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Abstract The deterministic annealing (DA) approach to are mostly composed of good (non-noisy) patterns. The
clustering and_ its extensions has demonstrated _substantial possibilistic c-means (PCM) [4] is a possibilistic clustering
performance improvement over standard supervised and method in which one input pattern slightly affects good

unsupervised learning methods. However, its performance will o . c
be severely distorted if there exists noise (or outlines) in the clusters if its possibility to be noise is high, such that the

given data set. This paper proposes a new robust clustering partitioned results are slightly distorted by noise. Both

method -- weighted deterministic annealing (WDA) algorithm, methods work satisfactorily only provided appropriate values
which attempts to solve the noise sensitivity problem by ofthe related resolution parameters are specified [5]: 6 for NC

reformulating the source distribution of conventional DA and n for PCM. But the problem is the suitable values of the
approach. The proposed method generates different weight for egojytion parameters are difficult to specify for a certain
different pattern: bigger weight for good (non-noisy) pattern clustering problem. Another serious problem with these two

and smaller weight for noisy pattern, which effectively reduced . . e e
the effect of noise on the final partitions. The superiority of the methods is their sensitivity to the initialization of the cluster

proposed method is supported by simulation results. prototypes, which makes them unrealistic for practical
applications. Actually, these problems also occur in other

Keywords Deterministic Annealing, Robust Clustering, robust clustering methods, such as least biased fuzzy
Supervised and Unsupervised Learning, Noise Sensitivity. clustering algorithm (LBFC) [6], fuzzy possibilistic c-means
algorithm (FPCM) [7] and credibilistic fuzzy c-means
. algorithm (CFCM) [8], and so on.
| Introduction In this paper, we presented a novel robust clustering

Interest in clustering has increased recently because of nBlgthod - weighted deterministic annealing (WDA)
areas of application, such as data mining, image and spe8@prithm, which attempts to solve the noise sensitivity
processing, and bio-informatics. A very rich literature oﬁroblem_ by reformulating the source distribution of
clustering has developed in the past three decades. In gen&@ventional DA approach. The proposed method generates
fuzzy clustering has been shown to have advantages over Haiffgrent weight for different pattern: bigger weight for good
clustering in that total commitment of a vector to a given cla§80n-noisy) pattern and smaller weight for noisy pattern,
is not required. In the fuzzy clustering literature, the fuzzyhich effectively reduced the effect of noise on the final
c-means clustering algorithm, proposed bynb [1] and partltloqs._As a resullt, the proposed_method pgrforms better
extended by Bezdek [2] has been successfully applied tdh@n existing clustering approaches in term of independence
wide variety of problems [2]. However, one of the seriouSf .|n|t|aI|zat|on of qluster prototypes, ro'bustness against
disadvantages of this method is its sensitivity to noise (BPIS€. and non-requirement of any resolution parameter. The
outliers) in data set. In this case, partitioned cluster centdf$t of this paper is organized as follows. In section 2, we first
can be placed far away from the true positions. review deterministic annealing clustering algorithm, then

Many researchers have attempted to overcome ifflsvelop the proposed novel robust clustering method. The
problem by modifying the constraint of probability in theExperimental results of the proposed clustering method are
memberships of FCM. The noise clustering (NC) [3] defing€ported in section 3. Finally, conclusion and discussion are
an extra noise cluster, which attempts to include all the noiBEesented.
with high membership value, such that the good (true) clusters
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Il. The Proposed Clustering Algorithm learning methods [10]. But its performance will be distorted
severely when there exists noise in the data set. In this case,

A. Review of Conventional DA Clustering Algorithm partitioned cluster centers can be placed far away from the

) R true positions. The reason is that the constraint on the

Let the input data set bX ={X,%,,---X } L0 R", where as50ciation probability of clusters is equivalent to one
L is the number of input patterns, ands the dimension of

K
input space. Based on a measurement of similarity (most u$ggmely Z P(Vi 1 X;) =1), such that the noisy patterns

one is the squared Euclidean distance), the data set Iﬁ itablv affect the clust ters dufing the clusteri

" : will inevitably affect the cluster centers during the clustering
partitioned intcK clusters denoted b, X, -+ X, . Let procedure as discussed in [5]. In practical implementation, the
V ={Vv,,V,,---V, } 0 R"be the set of according clustersource probabilityp(X;) is supposed to be identically
centers. The conventional deterministic annealing (DA)
algorithm [9] [10] aims to minimize the following Lagrangiandistributed (namelyp(X;) = %) because we don't have

formulation any prior information about the data set beforehand. From

F=J.-TH; 1) (5), we found there may be two ways to improve the

WhereT is the Lagrange multiplier, which is analogical tgobustness of conventional DA against noise: one method is to

the temperature in statistic physk, is the cost function relax Kthe constraint on the asso<l:<|at|on probability to make

defined by 0< Z p(v, | X;) <1instead Of; p(v, |X;) =1.The

L K
J. = Z Zl P(X;) p(v, | X;)d(X;,v,) (@) other method is to reformulate the source probability such that
171 k= the good (non-noisy) patterns will have stronger effects

And H s the conditional Shannon entropy defined by  (bigger weights) on cluster centers than the noisy patterns. In
L K [12], the basic idea of NC is used for DA to relax the

H =- x Yol 1x)lo v. Ix) (3 constraint on the association probability of clusters so that the
S ;;p( )P 1X)log plvic[x) @) developed RDA algorithm is robust against noise, which

) L ) belonged to the first method. This paper focuses on the second
Whered(X;,V, ) is the squared Euclidian distance between .
] method: we reformulate the source probabﬂp(xj) to

X; and Vi, and p(V, | X;) is the association probability propose the so called weighted deterministic annealing

relating input patteriX; with cluster centev, , which is (WDA) clustering algorithm, which is robust against noise but
does not require to specify any resolution parameter.
similar to the membershipkj in FCM algorithm. According

h . incinl h " C. The Proposed WDA Clustering Algorithm
tq t. © _maX|mum. gnt_rqpy prmmp © [1_1]’_ t ? probabi ItyWe attempt to reduce the noise sensitivity of DA clustering
distribution that minimizingF is Gibbs distribution

40 vky algorithm by modifying the source distributiop(X;) of
- 1
p(x;)e !

data set such that the algorithm generates different weight for

PV | Xi) =K —d(x ,viy (4) different pattern: big weight for the good pattern which is
Z p(xj)e T normally near the cluster centers and small weight for noisy
1= pattern which is normally far from the cluster centers. If a

The denominator is normalization function, which igattern has a low value of weight, it is atypical to the data set
analogical to partition function in statistic physic. Minimizingand considered as a noisy pattern. To do this, we reformulate

F we get the expression of cluster center as the source distribution by
L —mind(xj Vi)
ZDWJMWIMMJ _ e T
_ = p(xj) - L —d(% V) (6)
Vik =T (5) Z e
> PPV %)) =
=1

instead of the following in the conventional DA clustering
The equations (4) and (5) are just the conventional DAgorithm [9][10]
clustering algorithm. Detailed discussions about derivativex
and implementation of DA can be found in [10]. Z' P(vi I%,) =1 (7)

B. Noise Sensitivity Problem of DA . . . . .
S y . ) Equation (6) assigns different weight to different pattern
The deterministic annealing (DA) approach to clustering angtcording the minimum distance between the data pattern and
its extensions has demonstrated substantial performangeine cluster centers. The smaller the distance is, the bigger
improvement over standard supervised and unsupervisgd weight is. Such that the good pattern near the cluster
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centers is assigned bigger weight so that has bigger effectMote (14) has the same expression as conventional DA (see

the cluster centers and the noisy pattern far from clust@)), but in this expression the source distributipﬁxj) is
centers is assigned smaller weight so that has smaller effect on

the cluster centers. From (6), it is clear that at limited High now defined by (6) instead of (7).

. o Equations (4), (6) and (14) are the proposed WDA
these are uniform source distribution, each pattern equallm . X .

. ) clustering algorithm. The advantages of WDA over existing
affects all the clusters, i.e., all the weights are equall As

L T clustering approaches will be shown in the next section. Here
lowered, ~the source distribution becomes mOrg. mention a few important properties of WDA algorithm:
discriminating. The good patterns get more and more Weiglfis  the cluster center is obtained through annealing
and the noise lose more and more weights. And at limited |9y cequre and independent of the initialization. Second, the
T, the weights of noise become nearly zero, such that tBRaracteristic of the entropy maximization is to gain
effect of noise can be eliminated. This is the basic idea of tbﬁbbability relationship among all the training data through
proposed clustering method against noise. the soft clustering procedure, which is similar in philosophy

The proposed weighted deterministic annealing (WDA) igith the fuzzy clustering. Third, the source distribution
reformulated as minimization of the following Lagrangian defined by (6) assigns different weight to different pattern in

L X data set, which is the basic idea of proposed clustering method
F,= Z Z‘ POX) PV [%;)d (%}, V) against noise.
®
+TZ Zl p(X;) P, | x;)1og p(v, | X;) lll. Simulation Results
]: =

_ ) The effectiveness of the proposed WDA clustering algorithm
Note (8) has the same expression as conventional DA, buldng,,norted by several artificial data sets. In all simulation

this formulation the source distribution is now defined by (§},q it the original data set and partitioned results are
|n.ste.ad .Of (7). Similar .to convent|ona'l DA,.t.he. Pmb"’.‘b'“tydisplayed by using different marks: the original patterns are
distribution p(V, | X;) in above equation minimizirig,,is marked by “circle”, the centers of good clusters (assume the

Gibbs distribution defined by (4) (according to maximunfioise are artificially removed) are marked by “diamond”, the

entro finciole 1121). The corresponding minimuntofis partitioned cluster patterns are marked by “circle” and
_py P P [_ ) ) P ) .g “cross”, the partitioned cluster centers are marked by “star”.
obtained by plugging (4) into (8), which is

Fig.1 shows the robustness of WDA against noise through
. ) L K _d(x;"’k) the comparison of performances between conventional DA
F,= min F,=-T p(x;)log) e 9) and the proposed WDA. The two original noisy data sets are
P(viclx;) = — .
1= = shown in (a) and (d). In each case, there are two assumed
Minimize (9) againstv, we have clusters and some noisy patterns. We can see the partitioned

a L _d(xj,vk)
F, =00 Zp(xj)e T (x;,-Vv) =0 (10)
]:

ov,
Divide the above equation by the normalization factor [ ' 11 :
K _dx v IFa e eh Ry R T
ijzzp(xj)e T (11) Rl ERE PR e RS [ - il oy
= Llass 1 ot iglin 1lm 1P artitho of L84 Fartivksa of 114
which leads to — ROETIE S R e ;
_d0x ) _d0x ) PR S 5 _" ] (4 " " |
T T d o B . P O |
L p(x,)e L p(x,)e DN e £

]Z!—ij X :JZ!—ZXj Ve (12) . o 4o |

Use (4) the above equation can be rewritten as : R = |1 o :
L L | I N ! B R | R |

Z p(Xj) PV, |Xj)Xj = Z p(Xj)p(Vk |Xj Ve (13) L peasssl s L

|= = . .

then we get the expression of cluster centers as Figure 1. The robustness of the proposed WDA algorithm
L against noise compared to conventional DA algorithm.

Z POX; ) PV | %)X _ _ _

= (14) cluster centers of . DA are obwously distorted by noisy
L patterns as shown in (b) and (e). While the proposed WDA
Z p(Xj) p(vk | XJ-) has much better performance than DA, the partitioned cluster
1= centers of WDA are hardly distorted by the noisy patterns as

vV, =
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shown in (c) and (f). It is also observed from simulationsvestigation is how to determine the right number of clusters
(which we do not show in this paper for space limitation) thdor a certain data set. Though it is not discussed in this paper,
for clear data set (supposed noisy patterns are artificialye believe this problem can be solved on the basis of entropy
removed) DA and WDA have similar performances and theghanging, as discussed in [6].

partitioned cluster centers of these two methods are almost
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