only consider feed-forward NNs. Given the funcéibn
equivalence already proven between RBF and fuzzy
systems [39] we will further limit our discussiom multi-
layer feed-forward networks. A comprehensive curren
review of neuro-computing can be found in [40].

Feedforward multilayer NNs are computational
structures that can be trained to learn patterosn fr



examples. They are composed of a network of psigs
units or neurons. Each neuron performs a weigsied of
its input, using the resulting sum as the arguroéiat non-
linear activation function.  Originally the actii@t
functions were sharp thresholds (or Heavyside) tfans,
which evolved to piecewise linear saturation fumasi, to
differentiable saturation functions (or sigmoidsnd to
Gaussian functions (for RBFs). By using a trairseg that
samples the relation between inputs and outputd, &an
learning method that trains their weight vectontimimize
a quadratic error function, neural networks offére t
capabilities of a supervised learning algorithm ttha
performs fine-granule local optimization.

Evolutionary Computing

Evolutionary computing (EC) algorithms exhibit an
adaptive behavior that allows them to handle non-linear,
high  dimensional  problems  without requiring
differentiability or explicit knowledge of the prigm
structure. As a result, these algorithms are vebust to
time-varying behavior, even though they may exhidiv
speed of convergence. EC covers many importantiéami
of stochastic algorithms, includirgvolutionary strategies
(ES), proposed by Rechenberg [41] and Schwefel, [42]
evolutionary programmindEP), introduced by Fogel [43-
44], and gnetic algorithmgGAs), based on the work of
Fraser [45], Bremermann [46], Reed et al. [47], and
Holland [48-50], which contain as a subsgénetic
programming(GP), introduced by Koza [51].

The history of EC is too complex to be completely
summarized in a few paragraphs. It could be trdmzezk to
Friedberg [52], who studied the evolution of a feag
machine capable of computing a given input-output
function; Fraser [45] and Bremermann [46], who
investigated some concepts of genetic algorithnisgua
binary encoding of the genotype; Barricelli [53]hav
performed some numerical simulation of evolutionary
processes; and Reed et al. [47], who explored aimil
concepts in a simplified poker game simulation. The
interested reader is referred to [54] for a comensive
overview of evolutionary computing and to [55] fan
encyclopedic treatment of the same subject. A ctidia of
selected papers illustrating the history of EC barfound
in [56].

We will provide a brief description of four compans
of EC: ES, EP, GAs, GP. Evolutionary strategiesewer
originally proposed for the optimization of contous
parameter spaces. In typical ES notation the signbo
(1,A)-ES and (¢ A)-ES indicate the algorithms in which a
population of p parents generate offspring; the best
K individuals are selected and kept in the next g,
In the case ofy,A)-ESthe parents are excluded from the
selection and cannot be part of the next generatrbite in
the (1#+A)-ESthey can. In their early versions, ES used a
continuous representation and mutation operatokinwgr
on a single individual to create a new individuag.,
(I+ 1)-ES. Later, a recombination operator was added to

the mutation operator as evolution strategies w&tended
to evolve a population of individuals, as #()-ES [57]
and in (#+A)-ES [58]. Each individual has the same
opportunity to generate an offspring. Furthermaach
individual has its own mutation operator, whichniserited
and may be different for each parameter.

In its early versions, evolutionary programming was
applied to identification, sequence prediction, oaudtic
control, pattern recognition, and optimal gamin@gteigies
[43]. To achieve these goals, EP evolved finitetesta
machines that tried to maximize a payoff function.
However, recent versions of EP have focused on
continuous parameter optimization and the trainofg
neural networks [59]. As a result, EP has becomeemo
similar to ES. The main distinction between evaloéry
programming and evolutionary strategies is thafdfieses
on the behavior of species, while ES focus on teakior
of individuals. Therefore, EP does not usually Eyp
crossover as a form of variation operator. EP can b
considered as a special case (@ftf)-ES in which
mutation is the only operator used to search fow ne
solutions.

Genetic algorithms perform a randomized global cdear
in a solution space by using a genotypic rathem tha
phenotypic representation. Canonical GAs encodéh eac
candidate solution to a given problem as a binatgger,
or real-valued string, referred to as chromosomachE
string's element represents a particular featurethim
solution. The string is evaluated by a fitnesscfiom to
determine the solution's quality: better-fit sabut$ survive
and produce offspring, while less-fit solutions axdled
from the population. To evolve current solutioesch
string can be modified by two operators: crossoaed
mutation. Crossover acts to capture the best restaf
two parents and pass it to an offspring. Mutati a
probabilistic operator that tries to introduce reséeatures
in populations of solutions that lack such featufidse new
individuals created by these operators form thet nex
generation of potential solutions. The problem t@msts
are typically modeled by penalties in the fitnassction or
encoded directly in the solution data structur€j.[6

Genetic programming is a particular form of GA, in
which the chromosome has a hierarchical rather #han
linear structure whose size is not predefined. The
individuals in the population are tree structuredgoams,
and the genetic operators are applied to their des
(subtrees) or to single nodes. This type of chram@scan
represent the parse tree of an executable expnessich
as an S-expression in LISP, an arithmetic exprasstr.

GP has been used in time-series predictions, dpntro
optimization of neural network topologies, etc.

As noted by Fogel [54], ES, EP, and GAs share many
common traits: “...Each maintains a population ofltria
solutions, imposes random changes to those sofytamd
incorporates selection to determine which solutidos
maintain in future generations...” Fogel also ndtes “...

4



GAs emphasize models of genetic operators as adxbénv
nature, such as crossing-over, inversion, and point
mutation, and apply these to abstracted chromosorhes
while ES and EP “... emphasize mutational transforonati
that maintain behavioral linkage between each paxad

its offspring.”

Finally, we would like to remark that EC components
have increasingly shared their typical traits: ESehadded
recombination operators similar to GAs, while Glevé
been extended by the use of real-number-encoded
chromosomes, adaptive mutation rates, and additive
mutation operators. For the sake of brevity, in ¢batext
of this paper, we will limit most of our discussidn
genetic algorithms, but encourage the reader teiden
evolutionary algorithms broadly.

Soft Computing Taxonomy

The common denominator of these technologies ig the
departure from classical reasoning and modeling
approaches that are usually based on Boolean logic,
analytical models, crisp classifications, and dutristic
search. In ideal problem formulations, the systémbe
modeled or controlled are described by complete and
precise information. In these cases, formal reagon
systems, such as theorem provers, can be usedath at
binary truth-values to statements that describestage or
behavior of the physical system.

When we solve real-world problems, we realize suah
systems are typically ill-defined, difficult to meld and
possess large solution spaces. In these casesiseprec
models are impractical, too expensive, or non-erist
Our solution must be generated by leveraging tvmalkiof
resourcesproblem domain knowledgef the process or
product andield datathat characterize the behavior of the
system. The relevant available domain knowledge is
typically a combination of first principles and eimgal
knowledge, and is usually incomplete and sometimes
erroneous. The available data are typically a cbta of
input-output measurements, representing instanégleo
system's behavior, and may be incomplete and noisy.

We can observe from Figure 1 that the two main
approaches in soft computing arknowledge-driven
reasoning systems (such as probabilistic and fuzzy
computing) and data-driven search and optimization
approaches (such as neuro and evolutionary cong)utin
This taxonomy, however, is soft in nature, givere th
existence of many hybrid systems that span acragge m
than one field.

1.4 Alternative Approachesto SC

The alternative approaches to SC are the tradltiona
knowledge-driven reasoning systems and the datemri
systems. The first class of approaches are exieaplby
first-principle-derived models (based on differahtior
difference equations), by first-principle-qualitegi models
(based on symbolic, qualitative calculi [61-62], ddgssical

Boolean systems, such as theorem provers (based on
unification and resolution mechanisms), or by ekper
systems embodying empirical or experiential knogted

All these approaches are characterized by the émgad
problem domain knowledge into a model that tries to
replicate the system’s behavior. The second cldass o
approaches are the regression models and crisferchgs
techniques that attempt to derive models from any
information available from (or usually buried igetdata.

Knowledge-driven systems, however, have limitati@ss
their underlying knowledge is usually incomplete.
Sometimes, these systems require the use of syimgiif
assumptions to keep the problem tractable (e.g.,
linearization, hierarchy of local models, use offadét
values). Theoretically derived knowledge may ewen
inconsistent with the real system’s behavior. Eiqial
knowledge, on the other hand, could be static,esgted
by a collection of instances of relationships amdhg
system variables (sometimes pointing to causaliigre
often just highlighting correlation). The result the
creation of precise but simplified models that dot n
properly reflect reality, or the creation of approate
models that tend to become stale with time andiéfieult
to maintain.

Purely data-driven methods also have their drandack
since data tend to be high-dimensional, noisy, nmgete
(e.g., databases with empty fields in their recpras
wrong (e.g., outliers due to malfunctioning or ifal
sensors, transmission problems, erroneous manual da
entries). Some techniques have been developeddresx
these problems, such as feature extraction, figerdnd
validation gates, imputation models, and virtuahsegs
that model the recorded data as a function of other
variables.

The fundamental problem of these classical appesach
lies in representing and integrating uncertain, rgajse
knowledge in data-driven methods or in making u$e o
somewhat unreliable data in a knowledge-driven @ggr.

1.5 SC Solutions

Although it would be presumptuous to claim thattsof
computing solvesthis problem, it is reasonable to affirm
that SC provides a different paradigm in terms of
representation and methodologies, which facilitatesse
integration attempts. For instance, in classicahtiol
theory the problem of developing models is decoragos
into system identification and parameter estimation
Usually the former is used to determine the ordethe
differential equations and the latter determines
coefficients. Hence, in this traditional approach have
model = structure + parameters. This equation does not
change with the advent of soft computing. Howewes,
now have a much richer repertoire to represent the
structure, to tune the parameters, and to itehggeptrocess.

It is understood that the search method used @ the
parameter values is an important and implicit pdrthe

it



above equation, which needs to be chosen carefoily
efficient model construction.

For example, the knowledge base (KB) in a Mamdani-
type fuzzy system [63] is typically used to approate a
relationship between a staXeand an outpu¥. The KB is
completely defined by a set ddcaling factors (SF),
determining the ranges of values for the state autgut
variables; aermset(TS), defining the membership function
of the values taken by each state and output JVariand
by aruleset (RS), characterizing a syntactic mapping of
symbols fromX to Y. The structure of the underlying
model is the ruleset, while the modmrametersare the
scaling factors and termsets. The inference obdafram
such a system is the result of interpolating amdtmg
outputs of all relevant rules. The inference's onte is a
membership function defined on the output spacégwis
then aggregated (defuzzified) to produce a crisfpud.
With this inference mechanism we can define a
deterministic mapping between each point in theaesta
space and its corresponding output. Therefore,amenow
equate a fuzzy KB to a response surface in thescros
product of state and output spaces, which apprdesrhe
original relationship.

A Takagi-Sugeno-Kang (TSK) type of fuzzy system][64
increases its representational power by allowirggube of
a first-order polynomial, defined on the state spdo be
the output of each rule in the ruleset. This eobdn
representational power, at the expense of locabildy
[65], results in a model that is equivalent to ahdiasis
functions [66]. The same model can be translatéd @
structured network, such as the adaptive neurakyfuz
inference systems (ANFIS) proposed by Jang [67]. In
ANFIS the ruleset determines the topology of thé ne
(model structure), while dedicated nodes in the
corresponding layers of the net (model parametdefihe
the termsets and the polynomial coefficients. Birlyj, in
the traditional neural networks the topology reprgs the
model structure and the links' weights represeatntiodel
parameters.

While NN and structured nets use local search nastho
such as backpropagation, to tune their parameieriis,
possible to use evolutionary computation based ajlob
search methods to achieve the same parametrigtonito
postulate new structures. An extensive coveragthade
approaches can be found in [8].

1.6 Paper Structure

In the next section we will focus on SC hybrid altions
and the synergy derived from their use of compldargn
components. After a brief discussion of the problefn
diagnosis, estimation, and control provided in BecB,
we will illustrate three applications of SC techmgég. The
first application, described in Section 4, consiststhe
adaptation of fuzzy clustering to classify gas ieb
anomalies. The second application, illustratedenti®n 5,
covers the use of genetic algorithms to tune ayfggstem

that implements an automatic train handler corgrollhe
third application, discussed in Section 6 and &cdbes
the use of a customized neural-fuzzy system andiarf of
models to determine the market value of residential
properties. In the last section we summarize the
advantages of using soft computing hybrid systems a
discuss some potential extensions of these techieslo

2. Hybrid Algorithms: Symbiosis

Over the past few years we have seen an increasimger

of hybrid algorithms, in which two or more soft cpuating
technologies have been integrated to leverage the
advantages of individual approaches. By combining
smoothness and embedded empirical qualitative letye
with adaptability and general learning ability, sbehybrid
systems improve the overall algorithm performand¥e

will now analyze a few of such combinations, asictepl

in the lower box of Figure 1. First we will illustie the
application of NNs and EC to tune FL systems, alt age
the use of EC to generate and tune NNs. Then, Weea
how fuzzy systems can control the learning of NNd the
run-time performance of EC.

2.1 FL tuned by NN

ANFIS [67] is a representative hybrid system inathNNs
are used to tune a fuzzy logic controller (FLC).NRAS
consists of a six-layer generalized network. Timgt find
sixth layers correspond to the system inputs artigubst
The second layer defines the fuzzy partitions (s=ts) on
the input space, while the third layer performs a
differentiable T-norm operation, such as the produdhe
soft minimum. The fourth layer normalizes the emadibon
of the left-hand-side of each rule, so that theigrées of
applicability will add up to one. The fifth layepmputes
the polynomial coefficients in the right-hand-siokeeach
Takagi-Sugeno rule. Jang's approach is based awa
stroke optimization process. During the forwamdlet the
termsets of the second layer are kept equal to phevious
iteration value while the coefficients of the fiftayer are
computed using a least mean square method. Apthiig
ANFIS produces an output that is compared withdhe
from the training set to produce an error. Theregradient
information is then used in the backward strokentmdify
the fuzzy partitions of the second layer. Thiscess is
continued until convergence is reached.

—

2.2FL Tuned by EC

As part of the design of a fuzzy controller, itredatively
easy to specify a cost function to evaluate thedesta
trajectory of the closed-loop system. On the ottserd, for
each state vector instance, it is difficult to sfyedts
corresponding desired controller's actions, as dolbé
required by supervised learning methods. Thus
evolutionary algorithms can evolve a fuzzy congolby
using a fitness function based on such a costifumct



Many researchers have explored the use of EC t® tun
fuzzy logic controllers. Cordon et al. [68] alonstla
bibliography of over 300 papers combining GAs Viithzy
logic, of which at least half are specific to thmihg and
design of fuzzy controllers by GAs. For the sakérevity
we will limit this section to a few contributiong.hese
methods differ mostly in the order or the selectidrthe
various FLC components that are tuned (termsetss,ru
scaling factors).

Karr, one of the precursors in this quest, used ®&As
modify the membership functions in the termsetsthaf
variables used by the FLC [69]. Karr used a binary
encoding to
membership value in each termset. The binary
chromosome was the concatenation of all termsete T
fitness function was a quadratic error calculated four
randomly chosen initial conditions.

Lee and Takagi tuned both rules and termsets A3y
used a binary encoding for each three-tuple charaotg a
triangular membership distribution. Each chromosom

represent three parameters defining a5.

2.3 NNs Generated by EC

Evolutionary computing has been successfully afgpte
the synthesis and tuning of neural networks. Spadiy,
EC has been used to:

1. Find the optimal set of weights for a given togy,
thus replacing backpropagation;

2. Evolve the network topology (number of hidden
layers, hidden nodes, and number of links), whieg
backpropagation to tune the weights;

3. Simultaneously evolve both weights and topology;

4. Evolve the reward function, making it adaptive;

Select the critical input features for the nénsawork.

An extensive review of these five application areas be
found in [76-78]. Here, we will briefly cover treecarly
applications of EC to NNs, focusing on the evolutaf the
network's weights and topology. Backpropagatioi®)(B
the typical local tuning algorithm for NNs, is aagient-
based method that minimizes the sum of squaredserro
between ideal and computed outputs. BP has ariesific

represents a TSK-rule, concatenating the membership convergence rate on convex error surfaces. Howexren

distributions in the rule antecedent with the polynal
coefficients of the consequent.

Most of the above approaches used the sum of giimdra
errors as a fitness function. Surmann et al. extdnthis
quadratic function by adding to it an entropy term
describing the number of activated rules [71].

Kinzel et al. departed from the string represeatatind
used a cross-product matrix to encode the ruldeseif it
were in table form) [72]. They also proposed costed
(point-radius) crossover operators that were smdathe
two-point crossover for string encoding. They ftfirs
initialized the rule base according to intuitiveuhistics,
used GAs to generate a better rule base, andyfinaled
the membership functions of the best rule baseds ditder
of the tuning process is similar to that typicallged by
self-organizing controllers [73].

Bonissone et al. [74] followed the tuning order gegted
by Zheng [75] for manual tuning. They began with
macroscopic effects by tuning the FLC state androbn
variable scaling factors while using a standard uniformly
spread termset and a homogeneous rule base.
obtaining the best scaling factors, they proceedetline
the termsets, causing medium-size effects. Finafly
additional improvements were needed, they tunedulee
baseto achieve microscopic effects. Parameter seitgiti
order can be easily understood if we visualize a
homogeneous rule base as a rule table. A modifiating
factor affects the entire rule table; a modifiedrten a
termset affects one row, column, or diagonal inttide; a
modified rule only affects one table cell.

This approach exemplifies the synergy of SC
technologies, as it was used in the developmeat fozzy
Pl-control to synthesize a freight train handliraptoller.

This application is described in greater detabaction 5.

the error surface exhibits plateaus, spikes, sgulilgs,
and other multimodal features, BP, like other geati
based methods, can become trapped in sub-optigiahse
Instead of repeating the local search from manfewint
initial conditions, or applying perturbations ore thveights
when the search seems to stagnate, it is desit@ipédy on

a more robust, global search method. In 1988,cluri
provided a critique of backpropagation and was artoe
firsts to suggest the use of robust tuning techesqfor
NNs, including evolutionary approaches [79].

Using GAs. Montana and Davis proposed the use of
genetic algorithms to train a feedforward NN fogigen
topology [80]. They used real-valued steady stafes
with direct encoding and additive mutation. GAsfoen
efficient coarse-granularity search (finding themising
region where the global minimum is located) butythey
be inefficient in the fine-granularity search (fing the
global minimum). These characteristics motivatetaio
to propose a hybrid algorithm in which the GAs webfihd
a good parameter region that was used to initialize tine N
[81]. At that point, BP would perform the final ppaneter

Aftertuning. Mclnerney improved Kitano's algorithm byings

the GA to escape from the local minima found by B
during the training of the NNs (rather than inidalg the
NNs using the GAs and then tuning it using BP) [82]
They also provided a dynamic adaptation of the NN
learning rate.

The simultaneous evolution of the network's weigintd
topology represents a more challenging task forGlies.
Critical to this task's success is the appropisatection of
the genotypic representation. There are threeladlai
methodsdirect, parametrizedandgrammarencoding.

Direct binary encodingis often implemented by
encoding the network as a connectivity matrix ae$ixN,



where N is the maximum number of neurons in the
network. The encoding of the weights requires
predetermining the granularity needed to repredbat
weights. Typically, direct binary encoding restuitislong
chromosomes that tend to decrease the GA's effigiéiro
address this problem, Maniezzo [83] suggested Heeadi
variable granularity to represent the weights. Sjpadly,

he proposed using different-length genotypes thatided

a control parameter, the coding granularity. Heo als
recognized the disruptive effect of the crossoveeration
and decreased the probability of crossover, relyioge on
the mutation operator for the generation of nevividdals.

Parametrized encodingises a compact representation
for the network, indicating the number of layerd ahe
number of neurons in each layer, instead of thaectivity
matrix [84-85]. However, this type of encoding aamly
represent layered architectures, e.g., fully cotatec
networks without any connection from input to outpu
layers.

Grammar encodings the genotypic representation that
seems to have the best scalability properties antaig
There are two types of grammar encodingratrix
grammar and graph grammar Kitano proposed the
matrix grammar encoding, in which the chromosomes
encode a graph generation grammar [86]. A granmmar
rewrites alx1 matrix into a2x2 matrix, and so on, until it
generates @2 matrix, such thal*<N, the maximum
number of units in the network. AxN matrix is extracted
from the 22 matrix. Each character is mapped into O or
1, to generate the network's connectivity matrix.
Unfortunately, this encoding is not very efficiesimice only
a small percentage of the rules are used. Furtirernn
the case of feed-forwmard NNs, less than half of the
connectivity matrix is used. Recently, Siddigi abdcas
[88] showed that grammar encoding is superior tedi
encoding when the initial population of network etgmies
is formed with sparsely connected individuals (wih
probability of connection = 0.3). However, the uies
produced by direct encoding for densely connected
networks (with a probability of connection = 0.7k
indistinguishable from Kitano's grammar encoding.

Grau proposed a graph grammar catletiular encoding
[88]. He used an attribute grammar in which the grammar
rules are represented by a tree structure. Eaudtiteerule
provides an operator that computes the attributes o
symbol on the rule's right-hand side from the latties of
the symbols on the rule's left-hand side. This apph was
used to generate large size Boolean networks.

Using GP. Koza and Rice proposed another solution to
some of GA's perceived problems [89]. They advatite
use of genetic programming, which does not relyaon
predefined chromosome's length. GP uses a direodéry
of the NN's weights and topology in a genetic tree
structure.

Using EP. The ability of determining the model's
structure using evolutionary algorithms was propobg

Fogel [90] and McDonnell and Waagen [91], among
others. The latter suggested using EP with a Stfigsction
that combines a measure of the network's complexity
(number of connections) with the mean sum-squared
pattern error. This fitness favored removing thegeapses
that had small effect on the pattern error. Angeléet al.
[59] argued that GAs were inefficient in evolvingtwork
topologies due to the deception problem [92-93] #rel
complexity of the interpretation function. Angeline
proposed an EP, called GeNeralized Acquisition of
Recurrent Links (GNARL). This system relies on anbver

of mutation operators that allow for the simultameo
structural and parametric optimization of the netkwd his
evolutionary program was capable to generate né&swvor
with complex, non-symmetrical topologies. Theigwihas
been followed by many other researchers, such asahd
Kim [94], who proposed the use of EP with a linkistl-
encoding to avoid the permutation problem causethby
many-to-one mapping between genotypes and phersotype
in GAs.

2.4 NN Controlled by FL

Fuzzy logic enables us to easily translate our itz
knowledge about the problem to be solved, such as
resource allocation strategies, performance evahljaand
performance control, into an executable rule sdtisT
characteristic has been the basis for the sucdessfu
development and deployment of fuzzy controllers.

Typically this knowledge is used to synthesize juzz
controllers for dynamic systems [1]. However,liistcase
the knowledge is used to implement a smart algorith
controller that allocates the algorithm's resourdes
improve its convergence and performance. As altresu
fuzzy rule bases and fuzzy algorithms have beed trse
monitor the performance of NNs or EC and modifyirthe
control parameters. For instance, FL controllergehbeen
used to control the learning rate of neural network
improve the crawling behavior typically exhibitegi NNs
as they are getting closer to the (local) minimum.

The learning rate is a function of the step size an
determines how fast the algorithm will move alormge t
error surface, following its gradient. Therefohe tchoice
of the learning rate has an impact on the accucddihe
final approximation and on the speed of convergeridee
smaller its value the better the approximation bu
slower the convergence. The momentum represents the
fraction of the previous changes to the weighteeathich
will still be used to compute the current changés
implied by its name, the momentum tends to maintain
changes moving along the same direction thus ptiexen
oscillations in shallow regions of the error sugaand
often resulting in faster convergence. Jacobdbsited a
heuristic rule, known as ttdelta-bar-deltarule to increase
the size of the learning rate if the sign of theoegradient
was the same over several consecutive steps [95].
Arabshahi et al. developed a simple fuzzy controtte



modify the learning rate as a function of the emad its In essence, predictive modeling synthesizes thdimean
derivative, considerably improving Jacobs' hewssf96]. mapping from the inputs to the outputs. In thevabo
examples, the input is the EGT and fan speed efngime,

or the age and location of a house, while the dugpthe
engine performance or the value of the property,
respectively.

The selection of these parameters involves a tfadao
general, large values of learning rate and momemasult
in fast error convergence, but poor accuracy. O t
contrary, small values lead to better accuracy slatv

training, as proved by Wasserman [97]. Predictive modeling is the focus of many industeatl
commercial applications. It can be used dggnosisin
2.5 EC Controlled by FL which a set of fault hypotheses is identified -.eEBGT

exceeds its margin based on aircraft engine pegonoe -
and the system solves a classification problemir(ahe
Sfirst application that we discuss in Section 4).cdn also
be used for control in which the system has to wautp
control actions that will impact the future staté the
system (as in our second example, involving freigain
control in Section 5). Predictive modeling can disoused
for estimationof the market value of a residential property,
The management of EC resources gives the algoathm based on the attributes of the house (as in the las
adaptability that improves its efficiency and comence application, in Sections 6 and 7).
speed. Herrera and Lozano suggest this adaptatditybe
used in the GA's parameter settings, the seleofigenetic L . . .
operators, solution representation, and fitnesstiom [98]. 4. Classifying Gas Turbine Anomalies with

Adaptive Fuzzy Clustering

The use of fuzzy logic to translate and improveristia
rules has also been applied to manage EC resource
(population size, selection pressure, probabilities
crossover and mutation), during their transitioronmnir
exploration (global search in the solution space) to
exploitation(localized search) in the discovered regions of
that space that appear to be promising [68,70].

The crucial aspect of this approach is to find ¢heect
balance between the computational resources adiddat -
the meta reasoning (e.g., the fuzzy controller) amdhe 4.1 Problem Description
object-level problem solving (e.g., the GA). This Gas turbines are used in applications such asostati

additional investment of resources will pay off tiie power plants, airplanes, and helicopters. Dependmthe
controller is generic enough to be applicable thept particular use, the design and size of the gasniriill
object-level problem domains and if its run-timesthead vary. On a coarse level, however, gas turbineshessame
is offset by the run-time performance improvemeithe operating principles. It is desirable to be abled&tect
algorithm. An example of an application of this ¢ypf incipient failures before they cause costly seconda
hybrid system can be found in [99]. damage or result in equally undesired shutdowns.

. Service providers have long tracked the behavior of
2.6 Advantages of SC Hybrid Systems engines by measuring many system parameters and by
This brief review of hybrid systems illustrates the wusing trend analysis to detect changes that might b
interaction of knowledge and data in SC. To tune indicative of developing failures [100]. Challenggghese
knowledge-derived modelsve first translate domain  schemes are that faults may not be recognizeddiistely

knowledge into an initial structure and paramegard then due to large amounts of noise as well as changiegading
use global or local data search to tune the pammeto conditions that constantly move the estimate fartimal”
control or limit search by using prior knowledge first operation. The former are caused in part by changin
use global or local search to derive the modetsdgire + environmental conditions for which corrections withst

parameters), we embed knowledge in operators toowep principle models or regression models work onlystone
global search, and we translate domain knowledtge an extent. The latter are due in part to changes loédules,
controller to manage the solution convergence aralitgy maintenance, etc., which are not necessarily knmnthe
of the search algorithm. All these facets havenbee analyst.

exploited in some of the service and control appiins

described in the following sections. In trend analysis, online sensor data and parameter

settings are evaluated for deviations from nornparating
conditions. When threshold settings are tripped iarkde
. _— — reading is not considered an outlier, an alarnaised. The

3. SC Applicationsfor Predictive Modeling: settings used in trend analysis are typically betlogvlimit
Diagnostics, Control, and Estimation that would cause an immediate shutdown and are tnb@an
create awareness of potential problems before thay
into events that result in revenue loss (for ampka that
could mean grounding of an airplane, damage to the
engine, departure delays, etc.) An alarm normadlyses
the analyst to examine the trend charts to seeajppears

The task of predictive modeling is to forecast arse of
events from a set of observations. For instanes]igting
aircraft engine performance from exhaust gas teatpeys
(EGT) and fan speeds, or predicting the value of a
residential property from the age and locationhefhouse.



that something real has happened. If something dpgsar
to be suspicious, remedial actions (borescopinginen
washing, overhauls, etc.) are suggested. Problathsthe
system include the improper identification of alarmith
engines where data quality is “bad” (data qualigries
considerably between different engines due to wiffe
operating conditions and data acquisition) and wtdata
drift due to wear. In addition, noise from poorllibrated
and deteriorating sensors and faulty data acquisiti
among others, can result in excess generation ofeso
alarms. If too many alarms are generated, the omest
look at trends more often than desired to weed thet
faulty alarms from the true ones. Increasing thegholds
will typically also increase the false negativessgimg an
alarm condition) rate, which is typically even le&sirable
than a large number of false positives.

4.2 Approach

The approach for adaptive clustering combines multi
variate data evaluation using fuzzy clusters with a
exponential filter, which lets the clusters adapthanging
environments. The adaptive properties of the ctasiiow
the centroids to move and their shape to vary.

4.3 Prior Work

Karamouzis and Feyock proposed a system integrating
model based and case based reasoning techniqués [10
This system contained a self-organizing memoryctired

as a frame-based abstraction hierarchy for storing
previously encountered problems. The cases wecea#ir
accident reports. Sensor inputs were gas temperatur
engine pressure ratio, and human input such asdsofin
explosion and smell of smoke in passenger cabip.tifine
sequence was also of importance in establishingusat
relation such as an aberrant reading of the faadspefore

an abnormal observation of the compressor speed. Th
system incorporated a functional dependency imphéaake

via a digraph and a causality submodel describing
transitions between various states of the systelme T
system searched its case library for the most aim#se by

a weighted count of corresponding symptoms and gave
higher degree of similarity for symptoms occurraayly in

the fault occurrence.

Reibling and Bublin proposed a system that integrat
pattern-matching techniques with causal network€ IS
to model normal and abnormal behavior [102].

Fernandez-Montesinos used Kohonen's feature maps an
expert systems to support the interpretation ofligt
monitoring data and to ensure more consistent engin
condition monitoring (ECM) [103]. ECM was supportey
performance trend analysis software (ADEPT) which
captured deterioration and failure of engine pa8kift
patterns allowed the localization of problems withihe
engine modules. The two main tasks tackled were
recognition of a pattern indicating a possible peof) and
the interpretation and further analysis. Kohondeature
maps were chosen because of their self-organizing

properties and the incremental extension of the alloraf
the patterns. Output of the Kohonen's feature map an
error code that indicated whether the module reizegna
problem. As starting points for the network, fingents
provided by the engine manufacturer (GE) were usged.
expert system controlled the proposed neural net an
interpreted the output.

Records and Choi [104] investigated strategiesiter
spurious symptoms in aircraft engine fault moniigri
systems (resulting from the monitoring system'’sility to
accurately assess the expected value from an engine
model). They used a back-end knowledge based agiproa
and a front-end neural network that generated dapen
values for the monitored sensor.

Gomm [105] and Patel [106] both suggested the fise o
self-adaptive neural network with on-line learning
capabilities. Gomm used radial basis function neta/do
which new output nodes were automatically addednvwée
new process fault is encountered. Adaptation wageaed
using recursive linear algorithms that train thealized
network parameters.

4.4 Solution Description

4.4.1 Fuzzy Clusters

Evaluation in multivariate feature space helps
distinguishing some faults because system variahtes
interconnected and changes in one variable maylt riesu
changes of other variables as well. For examplginen
variables such as exhaust gas temperaft@), fuel flow
(wy), turbine speednf) are correlated such that particular
failure conditions show up in changes of severaiatdes.

A bleed problem, where air leaks from the compressil
result in a less efficient engine. However, in ca$ean
aircraft engine, the controller demands a certainst level

and will cause more fuel to be injected into thenbastors.
This in turn will raise the turbine speed as wedl the
exhaust gas temperature. The change in any ofrpmes
parameters may be too small to be recognized alone.
However, the change is more pronounced in a higher-
dimensional space, and should therefore be detected
easily. Still, depending on the amount of noisepaarlap
remains in between the cluster centers where Jasgab
cannot be partitioned clearly and the potential for
misclassification remains high, making a crisp sifeer not
very feasible. The answer is not necessarily addioge
features to the classification scheme becausedtedsing
potential information gain (in Euclidean spacepiarred
additionally by decreasing feature quality, assgmime
starts out using the highest-quality feature andlirag
others in decreasing order of value. At a certhieshold,
more features may actually decrease the performance

in

Engine behavior is clustered into different regianshe
EGTw-n, space. Data behaving normally will appear in a
cluster labeled “normal." The presence of an alarm
condition, such as a rapid change BGT caused by a
compressor leak is located in the leak fault clustate of
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change of the data is not included here using the
assumption that the abnormal condition will show atp
least an order of magnitude faster than a slowt @sifiich

is considered normal). The clusters are of noneumfand
nonlinear degrading size and shape. This allowa dag
training set with a nonlinear boundary betweensgasto

be separated more easily. Moreover, the boundaries
between the clusters are not crisp. That is, tladuation of

the cluster membership is carried out such thaddwree

of membership is largest at the cluster centeh typically

(but not necessarily) nonlinear slope outward. Ve a
fuzzy c-means clustering algorithm [107] for this purpose.

4.4.2 Adaptation

Normal behavior is constantly redefined. Thermal,
chemical, and mechanical wear degrade the perfarenah
the engine. These changes are expected but natsaeity
predictable because they are driven partly by eater
factors. In addition, maintenance, controller saftsv
changes, and other factors may vary the operating
conditions as well. At any rate, these changes st be
reflected in changes of the clusters to retain rdbk
classification properties. To achieve this goag, tientroid
was superimposed with an exponential filter witham
smoothing parameter, which forces the centroid & b
updated according to the current data. Data weed €
updating only when they were classified as partaof
particular cluster. That is, data of type “normakre used
to update the cluster “normal” but not the clustieak
fault” and vice versa. After updating of the mengtéps in
the cluster (which calculates membership valuesctuster
centers), the adaptation of a fuzzy cluster isquaréd by
borrowing the exponential weighted moving averaterf
from statistical signal processing, which we expras

n
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"®"7 is the new cluster position

°dy is the old cluster position

a is the adaptive learning coefficient calculated (for two
clusters) by

a=all-ju-d)

where

a is a constant term, e.g,=0.05

u is the membership value

y; is the data point under consideration

The adaptation rate, given by, tries to minimize
ambiguity. When the degree of membership in a winning
cluster is medium (ambiguous)jand uare almost the
same. In that case, is large, thus trying to untangle the
indeterminate situation, and moving the winning cluster
farther toward the new data point. Moreover, it causes a
higher rate of change near the true fault cluster boundaries
and less change where the fault classification is already
working well. Thus, it has the effect of focusing its leagni
where it is needed most, as dictated by recent data. As a
result, the centroids move with changing normal
conditions. The scheme will dampen the effects of noise as
well, since it gives some weight to past data and acts as an
averaging scheme. It will also, like all filters, lag behind
true changes in the system.

443 AlertnessFilter

Another approach to increase robustness is to track the
cumulative occurrence of “suspicious” readings, rather than
tripping the alarm after just one “fault” classification. We
propose aralertness filterfor doing this, which forces the
reoccurrence of several suspicious readings before an alarm
is issued. If only one suspicious reading is encountered, th
value of an “alertness counter” - which would be zero
under normal conditions - is incremented. If a second
suspicious reading is encountered immediately afterwards,
the counter value goes up. Otherwise, it goes down. In the
latter case, the first suspicious reading is treated just as an
outlier and no maintenance is recommended. If it is not an
outlier, i.e., the condition prevails, the level of the alegnes
will go up until a full alarm is issued, at which point
remedial action will be advocated. At the alarm threshold,
further fault readings will not increase the alertness level.
Instead, it will be limited to a user-specified number. This
saturation avoids lengthy recovery from alarm conditions
when the system recovers either spontaneously or through
maintenance. The purpose of the alertness filter is to
further improve the classification rate of the system.
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Figure 3: Adaptation of clustering during operation

Figure 2: Fuzzy clustersfor several conditionsdisplayedin ~ The “X” denotes the location of the centroid of cluster
EGT-n, space “normal” and the squares denote the location of a fault
cluster. During a software change, the normal region
45 Results changes considerably in one dimension as seen by the
vertical jump of the operating point upward in the graph.
Because there were no changes in the other two
dimensions, the algorithm adapts correctly to the new
location while retaining the ability to detect faults. The
drastic change also shows the lag introduced by the
exponential filter.

The classification system was tested with historical gas
turbine data. Different events of similar fault conditions
were examined and divided into training and test cases. For
training, the use of both deliberate placement and random
seed points (for the cluster centroids) was investigated.
Placing the starting points into the general expected
neighborhood resulted in faster learning and convergence. o o
Convergence was on average accomplished after about 2046 Summarizing the SC Application to
iterations, depending on the start conditions. To prevent a Diagnostics

fitting bias for normal conditions due to a vastly larger \we have presented the use of adaptive fuzzy clusters for
amount of data for that state, those data were undersampledgayt classification of gas turbine engine sensor data. The
so that “normal” and “faulty” operation were equally advantages of this system are its ability to deal with
represented. Figure 2 shows the distribution of clusters extremely noisy sensors and to adjust to unpredictable slow
after training inEGT-n, space. drift. Dramatic improvement in performance was

After training, the system was used for classification of on- démonstrated during testing. Future work could focus on
line test data. The false negative rate is as low as with de€tecting new fault types and the need for adaptively
traditional trending tools (none observed with the test data 2dding clusters.

available) and the false positive rate improved from 95% to | the broader context of soft computing and the theme

less than 1%. Figure 3 shows the adaptation of a clusterof model = structure + parametersthe model structure

during operation. here is provided by the fuzzy clusters (their number, which
is a structural feature of the model). The model parameters
are the centroid locations and membership functions, which
are determined and tuned by a simplified Kalman filter type
approach (exponential smoothing). In general, this type of
search method is not provably optimal, unless certain
assumptions about the system noise and behavior are met.
The hybridization is a complementary one, in that two
different technologies are achieving two functionally
different aims.

Of course, it is possible to use other soft computing
methods for this type of problem. For instance, EC could
be used to determine the optimal centroid cluster locations
in an offline computation using a limited set of initialalat
but ongoing, real-time tuning of the clusters is currently
impractical (if not unfeasible) if done by evolutionary
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algorithms. The clustering could be implemented as a will minimize damage due to poor slack handling,
radial basis function neural network with competitive bunching, and run-in. As described above, the handling of
learning schemes (such as Learning Vector Quantization freight trains involves a multibody problem and proper
and its variants). Probabilistic schemes (with subjective slack management, without sensors for most of the state.
probabilities) could also be employed here for ranking These constraints lead to a complex problem that cannot be
cluster candidates, and indeed BBNs have been usedsolved by the simpler schemes used by cruise controllers
widely in diagnostic applications in industry. The fuzziness for other vehicles, such as cars, trucks, boats, etc.

used here lends itself to human interpretation of the clusters

in some cases, which is an added benefit. 5.2 Approach
Our design uses a fuzzy controller, composed of a cruise
5. Automated Train Handling Using planning module and a Cruis_e cont_rol module_that can
. automate the controls of a freight train [74]. This system
Genetically Tuned Fuzzy Systems would be applicable during most of the train journey,
except for the initial and final transients, i.e., the train
5.1 Problem Description starting and stopping. The planning module focuses on

The development of an automated train handler requires thecréating a good reference trajectory that the fuzzy
control of a massive, distributed system with little senso controller tries to track. Here, we focus only on the use of a
information. Freight trains consist of several hundred heavy 9enetic algorithm to tune the fuzzy controller's performance
railcars connected by couplers. A typical freight train can By adjusting its parameters (the scaling factors and the
be as long as two miles and requires up to four coupled Membership functions) in a sequential order of
locomotives (12,000 hp) to pull it. Each coupler between Significance. We show that this approach results in a
railcars may have a dead zone and a hydraulically dampedcontroller that is superior to the manually designed one. To
spring. This implies that the railcars can move relative to test and tune our fuzzy controller, we have used a simulator
each other while in motion, leading to a train that can developed in-house, based on work done at GE and the
change its length by 50 — 100 feet. The controlled forces on ASsociation of American Railroads.

the train are due to a throttle and dynamic brake exerting a5 3 Prior Work

force on the locomotive, which is transmitted through the _ ) o ) ) .
couplers, and a distributed air brake. Handling of these There is no significant prior work on automatic train
controls has a direct effect on the intercar coupler dynamics handling for the type of general terrain use that we are
and the forces and distances therein (called slack). Thet@rgeting here. Our proposed solution involves a
position of the cars and couplers cannot be electronically hybridization of fuzzy control and genetic algorithms.
sensed. Couplers are subjected to high static forces andPlease refer to Section 2.2 for a review of the prior work in
dynamic forces, which may lead to breakage of the coupler, GA based tuning of Fuzzy Controllers.

the brake pipe, and the train. Violation of speed limits and

excessive acceleration/breaking may lead to derailment and

severe cargo damage. Smooth handling while following a ) o

speed target is therefore absolutely imperative. These 5.4 Solution Description

boundary conditions make it hard to control the train and ¢ 41  Architecture

the current completely manual control depends heavily on tha overall scheme for the proposed train handling is
the experience of the crew. shown in Figure 4. It consists of a fuzzy proportional

Current locomotives are equipped with a very simplistic integral controller (FPI) closing the loop around the train
cruise control that uses a linear proportional integral (P1) simulation (TSIM), using only the current velocity as its
controller, which can be used only below speeds of 10 state input. This velocity and look-ahead are compared
mph. This PI controller is primarily meant to be used for With the desired profile to generate a predicted near-term
uniform loading, yard movement, etc., and does not €rror as input to the FPI, which outputs control actions
prescribe braking action. Furthermore, the technology used back to the simulator. Offline, a GA uses the setup for
does not consider slack or distributed dynamics in any way, evaluating various choices for the FPI parameters. The

and is inappropriate for extended trains at cruising speedsSimulator TSIM is an in-house implementation, combining
over general terrain. internal data with physical and empirical models.

An automated system has to satisfy multiple goals: The FPI controller uses the tracking errey and its
providing a certain degree of train handling uniformity error change4e) to recommend a change in the control
across all crews, enforcing railroad safety rules (such as outputs throttle notch and brake settingsi)( If allowed,
posted speed limits), maintaining the train schedule within the FPI will track the reference profile accurately. The
small tolerances, operating the train in fuel-efficient computation of the error used by the FPI incorporates a
regimes, and maintaining a smooth ride by avoiding sudden look-ahead to properly account for the train inertia. The
accelerations or brake applications. This last constraint algorithm predicts the future velocity of the train and
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incorporates not only the current error, but also the future 543 Tuning the Fuzzy PI

predicted error, since the future reference velocity is known por the purposes of this study, GENESIS (GENEtic Search
from the profile. Finally, the PI is tuned (off-line) osi Implementation System) has been adopted as a software
GAs that modify the controller's most sensitive parameters: gevelopment tool [108]. The user needs to provide only a
scaling factors (SF) and membership function parameters fitnessfunction that returns a corresponding value for any

(MF). point in the search space.
e - o o T T
i i Fitness Functions. To study the effects of different
GENESIS Optimal FPI i objectives, we investigated two fitness functions:
parameters i
1 1
; i f, = —[Znotch - notch_| +|brakg - brakq_lj
Fitness Desired i i
function velocity profile _ i z_\notch _ notch_l\ Zi‘vi —v¢
offline ! f,=—w, = + W,
(TR Yy STy (TN TV TS TRy SYERT Iy K, K,
i online | , L
i i whereV? denotes the desired reference velocity aigla
-\ speed ( err A ! distance or milepost index. The functidp captures
TSIM ) notch/brz:ke Egﬁtzr)élfgr i jockeying of the throttle and brakes. The functin
i combines a weighted sum of velocity profile tracking
_ — . . . __ H accuracy and throttle jockeying. The train simulator TSIM
provided the environment in which the train’s response to
Figure 4: System schematic for using a GA totunea each controller could be tested, so that the values of the
fuzzy train controller. fitness function could be calculated over the entire journey.

o Design Choices. A critical constraint in our design
5.4.2 Designing the Fuzzy PI Controller formulation was the cost of running the TSIM simulator.
To summarize the controller briefly, it is described by a To properly analyze the behavior of the train dynamics we
knowledge base (KB) composed of a rule set (RS), termsetsneeded to use a very small integration step. As a result, the
of membership functions (MF), and scaling factors (SF). accurate simulation of a 40-mile track required more than
The rule set maps linguistic descriptions of state vectors 12-15 seconds on a Sun Sparcl0. Since a complete
[e;4€] into incremental control actiondu; the termsets simulation was required during each trial, we wanted to
define the semantics of the linguistic values used in the limit the number of trials, which is the product of
rules; and the scaling factors determine the extremes of thepopulation size and number of generations, while still
numerical range of values for both the input and output achieving a reasonable convergence. To improve the

variables. The relationship between output variabl@nd convergence, we decided to limit the chromosome length,
control error,e, can be expressed approximately as follows which is one of the factors that affect convergence.
[75]: Therefore, we opted for a sequential tuning approach of

scaling factors, membership functions and rule sets.
Furthermore, we decided to use a coarse precision for each
S, Sy Se of the SF by using eight levels (three bits), since that
granularity was enough to ensure the FLC's good

u(t) = ie(t) ije(t)dt performance.

Sy S There are other promising alternatives that we omitted in
-S, < I)s S this first phase of the project, such as the simultaneous
tuning of both scaling factors and membership functions or

~ Sy SAE( ') <3 the use of a finer granularity obtained by increasing the
-S, < AL( 1) <S chromosome length. These alternative design choices will

whereS, , S ands, are the scaling factors of error, change P€ addressed in our future work.
of error, and incremental output variable, respectively. On  |n this experiment, we performed eight tests by taking a
the other hand, a conventional PI controller has cross-product of the scaling factor values before and after

u(t) - er(t)+ Ki_[ e( I) dt where K, and K; are the GA tuning, the memb_ership function parameter _values
before and after GA tuning, and the two fitness functions.
proportional and integral gain factors, respectively.

Comparing the above equations, we obtain: Train Simula'gor Parameters. All Festing for the
automated tuning of FPI was done using TSIM. Two track
rofiles were used: an approximately 14-mile flat track
Kp:Su/Sd'Ki:Su/Se P PP Y

(which captures travel in the plains) and an approximately
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40-mile piece of actual Conrail track from Selkirk to
Framingham over the Berkshires in Massachusetts (which 5.5 Results

captures mountainous terrain). The train weighed nearly 551 Tuning SF vs. MF with Fitness Function f;

9000 tons, and was about one mile long, with four Four sets of tests were conducted for the comparigo
locomotives and 100 fU”y loaded railcars. An analytically signiﬁcance in tuning Sca"ng factors (SF) Ver$u5ing
computed velocity profile that minimizes fuel consumption  membership functions (MF) with respect to fitnassction
was used as the reference. f,. The results are shown in Table 1. The initial skt
scaling factors is§ & S ] = [5.0; 0.2; 5000]. After 4
generations of evolution, the set of GA-tuned SK9i§;
0.1; 1000]. As shown in Table 1, the fitness valas
dramatically increased from -73.20 to -15.15 foe BA
tuned SF with respect fg. Substantially smoother control

is the result.

FPI Controller Parameters. The standard termset used in
the FPI is {NH, NM, NL, ZE, PL, PM, PH} where N =
Negative, P = Positive, H = High, M = Medium, L = Low,
and ZE = Zero. Initially, the terms were uniformly
positioned trapezoids overlapping at a 50% level over the
normalized universe of discourse. Since the controller was

defined by a nonlinear control surface @ 4e, 4u) space, Table 1. Summary of simulation resultson 14-mile flat

we needed three termsets in all, one for each of these three track
variables. This design leads to a symmetric controller,
which is not always a good assumption. In this case, the
GA tuning automatically created the required asymmetry. Description f1 f2
GENESIS parameters. The GA parameters were Initial SdF w/|n|/t_|a_l .MIF -7320 -1.00
initialized according to the default values suggested by De ﬁ'li‘l;‘g?: V\ingtmtle% k/l/llli . %gég . 883
Jong [109], i.e.: population size = 50, crossover rate = 0.6 e T

g [109], L.e.: pop GA tuned SF W/GA tuned MF - 14.64 - 0.82

mutation rate = 0.001. In addition, all structures in each
generation were evaluated, the elitist strategy was used to
guarantee asymptotic convergence [110], gray codes were
used in the encoding, and selection was rank based.

On the other hand, GA-tuned MF only reduced theottl
jockeying slightly after 20 generations of evolutid his is
Tuning of Scaling Factors (SF). Each chromosome is  reflected in the small increase in fitness valuwenfr-73.20
represented as a concatenation of three 3-bit values for theto -70.93. From the above observations, we canlgdec
three floating-point values for the three FPI scaling factors that tuning scaling factors is more cost-effectamrd has a
S, S, and S. They are in the rangesS, D[1,9] , larger impact than tuning membership functions. Simall

improvement by tuning MFs leads to an asymmetiiit ish
s, 0fotod, s, 0[1000900p. The intent is to

the membership functions, such that the ones quoreing
demonstrate a GA's ability for function optimizatieven to the brake lever are shifted more than the ones
with such a simple 9-bit chromosome.

corresponding to the throttle setting. This is daethe
slightly asymmetric calibration of the notch andale
actuators. A +5 (notch) may not lead to the exeattive
force forward that a -5 (brake) leads to in the axie
direction. As a result, the best FPI learns to agadpto
negative errors slightly differently than to pogitierrors.

Tuning of Membership Functions (MF). When tuning
membership functions (MFs), a chromosome is forimgd
concatenating the 21 parameterized MFs. Since [d&cis
trapezoidal and the overlap degree of 0.5 is maiedta
between adjacent trapezoids, this partitions theeuse of
discourse into intervals that alternate betweendyepres
of a MF, and overlap areas. The core of NH and ®einel
semi-infinitely to the left and right, respective{gutside
the [-1,1] interval). These intervals, denoted bgre 11 in
number for 7 MF labels. Typically, #(b) = 2 x #(MFB,
where #(b) is the number of required intervals #(MF) is

Next, we demonstrate that tuning membership funstio
only gives marginal improvements for a fuzzy Pl tcolter
with tuned scaling factors. We used GAs to optinkRd's
MFs with respect to,f while using the GA-tuned SF values
of [9.0, 0.1, 1000]. After 10 generations of evidnt the
fitness value was further increased from -15.151#64.

the number of membership functions. Each chromoseme
thus a vector of 11 floating point values. Since thiverse

11
is normalized,zi_lb, <2. For the present study, eagh b
is set within the range of [0.09; 0.18] and fivéstire used

to represent a chromosome for GA-tuned membership

functions. If zil_llbl exceeds 2, this implicitly reduces the

number of effective MFs, thus providing partialusture
optimization as well.

The change in smoothness and the MF values is minim
After observing the simulation results, we conchlideat
tuning membership functions alone provided onlygime
improvements for a fuzzy PI controller with tunezhling
factors.
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Figure 5. Performance graph with manually tuned and GA tuned controller
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5.5.2 Tuning SF vs. MF with Fitness Function f,

We further verified our arguments stated in Sectdh 1l
with the following four sets of tests conductedhwieéspect
to fitness functionf,, which balances both tracking error
and control smoothness.

Recall that the initial set of scaling factors [5.0, 0.2,
5000]. After four generations of evolution, the GA
discovered a set of SF =[3.3, 0.9, 5571], with eesfo
function f,. As shown in Table 1, the fithess value was
increased from -1.00 to -0.82 while doing this.

On the other hand, GA tuned MF only increased the
fitness value from -1.00 to -0.94 after 20 genersti of
evolution, confirming the claim that tuning SF isma cost-
effective than tuning MF. We proceeded to expenime
with MF tuning with tuned SF = [3.3, 0.9, 5571].i3 time
there were no significant improvements in fithefieralO
generations.

Table 1 summarizes all 8 tests run on the 14-ntée f

track. In addition, we present the final perfornaigcaphs

in Figure 5 for the more complex piece of 40-miéalr
track with the same train. It shows substantialrompment

in control accuracy and smoothness. The two figarethe
left show reference tracking performance and contro
outputs before GA tuning. The two figures on thghti
show vastly improved tracking and smoothness ofrobn

5.6 Summarizing the SC Application to Control

We have presented an approach that uses geneti
algorithms to tune fuzzy systems for a complex @nt
problem. We showed that all parameters do not tedx
treated as equally important, and that sequential
optimization, using genetic algorithms, can greadlgiuce
computational effort by tuning scaling factors ffirs
Additional improvement was shown by the good
performance of fairly coarse encoding. The schtalf

the approach enables us to customize the controller

differently for each track profile, though it doest need to
be changed for different train configurations. this way,
we can efficiently produce customized controllefiiine.

Future work will also focus on automatic generatmin
velocity profiles for the train simulator by usitigAs for
trajectory optimization subject to “soft” constren

The problem context that we discussed resembles

reinforcement learning, since the fitness functien
cumulative over many output responses of the cthatro
The model uses fuzzy rules, but the rule structisre
different from the fuzzy clusters used in the poeei
diagnostics problem. These rules are much moretated,
with the standard 3-dimensional FPI control surfacel a
large number of degrees of freedom due to the meshipe

functions. The parameter search space is also more

complex, but the search method is more sophisticake
simple filtering technique like the one used befauld
not work here because of the reinforcement learisisge

and because the filter introduces a lag whereagtioblem
needs a look-ahead capability. On the other hahe, t
sequential optimization makes the search practiithiout
sacrificing performance. Finally, the performance
requirement is crucial enough that global searcthouks
such as evolutionary algorithms are a better fintlthe
alternative gradient-descent based techniques.
hybridization is again of a complementary kind, venthe
EC algorithms can exploit the hierarchy of impocerof
the parameters in the FPI, unlike a neural netwdrére it
is not clear if any weights could be tuned priorthe
others.

The

6 Valuing Residential
Fuzzy-Neural System

Properties using a

6.1 Problem Description

Residential property valuation [111] is the process
determining a dollar estimate of the property vafae
given market conditions. For this paper we restrict
ourselves to a single-family residence designeidtended

for owner-occupancy. The value of a property changéh
market conditions, so any estimate of its value tniges
periodically updated to reflect those market chandey
valuation must also be supported by current evieewic
market conditions, e.g., recent real estate traiosec

The current manual process for valuing properties
usually requires an on-site visit by a human aggraitakes
several days, and costs about $500 per subjecefyop

“This process is too slow and expensive for batch

applications such as those used by banks for ugd#teir
loan and insurance portfolios, verifying risk pted of
servicing rights, or evaluating default risks fecsritized
packages of mortgages. The appraisal process é&seth
batch applications is currently estimated, to adeslegree
of accuracy, by sampling techniques. Verificatioh o
property value on individual transactions may als®
required by secondary buyers and mortgage insurérss,
this work is motivated by a broad spectrum of aggtion
areas. Some of the applications also require teabttput
be qualified by a reliability measure and someifjaation,
so that questionable data and unusual circumstaracebe
flagged for the human who uses the output of tistesy.

The most common and credible method used by
appraisers is theales comparisompproach. This method
consists of finding comparables, i.e., recent stias are
comparable to the subject property (using salesrdsy;
contrasting the subject property with the compasibl
adjusting the comparables’ sales price to refldwtirt
differences from the subject property (using héigssand
personal experience); and reconciling the compasabl
adjusted sales prices to derive an estimate forstigect
property (using any reasonable averaging methotis T
process assumes that the item's market value can be
derived by the prices demanded by similar itemghim
same market. To automate the valuation processawe h
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developed the Automated Residential Property Valnat
(ARPV) system, which combines the result of two
independent estimators — one using neuro-fuzzy orksy
and one using case-based reasoning [112].

First, we will discuss the data used to develop t@stl
our algorithm, followed by a brief overview of theethods
employed to build individual estimators. We willeth
describe in detail a neuro-fuzzy-based estimatamally,
we will present a method for fusing the output bét
estimators into a single estimate and reliabilajue

6.1.1 Data Description

The database used consists of public sales recbeigery
property that has been sold in certain countiddarthern
and Southern California during the five years pdaug the
development work. Data was purchased from two &surc
which we shall name A and B. Data vendors provided
description of each property, which, in some cases,
contained up to 166 property attributes. In additisales
information (such as price and date) was also deali A
subset of the attributes describing a propertyivergin
Table 2.

Table 2: Subset of Property and Sale Attributes

Attribute Value

Sale Price $ 175,500
Sale Date 7/23/93
Addressl 12 Bronco Lang
City Contra Costa
State CA

Zip Code 94063

Living Area 2,200 sq. ft.
Lot Size 10,000 sq. ft.
Bedrooms 3
Bathrooms 2

Total Rooms | 6

Age 10 years

6.2 AIGEN Estimator

The generative Al model (AIGEN) relies on a fuzaural
net that, after a training phase, provides an eséirof the

subject’s value.

The specific model that we chose for the AIGEN
estimator is a network-based implementation of yuzz
inference. Part of it is based on ANFIS [67], which
implements a fuzzy system as a five-layer neuralark
so that the structure of the net can be interprietéelms of
high-level rules. This net is then trained autoosly from

data. We developed an extension of this methodology

(referred to as E-ANFIS) which we use in AIGEN. ASF
and E-ANFIS implement the fuzzy reasoning procesa a
neural net, and rely minimally on expert knowledgel

mostly on market data. In essence, the fuzzy lbglps to
specify the structural component of the model only.

6.2.1 E-ANFIS

Figure 6 shows the architecture that we used fer th
automated property valuation problem. The central
difference between ANFIS and E-ANFIS is that E-ANFI
allows the output to be linear functions of varesbthat do
not necessarily occur in the input. Another waystafting
that is to allow the segmentation of the input span a
proper subset of the total variable set only ard tising a
cylindrical projection of that segmentation for ttdole
space.

Figure 7 shows a schematic for the fuzzy inference
process where the rules are TSK-type. The semaargécef
the form : “if lot_size is smalandliving_area is smallnd
locational_value is highthen price is f(...)”, where () is a
linear function of the 6 input variables. A speaiake of
this is when alk; exceptc are 0, in which case each rule
recommends a fixed, crisp number. The inference
procedure with TSK-type rules yields

z =2 W (Go + CiaX + Gpy) / Ziw,

wherew; is the weight of rulé, computed as a weighted
sum. For the antecedent fuzzy membership functioaes,
use a generalized bell function (softened trapegaid/en

by
pa(x) = 1/ (1+ ((x-c) / af")

Inputs |F-part Rules

THEN-part

Output

- Property
$ Value

o

@

el

i®

:
—i

direct connections
Bed / Bath

Figure 6: An E-ANFIS network
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Figure 7: The Fuzzy Inference Process

The E-ANFIS network architecture is determined Hy t
number of membership functions assigned to eachtinp
dimension. For instance, if there are six inputslin and
two membership functions are assigned to each wf dd
the inputs, the net has 6 input units, 8 unithanfirst layer
(which come from the two fuzzy functions for eadhtee
four variables), 16 in the next two layers (Sin@@x2x2 =
16 rules), and finally one summation unit to prazlibe
output in the output layer. Each of the 16 rules &a SK-
type consequent that depends on all 6 inputs. Skach
antecedent membership function has 3 degrees eddre
(a, b, andc), and each consequent has 7 coefficients here,
there are 8x3+16x7 = 136 degrees of freedom far Ehi
ANFIS model.

Once the architecture is constructed in this taghthe
parameters can be initialized with reasonable &lue
representing current domain knowledge, instead of
randomly as in neural networks. For instance, the
membership functions can be spaced at uniformriista
over the axis so as to cover the range of the plaitats.
The consequent linear functions are initializedeo.

6.2.2 Training E-ANFIS

A variant of the gradient descent technique is ueettain
the network based on the training data. In briéfs t
algorithm tries to minimize the mean squared dpeiween

* Repeat the above steps several times using thee enti
training set, until the error is sufficiently small

This procedure is as discussed in [67], with theeresion
of the Kalman filter to input variables that aret part of
the antecedents of the fuzzy rules.

This procedure converges to a locally optimal
configuration where the error becomes fixed or dases
very slowly. The resulting network can be interpeets a
fuzzy rulebase, with each parameter in the netrigaa
definite meaning in terms of the fuzzy sets or eguoent
functions. Learning speed is very fast comparedht®
conventional neural net paradigm. Additional datf,
available, can always be used to further train rtiezlel
using the same backpropagation-type algorithm. The
resulting surface is well behaved and provably gimcbhe
rule base is extremely compact, so a large numiber o
models can be stored easily. This is an important
consideration, since there are thousands of cauirti¢he
US, and each one will need at least one model.

The properties used for training the AIGEN modetav
restricted to be in a certain price range. Thi® isliminate
obvious outliers. For this reason, it should notused to
make a prediction on a property outside this rangevill
make a prediction if given such a property, but adund
its output to the said range. It will also issueaning to
the user in this case.

6.2.3 Constructing AIGEN models

The training algorithm used was the backpropagdii@n
method described earlier. We reduced the computati
cost associated with training AIGEN by using a Fegiarto

reduce the dimensionality of the parameter spacagiu
training.

The 16 rules have 112 degrees of freedom in the
consequent. This is a large share of the dimenisipred
the parameter space, which uses a variant of thedfa
filtering algorithm to train the parameters in the

the network outputs and the desired answers, whenconsequent. It was found easier to train the caresgq

presented with the data points in the training sdt.
proceeds as follows:

* Present a sample point in the training data sehe¢o
network and compute its output.

e Compute the error between the network output aed th
desired answer.

* Holding the IF-part parameters fixed, solve for the
optimal values of the THEN-part parameters using a
least-mean-squares optimization method. A recursive
Kalman filter method is used here.

 Compute the effect of the IF-part parameters on the
error, using derivatives of the functions impleneeht
by intermediate layers.

partially (4 inputs = 80 parameters) in the intavied back
propagation process described earlier, followedalinal
batch phase where all 112 consequent parameters wer
retrained again while holding the antecedent paterme
constant. This reduces the computational cost shitew
This is similar in principle to the sequential opitzation
idea used for the train control in the previousligption.

Recall that the model search process minimizesten
squared error over a training set at the presenst. tAll the
training, models, and results discussed here dtreragpect
to this optimization metric. The choice of optintiza
criteria is pivotal to the model that is extracted the
process.

* Using the above, change the IF-part parameters by Training set size: We used about 5% of the total available

small amounts so that the error at the output is
reduced.

data for training purposes. For one of our countibs
meant that out of the 37712 potential test rectirdswere
available from Data Source A, 1768 records wereaeted
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and used for training the AIGEN model. For anottiata
source, less than half of this (14-15 thousandroejovas
available, so that 10% of the total data was used f
training the models. This corresponds to about 18D
records for training.

These had to be error-free and more or less ralgdom

distributed so as not to bias the estimator. Tleeifp size
of the training set is not significant. Since there 136
degrees of freedom in all, a good rule of thumtoiase at
least ten times as many examples for training. lhge it
is important to use a small part of the total data,that
overfitting to the data can be avoided. The reslitsussed
below apply to this training scheme.

Inputs to the E-ANFIS network are based on seven
attributes of the property:

* total_rooms,

* num_bedrooms,

* num_baths,

» living_area,

* ot _size,

* locational_value,

» deviation_from_prevailing_value

depending on the value of the property. The avetage
value was around 12%, since there are some extreme
outliers in the test set.

Note that some limited amount of outlier elimioatiis
took place in the model itself, since it boundesl atvn
estimate to lie in the range used for training. At the
truncation, median and mean of E were not signifiga
affected, and the RMSE increased slightly. This teabe
expected, since it attached very high weights ¢ofétv far
outliers. For test data in the [5%,95%] percentiege of
signed relative error, the coefficient of corradatbetween
the actual price and the estimated AIGEN price Q85.
Additional quality control of the data using soni&efs (on
both the training and test sets), led to an impdavedian
E of about 7-8%.

When data source B was used (which is of worseitgual
and completeness), the test set size was 15738deefar
the same county and time period. Training was dcsiieg
10% of these. The model performance with the same
structure and search method was slightly worsechwis
not unexpected.

We tried several alternative model structures el oy
varying the input variables fed to the net. The glative

The number of bedrooms and bathrooms is combined to probability distributions for error E over the tesets

produce aedrooms/bathrooms ratithat is fed along with
the other five values to the E-ANFIS net. The Iagd
variables are outputs from another estimator, LOCVA
which is briefly described in Section 7.1.1. Thds®
variables serve as a rough starting point for th&EN
estimator. Of these six inputsotal_rooms, living_area,
lot_size, locational_valueare used for partitioning the
space into 16 fuzzy regions. The output variablsinsply
the dollar value of the house.

6.3 Resultsand Validation

Validation was done by testing the model on tharent
dataset available from a data source, after itfikesed to
remove atypical properties. The filters used fstitg were
the same as the ones used for screening the tyasein
Recall that the training metric was mean squareardo
difference between the actual and estimated pviteused
the median of absolute relative error as the ppadctest
metric, defined as the median value of E = (actuie -
estimate)/actual price. The median was chosen tfor i
robustness to outliers.

The test dataset used for validation consisted58f70
property records from data source A. The trainiathcize
was 1768 points - only 5% of the total data.

The median value of E was in the range of [8.5%,
8.64%]. The average bias of the estimator was abobit,
which implies that the estimator was very slightiased
towards the conservative side, not an undesiraairife in
this context. The bias shown by the unsigned redairor
was higher, but this was purely because the sarfiar do
value error translates into different relative esro

(35370 points for A, 15733 for B) were compared. We
confirmed that models based on dataset B were vibese
the ones based on dataset A, but that the spremcdre
model performances within each of the two sets m@ts
very large (with A again producing more consisteodels
than B). Changing filters and price ranges improteel
performance with respect to data set B as well.

We also did cross-checking experiments where aetmod
trained on data source A was tested on data sdueed
vice versa. As expected, test performance detéeidra
partly due to data quality and partly due to inéstest
semantics used by the collectors of the two datacso
companies. This demonstrated the intuitive fact thtzen
the model is used, the inputs to it should not ooy
accurate and complete, but consistent with the stegeof
the training data.

6. 4 Discussion

We used a complementary hybrid — a neuro-fuzzyesyst
to solve the property valuation problem in one ipatar
way with AIGEN. Encouraging results were demoristta
in one California county, based on multiple datarses.
This was despite the limited number of attributesduin
the computation. These models were built for a deer
counties as well, with comparable test results.

Considering that AIGEN looked only at five struetur
variables, and did not consider style, conditiomaliy of
construction, and economic trend metrics, theseewer
encouraging results. The other physical variablesewnot
used since they tended to be missing from the dscior a
significant portion of the database.
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Non-Al approaches such as statistical regressienaus
similar philosophy of training and testing the migde
AIGEN can be thought of as a fuzzy extension of the
CART tool [113], which uses an explicit tree sturet as
the model and the branching thresholds as parasnétke
parameters are identified using a greedy variance-
minimizing search algorithm. Our approach, in additto
being a smooth combination of piecewise linear aegi
provides a transparent explanation of the modé&drims of
a small number of rules that are comprehensiblea to
human.

The hybridization in AIGEN is also complementary,
where neural techniques help to define a fuzzyctitra. As
discussed earlier, small variations in model stmgtand
inputs did not seem to affect the performance miitte
number of nominal parameters was in the range 6f 10
150, but the number of effective parameters is g@iobb
less than that. The search method was entirelyieggrad
based and could conceptually get trapped in a local
minimum. However, there is independent evidencenifr
other estimators) that since this is a real-woHidjuid
market with noisy prices, there will always be ahdrent
irreducible error of about 5%, which a global searould
not beat. Hence, using a local search technique Wes
much more practical than using genetic or evolatign
algorithms for search.

7 Residential Property Valuation Using a
Fusion of Hybrid Soft Computing Models
In Section 6 we focused on using a complementabyithy

of two SC technologies to solve a particular problef
two or more such models could be built indepengefotl

the same problem, which one should be chosen? We locational estimator to work correctly.

propose that a loose hybrid, which could be called
information fusion or model fusion, is a much moobust
alternative to picking one of the models. We derrans
this with the same application of residential prbype
valuation where multiple estimators, based on lonat
(LOCVAL), comparable properties (AICOMP), and a
generative model (AIGEN), were built using differen
technologies on the same database. This combires th
results of the models rather than the techniquemmsklves,
and the focus is on using the redundancy to inereas
reliability rather than accuracy alone.

7.1 Estimators Used in Fusion

7.1.1 Locational Value Model (LOCVAL)
The first model was based solely on the locatiash laring
area of the properties, as shown in Figure 8.

Done before use
-
!

When used for estimating

Address—>{ Geocoding——>

Subjec
Propert)

Salesprice.
Living_ Aea

Address—>{ Geocoding——>

$/sq. ft.
Latitude
Longitude
Grid

$/sq ft Deviation

Latitude
Longitude

Living_Area

7
$ Value Reliability

Figure 8: Locational Value method (LOCVAL)

A dollar per square foot measure was constructed fo
each point in the county, by suitably averaging the
observed, filtered historical market values in ¥i@nity of
that point. This locational value estimator (LOCVAL
produces two output valuekpcational Value(a $/sq.ft.
estimate) andDeviation_from_prevailingvalue. The local
averaging is done by an exponentially decreasimtigira
basis function with a “space constant” of 0.15-Gifes. It
can be described as the weighted sum of radialsbasi
functions (all of the same width), each situatethatsite of
a sale within the past 1 year and having an angditgual
to the sales price. Deviation from prevailing vaisethe
standard deviation for houses within the area @x/emd
is derived using a similar approach.

In order to use the LOCVAL estimator correctly, the
input values (a valid, geocoded address and gliarea in
squared feet) must be present and accurate for the
If eithermissing,
or clearly out-of-range, the estimator will notrtake any
prediction.

7.1.2 Compar able Value M odel (AICOMP)

The second model, AICOMP, relied on a case based
reasoning (CBR) process similar to the sales coisgar
approach [111] used by certified appraisers taredé a
residential property's value. The CBR process istssf
selecting relevant cases (which would be nearbyséou
sales), adapting them, and aggregating those atlaptes
into a single estimate of the property value.

Gonzalez first showed the possibility of using CBR
automating the valuation process [114]. Howevisr(BR
approach never captured the intrinsic imprecisiorthe
basic steps in the sale comparison approach: finthe
mostsimilar houses, locatedloseto the subject property,
sold not too long ago; and selecting lzalanced subset of
the most promising comparables to derive the final
estimate. Therefore we developed AICOMP, a fuzzyRCB
system that uses fuzzy predicates and fuzzy-logseth
similarity measures [115] to estimate the value of
residential property. Our approach, shown in Feg@iand
further described in [3], consists of:
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Retrieving recent sales from a case-bakkon
entering the subject property attributes, AICOMP
retrieves potentially similar comparables from the
case-base. This initial selection uses six atteisut
address, date of sale, living area, lot area, numbe
bathrooms, and bedrooms

Comparing the subject property with the retrieved
cases.The comparables are rated and ranked on a
similarity scale to identify the most similar onies

the subject property. This rating is obtained fram
weighted aggregation of the decision maker
preferences, expressed as fuzzy membership
distributions and relations.

Adjusting the sales price of the retrieved cases.
Each property’s sales price is adjusted to reflect
their differences from the subject property. These
adjustments are performed by a rule set that uses
additional property attributes, such as constractio
quality, conditions, pools, fireplaces, etc.
Aggregating the adjusted sales prices of the
retrieved casesThe best four to eight comparables
are selected. The adjusted sales price and sityilari
of the selected properties are combined to produce
an estimate of the subject value with an associated
reliability value.

3)

4)

Transaction Characteristiss;
Location \

Main House Characteristi((y
Living Area
Lot Size
# Bedrooms
# Bathrooms

Additional Characteristics———»
Age
Quality
Condition
Fireplaces
Pool

Typical $/sq.
Compute Similarity Measyre

Apply Modification Rules|

Final Comp Selection
Aggregate Selected Comps

Output: Estimared Property Value
Reliability: Comp similarity values
Justification: Comparables used

Figure 9: CBR Process

7.1.3 Generative Method (AIGEN)

The third method, called AIGEN, is a generative Al
method in which a fuzzy-neural net is trained bingisa
subset of cases from the case-base. The restitrtpme
system provides an estimate of the subject’'s vallms
method was described in Section 6.

7.1.4 M odel Outputs: Property and Reliability Values
Each model produced a property value and an asedcia
reliability value. The latter was a function of the
“averageness” or “typicality” of the subject profyebased
on its physical characteristics (such as lot dizang area,
total room). These typical values were represerigd

possibilistic distributions (fuzzy sets). We cortgali the
degree to which each property satisfied each witeiThe
overall property value reliability was obtained by
considering the conjunction of these constrairisfattions
(i.e., the minimum of the individual reliability kees). A
more detailed description of this process candomd in
[116].

The computation times, required inputs, errors and
reliability values for these three methods are show
Figure 10. The locational value method takes thetléme
and information, but produces the largest errore TBR
approach takes the largest time and number of $ntutt
produces the lowest error.

Computation Required . Relative R
at Run Time Inputs Estimator Error Reliability
Low Address 10-12%
Living_AreaI“ LOCVAL °
o
[ AIGEN | GEN 7-9%
Bedrooms
Baths
Total Room:
Lot_Size
5%
> AI COM P
AICOMP can use the following optional
HIGH property attributes if available: Age, FUSI ON
Eff_Age, Quality, Condition, Fireplaces,
Pool, Air_Cond, and Heating Fused $ Estimate

Figure 10: Data comparison of multiple approaches

7.1.5 Advantages of Fusion
The fusion of the three estimators has severalradgas:

e the fusion process provides an indication of the
reliability or trust in the final estimate,
e if reliability is high, the fused estimate is more

accurate than any of the individual ones

if reliability is limited, the system generates an
explanation in human terms, and

the fused estimate is more robust.

These characteristics allow the user to determime t
suitability of the estimate within the given busse
application context. Knowledge-based rules are used
constructing this fusion of technologies at a suigery
level, and the parameters are few enough to bendieied
by some inspection and experimentation.

7.2 Related Work

Combining forecasts and estimates has been exédnsiv
studied in disciplines such as econometrics andkebar
research [117-121]. A common fusion technique isse a
weighted average where the weights are relatecbnee s
measure of reliability in the individual forecas®his is
essentially the approach we have taken in this workthe
other hand, we believe the method we have usebtssnoa

combined reliability is unique
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7.3 Approach to Fusion
Our approach is broken down into four steps.

1) Measure the reliability or “goodness” of each
individual estimate. This is done individually bgo
estimator, using a fuzzy definition of “typicality”
Combine the three $ values produced by the iididial
estimators into a fused $ value.

Use a rule-base that determines the overallityjuaf

the fused estimate -- this is referred to as tis&fuof

the reliability values.

Generate explanatory messages to the user vieen t
overall quality is limited. These messages enalde t
user to understand why the best possible estimate
cannot be produced. Further information by the user
may then enable the system to improve its results.

We will refer to the overall system as ARPV (Autdeth
Residential Property Valuation). The final outpdttbe
system will be referred to as th&RPV-Estimate The
accompanying measure of reliability is called eality
of this estimate.

2)

3)

4)

7.4 Fusion Rules

As seen in Figure 10, LOCVAL is used as an input to
AIGEN, and AICOMP and AIGEN both use property
descriptions to produce the answers. These twothane
combined to produce the finARPV-Estimatef property
value and an overall measure of reliability Quality.
Finally, ARPV provides a description of circumstasdor
the data, property, and environment that may hesdd a
limited value ofQuality.

The precise manner of their combination dependthen
relative strengths of the two individual reliahyjlivalues,
and the amount of disagreement between the twmast
values. Each reliability value is a number in [0,1The
amount of disagreement is measureaytentionbetween
the two valuesvyg (produced by AIGEN), andic
(produced by AICOMP). Contentianis computed as

¢ = (Vaic - Vaic) / ((Vaig + Vaic ) / 2)

and is defined only when both estimators have predwa
valid answer.

ARPV-Estimatethe fused property value, takes one of
the following values:

The mean of the two estimates, weighted by their
respective normalized reliability values — if both
AIGEN and AICOMP estimates are known

The value of the available estimator — if one 0GEN

and AICOMP estimates is known but the other is not,
making their combination impossible.

The value of LOCVAL - if both AIGEN and
AICOMP are unknown, making their combination
impossible

Quality, the measure of the reliability of the fused ARPV
estimate, takes one of the following three values:

EXCELLENT -- All essential data are available,
reliability for the independent estimators is higimd
the independent estimators agree.

INDICATIVE -- All essential data are available,
reliability of one or more estimators is not higlredo
somewhat unusual property and/or local market
characteristics, and/or the estimators disagree.
UNRELIABLE -- Some essential data may be missing,
and/or reliability in one or more estimators is Idue

to very unusual property and/or local market
characteristics, and/or the estimators disagree
markedly.

A more detailed description of the fusion rules dan
found in Bonissone et al. 1998.

7.5 Fusion Results

The reliability value generated by the fusion ruleas
subdivided into three groupinggdod fair, andpoor). The
reliability measure should then produce the largesd set
with the lowest error.

From a test sample of 7,293 subjects, we coulckifjas
our reliability in 63% agood Thegoodset had a medium
absolute error of 5.4%, an error that was satigfgdbr the
intended application. Of the remaining subject$p24ere
classified asfair, and 13% agoor. The fair set had a
medium error of 7.7%, and the poor set had a mestiam
of 11.8%.

7.6 Summarizing the SC Applications to Property
Valuation

We have considered the important and difficult peobof
residential property valuation and shown that temples
based on soft computing can successfully solveAit.
multitude of approaches using fuzzy logic, casesbas
reasoning, and neural networks (in hybrid combamgti
was shown to be useful in this regard. Moreoveg th
reliability computation and the fusion process @&ase the
robustness and human usefulness of the systems Ibéen
shown to achieve good accuracy and be scaleable for
thousands of automated transactions. This makes it
transparent, interpretable, fast, and inexpenshggce for
bulk estimates of residential property value foraaiety of
financial applications.

8. Final Remarks

Soft computing (SC) is having an impact on many
industrial and commercial operations, from pregeti
modeling to diagnostics and control. It provideswith
alternative approaches to traditional knowledgeedri
reasoning systems or pure data-driven systems

fundamental problems of these classical approaeies
discussed in Section 1.4) and it overcomes their

(the
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shortcomings by synthesizing a number of compleamgnt
reasoning and searching methods over a large specif
problem domains. We have reviewed soft computing’s
main components (fuzzy logic, probabilistic reasgni
neural networks, and evolutionary computing) and
surveyed some of their successful combinations libae
lead to the development of hybrid SC systems.

These systems leverage the tolerance for impregisio
uncertainty, and incompleteness, which is intrinsicthe
problems to be solved, and generate tractable,ctmst-
robust solutions to such problems. The synergyvddri
from these hybrid systems stems from the relatase avith
which we can translate problem domain knowledge int
initial model structures whose parameters are éurthned
by local or global search methods. This is a faymn
complementary or “tight” hybridization. Apart frotis
type of hybridization, we also discussed the fusain
estimators — this type of model fusion or “loose”
hybridization does not combine features of the
methodologies themselves, but only their resultbe T
primary motivation here is to increase reliabiliggher than
to make model construction easier.

We have illustrated this synergy by describing ¢hre
applications in diagnostics, control, and predittias
summarized in Table 3. These studies stem from real
world, high-impact business problems, such as gdwsne
service and diagnosis, freight train control, aesidential
property valuation, respectively, and use a numbker
different means from the toolbox of soft computing.
particular, all approaches used a hybridization S&
techniques to overcome hurdles posed by the prglsech
as high noise and low information content of serdata,
high system complexity, and high-dimensional featur
space.

The payoff of this conjunctive use of techniquesais
more accurate and robust solution than a solutemived
from the use of any single technique alone. Thigesy
comes at comparatively little expense becauseditpithe

but they do it in a mutually complementary fashion.
Another way to say this is that the model needsietsire
and parameters, and a search method to discovar émel
no single technique should be expected to be theftyeall
problems. For example, in our control applicatian,
hierarchical fuzzy controller was used to embode th
qualitative knowledge used by locomotive enginegrs
manually perform the task, but manual tuning ofs thi
controller would have been an inferior solutionstRaning

of this controller was obtained by a global seapproach,

a genetic algorithm that yielded a robust controlaose
parameters did not have to be specialized for each
particular initial condition.

Another advantage to the hybridization of techniqise
that it is easier to think of alternative solutidnsthe same
problem, as was evidenced by the property estimatio
application. If there are several possibilities ftire
structure and the search methods, many more pgiohg
technologies are possible, and problem solving Iineso
easier. For instance, AIGEN used a fuzzy model \oitial
gradient search, but one could also use a pureaheur
network trained by an evolutionary algorithm. Ofucse,
computation time, cost, business needs, and data
requirements will then influence the choice of the
combination of technologies. A step in further imgng
system performance is the exploitation of paralieitems.
These systems may be designed to rely to the maximu
amount on non-overlapping data and use different
techniques to arrive at their conclusions. itfiormation
fusion the outputs of these heterogeneous models will be
compared, contrasted, and aggregated, as seern iasbu
application.

The future appears to hold a lot of promise forrnbeel
use and combinations of SC applications. The ciafle
SC's related technologies will probably widen beil/dts
current constituents. The push for low-cost sohgio
combined with the need for intelligent tools widsult in
the deployment of hybrid systems that efficientiiegrate

Table 3. Soft computing applicationsin industry and business discussed in this paper.

Application Area Problem Typeof Hybrid | Model Structure Type Parameter Search
Type Method
Industrial equipment | Diagnostics Complementary Fuzzy clusters in high- Exponential Weighted
anomaly detection dimensional space Moving Average Filter
Automatic train Nonlinear Complementary Fuzzy PI Controller Genetic algorithms
handling Control rule-base
Residential Property Predictive Complementary Fuzzy if-then rules ag  Variation on back
Valuation Modeling network propagation / gradient
descent
Residential Property Predictive Fusion Rule-base for fusing| Manually determined
valuation Modeling result & reliability

methods do not try to solve the same problem imlfr

reasoning and search

techniques.
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On the application front we will likely see a drive
towards prognostic and autonomous capabilitieshVait
increase of service-related operations, it will
increasingly attractive to be able to forecast asloos
trends and conditions, and correct them before #féacts
are fully developed. In addition, remotely monitbre
systems will bear the need to operate autonomotialg
requiring intelligent agents to regulate their giens.

be

In the future, we expect that the combination oft so
computing with advances in the areas of computspn;j
voice recognition, natural language processing,, etdl
further improve and expand our problem-solving téljig
to a large spectrum of industrial and commerciabfgms.
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