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Many common foundations exist between neural networks and
fuzzy inference systems in terms of their mathematical models and
system structures. This paper explores such a rich synergy and
uses it to form the basis for a unifying framework under which fuzzy
logic processing and neural networks may be integrated to achieve

more robust information processing. It in turn leads to a family of

hierarchical fuzzy neural networks (FNN’s) which incorporate an
adaptive and modular design of neural networks into the basic
fuzzy logic systems. Several important models which are critical to
the development of the hierarchical FNN family are studied care-
fully so as to gain a betrer understanding of how the FNN’s could
benefit from the symbiotic marriage of the learning techniques of
neural networks and the inference structure of fuzzy logic sys-
tems. Specifically, we demonstrate how existing unsupervised [e.g.,
competition-based learning, expectation-maximization (EM) algo-
rithm] and supervised (e.g., reinforced/antiveinforced learning)
training strategies can be an integral part of a fuzzy processing
Sframework. [n addition, for robust processing, hierarchical struc-
tures involving both expert (rule) modules and class modules are
incorporated into the FNN's. Also presented are some promising
application examples for biometric authentication, medical image
processing, video segmentation, object recognition/detection, and
multimedia content-based retrieval.

Keywords—Fuzzy inference system, fuzzy neural networks, hier-
archical neural networks, supervised learning, unsupervised learn-
ing

1. INTRODUCTION

The rapid advances in parallel processing and multimedia
processing technologies have revolutionized the conception
of information processing. This calls for intelligent sys-
tems which are capable of managing complex, uncertain,
sometimes even contradictory, information sources. This
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paper explores such a potential framework for a robust
mformation processing system.

Traditional neural networks (NN’s) can be treated ag
black boxes whose parameters are obtained by training
from example data sets. The parameters in the multilayered
perceptron NN’s have no physical meanings and the initial
values are typically selected at random. It is in general
impossible to explain or pinpoint the meaning of the
petwork ‘parameters. In contrast, the parameters in fuzzy
logic systems have physical meaning. Consequently, it is
easier to design the initial values from the input—output data
pairs and to incorporate a human expert’s knowledge into
fuzzy systems. Unlike the NN approach, fuzzy systems only
require that we partially complete a linguistic rule base [35].
Although the task is simpler than designing and training
an NN, fuzzy systems must face the difficulty of choosing
proper fuzzy logic rules and membership functions.

Recently, many researchers have considered modular
NN’s from a competitive mixture perspective [20], [22],
[23], [47]. This approach solves a large complicated task
by using smaller and modularized trainable networks (i.c.,
experts), whose solutions are dynamically integrated into
a single coherent one using the trainable gating network.
More precisely, the gating network is implemented as
a softmax activation function [3], [43]. A local expert’s
output with a larger (smaller) gating activation will be
allocated a greater (lesser) influence on the overall output.
In a very similar fashion, fuzzy inference systems (FIS’s)
perform task decomposition based on fuzzy membership
functions. The Sugeno-type FIS learning can be viewed as
a variation of the modular network where each local expert
1s expressed as a rule model. The integrating unit is a fuzzy
inference module, which plays the same role as a gating
network.

This paper is based on the premise that the differences
between neural and fuzzy systems are really not very
fundamental in nature. On the contrary, the rich common
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ieir integration. An integrated system can enjoy the
tages of both NN’s (e.g., learning and optimization
ilities) and fuzzy systems (e.g., human-like I{—Then
rules and ease of incorporaiing expert knowledge).
. paper is organized as follows. In Section II, we
be a family of fuzzy neural networks (FNN’s) which
from the intersection of the two intelligent infor-
n processing systems. Specifically, such a baseline
structure can be modeled after either a Sugeno-type
r a mixture-of-experts (MOE) modular network. The
tage of incorporating class-level modules into the
s can be demonstrated using a decision-based neural
k. (DBNN) model. This section helps demonstrate
the FNN’s can benefit from the marriage of the
ng techniques of NN’'s and inference structure of
logic systems. A unified mathematical and struc-
foundation for this family of networks is established.
sction 11, we describe several important models in
levelopment of the FNN family The unsupervised
swing expectation-maximization (EM) will serve as
al core technology for fuzzy clustering. Combining the
wural properties of MOE and DBNN, several multilevel
rchical FNN’s can be developed. Finally, we present a
neural classifier (NEFCAR) to show how to improve
m performance by integrating neural learning tech-
»s and the fuzzy linguistic structure with both positive
negative rules. The class-level hierarchical structure
fuzzy If-Then logic rules are integrated into this
ifier. Tn Section IV, several applications in image/video
»ssing and paltern recognition for the proposed FNN's
righlighted. The proposed family of fuzzy NN’s are
iially very appealing to a broader application spec-
, including system control and identification as well as
rn recognition.

FIS’S AND MODULAR NN’S

is section reviews the basic NN’s and fuzzy logic
ms. Generally speaking, they have different perspec-
toward the design of intelligent systems, Nevertheless,
ral prominent fuzzy systems can be easily reformu-
as NN’s and vice versa. The mathematical models
system structures for modular NN’s, e.g., mixture of
rts, and (Sugeno-type) {uzzy inference systems bear
sat resemblance. The commonality of their structural
eworks and functional units will be studied. Based
he study, a unified mathematical and architectural
dation for FNN’s will be established.

IN"s

n NN can be defined as an architecture comprising
sively parallel adaptive processing elements intercon-
ed via hierarchically structured networks. NN's are
acterized by the following features:

. adaptiveness and self-organization which offers ro-
bust processing capabilities;

nonlinear processing which enhances the network’s
approximation, classification, and noise-immunity ca-
pabilities;

3 et al: SYNBRGISTIC MODELING AND APPLICATIONS

3) parallel processing which usually employs a large
number of processing cells enhanced by extensive
interconnectivity.

Under such a broad definition, many systems can be
expressed as NN’s with different interconnect structures
and nonlinear processing elements. There are many design
options for the cost function, the learning algorithm, the
nonlinear function, and the network structure. Ultimately,
the design of the artificial NN’s often depends on the chosen
applications.

One critical decision involves the selection of the ba-
sis functions. There are several alternatives for the basis
functions of the basic neural units.

1) The linear basis function (LBF) [52] employs a
sigmoid-type threshold function over the hinear vector
product of the pattern vector and weight vectors. Such
a threshold Tunction serves as the basic discriminating
unit.

2) The radial basis function (RBF) [44], [50] employs
a RBF (e.g., a Gaussian kernel} to serve as the
activation function. The weighting parameters in the
RBF network are the centers, the widths, and the
heights of these kernels.

This paper adopts primarily the RBF-based Gaussian
function due to its popularity as well as mathematical
succinctness. Nevertheless, the same hicrarchical structure
and the leamning mechanism remain largely applicable to
other types of basis or membership functions.

1) Hierarchical Levels: The traditional NN’s, exempli-
fied by the multilayer perceptron (MLP), have a con-
nectionist structure. They offer some measure of fault
tolerance and distributed representation properties. More
importantly, they possess adaptive learning abilities to
estimate sampled functions, represent these samples, encode
structural knowledge, and infer input—output relationships
via association.

The MLP NN can have a large number of interconnecied
nodes to enhance the ability to learn and generalize from
training data. Its main strength lies in that, given sufficient
hidden units, an MLP is a universal approximator: an
MLP can approximate any continuous function on a
compact subset to any desired accuracy [8]. On the other
hand, as depicted in Fig. 1, the main weakness of the
MLP lies in its totally flat structure. A direct consequence
of such structural simplicity is often a bulky network,
with an excessively large number of hidden units,
which in turn hampers the convergence of the training
process. One effective solution is to incorporate proper
hierarchical structure into the networks. The notions of
modular networks and functional blocks are essential for
hierarchical designs. In particular, the following two types
of modules will be relevant to the FNN's,

1) Expert-Level (Rule-Level) Modules: The effectiveness
of designing a modular NN hinges upon a proper

designation of local experts. Each expert serves the
function of: 1) extracting local features and 2) making
focal recommendations. For example, one (LBY or
RBF) hidden node may be devoted to extract a
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Fig. 1. Several possible hierarchies in NN structures: (a) multilayer perceptrons; (b) DBNN; (c)

! mixture of experts network; (d) experts-in-class network; and (e) classes-in-expert network

Ie

b certain local feature of particular interest to an expert. gating network are used to decide how to combine

i The expert level in NN’s is compatible with the recommendations from several local experts, with
rule level in the fuzzy systems. The rules in the corresponding degrees of confidence.
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2) Class-Level Modules: An important goal of pattern
recognilion is to determine (o which class an in-
put pattern best belongs. Therefore, it is natural to
consider class-level modules as the basic partitioning
units, where each module specializes in distingnishing
its own class from the others. Consequently, the
number of hidden nodes (or experts) designated to
a particular class is often very small. The class-
level modules are adopted by the one-class-one-net
(OCON) network. In contrast to expert-level pat-
titioning, this OCON structure facilitates a global
(or mutual) supervised training scheme. In global
interclass supervised learning, any dispute over a pat-
tern region by (two or more) competing classes may
be elfectively resolved by resorting to the teacher’s
guidance. Such a distributed processing structure is
also convenient for network upgrading when there is
a need for adding or removing memberships. Finally,
such a distributed structure is also appealing (o the
design of the RBF networks.

ccordingly, NN’s can be divided structurally into the

lowing categories (Fig. 1):

1) Zero-Level (i.e., Structurally Flat) Networks: This
is exemplified by the traditional MLLP which has a
“single-network” structure shown in Fig. 1(a).

2) One-Level Modular Structures: By adopting the
divide-and-conquer principle, the task is first divided
into modules and then the individuval results are
integrated into a final and collective decision.
Two typical modular networks are: 1) MOE which
utilizes the expert-level modules [cf. Fig. 1(¢)] and
2) the DBNN based on the class-level modules
[cf. Fig. 1(b)]. See Sections I-A2 and 1-A3,
respectively.

3y Two-Level Hierarchical Structures: To this end, the
divide-and-conquer principle needs to be applied
twice: one time on the cxpert-level and another on
the class-level. Depending on the order used, this
could result in two kinds of hierarchical networks:
one has an experts-in-class construct and another a
classes-in-expert construct, as depicted in Fig. 1(d)
and (e). More on these two hierarchical structures
will be elaborated in Section III-B.

2) MOE: Among the prominent neural models, the net-

1k architecture of the MOE [23] has the closest re-

nblance to FIS’s. The MOE exhibits an explicit re-
lonship with statistical pattern classification methods.
ven a pattern, each expert network estimates the pattern’s
witional a posteriori probability on the (adaptively tuned
preassigned) feature space. Each local expert network
forms muliway classification over K classes by using
rer K independent binomial models, each modeling only
> class, or one multinomial model for all classes.
vioreover, the corresponding output of the gating network
resents the associated confidence on each expert. The
al system output 1s the weighted sum of the estimated
sbabilities (rom all of the expert networks.

#ith reference to Fig. 2, the MOE comprises the follow-

subsystems.
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Fig. 2. The bascline MOE architecture. An expert network esti-
mates the pattern’s conditional @ posteriori probability. A baseline
MOE comprises two subsystems: local experts and a gating net-
work. The Jocal experts are adaptively trained to extract certain
local features particularly relevant to their own Jocal decisions,
while the gating network computes the global weights to be applied
the Jocal decisions.

1) Local Experts: The design of modular NN’s hinges
upon the choice of local experts.

a) Usually, a local expert is adaptively trained to
extract a certain local feature that is particularly
relevant to its local decision. Sometimes, a local
expert can be assigned a predetermined feature
space.

b) Based on the local feature, a Jocal expert will
process a local recommendation.

2) Gating Nerwork: The gating network serves the func-
tion of computing the proper weights to be used for
the final weighted decision. A probabilistic rule is
used to infegrate recommendations from several local
experts taking into account the experts’ confidence
levels.

The training of the local experts as well as the confidence
levels in the gating network of the MOE network is based
on the EM algorithm. The objective is to estimate the model
parameters so as to attain the highest probability of the
training set given the estimated parameters. For a given
input x, the posterior probability of generating class y given
x using K experts can be computed as

K

Plylx, ¢) = > Plylx, 0,)a;(x) (1)

=1

where ¥ is a binary vector and «; is the probability for
weighting the expert outputs. For example, if we consider
two classes for a classification problem, then v is [! 0]
or [0 1]. The parameter ¢ is a vector [V, 0, V =
1V, 7 =1,..., K} is the parameler set for the gating
network; ©; is the parameter set for the jth expert network
(7=1,..., K); and P(y|x, ©,;) is the output of the jth
expert network. The gating network of MOZE can be a linear
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An example for MOE and FIS. For the MOE, a local expert will get a higher weighting

on its proclaimed feature space. In this example, the gating network will assign higher confidence

to expert | for the region in {(xy, w2), 0 < @y < 05,0 < a
remaining region. For the FIS, similar confidence weighting is applied

LBF network (say, linear perceptron) or a nonlincar RBF
network.

a) LBF MOFE example: An example of the linear gat-
ing network is shown in the following [3], [43]:

K
a;(x) = explb;(x)] /> exp [ba(x)] (2)
k=1

where b;(x) = v;l»'x +d;. Vj = {vy, d;} denotes the
weights of the jth neuron of the gating network when the
gating network is a linear perceptron.

Suppose we have patterns from two classes occupying a
two-dimensional (2-D) space {x = (z1, z2), 0 < 71 < 1,
0 < x9 < 1}. Class 1 patterns occupy the lower quarter
of the square in Fig. 3, while Class 2 patierns take the
remaining three quarters of the space. We adopt a two-
expert MOE classifier with the LBF local experts

1
|_+ €W¥VX'+(31
P(wglx, 61) =1 - P(wllx, @1)
1
Plwilx, ©9) = ———5———
( 1| ‘)) 1 +€W§“X+C2
P((A/EIX, ("‘)2) =1- [)(ML‘X, @g)

€v¥vx+dl

a(x) = ——

— - T
z N 6vJ x-+d;
"

=1

P(wllx, @1) =

GV'ZI xX+do

as(X) = ————

, 7
z €v7 x‘rrl)

j=1

where P(wi]x, ©,) is equal to P(y = [1 0]jx, ©,) in (1).
Similarly, Pws|x, ©;) is equal to P(y = [0 L]x, ©;).
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< 1}, and to expert 2 for the

One solution is

wy = [—~1 L]T, ¢ =0
wy =1 17, co = —1
vy =[—200 0]7, dy =100
vy =[0 017, dy =0.

Expert 1 creales a decision boundary along the diagon
line from (0, 0) to (1, 1), and expert 2 creates a decisic
boundary along the antidiagonal line from (1, 0) to (0, 1
The gating network gives expert | higher confidence
region {(zy, 22), 0 <21 <05 0 <zp < 1}, and giv
expert 2 higher confidence at the other half.

b) RBF MOE networks: The MOE structure 1S natu
for a RBF NN, in which each hidden node represer
a receptive field with the following normalized Gaussi
activation function:

Z ok

k=1
e = QXP(AlX — mk;]z/Qai)

where x is the n-dimensional input vector and K is |
number of hidden nodes. The parameters iy, and o7 den
the mean and variance of the kth Gaussian function. (N
that for LBF case, py = [L+ exp(Amek/ak)]ﬂﬁ)

Then the output y(-) can be computed as the weigh
sum of the activation values

K
y(x) = 0ja;(x)

=

where o; is the height of the jth Gaussian kernel.

The basic fuzzy NN defined in (5) and (11) can
expressed in terms of the MOE structure. If the gai
network output @, in (1) is defined as the a; in (3)
the P(ylx, ©;) is defined to be a constant o;, then
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ie subnet 1s designated to represent one class. The output scores
the subnets compete with each other, and the highest scoring
bnet claims the identity of the input pattern. The déecision-based
wning rule is adopted for fine-tuning the decision boundaries
tween the classes.

22y NN becomes a MOE sysiem with radial basis galing
nction and constant expert output.
The MOE modet has been applied to many applications:
o application to sunspot time series prediction, a Bayesian
amework for inpferring the parameters of an MOE model
wed on ensemble learning by variational free energy
inimization proves 1o be very effective and performs
enificantly better than single networks [61]. MOE has also
ien shown to yield very good performance in automated
tology screening applications [21]. For broader applica-
m domains, MOE has also been extended to cope with
mulii-expert-level tree structure, known as hierarchical
ixture of experts [25].
3) DBNN’s: For most pattern recognition applications,
¢ ulumate goal is to correctly assign an input patiern to
hichever class it belongs. Therefore, it is quite natural
consider class-level partitioning as part of a hierarchical
sign. To introduce a class-level hierarchy into the FNN
twork structure, the baseline DBNN serves as an illu-
mating design example [31], [36]. As shown in Fig. 4, a
BNN bas a modular OCON network structure: one subnet
designated to represent one object class. For multiclass
wsification problems, the outputs of the subnets (the
seriminant functions) will compete with each other, and
> subnet with the largest output values will claim the
antity of the inpul pattern.
The learning scheme of the DBNN consists of two
coupled phases: Jocally unsupervised and globally su-
tvised learning. The purpose is to simplify a difficult
imation problem by dividing it into several localized
bproblems and, thereafter, the fine-tuning process would
/olve minimal resources.
D) Locally Unsupervised Learning via Vector Quanti-
zation (VQ) or EM Clustering Method: Several ap-

NG or al : SYNERGISTIC MODELING AND APPLICATIONS

proaches can be used to estimate the number of
hidden nodes, or an initial clustering can be deter-
mined based on VQ or EM clustering methods.

a) In the hard-decision DBNN, the VQ-type clus-
tering (¢.g., A -mean) algorithm can be applied
to obtain initial Jocations of the centroids.

b) For the probabilistic DBNN, the EM algorithm
can be applied o achieve maximum likelihood
estimation for each class conditional likelihood
density. (Note that once the likelihood densities
are available, the posterior probabilities can be
obtained easily.)

2) Globally Supervised Learning Rules: Based on the
VQ or EM clustering, the decision-based learning rule
can be applied to further fine tune the decision bound-
aries. In the second phase of the DBNN learning
scheme, the objective of the learning process changes
from maximum likelihood estimation to minimum
classification error. Interclass mutual information is
used to fine tune the decision boundaries (1.e., the
globally supervised learning). In this phase, DBNN
applies a reinforced-antireinforced learning rule [31]
or a discriminative learning rule [28] to adjust net-
work parameters. Only misclassified patierns are in-
volved in this training phase.

3) Reinforced-Antireinforced Learning Rules: Suppose
that the ynth training pattern x™) is known to belong
to class w;, and that the leading challenger is denoted
J = arg max;; (x(™), ;). The learning rule is

Reinforced Learning:
®S7n+l) — ®Em> + T]V’l/) (X(m)7 e)l>
Antireinforced Learning:

@Serl) = @gm) o\ (X("”’), @j) (6)
where ©); is the weight vector of class i and 7 is a
positive learning rate.

Fig. 5 provides an illustration of the principle be-
hind the decision-based learning rule. The learning
rule 1s based on a minimal updating principle. The
rule tends to avoid or minimize unnecessary side-
effects due to overtraining. Given one fraining pattern,
there are (wo scenarios. One is that the pattern is
already classified correctly by the current network, in
which case there will be no updating attribuied to that
pattern, and the learning process will proceed with
the next training pattern. The second scenario is that
the pattern 1s classified incorrectly to another winning
class. In this case, parameters of two classes must be
updated. The score of the winning class should be
reduced by the antireinforced learning rule, while the
score of the correct (but not winning) class should be
enhanced by the reinforced learning rule.

a) Comparison of MOE and DBNN: The MOE and

DBNN models share many similarities. For example, both
modular structures are based on the “divide and conquer”
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Fig. 5. In the DBNN, the winning class is the one with highest score function. The score functions
of two competing classes (class p and class ¢) are depicted in the figure. In this example, the training
pattern at issue is marked as a dark dot. The class p is assumed to be the correct class for the dark
dot. So (a) shows a misclassification on the dot pattern as the class ¢ shows a higher score than
the class p. The DBNN learning rule adopts a minimal updating principle so that only the two
classes immediately mvolved in the dispute should be updated. In (a), the dot is being incorrectly
classified into class . The action toward correcting such a mistake is twofold: 1) the reinforced
learning rule will be applied to class p so as to enhance its score (e.g., by moving its centroid closer
to the dark doty and 2) the antireinforced learning rule will be applied to class ¢, which would
result in a lower score (e.g., by moving its centroid further from the pattern). After multiple training
sweeps, the boundary (respecting the pattern) should ultimately be placed on the correct side of

classified

(b)

pattern (respecting the boundary), as depicted in (b)

principle and both employ the EM algorithm in the fraining
phasc. Nevertheless, there are some substantial differences.

1556

1) Network Properties: Bach expert network in the MOE

estimates the conditional posterior probabilities for
all the pattern classes. The output of a local ex-
pert is ready to make the classification based on
its own local information and expert’s perspective.
This characteristic suggests that the interclass com-
munication/decision exists in the local network level
under a MOE model. In contrast, each neuron in
a DBNN estimates the class conditional likelihood
density. The interclass communication/decision does
not occur until the final subnet output is formed. This
makes possible the absence of interclass communica-
tion across the (class) modules of the DBNN. (This
in a sense achieves a truly distributive processing.)

Training Strategies: The training strategies of these
two models are vastly different. During the MOE
training, all the training patterns have the power to
update every expert. The influence from the training
patterns on each expert is regulated by the gating
network (which itself is under training) so that as
the training proceeds, the training patterns will have
higher influence on the nearby experts, and lower
mmfluence on those far away. In contrast, unlike the
MOE, the DBNN makes use of both unsupervised
(EM-type) and supervised (decision-based) learning
rules. The DBNN uses only the misclassified training
patterns for its globally supervised learning. More-
over, unlike the MOE, which updates all the classes,
the DBNN updates only the “winner” class and the
class which the misclassified pattern actually belongs

to. Its training strategy is to abide by a “n
updating principle,” as illustrated in Fig. 5.

B. Fuzzy Inference Systems

The basic idea behind a fuzzy inference systen
incorporate a human’s “expert experience” into the
design. The input—output relationship is describec
collection of fuzzy inference rules (e.g., If-Then
involving linguistic variables. The typical architec:
a fuzzy system comprises four principal component

1) a fuzzifier which maps crisp numbers into s

linguistic values;

2) a fuzzy rule base which stores the knowledge

human experts and the empirical observation;

3) an inference engine which deduces the desired

by performing approximate reasoning;

4) adefuzzifier which extracts a crisp value from

set as a representative value.

The fuzzy logic systems, in contrast to connec
NN’s, offer a structural framework with high-level
If-Then rule thinking and reasoning. Fuzzy system
their decisions on inputs in the form of linguistic va
defined by membership functions which are formula
to determine the fuzzy set to which a value belong
the degree of membership in that set. The variabl
then matched with the preconditions of linguistics If
rules (fuzzy logic rules) to calculate the firing str
of the rules, and the response of each rule is ob
through fuzzy implication. Following the compos
rule .of inference, the response of each rule is we
according to the rule firing strength, and usually the ce

PROCEEDINGS OF THE IEEE, VOL. 87, NO 9, SEPTEMBI




Cutput y

Gating network

Model 1 Model2 | **°

Model K

T

input vector x

ig. 6. Ina Sugeno-type fuzzy classifier, the vector x is input to the models (local experts) and the
iting network. The gating network 1s corresponding to the “If” part of the “If~Then” rule. The R;
Jde is the rule node which computes the maiching degree of the input x for rule 2. The nodes after
¢ re nodes normalize the matching degrees from the rule nodes to produce the weighting factor
w the outputs of the local experts. The output y is a function of the outputs from local experts
1d the weighting factoy from the gating network, The A and the V denote the weighting and the
ymbining operators, respectively. The multiplication and addition are usually adopted 1o implement
iese two operations. That is, the output is a lincar combination of the ouiputs from local experts
1d the weighting factor from the gating -network. This corresponds to the defuzzification stage
his figure also represents a basic common framework shared by NN’s and fuzzy inference system

f the responses is calculated to generate the appropriate
uatput.

For example, in Sugeno’s fuzzy inference system shown
n Fig. 6, the If-Then rules in the fuzzy rule base can be
xpressed as

If x is [?; Then y is Model;.

The fuzzification and firing strength are calculated in the
ule node. The inference engine deduces its final output
jom the outputs of the models. For example, such a
‘defuzzified” output may be calculated as a weighted sum
» individual outputs since each model produces crisp
utput. The weighted average is adopted as the inference
wocedure. In [35], this procedure is called fuzzy reasoning
of the third type).

A multiple-input-single-output (MISO) fuzzy system can
ake the following fuzzy rules:

Rule 1© Tf 2y is 5] And a5 is Sy And .
And 2, is S} Then y is O'
Rule 20 If 2y is S? And @5 is S5 And ...

And x,, is S? Then y is O (7)

Rule K: 1If zyis S And z is SE And ..
And 7, is SE Then y is o,
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Computationally, the “If” part can be implemented as a
fuzzy (or soft) weighting factor while a fuzzy “And” can
be replaced by arithmetic multiplication.

1) LBF FIS Example: Using the same example as that
for the MOE, we can design a Sugeno-type fuzzy classifier
to define the correct decision boundary. The rule base
contains the following two rules:

If 2y is Small Then y(x) = O4(x)

{Rule 1: ®
Rule 2: If #; is Large Then y(x) = O(x)
where

Ou(x) = 1 — exp(w?x + CQ

' |+ (‘,XI)(W{X + (’,1)
and
1 —exp(wi 2
Ou(x) = p( ZXJr(El

1 4 exp (ng + (:2)

The membership functions for the fuzzy sets Large and
Small are denoted as m;(x) and m(x), respectively, and

exp (Vipx -+ (1’,1)

1+ exp (vrfx + di)

(%) =~
my(x) = —————— = :
TR exXP (V{ X d,l)

m.(x) =
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The m(x) and my{x) are sigmoid membership functions
and m,(x) + my(x) = 1.
Then the defuzzified output

y(x) = - O (x)ms(x) Oy(x)my(x)
) (ms(x) +my(x))  {ms(x) +m(x))
= O, (x)ms(x) + O(x)my(x).

If a crisp decision is desired, the decision rule can be
defined as

If 5y(x) > 0 then x is in class | otherwise x is in class 2.

9
A possible solution for the parameters in the FIS i order
to separate the two regions is

wy =[-1 17, ¢ =0
wy =[1 1}7, cy =1
vy =[=200 0]F,  di =100.

This solution is exactly the same as that in the LBF MOE
example. The output y(x) for the input region with {(x1,
29), 0 < g < 0.5,0 < xy < 1} is dominated by the first
rule and the rest by the second rule.

2) RBF Membership Function: 1t has recently become
popular for a fuzzy system to utilize Gaussian membership
functions and centroid defuzzification scheme. This is
in part due to its capabilities of approximating any real
continuous function on a compact set to an arbitrary
accuracy, provided sufficient fuzzy logic rules are available
[29], [57]. In the neural net literature, it has also been
established that NN’s with the normalized RBF’s as the
hidden nodes are universal approximators [50]. Thercfore,
NN’s and fuzzy systems are similar in terms of their
approximating capability.

They also bear very sharp structural resemblance. An
illaminating evidence is realized by comparing Figs. 2 and
6 representing the MOE modular NN and Sugeno’s fuzzy
inference system, respectively. Stretching the similarity
further, the intersection of fuzzy systems and NN’s actually
defines a large family of learning networks. The following
will show this family of models can be built upon a common
mathematical formulation and system architecture. In terms
of learning capability, NN’s with RBF’s as hidden nodes
are basically equivalent to fuzzy systems using: 1} Gaussian
membership functions; 2) product inference; and 3) fuzzy
rules with singleton consequents. This is elaborated below.

Now the membership functions pu; of the fuzzy sets S‘,:"
are assumed to be Gaussian-like functions with mean my;
and variance (rf]-

pa () = exp (*(ZL’Z — 777,[7)2/2027-). (10)

The output fuzzy set 7 is assumed to be a fuzzy singleton
at o; from the jth model. With the weighting determined
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by the If part, the defuzzified output is calculated by
taking weighted contributions from different model outputs
Just like (5) in RBF NN, the output y in a ceniroid
defuzzification scheme can be computed as

Y = Z 0ja;(x) (11)

where

It

aj =

— and  pp = H o). (12

K
I=1
§ Hok

k=1

Therefore, by comparing (3) and (5) with (12) and (11),
it is clear thar the aforementioned RBF MOE NN and
fuzzy inference system are essentially equivalent if the
oy;’s in (10) are identical for all § or the o}’s in (3) awe
independent for each input dimension. Having the same
mathematical formulation, they naturally share very simila
system architectures [cf. Figs. 2 and 6].

3) MOE and FIS Networks: In summary, the Sugeno
type FIS and the MOE networks are basically equivalen
as long as the gating network of MOE generates the fuzzy
membership values according to the membership function:
and the And operation in the fuzzy [f-Then rules. Ther
are some subtle differcnces between the MOE and the
Sugeno-type FIS, as listed in the following.

1) For the FIS, there usually exist shared parameter:
for the rule nodes due to the partition of the inpu
space. Thus the rule nodes can be easily interpretec
as linguistic rules. In contrast, the parameters in the
MOE network are usually independent.

2) The output for each rute of Sugeno-type FIS is usualls
a (zeroth order or first order) polynomial function o
the input, while the output for the expert in MOE i
usually a nonlinear function.

3) If the gating network adopts elliptic basis function
with a general covariance matrix, it becomes difficul
to design an equivalent FIS using the rule: If 2, is S
And 29 is S5 And ... And w,, is S% Then y is OF,

4) DBNN and FIS Networks: The class-level hierarch
of DBNN and the rule-level hierarchy in the FIS ma
be properly combined to yield fuzzy NN’s useful fo
specific applications. One successful design example i
the neurofuzzy classifier named NEFCAR [55], which wil
be discussed in Section HI-C.

[II. FNN’s

The learning process for a FNN involves mapping sampl
data to the FNN’s network parameters via both the ur
supervised learning and supervised learning. Unsupervise
leaming can be used to obtain the initial fuzzy rule bas
from the sample data while supervised learning is effectiv
in fine tuning the decision boundaries of the classifier. Bot
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the MOE and DBNN employ the EM algorithm whose
derivation will be discussed in Section III-A.

In terms of the structural design, an effective implemen-
tation of FNN’s hinges upon (a combination of) locally
distributed and hierarchical networks. Local and distributed
processing is critical to fault tolerance and robustness of the
FNIN’s. A hierarchical design on the other hand often results
in a more efficient network structure. Proper incorporation
of expert-level modules and class-level modules into a
pierarchical FNN can prove advantageous in computation
and performance. A hierarchical FNN comprises a varicty
of fuzzy processing modules, for which EM serves as a
basic tool. In addition, the decision-based learning rule
proves to be effective in implementing a global (ie., -
terclass) supervised training scheme. The structural designs
and the associated learning algorithms will be elaborated
in Section II-B. There are recently many important appli-
cations involving fusion of information from completely
different sources. The hierarchical FNN structure can be
casily extended to cope with multichannel information
processing. Hierarchical fuzzy NN’s with an embedded
fusion agent offer an effective approach to channel fusion.

The FNN’s draw inspiration from innovations within both
the NN and fuzzy logic communities. Such FNN’s strive
to preserve the structure of the fuzzy systems and at the
same time maximally exploit unsupervised and supervised
learning rales in NN’s. One should be able to learn rules in
a hybrid fashion and calibrate them for betier total-system
performance. One hybrid design example will be elaborated
in Section HI-C.

A EM Fuzzy Classifier

Unsupervised learning or clustering rules can be per-
ceived as a tesult of natural evolution from the traditional
statistical clustering and parameter estimation techniques.

| Thesc often serve as a promising preprocessing step of a
pattern recognition system to enhance the performance. Un-
supervised learning algorithms may be applied to determine
the initial weights for individual local experts. The initial
clusters can be frained by VQ or K-mean clustering tech-
niques [12]. For FNN’s, the EM algorithm is a a convenient
tool o achieve maximum likelihood estimation for each
class conditional likelihood density.

K mean and VQ are often used interchangeably: They
classify input patierns based on the nearest-neighbor rule.
K mean [12] can be treated as a special method for
implementing VQ [18]. The task is to cluster a given
data set X = {x;ls = 1, .., N} into K groups, each
tepresented by its centroid denoled by X = i =
1,..., K}. The nearest-neighbor rule assigns a pattern X
fo lhe class associated with its nearest centroid, say x/.
K mean and VQ have a simple learning rules and the
classification scheme is straightforward. Mathematically, it
dims at minimizing the following cost function:

:Zh,,(xi)[xi4x’jiz (13)
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where h;(x;) = 1 for the members only, otherwise
hi(x;) = 0. [For example, h;(x;) = 1 could indicate
that x; is closest to x; among all K centroids in X.} The
K -mean algorithm [41] provides a simple mechanism for
minimizing the sum of squared error with K clusters,

The iterations in the VQ clustering adopt a “hard-
decision” rule, i.c., h;(x;) is either one or zero. In this
sense, VQ is only a special case of a more general clustering
algorithm, i.e., EM. The EM algorithm is a well-established
iterative method for maximum likelihood estimation (MLE)
[10] and for clustering mixtures of Gaussian distributions. 1t
serves as a useful tool {or estimating distribution parameters
and thus results in data clustering. Most importantly, EM
introduces a notion of “entropy” (or uncertainty) to induce
a fuzzy classification, making it very amenable to the
notions of fuzzy If-Then rule and fuzzy membership in
fuzzy neural models.

1) EM for Fuzzy NN's: The EM algorithm can be per-
ceived as a “soft” version of VQ, thus offering an efficient
fuzzy clustering tool for the unsupervised learning phase
in training FNN’s. In addition, the EM algorithm offers
several attractive attributes.

1) EM naturally accommodates model-based clustering

formulation with one model corresponding to one rule
used in FNN f[cf. Fig. 6].

2) The EM allows the final decision to incorporate prior
information. This could be instrumental to multiple-
expert or multiple-channel information fusion.

The most common clustering is via either an RBF or
a more general elliptic basis function. In the latter case,
the component density p(x;]©;) is a Gaussian distribution,
with the model parameter of the jth cluster ©; = {p;,
E,-Jrj} consisting of the mean vector, the full -rank covari-
ance matrix, and the pricr probability.

The problem is to find an optimal estimation of a mixture-
of-Gaussian likelihood functions []. p(x;) with respect to
©=1{0;,j=1,..., K} givenasetof data X = {x;]i =
1, ..., N} as independent identically distributed samples

K

K
p<X7> = Z 7TJ‘])(X,,‘,|®,'> Z 7Tj s 1 (14)

=1 j=1

where ©; represents the jth cluster, and 7; denotes its
prior probability.

The optimal estimation is obtained by minimizing an
energy function ' defined from the negative logarithm of
p(x;)

o
Il
i
iMz
=
=
s

log p(x;). (15)

i

|
\z'M
7

J

|

l
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Define hj(x;) = (m;p(x,]0;)/p(x,)). Equation (15) be-
comes

N K
E = — z Z hj(x;) log p(x;)
J=1

i=1 j
N

K
Z Z hi(x;)(— log p(x;) + log [1;p(x;]9;)]

1

i=l j=1 —log [m;p(%:]0;)])
N K

=3 hy(x)(log hy(x) — log [mip(x:105)])
i=1 j=1

- Z hj(x;) log hj(x,) — Z hj(x;) log n;
¥

i

- Z hi(x;) log p(x;]0;). (16)

2%

Note that h;(x;) equals the probability of x; belonging

to jth cluster given a prior model (h;(x;) = Pr(x; €
©,|x;, ©)). It can be considered as a “fuzzy” membership
function.

By rearranging (16), we obtain the following energy
function [19], [63]:

E= Z hy(x)s;(xi, py, X5) — o7 Z hy(x;) log m;
i, J L

+ o7 Z hi(x;) log hy(x,)- a7

W]
There are three terms in the energy function 2.

1) The first term 1is the external energy, where
$;(Xq, p1y, 3;) denotes a weighted squared error

i 55(%0s 15 335) = (x5 — 1) 55 (xi = py) "
2) The second term represents the internal energy. For
each sample x;, the internal energy fterm grasps
L the influence (prior probability) of its neighboring
clusters.
3) The third term can be interpreted as the (negative)
entropy term, which helps induce the membership’s
- fuzziness.
] The EM scheme can be seen as a fuzzy extension of K-
: mean clustering. In other words, K -mean clustering is a
special case of the EM scheme. [Note that (17) would be
reduced into (13) when X; is an identity mairix and op
approaches zero.] By examining (18), this leads to a hard-
decision clustering (i.e., with cluster probabilities equal to
either one or zero). This demonstrates that o1 plays the
same role as the temperature parameter in the simulated
annealing method. Note that the probability density function
has the form p(x;]©;) oc e300, %)/97 "5 the higher
the temperature the greater the entropy. It is a common
practice to use some sort of annealing temperature schedule,
i.e., starting with a higher o4 and then gradually decreasing
o to a lower value as iterations progress in order to force
a more certain classification.
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2) EM Iterations: We now modify the optimization for.
mulation slightly (but causing no net effect). The EM "
problem can be expressed as one which minimizes £ with
respect to both: 1) the model parameters © = 3-D{©O);,
4} and 2) the membership function {A;(x;), ¥4, j}. The
interplay ot these two variables can hopefully induce 4
bootstrapping effect tacilitating the convergence process,
This is further elaborated below.

1) In the E step, while fixing the model parameter

6 = {0©;, Vj}, we lind the best cluster probability
h; to optimize [ [with constraint 25;1 hi(x) =1

hi(x;) e mye (g, B) o (18)

2) In the M step, we search for the best mode] parameter
0 = {©,, ¥ } which optimizes I, while fixing the
cluster probability h;(x;), Vi.

The EM algorithm discussed above is directly applica-
ble to the hierarchical FNN’s as discussed in the next
section. Note that in a particular iteration, the parameters
to minimize the weighted-squared-error s;(x;, 1¢;, 2;) can
be obtained analytically, which is the special advantage of
using RBF-type likelihood functions. On the other hand,
if a linear model (e.g., LBF) is chosen to parameterize
the likelihood and/or the gating functions, we will need
an iterative. method to achieve the optimal solutions in
the iteration. In other words, the EM algorithm becomes a
double-loop optimization. For example, Jordan and Jacobs
[26] applied a Fisher scoring method called iteratively
reweighted least squares (IRLS) to train the LBF MOE
network.

3) Application Examples: As illustrated in Section 1V-
A, EM has been successtully applied to many patiern
classification applications.

B. Hierarchical FNN for Fuzzy Decision

As mentioned in the previous sections, the MOE and
DBNN networks adopt the expert-leve! and class-level
partitioning strategies, respectively. A hierarchical FNN
configuration should allow the incorporation of both the
expert-level and class-level modules. As elaborated below,
the selection of the inner blocks versus the outer blocks
will lead to very distinctive hierarchical structures.

1) Experts-in-Class Hierarchical Structures: Fig. 7 de-
picts such a structure. The inner blocks comprise expert-
level modules, while the outer blocks are on the class level.
A typical example of this type of network is the hierarchical
DBNN [38], which describes the class discriminant function
as a mixture of multiple probabilistic distributions. That is,
the discriminant function of the class w,. in the hierarchical
DBNN is a class conditional likelihood density p(x;|w.)

K

p(xilws) =Y P(Eglw)p(lwe, By) (19
k=1

where p(x;lw,., 7)) is the discriminant function of subnet
¢ in expert k, and p(x;|w.) is the combined discriminant
function for class w,. The expert confidence °{ £}|w.) can
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Fxperts-in-class hierarchical design. For the applications where there are scveral cxperts
syrmation sources, experts-in-class hierarchical scheme can be applied for classification. (The
networks are omitted in the drawing ) Like the bascline DBNN model, the minimal updating
sle can be adopted to train the parameters in the network. P(E;lw.) serves as the confidence
tor for the jth expert in class ¢ It is a trainable parameter, and its value is fixed during

ing time

:arned by the EM algorithm described below. Define

= P(B|w.) and set the initial value of ay = /K,
=1, ..., K. At the iteration step 7
(m) o™ p(xilwe, Ey)
il () = S
S s B
1
LN
(m+1) _ (m)
o = ; W (). (20)

1 expert processes only the local features from its
2sponding class. The outputs from different experts are
uly combined. The weighting parameters, P(Eglwe),
ssent the confidence of expest £, producing the correct
ver for the object class w.. Once they are trained
he learning phase, their values remain fixed during
retrieving (or identification) phase. By definition,
_, P(Eplw.) = 1, where K is the number of experts
1e sabnet w.. So it has the property of a probability
tion. Note that, in conjuncture with the expert-level (or
Jlevel) hierarchy, each hidden node within one class
et may be used o model a certain local expert (or
) with a varying degree of confidence which reflects
ability to interpret a given input vector. The locally
pervised and globally supervised scheme described in
jon TI-A3 can be adopted to train the OCON network
Fig. 4]1.

) Classes-in-Expert Hierarchical Structures” Fig. 8 de-
s such a structure. The inner blocks comprise class
lules while the outer blocks are the expert modules.
h expert has its own hierarchical DBNN classifier. The
juts of the hierarchical DBNN’s are transformed to the
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posterior probabilities by softmax functions. In this fusion
scheme, the expert weighting I’(F;|x) is a function of
input pattern x. Thercfore, the importance of individual
experts may vary with different input patterns observed.

This network adopts the posterior probabilities of electing
a class given x;, [i.e., P(w |x;, [5;)|—instead of the likeli-
hood of observing x; given a class [i.e., p(X;|we, £)]—10
model the discriminant function of each cluster. For this
version of hierarchical FNN, a new confidence P(I7|x;)
is assigned, which stands for the confidence on expert k
when the input pattern is x;. Accordingly, the probability
model is modified to become

K
Plwelxi) =Y P(Erpa)Plwcp, Br) @D
k=1
where
Plw.|Fh ilwe, E
Plods, By) = DedBelpble, Br),
p(xi|Ex)
P(Xi F)L) = }; P(wc El.’:)p(xvﬂ\w('; EI;‘,) (22)

(&

and the confidence P(Fjlx;) can be obtained by the
following equation:

P(Bp(al )
> P(E)p(x| )

(L, (23)

Xi> =

Equation (22) is one type of the softmax function. Its
weighting parameter (w,.|5}.), just like P(Ej|w.) in (19),
is made to satisfy the property of a probability function
fi.e.. .. P{we|Fy) = 11. Consequently, P(w.|E}) can be
recursively estimated by EM iterations in (20). The term
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{cf. (20)] This network can be viewed as a hybrid model of MOE and DBNN, where local expert
networks serve as local classifiers. When applying such a hierarchical ENN to channel fusion, each
channel module can be regarded a local expert with predetermined feature space.

P(Ey) may be interpreted as the confidence-level on expert
k, which can be learned by the EM iterations very similar
to (20). The confidence level P{[7),) provides the key factor
atfecting the fusion weight P{Fy|x;) which is the output
of the softmax gating network. It can also be shown that
P(I2;) can be learned by (20) with slight modification. We
note that, unlike the experts-in-class approach, the fusion
weights need to be computed for each testing paitern during
the retrieving phase.

3) Channel Fusion: The problem of combining the clas-
sification power of several classifiers is of great importance
to various applications. In many remote sensing, pattern
recognition, and multimedia applications, it is not uncom-
mon that different channels or sensors could be provided to
facilitate the recognition of an object. In addition, for many
applications with very high-dimensiona] feature data, it
provides some computational relief to divide feature vectors
into several lower dimensional vectors before integrating
them for final decision (i.e., divide and conquer).

Several categories of fusion layers have been studied in
[2]. In the present context, the classes-in-expert hierarchical
FNN can be naturally extended to cover the sensor fusion
network. To this end, the definition of experts needs to be
properly expanded. Now the local experts inciude not only:
1) the adaptive-trained type but also 2) the predetermined
type. For the former, the feature space (often a certain local
region) represented by an expert is adaptively trained in
a posteriori fashion. The model parameters depend very
much on the initial condition the local expert is assigned.
As to the predetermined experts, each local expert has
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fixed model parameter, as it is designated to extract certain
prior known feature space (e.g., high or low frequency
components). By regarding each sensor as a predetermined
local expert, the classes-in-expert hierarchical FNN can be
made amenable to sensor fusion applications.

More exactly, the sensor-fusion FNN consists of several
classifier channels, each of which receives input vector from
its own sensor. lts structure (although not shown) resembles
that of the classes-in-expert FNN. The fusion of different
channels can be implemented as a (properly gated) linear
combination of outputs, with the gating parameters reflect-
ing the confidence measures of the sensor channels. This
scheme can make a good use of the Bayesian estimation
formulation and also facilitate adoption of EM training of
the channel confidence parameters.

4) Application Examples. Hierarchical FNN’s  have
found numerous important object detection and pattern
recognition applications. Some illuminating examples will
be provided in Section IV-B.

C. Neurofuzzy Classifiers with Adjustable Rule Importance

The class-level hierarchical structure used in the DBNN
and the interpretation of fuzzy If~Then logic rules can be
combined to establish the connections between the hidden
nodes and the output nodes. One good example is the
neurofuzzy classifier called NEFCAR, which is built upon
the OCON structure {55]. Based on the interpretation of
fuzzy If~Then rules, the connections between the hidden
nodes and the output nodes in the OCON structure are
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Fig. 9. Block diagram of the neurofuzzy classifier

established. Both positive and negative rules are utilized
and they are given varying and adjustable rule importances.
Simulation studies point to the result that the classification
rate can be improved by adding the cross connections. This
demonstrates that the system performance may be improved
by properly combining neural learning techniques and the
fuzzy linguistic structure.

The NEFCLASS as proposed in [45] and [46] has sim-
lar structure to the NEFCAR design. The NEFCLASS
architecture resembles that of a multilayer network whose
weights are described as fuzzy sets. The backpropagation
learning rule is adopted to train the NEFCLASS model.
The design purpose is to derive a fast converging model
which: 1) can be interpreted in terms of linguistic rules and
2) can use priof rule-based knowledge. The key differences
between NEFCLASS and NEFCAR are the following. In
NEFCLASS, the connections between the rule nodes and
the output nodes are fixed to one, i.e., there are no “neg-
ative” rules. Moreover, some parameters in NEFCLASS
are shared by different rules and they cannot be trained
independently, unlike NEFCAR.

1) NEFCAR Architecture: To facilitate the discussion, we
assume that the input pattern, the dimension of input
pattern, the number of classes, and the number of rule nodes
m class j are denoted as x, N, M, and D;, tespectively.
The fuzzy rules of NEFCAR for an N-dimensional input
pattern x = {1, ..., xx} are of the form

Positive Rule:  If 2118 17 And ... And zn 1S pyv,

Then x 1s 1n class 2
Negative Rule: I 2118 g7 And ... And 2n 1s iy,

Then x is not in class k (24)
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where p;’s are the fuzzy sets with Gaussian-like member-
ship functions. The consequent of the positive role, “x is
m class 2,” is represented as a classifier output variable
fi = 1. On the other hand, the consequent of the negative
rules is represented as an output fj, = —1. The schematic
diagram of the architecture of the classifier is shown in
Fig. 9, which is designed for a M-class classifier. In our
design, each class has its own set of rule nodes and rule
nodes are fully connected to the output nodes. A rule acts
as a positive rule when it contributes to the output of its
own class. Otherwise, it acts as a negative rule. Therefore,
for a rule node in class 4, we have effectively one positive
rule and (M — 1) negative rules.

We assume the height defuzzification approach described
m [11] is adopted to compute the output of each class. And
the Z) denotes the matching degree of the If part of the
dth rule in class j.

The importance -of the dth Tule in class § to the ontput
of class i is represented by a weighting factor ;. Such
a factor can be interpreted as duplicating the same rule
y; times in the defuzzification procedure for output .
This notion may be easily extended to the situation of
noninteger v/ . In general, the corresponding rule becomes
more important o output f; when yy becomes larger.

Assume that the mean and the variance of the Ith
(Gaussian-like) membership function of the dth rule for
the jth class are denoted as m), and o}, respectively.
Moreover, the multiplication 1s used in lieu of the And
operation 1n the rule in (24). Then the crisp defuzzified
output of class ¢ can be computed as follows:

D, D;
* — s /3 = IRLY A -S § o 7
f/ *O‘Z/b}l‘/ Q¥ = Z Ya 44 ) Ya Z(],
d=1 j=1, 351 d=1
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and

175
Bo=> > ulZ (25)

7=1 d=1
where
N . P2
7= e (wr —my) y
Zy = expl = Y e (26)
=1 (o)?

The (4+1) and (—1) may be absorbed into g:]j and this leads
o

NS A=Y S Wi

g=1 d=1 7=1 d=1
Therefore, we can consider (7)’s as wejghting parameters
in the network shown in Fig. 9. From the above equations,
it is clear that
ook R .
-1 < fr < fori=1,..., M.

The classification procedure is described as follows. The
pattern is input to each rule node which computes the
matching degree (/ ) of the If part of the rule. Then the
output of each class (f) is computed according to the
weighting of each rule. The class ¢ which has the largest
output is identified. That is

c=arg <max I ) (27)

The pattern is classified into ¢ it the confidence measure [cf.
C?. i (29)] is large enough. Similarly, if we are dealing
with a two-class application, the region in solid polygon
and the weights connected to it, which are shown in Fig. 9,
can be removed. In this situation, the sample is classified
into class 1if f{ > 0; otherwise, it is classified into class 2.

2) Training Algorithm: The locally unsupervised and
globally supervised technique is adopted. 1t means that for
the parameters in the network of a given class, we utilize an
unsupervised clustering method to obtain the initial values
using the patterns in the same class. Training patterns from
all classes arc used to update the classifier after the initial-
ization. The reinforced and antireinforced learning rules are
adopted to training the neurofuzzy networks. The decision-
based and approximation-based strategies are combined to
provide a balanced amount of supervised training. As a
result, the classifier can reach convergence quickly.

3) Initialization: Since the linguistic rules for describing
how to classify the data are not available, we adopt the
K-mean algorithm to cluster the training data to obtain
the initial (m?;)'s in this study. The (07,)'s are set to one
initially. The importance factors for the positive rules are
set to one and those for the negative rules are set to small
negative numbers.

4) Combined Training Strategy: The training strategy of
NEFCAR combines both the approximation-based and
decision-based training strategies. As in the approximation-
based approach, each pattern is assigned a target value (-1
or +1) for each output. Note that from the formula for
computing the output values in (25) and (26), the output
values always fall into the closed interval [—1, 1]. Let the
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teacher vector for a pattern from class & be denoted as
T = {ty, t2, - ., tar} and have the value

Li=-1, +#k
’ 5 e 5
{r =41, i=k (28)

Similar to the decision-based training, not ali the training
patterns are involved in the updating. [n our design, if the
output reaches certain noise tolerance value, the training is
omitted. In this case, the pattern with larger error will be
trained with a larger training ratio. This can give each data
a proper training weighting without forcing all of them to
produce the (artificially given) limiting values (—1 or +1),
Therefore, the training procedure can reach a compromise
between training patterns more easily and can converge
faster.

5) Confidence Measure: In the training phase, a confi-
dence measure can be used to avoid the outliers. Tt the
pattern is from class 4, we can define the confidence
measure as

D;
O = Z A Ymax (29)
d=1
where ymax 15 defined as
Ysnax = WAX Y] . (30)
i,
The O, measures the normalized sum of matching degrees
of the rule antecedent of the rules from class 1.

In the training process, if € is smaller than a threshold
for a training sample, then this sample is ignored to avoid
the training on the outliers and the numerical difficulties.
Let C,,, denote the average of the confidence measure,

that is
Cru=d. >, Cn
i=1 x€Class?

where N, denotes the total number of patterns. The C,,,
is calculated for each epoch of training. When the value of
the average of the confidence measure becomes too small, it
indicates that the pararmeters in the rule nodes cannot model
the distribution of the training patterns well. This may result
in degrading the generalization performance. Therefore,
once the C,,, 1s smaller than a threshold, the training
process is stopped. Since the Gaussian-like functions are
adopted as the membership functions, the backpropaga-
tion algorithm can be easily implemented to calculate the
gradients for all the parameters in the neurofuzzy classifier.

6) Application Examples: NEFCAR rtepresents a novel
fuzzy inference network for many pattern classification
problems. For more application details, see Section 1V-C.

IV. APPLICATIONS OF FNN’s

FNN’s have become a competitive means for many
applications from low-level image processing to high-level
pattern rccognition. In particular, we shall highlight how
FNN'’s can play a key role in video/image indexing, brows-
ing, and content search in multimedia information sys-
tems [27], [49]. We shall present examples of texture
classification and image/video segmentation, with several
applications to- medical and multimedia processing. The
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iINN’s can cope well with a variety of cues such as
exture, intensity, edge, color, and motion. ENN’s are also
weful for detection and recognition of high-level features.
Ne shall discuss application examples where FNN’s can
wecessfully facilitate recognition tasks such as detection
¥f bank notes, recognition of human faces, or identification
»f breast cancer cells.

A Applications of EM Fuzzy Classifiers

1) Motion-Based Video Segmentation. Robust scene seg-
mentation is a prerequisite for the object-based video pro-
cessing and high-performance video compression. Various
approaches to this complex task have been proposed, in-
cluding classification of motion flow, color/lexture seg-
mentation, and dominant-motion extraction. In [39] and
(40], the EM method is applied to object-oriented motion
segmentation, which divides a video scene into different
motion regions. The procedure is briefly described below.

Initially, motion clustering is performed upon a sclected
set of motion feature blocks tracked by a true motion
tracker. The feature blocks are represented by the principal
components (PC) of their position and velocity. The motion
parameters for each of the clustered feature blocks may
be estimated and used as the initial condition for the
final segmentation process. The final segmentation and the
corresponding motion parameters are iteratively updated
by a model-based EM algorithm. The model-based EM is
based on minimization of the following energy function
(where b denotes the image blocks):

B(A, h) = Z hi(b)s;(b, A;) — o Z h;(b) log m;(b)

b,J b, 7

+ o2 Z hy(b) log hi(b). (31
b,y

The first term represents the external (error) energy func-
tion; so that each cluster (say jth cluster) would be best fit
10 a“given motion (say affine) model denoted by A;. The
second term represents an internal energy function, which
enforces the region smoothness by allowing neighboring
blocks of a target block to exercise proportional influence
on the classification of that target block. This serves the
purpose of forcing the classification to take imto account the
intensity/texture continuity (i.c., image cues) and resulting
in a smoother segmentation. The third term stands for the
entropy function which encourages a softer classification.

Fig. 10 shows an example of video scene segmeniation
containing two moving books shot from a moving camera.
Fig. 10(a) shows the distribution of the feature blocks in the
PC coordinaie. The unsupervised EM clustering scheme is
then adopted to cluster the feature blocks. Fig. 10(b) shows
the feature blocks classified into the left book. Fig. 10(¢)
demonstrates that the object region of the left-book as
extracted by the EM-based segmentation.

2) Texture Classification  via EM  Cluster-
ing. The texture information can be the gray level of
a pixel or the texture features of the neighborhood

Intraclass

around a pixel. The objective of texture clagsification
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Fig. 10. Motion-based video segmentation result of sequence
with 2-Books with moving camera. (a) Distribution in terms of
the PC’s of the feature blocks obtained by a true motion tracker
Vertical axis: PC of motion (D). Horizontal axis: PC of position
(W). (b) Feature blocks of the left book clustered by EM. (c) Final
segmentation (of the left book) by a multicue model-based EM

is to determine the boundary of a region where the
image has the samc textural characteristics. Both the
wnsupervised or supervised approaches are useful for
the texture classification application. If there  is no
representative training image available in the application,
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then unsupervised techniques are the only options available.
The EM algorithm described in Section II-A has been
adopted as an effective means for texture classification,
which can be used as a core unsupervised clustering
technique. Satisfactory performances of the unsupervised
EM algorithm for segmenting satellite images and medical
images have been reported {9], [42], [51]. Nevertheless,
the supervised technique can usually deliver much better
segmentation results. An example based on intraclass
EM clustering will be described here. As a comparison,
another example using interclass supervised leaming will
be discussed in the next section.

It is assumed that the probability distributions of texture
information of different regions in an textured image can
be represented by statistical models. The EM algorithm
can be adopted (o estimate the probability density and a
Bayesian classification approach can be adopted to seg-
ment the images. The neighborhood (spatial) information
can be considered in the probability distribution model
or used in a post-processing stage to produce a smooth
segmentation. In [48], the EM technique is applied to
image segmentation. The training images from a (known)
texture class are used to obtain a representative statistical
model. The classification is accomplished by centering
a neighborhood at each pixel location, and choosing for
that pixel the class whose conditional probability (given a
texture model) is the highest. The prelimjnary result usually
has a “noisy” appearance. One way to smooth the boundary
is to make a good use of the spatial homogeneity. More
precisely, for a pixel to be assigned to a specific class, ifs
peighborhoods must also have reasonably high conditional
likelihood (given the same texture model). According to the
experimental report [48], the total error rate is below 5%
for segmenting a four-square-region image comprised of
four Brodatz textures. It was also observed that the overall
error rate could be greatly reduced (to 1%) by first applying
lowpass filtering to perform spatial averaging {9], [42], [51].

B. Applications of Hierarchical FNN's

1) Texture Classification via Global (Interclass) Supervi-
sion: In Section IV-B, the EM classifier does not make
a full use of the interclass supervised iraining which di-
rectly tackle any mutual dispute which might exist between
two competing classes. Substantial improvement can be
expected by fully utilizing global interclass supervision.
This idea has prompted [54] to propose an experts-in-
class hierarchical texture classifier, based on the decision-
based (reinforced and antireinforced) learning rule. Twelve
Brodatz texture images were tested in the experiments
and the hierarchical classifier achieved an extremely low
classification error rate (as low as 0.2%). Such a superior
performance is partially due to the adoption of global
supervision. It is also partially due to the adoption of a novel
texture feature, called fuzzy texture spectrum. The fuzzy
texture spectrum, based on the relative differences of the
gray levels between pixels, appears to be tairly insensitive
to noise and changing of the background brightness in
texture images.
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2} Face Recognition and Content-Based Indexing for Video
Browsing: Tace recognition is a user-friendly, nonintrusive,
and convenient approach to biometric identification. Many
NN’s have been proposed for face recognition 1171, 133,
[38], 156]. For examples, Brunelli and Poggio has adopted
an RBF network for face recognition [4]. Cox et al. [7)
proposed mixture-distance VQ network [or face recogni-
tion and reached a 95% rate on a large database (6835
persons). Fuzzy decision-based NN’s have shown a very
good success in face recognition [38]. By combining facial
information with other biometric features such as speech,
feature fusion not only enhances accuracy but also provides
some fault tolerance, ie., it could tolerate a temporary
corruption of one of the bimodal channels. In [36] and
[37], NN’s have been successfully applied to find such
patterns with specific applications to detecting human faces
and locating eyes.

In many video applications, browsing through a large
amount of video material to find the relevant clips is an
extrernely important task. The video database indexed by
human faces, exemplified by Fig. 11, provides users the
facility to efficiently acquire video clips about the person
of interest. For example, a film-study student may con-
veniently extract the clips of his/her favorite actor/actress
from movie archive to study his/her performance, and a TV
news reporter may quickly find out from news database the
clips containing images of some politician in order to edit
headline news.

Fuzzy neural processing presents a promising approach
to fast access of audiovisual objects, manipulating them,
and presenting them in a highly flexible way. By extracting
proper information content inherent in video clips, it leads
to efficient search schemes for content-based retrieval. A
video indexing and browsing scheme based on human
faces is proposed in [37] and [38]. The scheme adopts the
(experts-in-class) hierarchical FNN for face detection and
recognition techniques. The scheme contains three steps.
The first step of our face-based video browser is to segment
the video sequence by applying a scene change detection
algorithm. Scene change detection gives indication of when
a new shot starts and ends. Fach segment (shot) created
by scene change detection can be considered as a story
unit of this sequence. From every video shot, we take its
representative frame and feed it into a probabilistic DBNN
face detector [38]. Those representative frames from which
the detector gives high face detection confidence scores are
annotated and serve as the indices for browsing.

This scheme can also be helpful for constructing hierar-
chies of video shots for the purpose of video browsing. One
such algorithm [62], for example, proposes using global
color and luminance information as similarity measures
to cluster video shots in an attempt to build video shot
hierarchies. Their similarity. metrics enable very [ast pro-
cessing of videos. However, in their demonstration, some
shots featuring the same anchorman fail to be grouped
together due to insufficient image content understanding
For this type of applications, we believe that the existence
of similar objects, and human objects in particular, shoulc
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Fig. 11.  Probabilistic DBNN face-based video browsing system. Face detector examines all the
representative frames to see if there contain human faces and if so the face detector passes the

frame 1o face recognizer to identify whose face it is.

provide a good similarity measure. As reported i [5] and
[6), this scheme successfully classifies these shots to the
same group. \

3) Currency Recognition: With the recent improvements
in the picture quality of color scanners and printers, many
national laws explicitly prohibit copying of specific origi-
nals such as currencies, bank notes, or securitics. Therefore,
high-end color copiers are required by law to incorporate
antiforgery modules so that any atlempt of counierfeiting or
unauthorized duplications of registered patterns from their
copiers will be detected and denied. Bank notes or cur-
fency recognition for copiers is a challenging task. Unlike
other special-purpose currency discrimination machines,
the antiforgery module in copiers cannot use a handling
mechanism to detect the physical characteristics of the
currencies, nor can it reply on some antiforgery features
such as metallic stripes or special ink, unless special sensors
are included. Moreover, to recognize currencies from tens
of countries by the limited computation resource in the
color copiers requires a very efficient and accurate pattern
recognition engine.

FNN’s have been successfully applied to antiforgery and
currency discrimination. A hierarchical DBNN recognizer
has been designed to detect currency palierns on the image
scanned by the color copier. The recognition engine adopts
hierarchical pattern recognition approach for money recog-
nition, i.e., both local texture features and global structural
information of the registered patiterns are ufilized in the
recognition process. After image preprocessing, the engine
ties to detect the presence of special currency features
{e.g., porlrait, notes, background patterns) in the scanned
image by applying the hierarchical experts-in-class FNN’s.

KUNG e1 af © SYNERGISTIC MODELING AND APPLICATIONS

Fig. 12. Money patterns detected by hierarchical DBNN recog-
nizer. The small boxes indicate the locations of the detected local
currency texture features, and the large boxes show the Jocations
of the moncy patterns.

After potential feature blocks are detected, the algorithm
then uses a structural matching method, adopted from [36],
to group the feature blocks that possibly form a cwrency
pattern. The registered currency patlerns at every possible
location in the scanned image (translation invariant), with
every possible rotation angle (rotation invariant), and with
various background images (robust detection), can be suc-
cessfully recognized. Wrinkled or torn currencies can also
be recognized. Fig. 12 shows some money patterns that are
detected by the recognition engine.

On a PowerPC, the software version of the hierarchical
FNN recognition engine has a misrecognition rate of less
than 0.1% (i.e., no currency pattern out of 1000 tests fail
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Fig. 13. (a) The typical mass appearances in mammograms. (b) The classification results: -o-
denotes true mass cases; -#- denotes false mass cases. Compactness and difference entropy are
the features used for classification. Note: Originally, a total 17 features selected by medical from
experts were studied in our DBNN clustering, the 2-D plot shows the two most representative
features which posses the greatest distinguishability

‘ to be detected) and the false detection rate is less than 4) Medical Applications of Experts-in-Class FNN's:
5 0.001% (i.e., no noncurrency pattern out of 100000 tests FNN’s have been successfully applied to several medical
are falsely detected). As to the processing speeds, The 132 applications. The following paragraphs describe some of
MHz PowerPC takes in 3-5 s to detect currencies {rom the examples.
more than cight countries on a 50 DPI 8.5-in x 11-m a) Medical image quantification: The problem of in-
scanned page. age quantification is very different from image segimentad:
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Fig. 14. A classes-in-expert system for car recognition. Given an original image, two experis
arc adopted to classify various car models using features from different frequency domains. One
expert uses the low-frequency information, and the other uses the high-frequency information. The
classification results from the two experts are combined by the classes-in-expert fusion scheme.

tion. Compared to image segmentation, which categorizes
each image pixel 1o one of the many image classes (i.c.,
hard classification), image quantification assigns to pixels
the probabilistic (fuzzy) memberships from multiple im-
age classes (i.e., quantitative mapping functions). These
memberships carry particular significance beyond the actual
segmentation. One example is the determination of the
activity involving the transmission of nerve impulses m the
selected regions of interest (ROI) in the brain [32]. To assist
doctors to analyze the high activity regions in the positron
emission tomography (PET) image of the brain, Wang ef
al. [59], [60] assign the image pixels fuzzy membership
values from different brain tissue classes. The memberships
are created by examining the higher-resotution magnetic
resonance (MR) image which is registered to the PET image
beforchand.

The fuzzy class memberships are realized by the class
conditional likelihood functions in the experts-in-class net-
work. A model fitting scheme is used to estimate the
number and kernel of local clusters using information
theoretic criteria. The class distribution functions are then
obtained by learning generalized Gaussian mixtures where
a fazzy classification of the data is performed. Further
classification of the data is treated as a hard Bayesian
detection problem, where the decision boundaries between
the classes are fine-tuned by the decision-based learning
scheme. Successful implementation of this framework has
been demonstrated in [58] and [59].

b) Computed-aided diagnosis (CAD): The aforemen-
tioned experts-in-class networks can be applied to the CAD
for breast cancer detection. The objective 1s to detect masses
(suspicious cancer regions) in digital mammography. Some
typical mass cluster appearances on' mammograms are
displayed in Fig. 13. In clinic sites, masses are evaluated
based on the location, density, size, shape, margins, and
the presence of associated calcifications. Note that the
knowledge database involving computer-assisted diagnosis
has long recognized to be fairly complex. In fact, the
complexity has little to do with “dimensionality” of the
feature space. Therefore, the hierarchical DBNN proves
to be a very effective tool for classification. For more
details, see [34]. A two-class hierarchical DBNN is trained
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to distinguish the “true masses” from the “false masses”
based on the features extracted from the suspected regions.

1) A total of 150 mammograms were selected from
the mammographic database. Each mammogram con-
tained at least one mass case of varying size and
location. Among them, 50 of the mammograms con-
tain the biopsy-proven masses (true masses). Note
that one mammogram consists of two breast images
taken from different viewing directions. In other
words, 300 tmages are selected.

2) The training set was constructed from 50 true mass
ROI’s and 50 false mass ROI’s. Note that there
are more than one mass ROI’s in one mamimogram
image.

3) The test set contained 46 randomly selected single-
view mammograms: 23 normal cases and 23 contain-
ing biopsy-proven masses.

4) The feature vector contained two features: compact-
ness and difference entropy. According to our inves-
tigation, these two features have the better separation
(discrimination) between the true and false mass
classes.

Fig. 13(b) shows the classification of two classes with
our method. In our evaluation study, 6—15 suspected masses
per mammogram were detected and recommended to physi-
cians for further evaluation. The receiver operating char-
acteristic (ROC) method is used to evaluate the detection
performance. When the two distributions overlap on the
decision axis, a cutoff point can be made al an arbitrary
decision threshold. The corresponding true-positive frac-
tion (TPF) versus false-positive fraction (FPF) for each
threshold can be drawn on a plane, where sensitivity (TPF)
and specificity (one minus FPF) are used to evaluate the
system performance on the specified point of the ROC
curve. The best operating point of the proposed classifier
is at a sensitivity of 84% with a specificity of 82%. At this
point, the classifier reaches the performance of 1.6 false
positive findings per mammogram, which outperforms the
conventiopal rate at 2.0 [58].

5) Three-Dimensional (3-D) Object Recognition via
Classes-in-Expert FNN: The classes-in-expert hierarchical
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Fig. 15.  This figure shows a typical detected situation. (a) shows the downsampled images and the
detected face positions (marked with circles) and (b) shows the mmages at the original resolution
The feature region (within boxes) and the final detected position {(marked with ¢) are shown.

fusion  metwork  has  demonstrated  classification six car models from different view angles to create the
improvements on 3-D  vehicle recognition problems training and testing database. Around 30 images (each
[36]. This is iflustrated in Fig. 14. The experiment used with size 256 x 256 pixels) were taken for each car model
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Fig. 16. This figure shows a typical result of the online face detection situation. The feature region

is shown with boxes. And the final detected position is marked with ©

from various viewing directions. There were in total 172
examples in the data set. Two classifier channels were built
from two different feature extraction methods: one used
intensity information and the other edge nformation. The
fusion of two channels (with 94 and 85% recognition rate
cach), the recognition rate reached 100%. The fusion model
was compared with a single network classificr. The input
vectors of these two networks were formed by cascading
the intensity vector with the edge vector. Therefore the
input vector dimension becomes 144 X 2 = 288. The
network is the RBF-typed DBNN. The experimental result
shows a performance of around 96% recognition rate which
is much inferior 1o (the perfect rate of) the fusion network.

C Applications of NEFCAR Hierarchical Classifier
1) Face Detection and Localization: An online face lo-
calization system, based on the proposed neurofuzzy NEF-
CAR model, will be discussed. For face localization from
any image sequence, an algorithm combining both the
heuristic and neurofuzzy approaches may be adopted. The
moving objects are found by thresholding the difference
'image between two consecutive images. Then the approx-
imate ROT in the image that contains the (moving) person
~can be determined. Therefore, the amount of data required
| for processing can be greatly reduced. Then the neurofuzzy
classifier is applied to locate the face in the ROL We assume

that there exists af most one face in an ROIL Therefore, if

more than one face is detected, the position with the fTargest
confidence measure is selected.

KUNG ef of - SYNERGISTIC MODELING AND APPLICATIONS

To save the storage space and the processing time, we
first worked on the still images which are taken using a
digital camera. The size of the images is 320 X 240. (One
can simply regard these images as ROUs obtained from
the motion information.) In the training and test procedure,
images from 75 persons with three different view angles
(frontal 45° to the right, 0%, 45° to the left) were used.
To alleviate the harmful influences from the hair style,
the ornaments, or the facial expressions, we adopted a
normalized T-shape image block which covers the eyes
and nose as the feature vector [see the image in Fig. 15].
The featare area was down-sampled by a factor of eight
in order to lower the feature’s sensitivity to alignments.
This process appeated to tolerate uncertain variations well,
such as different eye glasses wore by the same individual.
Furthermore, the mean of the feature vector was removed
and the variance renormalized to one. For the training
patterns, we manually selected the center positions of the
eves (p; and pz) by using the mouse. The position for
a positive sample was obtained by averaging the center
positions ({p, + p2)/2). The pixcls in the image outside a
mask 11, centered at the positive sample were considered as
the positions of negative patterns. The size of the mask my
was 3 % 3 in the downsampled images. When evaluating
the performance of the classifier, if the face was detected
within the mask my, the detection would be considered 1o
be correct. Otherwise, the detection would be considered
as false. If the confidence measwre was too low for the
detection, it was deemed as undecided (rejecied). The
training accuracy of the still images (images with 45° to
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the right and 0%) was 100% correct. The test accuracy on
the third set of images (45° to the lett) was around 93.4%
correct; 5.3% undetected, and 1.3% false. A typical detected
still face is shown in Fig. 15. For an online test of the
classifier, ten experiments were conducted and all the faces
were delected. A typical result is shown in Fig. 16. The
accuracy of the face position can be further improved if
certain postprocessing, such as eye detection, is adopted.
In an online application observation, if multiple image
frames can be grabbed and processed by the NEFCAR, then
more robust face localization may be resulted by fusing the
decisions of mndividual frames.

V. CONCLUSION

This paper has studied the rich synergy between NN’s
and fuzzy logic systems. For example, it has demonstrated
that several prominent NN’s can be easily reformulated as
[uzzy systems and vice versa. The study leads to a unifying
framework to integrate fuzzy logic processing and NN’s,
which incorporate unsupervised (e.g., EM) lcarning and
mterclass supervised learning (e.g., decision-based learn-
ing) into a hierarchical FNN structure. Theoretically, the
hierarchical FNN family adopts a probabilistic soft-decision
training strategy and a hierarchical structure which reflects
(expressive) knowledge ot experts. Practically, the proposed
ENN family represents a robust information processing
system for classification and data fusion. It can yield
performance advantages and can be useful to a broad
spectrum of application domains. As demonstrated in the
paper, several exemplifying applications have been built
upon such a synergistic model. In order to materialize
fully such advantages in terms of practical applications,
the main challenge in our opinion lies in achieving a
thorough understanding of the input feature space and a
proper mapping of such space onto the expert/class modules
according to the (unsupervised and supervised) learning
strategies proposed.
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