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Supervised Fuzzy Clustering for Rule Extraction

Magne Setnes

Abstract—This paper is concerned with the application of important clusters during the clustering process in order to
orthogonal transforms and fuzzy clustering to extract fuzzy rules  extract fuzzy rules that capture the important features of the
from data. It is proposed to use the orthogonal least squares gyqtams input/output state space in a compact and transparent
method to supervise the progress of the fuzzy clustering algorithm rule base. By initializing the clustering with an overestimated
and remove clusters of less importance with respect to describing - BY g ) : g v
the data. C|ustering takes p|ace in the product space of Systems number Of C|USteI’S, there IS an |ncreased pOSSIbI|Ity that a.” the
inputs and outputs and each cluster corresponds to a fuzzy important regions in the data are covered, and the result be-
IF-THEN rule. By initializing the clustering with an overestimated  comes less dependent on the initialization. In [13] the idea was
number of clusters and subsequently remove less important briefly introduced for the fuzzy-means algorithm, assuming
ones as the clustering progresses, it is sought to obtain a suitable der Takadi—S TS) f del ’I thi
partition of the data in an automated manner. The approach is a zero-order Takagi-Sugeno ( )_ uzzy .mo el. n 'S, paper,
generally applicable to the fuzzye-means and related algorithms. the Gustafson—Kessel (GK) algorithm with adaptive distance
It is studied in this paper for adaptive distance norm fuzzy measure [14] is considered, together with the more general TS
clustering and applied to t_he identification of Takagi—Sugeno fuzzy model, with functional rule consequents.
type rules. Both a synthetic example as well as a real-world 1 "the following, Section Il describes the assumed fuzzy
modeling problem are considered to illustrate the working and del t d h' to det ine it ¢ f dat
the applicability of the algorithm. model type and how to determine its parameters from data.

The identification by product space clustering is explained in
Section I, while the OLS-based cluster reduction method and
the supervised clustering algorithm are described in Section
IV. The proposed approach is demonstrated in Section V with
I. INTRODUCTION two examples. First, the reconstruction from data of a known

UZZY rule-based models are often used to model Systerg[#e-based system [15] is considered. It is shown that the
in an input/output sense by means of IF-THEN rules. It i gorithm successfully can detect the structure (premise) of the

desirable that the rule base covers all the states of the system] f glgn de[atlng rlljle b?je' Ir;)lthe S?COHS elx an:r? le the algorcljthm
are of importance for the considered application. At the sarfie?PPIEC o a real-world problem of modefing the pressure dy-
mics in a fermenter. The result is favorably compared to that

time, the number of rules should be kept low to increase tﬁ'ﬁ trial-and h with the standard GK alaorith
generalizing ability of the model, and to ensure a compact aﬁ a trial-and-error approach wi € standar - aigonithm.
inally, some concluding remarks are given in Section VI.

transparent model.
Fuzzy rules can sometimes be obtained from human experts.

Knowledge acquisition, however, is a cumbersome task, and for Il. Fuzzy MODELING

(partially) unknown systems, human experts are not availabE.

Therefore, data-driven construction of fuzzy rules from mea-

sured input/output data has received a lot of attention. Such fuzzy rule-based model suitable for the approximation of

modeling approaches typically seek to optimize some num&pany systems and functions is the TS fuzzy model [16]. In the

ical objective function, while less attention is paid to the comtS fuzzy model, the rule consequents are typically taken to be

plexity of the resulting model in terms of the number of rules [LEither crisp numbers or linear functions of the inputs

Various methods have been proposed to balance the tradeoff be-

tween model accuracy and complexity, like entropy [2], genetid®i: IF z is A; THEN y; =afz+b;, i=1,2,..., M

algorithms [3], [4], orthogonal transformation methods [5], [6], 1)

similarity measures [7], [8], and statistical information criteridvherez € R" is the input variable (antecedent) agde R is

[9], to mention a few. the output (consequent) of thith rule R;. The number of rules
This paper is concerned with rule extraction from data b§ denoted byl and 4; is the (multivariate) antecedent fuzzy

means of fuzzy clustering in the product space of inputs afgt of the:th rule

outputs where each cluster corresponds to a fuzzy IF-THEN

rule [10], [11]. It is proposed to use the orthogonal least Ai(z): R* — [0, 1]. (2)

squares (OLS) method [5], [12] to remove redundant or less

In the case of univariate membership functiqng(z;) the

fuzzy antecedent in the TS model is typically defined as an

4fd-conjunction by means of the product operator

Index Terms—Clustering methods, fuzzy systems, identification,
modeling, transforms.

Takagi—Sugeno Fuzzy Model
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For the kth input z;, the total outputy(k) of the model is obtain [11]. A clustering method that has proven suitable for the
computed by aggregating the individual rules contributions identification of TS fuzzy models is the GK fuzzy clustering al-
M gorithm [14]. Unlike the popular fuzzy-means algorithm [18],
y(k) = Zukiyi(k) 4 the GK algorithm employs an adaptive distance norm in order
P to detect clusters of different geometric shapes in the data set.
wherewy,; is the normalized degree of fulfilment of the an- Each cluster_ in the product space of th_e input/outputdata rep-
tecedent clause of rulB. resents a rule in the rule base. The goal is to_establlsh the fuzzy
‘ antecedentsl; in the rules (2). These are defined by the fuzzy

U = Ai(zr) ) clusters found in the data. If desired, univariate membership
’ M ' functions;; can be obtained by projections onto the various
ZAi’(xk) input variablesr; spanning the cluster space (for details, see,
V=1 e.g., [10], [11]).
B. Data Driven Identification A. Fuzzy Partition

The TS model is identified in two steps. First, the fuzzy From the available input/output data pairs, the regression ma-
antecedentsl; in the rules are determined. The next sectiottix X and the output vectay are constructed
describes how this can be done using fuzzy clustering. In
i Xt =z, - zn), 9" =y, uv]  (20)
the second step, the rule antecedents are kept fixed, and least Lot &ND L mtmy 9N

squares (LS) estimation from data is applied to determine t@ere/N > n is the number of samples used for identification.
consequent parameters, andb;, of the rules. There are tWo The antecedent fuzzy sefs in (1) are determined by means of
main LS approaches. One is to sol¥£ independent or local fzzy clusteringinthe productspace ofthe systemsinputsand out-
weighted LS problems—one for each rule. The other is to Solygts. Hence, the data s&te R+ ¥ to be clustered is repre-
a global LS problem following from the aggregated outpWented asfén + 1) x N datamatrix composed frofd andy:
equation (4). Local LS gives more reliable local models, while
global LS gives a minimal prediction error estimate [17]. In the Z" =X, y] (11)
following the global LS approach is followed. _ .

Consider a collection of N input-output data pairs where each columy, k = 1,2, ..., N of Z contains an

i _ T T
{zr, yu}, £ = 1,2, ---, N wherex, is then dimensional mpu_t/output data paliz = [, il
. T ; : GivenZ and an estimated number of clust@rs fuzzy clus-
inputvectof{z 1, xax, - - -, Tnx]” andy is to be approximated

b he mode . Le . gencte the mauncy. 1 i corg PGPS o 1 sy custers, sy prton
rows [z}, 1]. The activation of each rul®;, ¢ = 1, 2, ---, M P '

is gathered if"; which is a diagonal matrix iRV *Y having “*/ € [0, 1] represents the membership degree;oi cluster

the normalized degree of fulfillment,; as its kth diagonal ' Hence’ the_th _column ofts contains vaIl_Jes_of théth mem-
element. Further, denof§’ the matrix inR™> >~ composed bership functionin the fuzzy partition, which is taken to be a

. . L . ~ intwise representation of the antecedent fuzzy4sedf the
f ltiplying th desandx, PO \ :
fom matrices obtained by multiplying the matridésand.X. ith rule (1). The sum of each row @f is constrained to one,

X =X, ['2Xe, -+, Ty Xe]. (6) but the distribution of membership among thefuzzy subsets

is not constrained. Also, there can be no empty clusters and no
cluster may contain all the objects. This means that the member-
ship degrees in the partition matrix are normalized, and for
the given identification data, the membership valugs cor-
respond to the normalized degree of fulfillment of the rule an-
tecedents (5). Thus, té membership values in thigh column

u; of the fuzzy partition matrix corresponds to those in the diag-
y=X0 +e (8) onal matrixI’; used in (6) to construct the regression matfik

for the least-squares parameter estimation problem in (9). Thus,

wheree is the approximation error. From this, the least squares _ diag(u;), where diagu;) denotes a diagonal matrix with

solution to the consequent parameter estimation problem carhki)gkth elementu, of the vecton, as thekth diagonal element
written as ' ' '

Denoted’ the vector inRR™(*+1) given by
T
o = |07, 065, - 0% @)

whered? = [T, b;] for 1 < i < M. The model in (4) can now
be written as a regression model

0 — [(X/)TX/] -1 (X')Ty. @) B. Gustafson—-Kessel Fuzzy Clustering
In adaptive distance norm clustering, each cluster has its own
norm-inducingmatrix); whichis obtainedfromthe covariance of

lIl. I DENTIFICATION BY FUZZY CLUSTERING the clusters (see Algorithm 1V.2 for details). The distance of adata

Fuzzy clustering methods partition a set of data into a numidRintzx to acluster center; is given by the inner-productnorm
of overlapping clustgrs based on the distance in a met.rlc space &, = (z1 — )" Di(z — v) (12)
between the data points and the cluster prototypes. Various clus-
tering algorithms can be used depending on the assumed stmcereV = [vy, w2, -- -, vps] iS @ vector ofcluster prototypes
ture of the identification data and the model type one wants 49 € R**! which have to be determined. The GK fuzzy clus-
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tering algorithm determine® based on the minimization of Mg < M most dominant columns df, corresponding to the
most influential clusters (rules) in the model according to an

XU,V Z Z wi)™ &2, (13) estimated error reduction ratio.
_ . = llk ! . ~Algorithm 1V.1: OLS reduction algorithm
wherem € (1, co) is a weighting exponent which determinesstep 1:  Select the first vector w, of the
the fuzziness of the clusters. The minimization of (13) repre- orthogonal basis W
sents a nonlinear optimization problem, which is solved in angor 1 < ¢ < M,
iterative manner [18]. The cluster algorithm stops when a pre-get w@ = u;, where w = [ugi, -, uni]T
determined stopping criterion is fulfilled (convergence). is the 4th column of the fuzzy parti-
tion matrix U, and construct the re-
IV. CLUSTER REDUCTION gression matrix X9 = wPx,], where

An important issue in clustering is the determination of the W1 = diag (w{").
relevant number of clusters in the data. Cluster validity tech- Calculate the corresponding element of
niques [19] have been proposed to assess the goodness of a givéitfe OLS solution vector
partition considering criteria like the compactness of the clus-

ters and the distance between the clusters. A drawback of such (1)
methods is the need for repetitive clustering of the data using @ ( 1 ) Yy
different number of clusters. Moreover, it can be difficult to 91 = @\ L (i)
choose a suitable validity measure from among the many mea- (Xl ) Xy

sures proposed in the literature. Another approach is to use some . _
kind of cluster merging method, like, e.g., the compatible clusterand the error-reduction ratio
merging [20] or the extended fuzzymeans method proposed

in [21]. However, unlike the OLS-based cluster reduction de- o) N\ [ osl) ()
scribed below, which considers the output contribution of each o (Xl 9 ) (Xl 91 )
cluster, these methods only consider the structure of the parti- [err]i” = yTy

tion. As such, they do not fully utilize the available output data
for systems identification. In this section, first the OLS reduc- Find the rule with the largest error re-
tion algorithm is described. Then a stopping criterion for the al- duction ratio
gorithm is introduced and, finally, the supervised GK clustering
algorithm with OLS-based reduction is summarized. (1) )
[err];’ = max ([67‘7’]1 )
. . 1<i<M
A. OLS Reduction Algorithm

An OLS rule reduction algorithm similar to the one proposed and select the first basis vector w; and
in [5], [12] is used to supervise the process of clustering. By the first elements g, of the OLS solu-
initializing the clustering with an overestimated number of clus- tion vector
ters, the selection of the most relevant number of clusters is au-

tomated by the OLS algorithm, which selects the clusters in de- we — (n) —
creasing order of importance in a forward regression manner by L (”) o
evaluating the contribution to the output energy by the corre- 91 =9
sponding rule. ]

Given a fuzzy partition matriX/ obtained from clustering, ®*Step 2:  Select the next basis vectors wy
the Gram-Schmidt OLS algorithm performs an orthogonal Repeat for 2 <k < Mgt
decompositiol/ = W A, whereW is an orthogonal matrix ~FOr 1<ié< M, i#4, -, i#4.1, calculate
and A is an upper-triangular matrix with unity diagonal
elements.W is called the orthogonal basis &f. Following ) k-1 wJTuz ‘
the approach in [5], [12], we substitute this orthogonal basis =u; — Z o 1<j<k
for U in order to determine the individual contributions g=t "7
of the rules. By using théth column of W to construct a W(’) =diag wgf))
diagonal matrixW; (i.e., W; = diagw;)) that replaced";
in (6) we obtainX* = [(WiX.), (WaX.), ---, (WarX.)], 0= W]
and the corresponding regression problem in (8) becomes
y = X*0" + e, whered* = [¢F, g7, ..., g%,]7 is the OLS o ( X9 )
equivalent of the solution vector in (7). The elemegtof 6* 9 = T =0
can be determined one-by-one in the orthogonal space in order ( ) k
to calculate the output energy contribution of the corresponding (i) 1) ) ()
rule. The OLS algorithm below is based on the one in [5], [12]. (i) _ ( ) (X )

] —

It does not decompose the complete matfixbut selects the [err yTy
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Find the remaining rule with the largest
error reduction ratio
/ .o
ix i /
[67’7’];]‘) = max ([67’7’]2)) 15- /// R /]

1< M, iy, ooy i -1

and select the kth basis vector w; and
the kth element g, of the OLS solution 1

vector.

— -
_ i) .-/
9 =9 0.5- s /

oStep 3:  Remove rules (clusters) .
Keep only the parameters of the Ms most
significant rules. For the cluster al- 0- :
gorithm, this means that only the cor- 0 1 2 3
responding Mg columns of U are retained
in the remaining optimization. Jer G Y

3 I / £;.' \ / .s‘ »

B. Stopping Criterion for Cluster Selection

In each repetitiork of step 2 the algorithm selects one of the
remaining rules (clusters) based on the maxinﬁum],(f) value. |
This value represents the error-reduction ratio duegje) [12] $
and is the part of the systems output variance that is explained '
by the corresponding rule. Hence, the most significant of the 2 |
remaining rules is selected. The user must either pre-determine o
the number of stepa/s or define a stopping criterion for the 1 “\‘ . Hos
selection. In [12] it was proposed to terminate at an unspecified S T T f P
Msth step whenl — 322 [err]; < A, wherex € [0, 1] is Ly s 3
a chosen tolerance. This approximation accuracy criterion was \ § o ‘ Loy %
also adopted in [5]. However, it is not always straight forward to 0 200 ' 400 600 200 1000
determinea priori how well the fuzzy model is going to approx- )
imate the given data. Sometimes a high approximation accuracy
is possible, but other times this need not be the case. To 0\)39¢ 1. Clustering results for two data sets of different (complexily obtained

) . . using the proposed supervised cluster algorithm witek 10% and fuzziness
come this, we propose to use a criterion concerning the relatjye= 2. goth cases were initialized with 20 random clusters. The data in the

contribution of the rules. In this case, the algorithm is ended @tster space (dots), the cluster centers (thick circles), and the main contour
e|i_nes of the partitions are shown. (a) Simple data with three lines. (b) Data from

an unspecified\/sth step when the least important of the s cinusoid function
lected rules has a contribution to the error reduction less than '

p% compared to the previously selected rules
Ve Mot same data_ set. Threshold v_alues in the range 10-20% have been
100 Z[ew] o Z lerr]; founq to give good results in many cases. _

i J i J Using a given thresholgd, for difficult to appro?qmateldata _

T < p%, pelo,100]. set:f,, requiring a high number of rules, the algorithm will retain
a higher number of clusters than for data sets of lower com-

Z [err]; plexity. This is illustrated in Fig. 1, which shows the result from

=t (14) the clustering of two data sets of different complexity. In both

. .

This criterion is more comprehensive as it is related to the réi2Ses: the threshold value was- 10%, and the clustering was
ative contribution that each rule has to the approximation capdifidlized with 20 random clusters. The results were obtained
bilities of the rule base containing the rules selected so far. Th&kethe supervised cluster algorithm with reduction given in Al-

is thus no need to specify an approximation accuracy. Using ti&thm V.2 in the next section.
criterion, the algorithm will pick the rules needed to approxi-
mate the data, with the constraint that each rule has to have acjyster Algorithm with Reduction

certain relative contribution to the error reduction ratio of the
rule base. This contribution is determined by the user and re-The GK fuzzy clustering algorithm with OLS-based cluster

flects the willingness to include detailed rules with a high levekduction can now be written down. In this algorithmthe progress
of specificity and little generality in the rule base. For a higls supervised by the OLS reduction algorithm presented above.
value ofp, fewer and more general and well separated rules akhen the clustering approaches convergence, the reduction al-
constructed (less clusters) than with a low valueodbr the gorithm evaluates the contribution of the various clusters and
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AN\

R;:Ifx,is
3 9
R,: If x, is
3 9
Ry Ifx, is and x, is
R,: Ifx, is

1 18

theny = 1.0x,+0.5x,+ 1.0

L andx,is B. ™~ theny=-0.1x, + 4.0x,+ 1.2

4 13

"B, theny= 0.9x,+0.7x,+9.0
4 13

/A, and x, is " B, theny= 02x,+0.1x,+0.2
4 13

Fig. 2. Sugeno’s rule-based system.

selects the most important ones for further optimization by th&tep 5:

cluster algorithm such that the criterion in (14) is met.

Algorithm 1V.2: Supervised cluster

algorithm

Given the data Z, an initially overes-
timated number of clusters 1 < M < N,
the fuzziness parameter m > 1, the rule
contribution threshold p%, and the ter-

mination tolerance e > 0. Initialize U
randomly.
Repeat for [ =1,2, ---
eStep 1: Compute cluster prototypes:
()
vV = =L L 1<i< M.
> (47)
=1
eStep 2: Compute covariance matrices:
’ m T
> () (m=ol?) (e —ol”)
F=t= = ,1<i< M.
Z (uff{l))
k=1
eStep 3: Compute distances to cluster pro-
totypes:

T
&2, = (zk_vg”) D, (zk_vg”) 1<i<M,1<k<N

where the D; = [det(F;)Y/ (D) F1.
eStep 4: Update the partition matrix:

for 1<i<M,1<k<N

if di; >0

> (dii/dyg)?/ =D

=1

else if di; =0

ugz) =1.

Run OLS reduction algorithm:
if [JU®—UCY| <2 run OLS algorithm and
keep only the the selected Mg clusters

M =M,
U(l) = [ui]v

T =141, 2, ", Mg
normalize U®
until  |JU® — U] < e

The proposed clustering algorithm differs from the standard
GK algorithm [14] by the additional step 5. This step performs
the cluster reduction by means of the OLS algorithm. The intro-
duction of this additional step has no influence on tbeaver-
gence propertiesf the clustering algorithm. If the OLS algo-
rithm decides to remove one or more clusters, i\, < M in
step 5, the clustering will simply proceed without these clusters
in the following iterations. This can be seen as a re-initialization
of the cluster algorithm with the remainings cluster centers.

The convergence resutif fuzzy clustering is determined by
the initialization [18]. In the proposed approach the probability
that the most important regions in the data are covered by dif-
ferent clusters is increased by initializing with an overestimated
number of clusters. It can be expected that as the less influen-
tial clusters are removed, the remainiify clusters are more
likely to converge to a more suitable optimum than in the case of
a random initialization of the standard GK algorithm witf
clusters. This is illustrated in the next section.

V. SYSTEMS IDENTIFICATION EXAMPLES

Two problems are studied to illustrate the working of the pro-
posed method and its applicability. The first example considers
the reconstruction of a known rule base from data. The purpose
is to identify a partition in the data that can be used to con-
struct a rule-base premise that is confirm the premise partition
of the data generating rule base. The second example deals with
a real-world problem of modeling the pressure dynamics in a
fed-batch bioreactor. Sampled data is used, and the goal is to ob-
tain a rule-based model by clustering. The use of the supervised
clustering algorithm is compared to a trial-and-error approach
applying the standard GK clustering algorithm.

In all the experiments reported in this section, the fuzziness
parametefn = 2 and the termination toleranee= 0.001 were



IEEE TRANSACTIONS ON FUZZY SYSTEMS, VOL. 8, NO. 4, AUGUST 2000 421

TABLE |
FREQUENCY OFTERMINATION WITH THREE, FOUR ORFIVE CLUSTERSDEPENDING ON THENUMBER OF INITIAL CLUSTERS.RESULTS AREBASED ON 1000
RANDOMLY INITIALIZED TRIALS FOR EACH CASE

Initial: 4 5 6 7 8 9 10 11 12

Final=3 0% 26.4% 0% 99% 0.3% 13.6% 17.8% 0% 0.8%
Final=4 100% 73.6% 100% 83.1% 99.7% 79.5% 70.4% 100% 98.7%
Final=5 n.a. 0% 0% 7% 0% 6.9% 11.8% 0% 0.5%

20

15

(b) (b)

Fig. 3. (a) The partitioning of the premise space and (b) the output surfaceFd§. 4. (a) Premise of a TS rule-based model obtained by fitting trapezoid
the data generating rule-based system. membership functions to the projections of the clusters and (b) the
corresponding model surface.

used. For supervised clustering, the cluster selection threshold

was kept ap = 10%. The supervised clustering algorithm was applied to the data
) several times with various number of clusters in its random
A. Modeling a Known Rule-Base initialization. It always converged with either three, four, or

We consider the identification of the two input one output T8ve clusters. The results obtained when initializing with various
type rule-based system studied in [15]. The rule base consisimber of clusters are reported in Table I. For each case, the al-
of four rules as shown in Fig. 2. The premise partition and thgorithm was run 1000 times with random initialization, and the
input/output mapping of the rule base are shown in Fig. 3. table reports how frequent the algorithm converged with three,

The systems surface was uniformly sampled with a smédlur, or five clusters.
white noise disturbance. A total &f = 546 input—output ob-  From Table | we see that for most trials, the supervised clus-
servationg;, = [x1, =2, y]* were gathered in a8 546 pattern tering algorithm determines that there are four clusters in the
matrix Z. We know that the data generating system consist data set corresponding to the four rules in the data generating
four rules, but it is not straightforward to say how many clustersile base. The premise and the output of the reconstructed rule
are actually present in the data Both cluster validity mea- base with four rules are shown in Fig. 4. Here, the antecedent
sures and trial-and-error modeling indicate that from three tozzy sets were obtained by fitting trapezoid membership func-
five clusters is a suitable choice. With more than five clustersons to the projected clusters [10], [11] and the parameters of
little improvement is gained in fitting the data and, with less thathe rule consequents were determined by least squares estima-
three clusters, the model output becomes unacceptable.  tion as in (9).
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0 5 10 15 20 25

@)

0 5 10 15 20 25
(b)
Fig. 5. Two typical results from GK clustering{ = 2 ande = 0.001). The random initialized GK algorithm with four clusters produced a suboptimal result

in 45 out of 100 trials, while this happened only 14 times with the overinitialized supervised clustering algorithm.(a) Suboptimal clusterifig) r€suatect
clustering result.

Determining a suitable number of clusters is not the onlyonsider the fermenter illustrated in Fig. 6, where air is fed into
problem when applying clustering. The convergence result thie water at a constant flow-rate during fermentation. The
a clustering algorithm is dependent on its initialization. For theead-space pressugeis controlled by the outlet valve;. A
studied data, when the standard GK clustering algorithm is ggocess model can be used to control the outlet valve, but also
plied with four clusters, the two most common results are the enable detection of, e.g., valve failures or clogged filters.
partitions shown in Fig. 5. The result in Fig. 5(a) is clearly less The goal is to identify a fuzzy model of the pressure dynamics
representative for the data generating rule base than the resultin
Fig. 5(b). When the standard GK algorithm is applied 100 times y(k+1) = fy(k), wa(k)) (15)
with four clusters, it converges 55 times to the correct solutiQ@nere £(-) is a fuzzy model of the TS type constituted by rules
and 45 times to the suboptimal solution. As discussed in the pigith a two-dimensional premise:
vious section, by initializing the supervised clustering algorithm
with an overestimated number of clusters, the convergence re-Ri: IF z(k) is A; THEN y(k + 1) = a] z(k) + b;  (16)
But of 100 wials with 12 randomly ntilized! chugiers, e slerei = L - M anda(k) = [y(k). us ()", Both the

' nL{mber of rules\/ and the rules them selves have to be deter-

pervised clustering algorithm converges 86 times to the correc . . o
; . . . niined. Two approaches are considered for this purpose; first a
solution and only 14 times to the suboptimal solution.

trial-and-error approach is followed, then the proposed super-
vised clustering method is applied.
In the trial-and-error approach, the standard GK clustering
One of the variables that must be carefully controlled durirggorithm is applied to the measured inputs and outpts-
a fermentation process is the pressure in the fermenter tank. M), u1(k), y(k + 1)]. Each cluster determines a rule in the

B. Modeling Pressure Dynamics
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Valve (ul)

27 -
— Bl
air flow out =]
=2 1.5r
/ \ =
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R
g 50r 1
=y
“« Water % 0 ‘ ‘ ‘ ‘ ‘ ‘ ‘
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Time [sec.]

@
air flow in w

| =— Lor ’
Valve (u2) §1.4— 1
Fig. 6. Experimental setup of a laboratory fermenter tank. 3:/‘1‘27
rule base, and the parameters of the linear consequent functi 10 260 4()0 660 860

are determined by a global least squares estimate as in (9). —,
used identification data is shown in Fig. 7(a). The modeling § 100
repeated with the number of clusters varying from 2 to 12. FeS
each case, clustering is repeated three times with random initie
ization in order to account for the dependency of the result (5 501 .
the initialization. Of the three resulting models, the one whic=~
best models the training data is recorded. This model is vao

dated in a recursive simulation using the validation data shovc% 0 ‘ ‘ ‘ ‘
in Fig. 7(b) > 0 200 400 600 800
’ : Time [sec.]

The results from the trial-and-error approach are summarizea
in Fig. 8(a). Typically, the MSE, in fitting the identification data, ®)
decreases as the number of clusters increases. The “learnfiigj7. Measured data used to (a) train and (b) validate the pressure dynamics
curve” starts to flatten around six clusters. The performance 'Bf9¢"
the various models in simulating the validation data shows a . . .
decreasing trend until six clusters. With more than six clusteig,e trial-and-error approach is Fhus more t_han ten times that of
the performance does not improve. Judging from the trial-an & approach based on supervised clustering.
error results, six clusters seems to be a suitable choice.

Now the supervised GK clustering algorithm proposed in Al-
gorithm IV.2 is applied to the identification data. Since the al- A method to supervise the process of fuzzy clustering for rule
gorithm is less dependent on the initialization, it is applied onlgxtraction in order to detect and remove less important clusters
once, starting with 12 randomly initialized clusters. The algdias been presented. The reduction is based on the orthogonal
rithm converges with six clusters whose cluster centers are sil@ast squares approach to subset selection presented in [12] and
ilar to the ones found with trial-and-error. The validation of thadopted for fuzzy clustering in this paper. The method is ap-
resulting model is shown in Fig. 8(b). plicable for obtaining fuzzy rules from data for function ap-

The total computational costs of the trial-and-error approaghroximation and systems modeling purposes. It helps the user in
that is, the cost of clustering, consequent parameter estimatitirg difficult task of selecting an appropriate number of clusters
evaluation on identification data, and validation in simulatiowhen applying fuzzy clustering. The user is required to deter-
of the selected models for 2-12 clusters, were about-I08 mine a relative lower threshold for the contribution of the rules
FLOPS. For the approach using supervised clustering, that goes into the rule base. This threshold is used by the al-
computational costs were about 66.0° FLOPS, including gorithm for selecting the appropriate number of clusters (rules)
clustering, consequent parameter estimation, evaluation fonthe considered data. This parameter is transparent to the user
identification data, and validation in simulation of the resultingnd can easily be combined with other criteria, e.g., a minimum
model. For the considered example, the computational costsxaimber of rules or an accuracy criterion.

VI. CONCLUSION
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Fig. 8. (a) Results from modeling by trial-and-error and (b) the validation in a

recursive simulation of a model (dash-dot line) based on six clusters determingds]
by the supervised clustering algorithm. In (a), both the MSE in approximating
the identification data and the error in validation by simulation is reported for[16]
various number of clusters.

[17]

When initialized with an overestimated number of clusters,
the algorithm determines and keeps only the most importarHS]
clusters. This overestimated initialization increases the possi-
bility for the cluster algorithm to detect all the important regions[1]
of the data, thereby decreasing the dependency of the result 40
the (random) initialization.

The considered synthetic and real-world examples demo
strated the improved convergence properties due to the over
timated initialization and the algorithms capability of determin-
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ing a suitable number of clusters in the data. In the real-world
process modeling example, the proposed supervised algorithm
proved more efficient than a trial-and-error approach.

ACKNOWLEDGMENT

The author would like to thank the anonymous referees for
their constructive and detailed comments that helped improve
the quality of this paper.

REFERENCES

M. Setnes, R. Bahika, and H. B. Verbruggen, “Rule-based modeling:
Precision and transparenciZEE Trans. Syst., Man, Cyberpt. C, vol.

28, pp. 165-169, Feb. 1998.

R. R. Yager and D. P. Filev, “Unified structure and parameter identifi-
cation of fuzzy models,JEEE Trans. Syst., Man, Cyberwol. 23, pp.
1198-1205, 1993.

M. A. Lee and H. Takagi, “Integrating design stages of fuzzy systems
using genetic algorithms,” ifProc. FUZZ-IEEE/IFES’93 San Fran-
cisco, CA, Mar. 1993, pp. 612-617.

H. Ishibuchi, K. Nozaki, N. Yamamoto, and H. Tanaka, “Selecting fuzzy
if—then rules for classification problems using genetic algorithhe&5E
Trans. Fuzzy Systvol. 3, pp. 260-270, Aug. 1995.

L. X. Wang and J. M. Mendel, “Fuzzy basis functions, universal approxi-
mation, and orthogonal least-squares learnitieE Trans. Neural Net-
works vol. 3, pp. 807-813, Sept. 1992.

J. Yen and L. Wang, “Simplifying fuzzy rule-based models using orthog-
onal transformation methods|EEE Trans. Syst., Man, Cybermt. B,

vol. 29, pp. 13-24, Feb. 1999.

C. T. Chao, Y. J. Chen, and T. T. Teng, “Simplification of fuzzy-neural
systems using similarity analysidEEE Trans. Syst., Man, Cybermpt.

B, vol. 26, pp. 344-354, Apr. 1996.

M. Setnes, R. Bahika, U. Kaymak, and H. R. van Nauta Lemke, “Sim-
ilarity measures in fuzzy rule base simplificationZEE Trans. Syst.,
Man, Cybern,. pt. B, vol. 28, pp. 376-386, June 1998.

J. Yen and L. Wang, “Application of statistical information criteria for
optimal fuzzy model construction|EEE Trans. Fuzzy Systol. 6, pp.
362-372, Aug. 1998.

R. Babika,Fuzzy Modeling for Control Boston, MA: Kluwer , 1998.

R. Kruse F, R. Hoppner, F. Klawonn, and T. Runkkarzzy Cluster Anal-
ysis  New York: Wiley, 1999.

S. Chen, C. F. N. Cowan, and P. M. Grant, “Orthogonal least squares
learning algorithm for radial basis function network$EEE Trans.
Neural Networksvol. 2, pp. 302-309, Mar. 1991.

M. Setnes, “Supervised fuzzy clustering for rule extraction,Pioc.
FUZZ-IEEE'99 Seoul, Korea, Aug. 1999, pp. 1270-1274.

D. E. Gustafson and W. C. Kessel, “Fuzzy clustering with a fuzzy covari-
ance matrix,” inProc. IEEE CDGC San Diego, CA, 1979, pp. 761-766.
M. Sugeno and G. T. Kang, “Structure identification of fuzzy model,”
Fuzzy Sets Systol. 28, pp. 15-33, 1988.

T. Takagi and M. Sugeno, “Fuzzy identification of systems and its ap-
plications to modeling and control|EEE Trans. Syst., Man, Cybern.
vol. SMC-15, pp. 116-132, Jan./Feb. 1985.

J. Yen, L. Wang, and C. W. Gillespie, “Improving the interpretability of
TSK fuzzy models by combining global learning and local learning,”
IEEE Trans. Fuzzy Syswol. 6, pp. 530-537, Nov. 1998.

J. C. Bezdek,Pattern Recognition With Fuzzy Objective Func-
tions. New York: Plenum, 1981.

X. L. Xie and G. A. Beni, “Validity measure for fuzzy clusterindBEE
Trans. Pattern Anal. Mach. Intellvol. 3, pp. 841-846, Aug. 1991.

U. Kaymak and R. Bakika, “Compatible cluster merging for fuzzy
modeling,” in Proc. FUZZ-IEEE/IFES’95 Yokohama, Japan, Mar.
1995, pp. 897-904.

M. Setnes and U. Kaymak, “Extended fuzzyneans with volume pro-
totypes and cluster merging,” iRroc. EUFIT'98 Aachen, Germany,
Sept. 1998, pp. 1360-1364.



