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a b s t r a c t
Recently semi-supervised fuzzy clustering with pairwise constraints was developed, in which the disagreement on the magnitude order between penalty cost function and the basic objective function will
cause over adjustment of membership values and their deviation from the normal range. In order to solve
this problem, an improved semi-supervised fuzzy clustering algorithm with pairwise constraints (SCAPC)
was proposed based on a redeﬁned objective function. The new penalty cost function in SCAPC theoretically conforms to the methodology of classical fuzzy clustering, which is expressed as the violation cost
incurred by the pairs, and has the same magnitude order as the basic objective function. Experimental
results on benchmark datasets and images showed that SCAPC can produce more accurate clustering
by moderately enhancing or reducing the ambiguous memberships. Research indicates that constraint
term of the proposed algorithm can achieve a good agreement and cooperation with the basic objective
function.
© 2011 Elsevier B.V. All rights reserved.

1. Introduction
When a dataset is provided with a few labeled samples in addition to a lot of unlabeled samples, it is necessary to develop effective
approaches to model the relationship between two kinds. There are some potential approaches which can tackle such problems, e.g.
semi-supervised clustering [1], transfer learning [2], kernel alignment measure [3], and transferred learning of the kernel [4], they were
all constructed from the combination of labeled and unlabeled samples. The approach can effectively improve the quality of classiﬁcation
if the available a priori information is fully exploited. Semi-supervised clustering using a few labeled samples to guide the clustering
process provides a novel enhanced concept beyond unsupervised and supervised clustering. In semi-supervised model-based classiﬁcation,
some semi-supervised clusterings take directly into account the available classiﬁcation information [5], others utilize pairwise constraints
between labeled samples [6–9]. The latter method introduces two types of constraints [10]: must-link and cannot-link constraints according
to the two labeled samples must (or cannot) be assigned to one cluster or not. This provides the ﬁrst basis for semi-supervised clustering of
such kind, pairwise constraints then can be incorporated additively into unsupervised clustering algorithms as a penalty cost function of
its objective function to obtain a new semi-supervised optimization problem. These constraints serve as supervised elements and provide
general guidance for the clustering process towards more appropriate partitions.
In recent years, the method of pairwise constraints which has been proven to be an effective way to express the priori knowledge
has attracted more and more interests. Pairwise constraints have been introduced into some basic algorithms and consequently obtained
several different semi-supervised clustering algorithms. For example, there are semi-supervised hard clustering (PCKmeans [6], COPKmeans [7]), semi-supervised fuzzy clustering (AFCC [1]), and semi-supervised spectral clustering [11], etc. Speciﬁcally, AFCC suggested
a semi-supervised fuzzy clustering by modifying the objective function of CA (clustering by competitive agglomeration) [12] with the
available pairwise constraints. Unfortunately, its penalty cost function could not achieve an appropriate cooperation with the objective
function of CA, consequently, AFCC was affected by the over adjustment of membership values leading to their deviation from the normal
ranges. In order to overcome the above shortcoming, we propose a new semi-supervised fuzzy clustering algorithm (SCAPC) based on the
redeﬁned objective function. A new constraint penalty cost function is introduced to CA, as expected it can achieve a good agreement and
cooperation with the basic objective function of CA.
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This paper is organized as follows: Section 2 brieﬂy describes the unsupervised fuzzy clustering CA and the semi-supervised fuzzy
clustering algorithm AFCC. Section 3 describes our new semi-supervised fuzzy clustering SCAPC in detail. Numerical tests and performance
analysis are reported in Section 4. Finally, Section 5 makes the concluding remarks.
2. Related works
AFCC is stemmed from the clustering by competitive agglomeration (CA) [12]. Given a dataset  = {x1 , x2 , . . ., xN } ⊂ RL which has N
samples, each sample can be denoted as a vector with L attributes xi = [xi1 , xi2 , . . ., xiL ]T . The objective function of CA is deﬁned as follows:
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where C is the number of clusters, k = [k1 , k2 . . . kL ]T is the kth cluster center, uik denotes the membership degree of the ith samples
N
u be the cardinality of kth cluster expressed as the sum of membership degrees of the kth
belonging to the kth cluster. Let Nk =
i=1 ik
cluster. CA algorithm creates an environment in which clusters compete for samples based on cardinalities, and thus it controls the number
of clusters. The choice of ˇ is important in CA because it reﬂects the importance of the second term (competition term) relative to the ﬁrst
term (FCM term). Also because that the value of ˇ should be chosen so that both terms are of the same magnitude order. In paper [12], ˇ
was chosen as the function of t:
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where t is the iteration number. The deﬁnition of ˇ in Eq. (3) is proportional to the ratio of the two terms, i.e.

C N
k=1

ˇ∝

C

i=1

(uik )2 d2 (xi , k )



N
u
i=1 ik

k=1

2

During the clustering process, ˇ varies according to the iteration number t. The algorithm starts with a large value of ˇ so that the
competition term of the objective function dominates in the initial phase of training. The value of ˇ decreases slowly to help CA to seek the
optimal cluster number in the early iterations. When it is close to appropriate partitions, ˇ becomes small and the ﬁrst term is emphasized.
AFCC algorithm is an alternative semi-supervised fuzzy clustering which modiﬁes the objective function of CA with the available
pairwise constraints. According to the a priori information, the labeled samples are organized into two sets M and C, the elements in M
and C are pairs of data points. Let M be the set of must-link pairs such that (xi , xj ) ∈ M implies xi and xj should be assigned to the same
cluster, and let C be the set of cannot-link pairs such that (xi , xj ) ∈ C implies xi and xj should be assigned to the different clusters. Note that
the pairs in M and C are order-independent which means (xi , xj ) ∈ M is the same to (xj , xi ) ∈ M. The objective function of AFCC in paper
[1] is given as:
JAFCC =
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The optimization of JAFCC is subject to the same constraints of Eq. (2). Objective function of AFCC is the combination of CA and the constraint
function, the second term is just the penalty cost corresponding to the pairwise constraints. It calculates the violation cost of the constraints,
including (1) penalty cost in M incurred by the must-link pairwise: the multiplier of corresponding membership values of two such points
assigning to different clusters. (2) Penalty cost in C incurred by the cannot-link pairwise: the multiplier of corresponding membership
values of two such points assigning to the same cluster.
In Eq. (4), parameter ˛ is a weighted factor whose role is to maintain the relative importance of the supervision. Similarly, parameter
ˇ reﬂects the importance of the competition term. In paper [1] these two important parameters are given as:
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where M is the number of pairwise constraints, and ˇ is chosen by
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Such expression of ˛ using the normalized performance index (the sum of the squared distances between samples and centers divided
by the sum of the squared memberships) intends to balance the contribution of supervised and unsupervised terms of JAFCC [13]. The higher
the normalized level is, the less important the supervision is. Unfortunately, this expression for ˛ can not ensure the two terms are of the
same magnitude order. So a potential drawback is that the membership values may not be conﬁned to [0, 1] if they are over adjusted. This

