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of torque minimization, a smaller value gfis preferable, and as a [17] M. S. Bazaraa, H. D. Sherali, and C. M. Shettignlinear Program-
tradeoff, a larger critical area has to be prescribed [8.6:,0.8 when ming—Theory and Algorithms New York: Wiley, 1993.

selecting: = 2.0 as in Fig. 9(c)]. In summary, performance of the pre-
sented examples demonstrates the effectiveness of the proposed dﬂgﬁ

[18] D. P. BertsekaspParallel and Distributed Computation: Numerical
Methods Englewood Cliffs, NJ: Prentice-Hall, 1989.
0. L. Mangasarian, “Solution of symmetric linear complementarity

neural network model (12) on the path-following and torque minimiza- problems by iterative methods]? Optim. Theory Applicatvol. 22, no.
tion task of redundant manipulators with limited joint ranges. 2, pp. 465-485, 1979.

[20] W. Li and J. Swetits, “A new algorithm for solving strictly convex
guadratic programs 3IAM J. Optim.vol. 7, no. 3, pp. 595-619, 1997.
VI. CONCLUDING REMARKS [21] J.-S. Pang and J.-C. Yao, “On a generalization of a normal map and
equation,”SIAM J. Control Optim.vol. 33, pp. 168-184, 1995.

The one-layer dual neural network model provides a new parallef22] Y. Xia and J. Wang, “Global exponential stability of recurrent neural
distributed computational approach to real-time torque minimization ~ Nnetworks for solving optimization and related problem&EE Trans.

of limited-joint-range redundant manipulators in real-time. Compare
with other studies on torque optimization, the proposed formulatio

——, “Global asymptotic and exponential stability of a dynamic neural

i Neural Networksvol. 11, pp. 1017-1022, 2000.
]
system with asymmetric connection weighttfEE Trans. Automat.

resolves redundancy at the acceleration level and simultaneously con-  Contr, vol. 46, pp. 635638, 2001.
siders the joint limit avoidance. Different from other recurrent neurall24] P. 1. Corke and B. Armstrong-Helouvry, “A search for consensus among

network approaches, the proposed dual neural network is developed for
avoiding robot joint limits during the path-following torque optimiza-

model parameters reported for the PUMA 560 robotPinc. IEEE Int.
Conf. Robotics and Automatipwol. 2, 1994, pp. 1608-1613.

tion task. Future works include the neural network implementation on a
dedicated hardware such as ASIC, and then experimental verifications
on different manipulators.
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or noisy prototypes, which may lead to arbitrarily large deviations from The modified Chang algorithm (MCA)resented by Bezdedt al.
the asymptotically optimal results which could be expected. [8] constitutes a slight improvement over the previous algorithm. With

Several different ways of circumventing these drawbacks have beegard to the original algorithm of Chang, the MCA uses the simple
proposed. In this contexprototype selectiotries to modify the ini- arithmetic mean betweenandg to computey™ instead of the weighted
tially given set of prototypes, in order to reduce its size as well as imrean. This scheme also implies an algorithmic change in the way in
prove classification performance. This family of methods can be dithich pairs of prototypes are considered, introducing a different way
vided into editing and condensingechniques [2]. The editing tech- of merging. As a consequence, the MCA generally obtains smaller sets
nigue aims at removing outliers and prototypes which are placeddtprototypes than Chang’s algorithm. A computational improvement
the overlap among classes, producing well-clustered groups of honi®also achieved based on storing cross distances among prototypes in
geneous prototypes that lead to optimal (in the Bayes sense) 1-NN cthg same class only. Nevertheless, the strategy behind the original idea
sification. On the other hand, condensing algorithms try to find a sigemains unchanged.
nificantly reduced set of prototypes the 1-NN results of which are asBoth algorithms have two kinds of drawbacks. First, they use a
close as possible to those obtained using all of the original prototypesstricted strategy for building prototypes based on pairwise merging
Because of its goal, pure condensing algorithms cannot properly genly, and consequently, they may provide condensing results which
eralize when the original 1-NN classifier is far from optimal (mainhare far from the optimal ones, both from the point of view of their size
because of overlapping). Nevertheless, generalization can be achiemed their representativity. Second, they employ a considerable amount
in several different ways, e.g., by previously using editing [2]. of computation to exhaustively check consistency for any possible

According to the way in which prototypes are obtained, these aterging.
gorithms are separated inselectiontechniques [3]-[5], in which the
resulting prototypes are taken from the original set, emglacement
techniques [6][8], in which resulting prototypes are built and may be
different from any prototype in the original set. A further generalization of the idea of merging prototypes while

A novel approach for obtaining a condensed set of prototypes by faintaining consistency has been recently proposed [9]. From an al-
placement from an initial set is presented in this paper. A hierarchiggdrithmic point of view, our proposal is quite similar to a classical
agglomerative framework is used along with a convenient criterion fgerarchical agglomerative clustering [13], in which pairs of clusters
keep discriminating power while obtaining representative (and relare successively merged according to a minimum intercluster criterion.
tively reduced) sets of prototypes [9]. This scheme constitutes a gerptiie difference is that now merging occurs only between clusters with
alization of previously presented approaches [6], [8]. the same class label and only if the consistency of the resulting cluster
representatives with regard to the whole input set is guaranteed.

This algorithmic scheme extends the concept of prototype by at-
taching a subset of samples which are close enough to it. The main idea

Prototype replacement algorithms are usually considered as obje@nsists of considering clusters of initially given (labeled) samples and
tively superior to selection algorithms because there is no restrictitfigir cluster representatives as some sort of extended prototypes. In this
upon the position of the prototypes finally obtained. Although this i%ay, the merging of prototypes becomes a union of two clusters of the
only true for vectorial representation spaces, the fact that many difme class (and the recomputation of the new representative), while the
ferent optimization techniques can potentially be used makes these@gtance between prototypes becomes a cluster distance.
proaches more appealing. The use of clusters leads to a merging process where prototypes are

One of the best studied and well-known replacement approacm@glt on the basis of distances between the whole clusters (neighbor-
consists of the so-callealdaptivealgorithms, in which prototype fea- hood) that they represent, which tends to result in a more meaningful
tures are considered as weights in some sort of connectionist systelacement of the final prototypes. Additionally, clusters lead to impor-
Then, a criterion function is defined which leads to a reward-punisiant computational shortcuts when checking the consistency of proto-
ment modification rule which permits the update of prototype locatiofgPes.
over a convenient number of iterations. Because of its simplicity andThe fact that each cluster representative is responsible for the cor-
surprisingly excellent results in practice, the LVQ approach introducégct classification of all its members will be calleldister consistency
by Kohonen, based on his self organizing maps [7], [10], has sometimdgre formally, a set of (labeled) prototypds is said to beproto-
eclipsed other interesting approaches based on the same idea [11], [¥PE-consistentith respect to a set of initially given prototyp#s if

An alternative to adaptive algorithms consists of the so-callgd €very pointin7’ is correctly classified by the 1-NN rule usirfgas a
glomerative approaclin which groups of samples are replaced by seference set. On the other hand, a partition of a set of initially given
representative in different iterations driven by a convenient criterion rerototypesI” into clusters (with the corresponding set of cluster rep-
lated to the discriminating power of the obtained prototypes. The mdgsentativesP) is said to becluster-consistenif every point inT" is
advantage of these algorithms with regard to the adaptive ones is flaser to its representative than to any other prototype iith a dif-
they are unaffected by initialization and that the final number of prderent class label.
totypes is decided by the algorithm itself and need not be prespecifiedlt trivially follows from these definitions that cluster consistency im-
Chang [6] proposed one of the first condensing methods based on fHigs prototype consistency. In general, the converse is not true, but
strategy. It begins with a training &t considering all the samples in cluster consistency can always be easily recovered given a prototype-
T as initial prototypes. The algorithm iteratively attempts to merge ti@nsistent set by simply reassigning each point to the cluster represen-
two closest prototypew( ¢) of the same class and replace them witfiative which is the closest (which is from the same class by the consis-
their weighted average prototypé, until no new merge is possible. tency property).
A merge is accepted if the new set of prototypes does not misclassify
any patternirf’. This property is calledonsistencynd is shared by a
number of both replacement and selection algorithms. In the particular
case of LVQ, this property is not considered and, consequently, the setH the consistency op prototypes with regard te original ones is
of prototypes obtained are not necessarily consistent. checked exhaustively [6], [8], it requir€¥(np) time which makes any

I1l. A N Ew GENERALIZED PROTOTYPEMERGING STRATEGY

Il. PROTOTYPEREPLACEMENT ALGORITHMS

IV. EFFICIENT CONSISTENCYVERIFICATION PROCEDURE
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Class A Class B
e -

a) b)

Fig. 1. Geometric representation of (2) which is sufficient to test cluster
consistency: (a) the condition is satisfied and (b) the condition is not satisfied
(a sampler could exist which is represented py but which is closer ta).

agglomerative consistency-based approach to run at lea8tir).
Moreover, the empirically observed hidden constants in this asymptotic Class A Class B
result appear to be quite large.

A cluster-based consistency checking procedure could benefit from
early consistency confirmation, by using the concept of cluster con-
sistency and some geometric properties of the clusters. The main idea
of this new consistency verification procedure can be detailed as fol-
lows. Given a cluster-consistent partition of a set of labeled prototypes
(T and the associated set of representatigsthe partition resulting
from combining two clusters into a new one which is represented by
p* from classk™ will also be cluster-consistent'ifs € P, the class of
which is different fromk™

d(s,z) >d(p*,z), Va in the cluster op”
d(s,y) <d(p*,y), Vy in the cluster ok. (1)

This fact can be easily proved. Itis worth noting that checking cluster b)
consistency using (1) and consequently, the induced prototype consis-
tency, does not improve the exhaustive procedure of the consistery 2. lllustrative examples. Letn and m’ be the midpoints between
checking mentioned above. The assumption of some properties onprgotypes. In (a), consistency can be guaranteed by (3). No sample can
distance function and the use of simple geometric information of tI?@SS”OIy create an inconsistency because other flagpresentatives must be

. . . arther thans? and with smaller or equal radius thaf . In (b), (2) is needed

Clusters, leads to sqme short.cuts In _checklng consistency. to guarantee consistency because (3) is not fulfilled. All clusters in &lggise

Letr, be the radius associated with the cluster represented by pgges represented By ands) need to be visited.
totypep, in such a way that any sample in this cluster is at a distance
fromp which is not greater thaw), . Given a cluster-consistent partition
of T" and the associated set of representativethe partition resulting
from combining two clusters into a new one (which is represented |
p* from classk™) will satisfy (1) if

‘ DO NOT ACCEPT MERGE

_— cluster—consistent? ——_

no

consistent?

Vs € P:clasgs) # k™, d(p*,s) > 2 -max (r,-,75). (2)
The fulfillment of thetriangular inequalityandsymmetnpn the dis- res
tance function, leads to a straightforward proof of the previous fact. s ‘
a consequence, (2) is sufficient for cluster consistency. Fig. 1 show
simple example where (2) is used to assess cluster consistency.
A sufficient condition for (2) can be obtained by considering only thEi9- 3. Schematic description of the consistency checking procedure.
closest representatives for each class and the maximum radius in the
corresponding class. Given a cluster-consistent partitidhi ahd the  Fig. 2(a) illustrates a situation in which cluster consistency can be
associated set of representativesthe partition resulting from com- assessed using (3). A different one is shown in Fig. 2(b) in which (3)
bining two clusters into a new one (which is representeg’bjrom  fails and (2) confirms the cluster consistency.

1 yes J yes

ACCEPT MERGE

classk™) will satisfy (2) if Condition (3) can be used adiest stage, (2) can be used asexond
. Lo A stage, and (1) can be used &kied stage of an efficient scheme to check
Vk#£E, d (p , 5 ) > 2 - max (Tpm?“ ) (3) cluster consistency and consequently, prototype consistency (the final

goal). These three stages can be used in a complementary way (see
wheres” is the prototype which is closest 6 and+* is the radius of Fig. 3). When (3) is unable to assess cluster consistency for a specific
the maximume-radius cluster in clags classk, (2) attempts to check it for each individual cluster in clas§
Note that the rest of the cluster representatives of eachklgss™  the latter fails for some clustermember of clas, then (1) is used for
are located farther from* thans* and their associated radii are noeach samplg which is a member of the cluster represented: tand
larger than-*. From the previous analysis, it can be deduced that (8)so for each sample member ofy™ (new agglomerated cluster). In
is sufficient for cluster consistency. case of failure of (1) for any sampteor y, the current local structure is
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not cluster-consistent and a direct verification of prototype consistency TABLE |
is needed. CONDENSING RESULTS ON THE IRIS DATA

- . . SET. PTMCA AND PDMCA REPRESENT THEPERCENTAGE OFTIME SPENT AND
In this context, a so-callefiburth stage is used for checking proto- DiSTANCES COMPUTED BY GMCA WITH REGARD TOMCA, RESPECTIVELY

type consistency. It requires looking for the same-class nearest proto-

type tox ory (which does not need to be their corresponding prototype Merging No. of PTMCA PDMCA
or cluster representative), which is producing the cluster inconsistency. Scheme Prot. (%) (%)
The distance between them is compared with the distance between the MCA 0 100 100
sample and the other-class prototype involved. If the sample is correctl

P b yp P y GMCA+ME 11 44.44 28.53

classified, it must be moved from its current cluster to the cluster rep- GMCA+CO 10 66.67 55.43

resented by its same-class nearest prototype, transforming the current GMCA+WA 9 66.67 36.34
prototype consistency into cluster consistency. GMCA+RA 10 66.67 45.56
The computational cost of the four stages of the previous algorithm GMCA+AV 11 66.67 61.92

areO(p), O(p), O(np), andO(np), respectively. Nevertheless, it has
been observed that the third and fourth stages have a reduced influence
in the work done to check consistency, especially for moderately-sizagdlderson Iris data [14], a synthetic two-dimensional (2-D) data set
data sets. Even though the worst case complexity of the consistefi], the DNA data set [16], and the Landsat satellite image data [16],
checking procedure presented here is certainig?{mp), the empir- which are publicly available at UCI Machine Learning Repository. No
ically observed behavior of the final algorithm is significantly bettenormalization has been applied to these data sets in any case.
than our MCA implementation. The algorithms proposed need to be applied in practice to
The resulting method has been nangemeralized modified Chang overlap-free data sets, as discussed in Section |. Nevertheless, the first
algorithm (GMCA)[9]. In the particular case where the interclustetiata set is treated in a special way as in previous published works [6],
distance is the median [13], (which implies the simple mean as {8, in order to obtain a zero resubstitution error rate starting from the
way to agglomerate prototypes), GMCA results in an improved versigfhole data set.
of the MCA yielding identical results, but cutting the computing time As a general rule for the remaining data sets and according to pre-
by more than half in most cases. When other intercluster measures\a@isly published results [17], the Wilson editing [18] has been con-
used, smaller and better sets of prototypes (in the sense of classificaigfared as a good compromise in practice to properly remove over-

obtained in our experiments (unless otherwise stated) by performing
V. EXPERIMENTAL RESULTS a fivefold cross validation experiment using the training @y and

ct%mputing the average classification accuracies for different values of
ktg({fd comparing them to the “no editing” option. The best edited set
c uding the “no editing” option) is thus selected as input for the dif-

Several different groups of experiments have been performed
properly assess the merits and possible drawbacks of the prese
techniques. In this paper, the goal consists of showing that GM

clearly improves previously proposed merge-based condensifi err:tGMCAfalgorithms [92)' ined in thi h b di
algorithms (which use consistency-like criteria) both in number of @ sets of prototypes obtained In this way have been compared in

prototypes retained and representativity. In particular, experimertn?ém_S of size and error rate (using ip_dependent test se_ts) to th_e results
were conducted to compare GMCA (with different intercluster meé’-bt"’“m:"d for LVQ1 and LV_QZ c_IaSS|f|ers from th? _pu_bllc_ly a"a"ab_'e
sures) and MCA with respect to the number of prototypes built, Y Q_PAK software_[19]. Five different randqm |n|t|aI|z_at|ons (ten in
error rate of the corresponding condensed 1-NN classification rule 4§ case of synthetic data) have been considered using a prespecified
the computation time. Also important from a practical point of Viev\pumber of codebook vectors in the range of the ones obtained through

the experimentation aims at showing that GMCA (possibly combind@® GMCA approach. LVQ parameter setting and codebook initializa-
with editing) constitutes a valid alternative to the well-known anfion has beendone exactly as suggested in[19]. Note that LVQ needs to
powerful family of LVQ-like algorithms. be applied in general to unedited sets because the reward-punishment
The Euclidean distance has been taken as the generic distancePBécy uses all the information about the data everywhere. In contrast,
tween pairs of patterns on which the presented method is built. F&@nsistency-based methods implicitly use the information present in
basic intercluster distances [13] were used: 1) average link (Av); the margin between classes only.
complete link (CO); 3) median (ME); and 4) the ward minimum vari-
ance method (WA). Also, the radius of the next agglomerated clustér Experiments on the Iris Data Set
was used as an additional dissimilarity measure (RA). Following the This set has three classes that represent three varieties of iris flowers,
suggestions found in [8], the Euclidean distance and the simple me@finely, Setosa, Versicolor, and Virginica. Fifty samples from each
were always used as the procedure to compute new prototypes, exegfls are available. Every sample is described by four measurements.
for Ward’s method where the weighted mean and the squared EUC”d%’mg the 150 prototypes available, Chang [6] and Bezteil. [8]
distance were considered because of its original formulation [13]. ﬂ@ported two consistent sets of 14 and 11 prototypes, respectively,
this way, a proper comparison between GMCA and MCA results c@iilt by their schemes. The results obtained by GMCA are shown in
be accomplished. ) Table I. The best result obtained with GMGAWA consisted of only
Both schemes (MCA and GMCA) were implementedGnpro-  nine consistent prototypes. It is worth noting that all GMCA schemes

gramming language using the same data structures and code 0 Make, ahout twice as fast as MCA at obtaining solutions which were
them as similar as possible. The major functional difference was in tBSuaI or better.

checking-consistency procedure. The experiments were performed on
a 450-MHz Intel Pentium I1. _ _ B. Experiments With Synthetic Data
Four data sets were used to assess the behavior of the different

merging schemes in several ways. These sets are the well-know he data set consists of two concentric bivqria}te normal disFribu-
tions. Class 0 has zero mean and standard deviation equal to 1 in both

IThat is, the distance between two clusters equals the radius of the clu§lBpensions, and class 1 has the same mean but standard deviation equal
which results from their merge. to 2 in both dimensions [15]. A training and test set consisting of 2500
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Fig. 4. Prototypes obtained on a particular run by LVQ2 (eight prespecifiédg- 5. Error rates and the corresponding standard deviations for different
codevectors) and GMCA- WA (which obtains six prototypes) along with their numbers of codevectors obtained with LVQ1 and LVQ2 algorithms, along with
corresponding decision boundaries for the 2-D concentric gaussians data ¥&A and GMCA (with the intercluster dissimilarities: ME, CO, WA, RA, an
The edited training set used by GMCA (dots) and the Bayes decision bound&¥) results using the 2-D concentric Gaussian data set. The Bayes error is also
are also shown as a reference. shown as a reference.

and 10000 cases, respectively, have been randomly and independentl}/ e TSEIkED I St PTMCA AND POMCA
ONDENSING RESULTS ON THE ATA T. AND

generated fO!’ tralnlng and testlng, resp_ectlvely. L. . REPRESENT THEPERCENTAGE OFTIME SPENT AND DISTANCES COMPUTED BY
In order to isolate the effect of the particular editing on the final solu- GMCA WITH REGARD TOMCA, RESPECTIVELY

tion, anoptimal Wilson editing has been used for this data set only. To

obtain this, the Bayes rule with reject threshold 0.40 [20, p. 10] has Merging No. of  Error PTMCA PDMCA
been used as the internal classifier in the Wilson procedure. The particc  Scheme Prot. Rate(%) (%) (%)
ular reject threshold used was selected (based on the training set only MCA 193 21.33 100 100
in order to obtain optimally (but realistic) edited sets of similar sizeand  gpqoa+ME 193 21.33 29.71 29.70
margin between classes compared to practical editing algorithms sucl gMCA+CO 68 12.48 0.52 0.16
as Wilson and Multiedit [2]. Typical sets of prototypes obtained in this GMCA+WA 59 10.12 1.22 0.10
way by GMCA (using Ward'’s distance in this case) and LVQ (LVQ2 GMCA+RA 65 11.38 2.97 0.09
GMCA+AV 63 11.89 1.40 0.49

using the whole training set) are shown in Fig. 4.

Ten different random initializations of LVQ algorithms with a
number of codebook vectors ranging from 5 to 16 have been per-

formed. The averaged error rates obtained are shown in Fig. 5 aldists the condensing results. The classification error rates on the test
with the corresponding number of prototypes. The Bayes error rate &t using the 1-NN and the 30-NN (bésNN) rules with the original

this problem is 26.37 and is also shown.

training set were 23.44% and 13.07%, respectively.

The main fact that can be emphasized from this experiment is thatGMCA merging schemes yielded smaller sets of prototypes than
all the methods obtain solutions relatively close to the optimal one BMCA, which were much better at classifying the test set. At the same
GMCA manages to represent the central cluster in an optimal way aimde, GMCA schemes achieved a dramatic reduction in the resources
consequently needs less prototypes to obtain similar or better resultécttndensing time and computed distances) required by MCA.
is worth noting that for this problem, very good results are also obtainedError rates and the number of prototypes of these approaches (the
if a different editing algorithm is used [9]. In particular, using Multieditsame listed in Table 1) along with the results obtained with LVQ al-
or Wilson editing with large values d@f lead to results very similar to gorithms are shown in Fig. 6. As could be expected, the LVQ2 was

the ones shown in Fig. 5.

slightly (but clearly) better than all the other algorithms (including

LVQ1) which exhibited very similar error rates (apartfrom MCA). This

C. Experiments on the DNA Data Set

This data set corresponds to primate gene sequences. The probqg
is to recognize boundaries between different parts of the DNA. Thefe

behavior can be related to the fact that GMCA is constrained to obtain
istent sets which may lead to some inaccuracies in the regions close
class boundaries. Conversely, it is well known that LVQ approaches

are two sets, one for training composed by 2000 samples and one3t able to deal with very high overlapping, provided a good initial-

testing with 1186 samples, which are partitioned into three class

Each sample is described by 180 binary attributes (Statlog versié"“)

[16] problem.
In all GMCA schemes, error rates were estimated on the test set

by using the 1-NN rule with the condensed sets of prototypes whi

tion has been done. The fact that GMCA results lie between LVQ1
d LVQ2 can be considered as a good result for this high-dimensional

[oR Experiments on the Landsat Satellite Image Data

were built from theuneditedtraining set, which was the best among This database consists of the multispectral values of pixels<dr33
all editing options according to above established procedure. Tablendighborhoods in a satellite image and the classification associated
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Fig. 7. Error rates and the corresponding standard deviations for different

Fig. 6. Error rates and the corresponding standard deviations for diﬁer%!; ’ . . .
. > 5 Jiumbers of codevectors obtained with LVQ1 and LVQ2 algorithms, along with
numbers of codevectors obtained with LVQ1 and LVQ?2 algorithms, along wi CA and GMCA (with the intercluster dissimilarities: ME, CO, WA, RA, and

MCA and GMCA (with the intercluster dissimilarities: ME, CO, WA, RA, and . o
AV) results using the DNA data set. AV) results using the Landsat satellite image data set.

TABLE Il VI. CONCLUSIONS AND FURTHER WORK
CONDENSING RESULTS ON THELANDSAT SATELLITE IMAGE DATA SET. . . . .
PTMCA AND PDMCA REPRESENT THEPERCENTAGE OETIME SPENT AND A generalized condensing scheme based on class-conditional hier-

DISTANCES COMPUTED BY GMCA WITH REGARD TOMCA, RespecTively  archical clustering (GMCA) is proposed. The basic idea is to replace a
group of prototypes by a representative while keeping the consistency

Merging No. of Error PTMCA PDMCA property. The algorithm improves and generalizes previous works by
Scheme Prot.  Rate(%) (%) (%) explicitly introducing the concept of cluster and cluster consistency.
MCA 119 11.45 100 100 The use of geometric cluster properties produces an efficient merging

GMCA+ME 119 11.45 42.02 34.32 scheme based on local consistency verification, guaranteeing the entire
GMCA+CO 118 10.70 16.91 10.15 system consistency while minimizing the computation needed.
GMCA+WA 121 11.55 29.24 6.80 MCA was experimentally compared with merging schemes induced
GMCA+RA 124 10.35 26.72 9.18 by GMCA taking into account five different intercluster dissimilarity
GMCA+AV 126 10.60 29.63 21.37

measures. In the particular case of the GMCA with the median inter-
cluster distance (GMCA+ ME), which yields identical sets of pro-

with the central pixel in each neighborhood [16]. The aim is to iderfQtYPes as MCA, a notable reduction in the time and the computed
tify regions with different soils and crops. There are two sets, one igistances required was achieved in all experiments. When other inter-
training with 4435 samples and one for testing with 2000 sampleduster measures were used, smaller and better sets of prototypes (in
which are partitioned into six classes of 36-dimensional data. the sense of classification power) were built, reducing the condensing
The edited training set with = 8 (4018 samples) was selected infime even more.
this case as the input for the different merging schemes. The error rate§he GMCA approach is able to obtain results which are similar to or
were estimated on the test set by using the 1-NN rule with the coeven better than the well-known LVQ approach which is supposed to
densed sets of prototypes. Table Il lists the condensing results on diain close-to-optimal results when initialized properly. This suggests
edited training set including the estimated error rates. As a referenttegt GMCA is able to adapt to the underlying distribution of the data
the classification results on the test set using the 1-NNedlited1-NN,  while significantly maintaining discriminating power. An obvious ex-
and the 4-NN (best-NN classifier) rules with the original training settension of the present work would consist of relaxing the consistency
were 10.55%, 9.40%, and 9.25%, respectively. requirement and obtaining a hybrid approach by combining the “ag-
The same results (error rates and number of prototypes) along wildmerative” strategy of GMCA and the “adaptive” one from LVQ.
the ones obtained with the LVQ approach using the original (unedited)
set are shown in Fig. 7. In this experiment, less significant differences
with regard to the final number of prototypes is obtained. Nevertheless,

L . . 1] B. V. DasarathyNearest Neighbor (NN) Norms: NN Pattern Classifica-
it is worth noting that the GMCA approaches generally give better re- (1] B .
sults in perform%nce to those of thF()epLVQ clasgifiers Y9 tion TechniquesB. V. Dasarathy, Ed: IEEE Comput. Soc. Press, 1991.

] - . [2] P. Devijver and J. Kittler,Pattern Recognition: A Statistical Ap-
With the only exception of Ward’s method, GMCA merging schemes proach Englewood Cliffs, NJ: Prentince-Hall, 1982.

were superior to MCA, achieving better sets of prototypes and remark{3] P. E. Hart, “The condensed nearest neighbor ruEEEE Trans. Inform.
ably faster speed than MCA. This suggests that GMCA approaches  Theory vol. IT-14, pp. 515-516, May 1968. o
using distances CO, RA, and AV lead to clusters which adapt to thel4] B V. Dasarathy, “Minimal consistent set (MCS) identification for
datain a better way. The fact that GMCA was generally superior to LVQ optimal nearest neighbor decision systems desigff:E Trans. Syst.,

ith . ; limi f Man, Cybern.vol. 24, pp. 511-517, Mar. 1994.
(with regard to error rates obtained) using a limited number of proto- [5] L.I.KunchevaandJ.C. Bezdek, “Nearest prototype classification: Clus-

types, can be considered as a very good result for this experiment, even ' tering, genetic algorithms, or random search2EE Trans. Syst., Man,
though these results stem from the combination of editing and GMCA.  Cybern. B vol. 28, pp. 160-164, Feb. 1998.
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concise fuzzy rule base is a desirable process. RecentlyeYahil11]
provided a singular value decomposition (SVD) approach for reduc-
tion of fuzzy rule bases. However, the number of active rules for each
input of the fuzzy mechanism is increased due to the new membership
functions generated from the reduction process [11]. The increase in
the number of active rules makes the computation load heavier when
the output of the fuzzy controller is calculated. Moreover, although the
output error of the fuzzy controller is bounded [11], the performance
of the system output can be further improved.

To make improvement from the work in [11], a new approach for re-
ducing a given fuzzy rule base of afuzzy controller is designed based on
the idea of reduction of fuzzy rule base in [11]. As in Yam’s paper [11],
the output consequents in the cells of a fuzzy rule table are collected
and represented as an output consequent matrix. The characteristics of
the output consequent matrix are featured by the singular values of the
matrix. Unlike the reduction approach in [11], the output consequent
matrix is reasonably approximated with a dominant consequent ma-
trix in this paper. The elements of the dominant consequent matrix are
determined by minimizing the approximation error function. With the
rule combination approach, the size of the dominant output consequent
matrix is reduced. Therefore, the size of the fuzzy rule base is reduced.

Index Terms—Fuzzy controllers, reduction of rule bases, singular value
' decomposition.
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