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Abstract

Conventional clustering algorithms utilize a single criterion
that may not conform to the diverse shapes of the underly-
ing clusters. We offer a new clustering approach that uses
multiple clustering objective functions simultaneously. The
proposed multiobjective clustering is a two-step process. It
includes detection of clusters by a set of candidate objective
functions as well as their integration into the target parti-
tion. A key ingredient of the approach is a cluster goodness
function that evaluates the utility of multiple clusters us-
ing re-sampling techniques. Multiobjective data clustering
is obtained as a solution to a discrete optimization prob-
lem in the space of clusters. At meta-level, our algorithm
incorporates conflict resolution techniques along with the
natural data constraints. An empirical study on a number
of artificial and real-world data sets demonstrates that mul-
tiobjective data clustering leads to valid and robust data
partitions.

1 Introduction

Data clustering is a challenging task, whose difficulty is
caused by a lack of unique and precise definition of a clus-
ter. It is generally acknowledged that clustering is an ill-
posed problem when prior information about the underly-
ing data distributions is not well defined. Inability to de-
tect clusters with diverse shapes and sizes is a fundamental
limitation of every clustering algorithm irrespective of the
clustering criterion (objective function) used. Discovery of
a majority or all of the clusters (of arbitrary shapes) present
in the data is a long-standing goal of exploratory pattern
analysis. A framework is needed that integrates the outputs
of multiple clustering algorithms, corresponding to various
clustering objectives, applied to the same data, to meet this
goal.

A related problem is that virtually all existing clustering
algorithms assume a homogeneous clustering criterion over
the entire feature space. As a result, all the clusters detected

∗This work is supported by ONR grant no. N000140410183.

tend to be similar in shape and often have similar data den-
sity. A single clustering algorithm cannot find all the clus-
ters if different regions of the feature space contain clusters
of diverse shapes, because its intrinsic criterion may not fit
well with the data distribution in the entire feature space.

Consider the example in Fig. 1 that contains two spiral
clusters and one globular cluster with a total of 192 points.
While thek-means algorithm can recover the globular clus-
ter using an appropriate value ofk, it cannot identify the two
spirals no matter what value ofk is used. In contrast, the
single-link algorithm (SL) is able to detect the two spirals,
but fails to place the remaining points into a single globular
cluster. The single-link dendrogram reveals that the three
clusters cannot be recovered, no matter at what similarity
level we decide to cut the dendrogram to obtain a partition.
Our experiments with spectral clustering [10] also demon-
strate that the three desired clusters cannot be obtained.

A key observation is that although none of the cluster-
ing algorithms considered above can recover all the three
clusters,all the target (individual) clusters in the example
have been detected, albeit by different clustering criteria.
The globular cluster is detected by thek-means algorithm
with k = 3, while SL can locate the two spiral clusters.
Assuming that diverse clustering algorithms can provide all
the desired clusters, we can use a cluster fitness function to
identify which clusters from specific clustering algorithms
are the most meaningful to be included in the final cluster-
ing solution. However, evaluation of cluster utility (good-
ness) is a non-trivial procedure closely related to calibration
of clustering objective functions. This leads to the multiob-
jective data clustering approach introduced in this paper.

1.1 Multiobjective Clustering

The goal of multiobjective clustering is to find clusters in
a data set by applying several clustering algorithms cor-
responding to different objective functions. We propose a
clustering approach that integrates the output of different
clustering algorithms into a single partition. More precisely,
given different clustering objective functions, we seek a par-
tition that utilizes the appropriate objective functions for
different parts of the data space. This framework can be
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(a)k-means withk = 3
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(b) Single-link,k = 15
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(c) Spectral withσ = 0.6 andk = 3

Figure 1: The resulting partitions by (a)k-means, (b) single-link and (c) spectral clustering on this “globular-spiral” data set.
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(a) “2 Gaussian” data

−2 0 2 4

−2

−1

0

1

2

(b) Re-sampled I
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(e) Re-sampled IV
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Figure 2: Results ofk-means withk = 2 for different re-sampled versions of two data sets. Dotted lines in the figures
correspond to the cluster boundaries. The partitions of “2 Gaussian” data set are almost the same for different re-sampled
versions, suggesting thatk-means withk = 2 gives good clusters. The same cannot be said for the “2 spiral” data set.

viewed as a meta-level clustering since it operates on multi-
ple clustering algorithms simultaneously. The final partition
not only contains meaningful clusters but also associates a
specific objective function with each cluster.

Multiobjective clustering is a two-step process: (i) inde-
pendent or parallel discovery of clusters by different clus-
tering algorithms, and (ii) construction of an “optimal” par-
tition from the discovered clusters. The second step is a dif-
ficult conceptual problem, since clustering algorithms often
are not accompanied by a measure of the goodness of the
detected clusters. The objective function used by a cluster-
ing algorithm is not indicative of the quality of the parti-
tions found by other clustering algorithms. The goodness
of each cluster should be judged not only by the clustering
algorithm that generated it, but also by an external assess-
ment criteria. In the special case where all partitions come
from the same family of probability models, methods such
as Bayesian information criteria (BIC) or minimum descrip-
tion length (MDL) can be used to decide in favor of a par-
ticular partition. Unfortunately, many clustering algorithms
do not admit probabilistic interpretations and these criteria
are inapplicable. A more general goodness function that can
be adopted for all clustering algorithms is needed.

A possible candidate for the goodness function is the sta-
bility of a cluster under the re-sampling of the data set [8, 6].

Fig. 2 gives an intuition why stable clusters are preferable.
Another issue is that adopting clusters from different parti-
tions may not produce a valid data partition. Multiobjective
clustering frequently encounters conflicting criteria in the
sense that detected clusters are incompatible (due to clus-
ter overlap, for example). Such spatial constraints must be
taken into account at the meta-level. In addition to the good-
ness function, we need to provide a conflict resolution tech-
nique for handling competing clusters.

1.2 Related Work

Multiobjective clustering is not the only approach that oper-
ates with multiple clustering solutions. For example, clus-
tering ensembles combine different partitions of the data us-
ing the so-called consensus functions [12]. Recent studies
of clustering ensembles have dealt with all aspects of par-
tition generation, their diversity as well as methods of their
combination, e.g., see [1, 4, 3, 7]. In addition, a specialized
combination method fork-means and agglomerative link-
age algorithms was proposed in [11].

It must be emphasized that clustering with multiple ob-
jective functions is not equivalent to clustering ensembles.
The distinction lies in both the choice and the integration of
the objective functions. Clustering ensembles operate with
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homogenous objective functions. Therefore, good clusters
may become diluted by weak clusters in an ensemble. In
general, solutions delivered by consensus functions may vi-
olate the criteria of optimality inherent to the contributing
partitions. On the other hand, while the proposed multiob-
jective approach includes conflicting objectives, it indirectly
localizes the objectives and optimizes them in distinct re-
gions of the feature space.

A separate issue is the choice of the clustering objective
functions to be combined. Here we assume that the cho-
sen set of clustering algorithms ensures that each of the true
clusters is detected by at least one of the algorithms.

2 Integration of Partitions

2.1 Problem Statement

Suppose we are given a data setD = {x1, . . . ,xm} and
L clustering algorithmsAi, i = 1, . . . , L, such that each
algorithmAi returns a partitionP (i) ofD which maximizes
the corresponding objective functionfi. Formally,

P (i) = {S(i)
1 , S

(i)
2 , . . . , S

(i)
Mi
} = argmax

P (D)

fi(P (D)), (1)

whereP (D) denotes an arbitrary partition ofD andS
(i)
j is

the j-th cluster inP (i). Let S ≡ ∪iP
(i) be a collection of

all the clusters generated by the candidate algorithms{Ai}:

S = {S(1)
1 , . . . , S

(1)
M1

, . . . , S
(L)
1 , . . . , S

(L)
ML
}. (2)

The goal of multiobjective clustering is to find a “compro-
mise” partitionT ≡ {C∗1 , . . . , C∗K} based on the partitions
{P (i)}. In other words, the target collection of clusters,T ,
is derived from the clusters inS:

T = {C∗1 , . . . , C∗K : ∀i ∃j, k, C∗i ≈ S
(k)
j }. (3)

The key assumption of the proposed approach is that
all the underlying clusters inD can be identified (approx-
imately) by at least one of theL candidate clustering algo-
rithms. In order to interpretT as a partition, the following
conditions must be satisfied:

Absence of conflicts.No data pointxi is assigned to more
than one cluster inT , i.e.,C∗i ∩ C∗j = ∅ for all i 6= j.

Complete coverage.Each data point inD is assigned to at
least one cluster in partitionT .

In practice, these two properties may be violated, as it is
hard for clusters produced by different algorithms to be ex-
actly non-conflicting and cover all the data. We can still in-
terpretT as an approximate partition if the number of con-
flicting and unassigned data points is small. If necessary, a

post-processing step can assign such data points to one of
the clustersC∗i , thereby ensuring thatT is a valid partition.

In practice, we must compare and select the clusters ob-
tained by the clustering algorithms applied to the entire fea-
ture space. For this purpose, we need to introduce an addi-
tional objective function that is external to the criteria used
by the clustering algorithms. Letgj(Ci,D) be a goodness
function that measures the quality of the clusterCi in a man-
ner consistent with the objective functionfj . By comparing
the values of goodness functions{gj(Ci,D)}, we can indi-
rectly adopt the most appropriate clustering criteria{fj} for
different data subsets (clusters).

2.2 Stability As Goodness Function

The goodness functiongj(Ci,D) depends on both the clus-
terCi and the entire data setD, instead ofCi alone, because,
in general, the goodness of a cluster acquires its meaning
in the context of all the data points. A reasonable goodness
function should possess the following properties. First, it
should be related to the clustering criterionfj , or the clus-
tering algorithmAj that optimizesfj . The larger the value
of gj(Ci,D), the better the clusterCi is with respect tofj

or, equivalently,Aj . Second, it should be comparable for
different clustering objection functions. In other words, if
gj(Ci,D) > gl(Ci,D), then the quality of clusterCi is better
with respect tofj thanfl. Finally, the values of the good-
ness function must be comparable across different clusters.
For example,gj(Ci,D) = gj(Cl,D) implies that clustersCi

andCl are equally good with respect to the criterionfj .
We suggest that the goodness function should be based

on cluster stability [8]. Cluster stability reflects the vari-
ation in the clustering solution under perturbation of the
data and can be used with different clustering algorithms.
The perturbation is done by data re-sampling, either with
or without replacement. Stable clusters are usually prefer-
able, because if the same clusters are formed irrespective
of minor changes in the data set, the clusters are robust and
hence reliable. Stable clusters can be a consequence of good
isolation or compactness of a cluster. Note that direct opti-
mization of stability is a hard problem, without known ef-
ficient methods. The pseudo-code for calculatinggj(Ci,D)
is given by Algorithm 1. Here,sim(Ci, P (D)) is a similar-
ity measure that compares clusterCi with an arbitrary data
partitionP (D). Algorithm 1 runs the clustering algorithm
many times with different re-sampled versions of the data
set, and uses the average of the similarity betweenCi and
the resulting partition as the value of the goodness function.

Finding the similarity measuresim(Ci, P (D)) between
a cluster and a partition is far from straightforward. Most
previous work only compares a partition with another par-
tition [5, 9]. However, it is possible to derive the similarity
between a cluster and a partition by transforming the cluster
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for l := 1 to M do
Re-sampleD either with or without replacement to ob-
tain the perturbed data setD′
RunAj usingD′ as input and obtainP (D′)
P (D′) is converted toP (D) by labelling the data in
D/D′ according to the semantics of the clusters
Computescore[l] = sim(Ci, P (D))

end for
gj(Ci,D) := average ofscore[l]

Algorithm 1: Goodness functiongj(Ci,D) evaluation.

Ci to a partition and adopting one of the known partition-to-
partition distance definitions. Specifically, we constructP1,
a partition consisting of two clusters, asP1 = {Ci,D/Ci},
whereD/Ci denotes the set of data points inD that are not
in Ci. P (D) is transformed toP2, a partition of two clus-
ters, byP2 = {C∗,D/C∗1}, whereC∗ denotes the union of
all “positive” clusters inP (D). A clusterC′j in P (D) is pos-
itive if more than half of its data points are inCi. Intuitively,
C∗ is the “best” approximation ofCi in P (D). Mutual in-
formation, which is a common similarity measure between
two partitions [12], can be used to compareP1 andP2.

MI(P1,P2) =
1∑

i=0

1∑

j=0

rij

m2
log

mpij

rij
,

rij = pi· p·j , pi· = pi0 + pi1, p·j = p0j + p1j ,

(4)

wherep11 denotes the number of data points in bothC∗ and
Ci, p01 is the number of data points in bothD/Ci andC∗,
p10 is the number of data points in bothCi andD/C∗, p00

is the number of data points in bothD/Ci andD/C∗, andm
is the total number of data points. One drawback of mutual
information is that its maximum value depends on the clus-
ter sizes|Ci| and|C∗|. Therefore, we normalize the mutual
information with its largest possible value. This leads to the
normalized mutual information (NMI) criteria [4].

NMI(P1,P2) =
MI(P1,P2)

−1
2m

( 1∑

i=0

pi· log
pi·
m

+
1∑

j=0

p·j log
p·j
m

) .

(5)
Since the normalized mutual information, as well as other
similarity measures between partitions, depends on the
number of clusters,P (D) should have a fixed number of
clusters for a fair comparison. This explains why bothP1

andP2 are constructed with two clusters only.

2.3 Selection of Clusters

Given the list of candidate clustersS = {C1, . . . , CM}, we
find T = {C∗1 , . . . , C∗K}, the set of target clusters, using the

goodness function. Letu = (u1, . . . , uM )t be a vector of
indicator variables, whereui = 1 if the i-th cluster in the
collection is selected inT , and 0 otherwise. The superscript
t denotes the transpose of a vector. The setT can be con-
structed by finding the optimalu. We shall first assumeK,
the number of clusters inT , is known.

Let qij denote the penalty for violating the no-conflict
property ifCi andCj are selected inT , and letQ ≡ {qij}.
The overall penalty of violating the no-conflict property for
u can be written as the quadratic form12u

tQu. Let nij

be the number of data points that are in bothCi and Cj ,
i.e., nij = |Ci ∩ Cj |, and letN = {nij}. One reasonable
definition ofqij is:

qij =
nij

max(|Ci|, |Cj |) . (6)

Intuitively, qij represents the proportion of data points from
the smaller cluster that are also assigned to the larger cluster.

Let ξ(u) be the ratio of the data points that remain unas-
signed by the clusters present inu. If complete-coverage
property is satisfied,ξ(u) is zero. Since we want to mini-
mizeξ(u) andutQu, as well as maximize the sum of clus-
ter goodness functions, we introduce two positive parame-
tersγ1 andγ2 and consider the following discrete quadratic
programming problem.

Minimize J(u) = −stu + γ1utQu + γ2ξ(u)

subject toui ∈ {0, 1} and
M∑

i=1

ui = K.
(7)

Here, s is the vector of goodness function values,si =
gj(Ci,D), andj is the index of the algorithmAj that cre-
atesCi. The first constraint onui reflects thatu consists
of indicator variables. The second constraint on the sum
of ui corresponds to the fixed number of clusters to be se-
lected. The functionξ(u) can be approximated asξ(u) ≈
1/m(dtu − 1

2u
tNu), whered ≡ (d1, . . . , dM )t and di

is the size ofCi. Since this approximation is quadratic in
u, the corresponding objective function in (7) will also be
quadratic. In practice, though, we compute the number of
unassigned points exactly. Since the Hessian matrix of the
objective function may be non-definite, the relaxed continu-
ous version of this optimization problem is non-convex and
may have multiple local minima. At the meta-level, mul-
tiobjective clustering translates to a NP-hard combinatorial
optimization problem.

A simple but efficient heuristic relying on local descent
search with multiple re-starts is adopted to solve problem
(7). Our optimization procedure starts with an initial ran-
dom vectoru0 that satisfies the constraint

∑M
i=1 ui = K.

Hill-climbing proceeds by iteratively improvingu until a
local minimum is reached. Letψ be a move operator that
generates a set of modified vectorsunew from the current
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solutionu0. The improvedu is obtained as

unew = arg max
u∈ψ(u0)

J(u). (8)

In the current context,ψ(.) modifiesu0 by swapping a ran-
domly selected “1” inu0 with a randomly selected “0”. As
a result, the number of 1’s inu is not changed, thereby satis-
fying

∑M
i=1 ui = K. Intuitively, each step in hill-climbing

attempts to change the current clustering by discarding one
existing cluster and including a new one.

We need to modifyJ(u) if the number of target clusters,
K, is not known. A natural modification is to consider the
average, instead of the sum, of the goodness functions. This
leads to the following minimization problem:

Minimize J ′(u) = − stu∑M
i=1 ui

+ γ1utQu + γ2ξ(u)

subject toui ∈ {0, 1}.
(9)

Again, hill climbing can be used to solve this optimization
problem. The operatorψ(.) is extended so that, beside mov-
ing “1” in u to a new location, it can also flip a value1 ↔ 0
in random components ofu. The flipping operation is ef-
fectively an addition or deletion of a cluster from the current
solution. In our experiments both versions of multiobjective
clustering (Equations (7) and (9)) have been studied.

3 Experiments

In order to ensure that the target clusters are found by at
least one of theAj , we consider several “independent” clus-
tering algorithms, i.e., based on different principles. The
k-means algorithm minimizes the total within-cluster vari-
ance and tends to find spherical clusters. EM is an exam-
ple of model-based clustering algorithm and detects hyper-
ellipsoidal clusters that may be overlapping. Single-link
(SL) [13] clustering, being based on minimum spanning
tree, can find chained clusters. Spectral clustering [10] finds
clusters based on the spectral properties of the similarity
graph constructed from inter-pattern distances. All these al-
gorithms require a parameterk, the number of desired clus-
ters1. Note thatk is different fromK, the number of clusters
in the target partition. A wide range of reasonable values of
k andσ is used in the experiments. A clustering algorithm
run with different parameter values results in two different
algorithm instantiations. For each data set, we re-sample
90% of the data without replacement 50 times in order to
compute the goodness function. For both EM andk-means,
multiple restarts are used to alleviate the local minimum
problem.γ1 andγ2 are set to 0.4 and 5, respectively, when
K is fixed (Eq. (7)). WhenK is variable (Eq. (9)),γ1 and

1For spectral clustering, an extra width parameterσ is needed.
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(b) Clusters discovered by multiobjective clustering

Figure 3: Clustering results on the synthetic data set.

Data set k, EM k, k-means k, SL k, spectralσ, spectral
iris 3-5 3-6 10,20,30 3 0.2,0.25
dermat 4-10,12 4-10,12 20,40 6,7,8 1,1.4,1.8
image 5-12,14 5-12,14 400,450,5007,9,11,13 3,5,7

Table 1: Parameters for the candidate clustering algorithms.

γ2 are divided by the initial guess ofK. This is due to the
difference in the two objective functions. The initial value
of K is not important, as we obtain the same target clusters
in all of our experiments whenK is initialized close to the
true number of clusters. The class labels (if available) are
only used to evaluate the clustering results by comparing
the detected clusters with the known classes.

3.1 Synthetic Data Set

1000 data points in 7 clusters of different shapes are gen-
erated (Fig. 3(a)). The clustering algorithms used include
k-means withk from 4 to 8, EM with k ∈ {4, 6, 8, 10},
SL with k = 40 and spectral clustering withk = 7 and
σ ∈ {0.1, 0.3, 0.5, 0.7}. Clusters with less than 10 data
points (1% of data) are discarded. Five clusters from SL,
one cluster from spectral clustering withσ =0.3, and one
cluster from spectral clustering withσ = 0.5, are selected
when we optimize Eq. (7) (Fig. 3(b)). The “globular” clus-
ters in Fig. 3(b) are identified by spectral clustering, while
the spirals and the rings are identified by single-link. Al-
though none of the clustering algorithms by themselves can
recover all these seven clusters, the proposed multiobjective
clustering has successfully identified them. Identical result
is obtained ifK is allowed to vary by optimizing Eq. (9).
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3.2 Real World Data Sets

We have also performed experiments on three real world
data sets from the UCI machine learning repository2. The
parameter values for the candidate clustering algorithms are
listed in table 1. For Iris data (iris ), we fix K=3 and op-
timize Eq. (7) only; ifK is allowed to vary, the “natural”
but uninteresting 2-cluster solution is obtained. Multiobjec-
tive clustering selects the three clusters generated by EM
with k =3. This turns out to be the best clustering result
among all the algorithms considered; only 2 out of 150 data
points in iris have different class and cluster labels. So,
if a clustering algorithm (EM in this case) is suitable for the
data set in the entire feature space, multiobjective clustering
selects all the clusters generated by this algorithm.

The dermatology data set (dermat ) contains 366 data
points of 34 features from six classes. One feature with
missing values is discarded. Clusters with size less than
five are ignored. Four of the underlying classes are com-
pletely recovered. 19 out of 91 points in the remaining two
classes are misclassified. None of the clustering algorithms
alone can achieve this performance. Withk = 6, k-means
misclassified 49 points, EM misclassified 64 points, and the
best spectral clustering can do is to misclassify 49 points.
Single-link can only identify two significant clusters. When
K is allowed to vary, one cluster contains exactly these two
overlapping true classes, suggesting that they are better rep-
resented by a single cluster. We also observe that clusters
from different algorithms (k-means and spectral clustering)
are selected in the final partition. Hence, different cluster-
ing objectives are indeed adopted in different regions of the
feature space.

For the image segmentation data set (image ), each fea-
ture is normalized to have zero mean and unit variance. The
constant feature is discarded. In total there are 2310 data
points with 18 features in seven classes. Clusters containing
less than 2% of data points are discarded. The multiobjec-
tive clustering solution does not match the true class labels
very well. However, a scan of the confusion matrices pro-
duced by different clustering algorithms suggest that some
of the true classes cannot be discovered by any of the algo-
rithms, possibly because the true classes are highly overlap-
ping. Comparison of the result of multiobjective clustering
with the true class labels gives the confusion matrices in
Fig. 5. We notice that classes 2 and 7 can be reasonably re-
covered. Class 1 is being split, but this is consistent with the
structure of the data, as there are indeed two different blue
regions (corresponding to class 1) in Fig. 4(a). Classes 3 and
5 (red and magenta) and classes 4 and 6 (cyan and gray) are
also observed to be grouped together in Fig. 4(a). It is not
surprising that multiobjective clustering cannot distinguish
these classes. Indeed, whenK is not fixed, a much more

2http://www.ics.uci.edu/˜mlearn/MLSummary.html .

natural clustering structure is found (Fig. 4(c) and 5(b)).
Note also the outlier data points are identified as unassigned
data points (green in Fig. 4(b) and magenta in Fig. 4(c)).

4 Summary and Future Work

We have proposed a data clustering approach based on mul-
tiple clustering objectives. By using an independent good-
ness function to evaluate the clusters, the proposed algo-
rithm picks the best set(s) of objective functions for differ-
ent parts of the feature space, instead of relying on a single
objective function (via choosing a specific clustering algo-
rithm). Our experimental results on both synthetic and real
world data sets show that the clusters obtained can be of su-
perior quality when compared with the partitions generated
by individual clustering algorithms.

The proposed method is based on the principle of data
space partitioning, where different learning algorithms are
applied to different parts of the data space. This is desirable
in data clustering because clusters in different regions can
be of different shapes. Moreover, clusters in different parts
of the data space can have different data densities. Some
clustering algorithms (e.g.,k-means) can have difficulties
in identifying low and high density clusters simultaneously.
By applying different algorithms, or the same algorithm
with different parameters, we have a much higher chance
to recover those clusters.

There are two types of parameters in our approach. The
parameters of the candidate clustering algorithms should
be set in such a way that the algorithms have a reasonable
chance to detect the underlying clusters. This is achieved by
using a wide range of parameter values: if the parameters
lead to a partition with a single big cluster, or the number
of significant clusters considerably deviates from the prior
estimate of the number of clusters, the parameters should
be adjusted. The second type of parameters includesγ1

andγ2, which control the penalty for conflicting and unas-
signed data points. If the multiobjective clustering solution
contains too many conflicting data points,γ1 should be in-
creased. If too many data points are not assigned to any
cluster,γ2 should be increased. On the other hand, if clus-
ters from a single partition are selected despite their low
quality, then the penalty for conflict and incomplete cover-
age is too large andγ1 andγ2 need to be decreased.

There are several directions for future work. The number
of conflicting and unassigned data points can be expressed
differently in the meta-objective functions in Equations (7)
and (9). Goodness functions that are based on principles
other than stability can be considered. If side-information
like constraints on cluster labels is available, they can be
incorporated into the goodness function. Our algorithm
breaks down when the “effective” regions of different clus-
tering objectives overlap significantly. How to perform mul-
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(b) image , K fixed to 7, optimize Eq. (7)
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(c) image , variableK, optimize Eq. (9)

Figure 4: Clusters obtained by multiobjective clustering for
the image data set when Equations (7) and (9) are opti-
mized. The first three principal components are shown.
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0 0 0 0 1 0 328 1 0




(a)K is fixed to 7




0 6 324 0 0 0
330 0 0 0 0 0
0 27 284 6 13 0
10 287 33 0 0 0
0 26 266 38 0 0
0 330 0 0 0 0
0 1 1 328 0 0




(b) K varies; 4 clus-
ters are detected

Figure 5: Confusion matrices between the cluster labels and
the true class labels in Fig. 4. Row: true classes; column:
cluster labels; first italic column: no. of unassigned points;
second italic column: no. of conflicting points.

tiobjective clustering in this very hard setting is an inter-
esting problem. Finally, other search methods like genetic
algorithms should be explored to select the target clusters.
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