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Abstract. Recently rough cluster algorithm were introduced and suc-
cessfully applied to real life data. In this paper we analyze the rough
k-means introduced by Lingras’ et al. with respect to its compliance to
the classical k-means, the numerical stability and its performance in the
presence of outliers. We suggest a variation of the algorithm that shows
improved results in these circumstances.

1 Introduction

In the past years soft computing methodologies like fuzzy sets [14], neural nets [3]
or rough sets [9,10], have been proposed to handle challenges in data mining [8]
like clustering. Recently rough cluster algorithms were introduced by Lingras et
al. [5], do Prado et al. [2] and Voges et al. [11,12]. In rough clustering each cluster
has a lower and an upper approximation. The data in a lower approximation
exclusively belong to the cluster. Due to missing information the membership of
data in an upper approximation is uncertain. Therefore they must be assigned
to at least two upper approximations. The objective of this paper is to analyze
Lingras et al. [5] cluster algorithm with respect to its compliance to the classical
k-means, the numerical stability and outliers. In an example we show that a
variation of the algorithm delivers more intuitive results in these circumstances.
The structure of the paper is as follows. In Section 2 we introduce Lingras’ et
al. rough k-means cluster algorithm. In Section 3 we investigate the properties
mentioned above and introduce an improved version of the algorithm. The paper
concludes with a summary in Section 4.

2 Lingras’ Rough k-Means Clustering Algorithm

Lingras et al. [5] assume the following set of properties for rough sets: (1) A
data object can be a member of one lower approximation at most. (2) The lower
approximation of a cluster is a subset of its upper approximation. (3) A data
object that does not belong to any lower approximation is member of at least
two upper approximations.

So their cluster algorithm belongs to the branch of rough set theory with a
reduced interpretation of rough sets as lower and upper approximations of data
constellation [13]. The algorithm proceeds as follows.
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Let:

– Data set: Xn the nth data point and X = (X1, ..., XN )T , n = 1, ..., N .
– Ck the kth cluster, Ck its lower and Ck its upper approximation. CB

k =
Ck − Ck the boundary area.

– Mean mk of cluster Ck. M = (m1, ..., mK)T with k = 1, ..., K.
– Distance between Xn and mk: d(Xn, mk) = ‖Xn − mk‖.

– Step 0: Initialization. Randomly assign each data object to one and only
one lower approximation and its corresponding upper approximation.

– Step 1: Calculation of the new means.

mk =

⎧
⎪⎨

⎪⎩

wl

∑

Xn∈Ck

Xn

|Ck| + wb

∑

Xn∈CB
k

Xn

|CB
k | for CB

k �= ∅

wl

∑

Xn∈Ck

Xn

|Ck| otherwise
(1)

with the weights wl and wb. |Ck| indicates the numbers of data objects in
lower approximation, |CB

k | = |Ck − Ck| in the boundary area of cluster k.
– Step 2: Assign the data objects to the approximations.

(i) For a given data object Xn determine its closest mean mh:

dmin
n,h = d(Xn, mh) = min

k=1,...,K
d(Xn, mk). (2)

Assign Xn to the upper approximation of the cluster h: Xn ∈ Ch.
(ii) Determine the set T with ε a given threshold:

T = {t : d(Xn, mk) − d(Xn, mh) ≤ ε ∧ h �= k}. (3)

If (T �= ∅) Then {Xn ∈ Ct, ∀t ∈ T } Else {Xn ∈ Ch}.
– Step 3: Check convergence of the algorithm.

If (Algorithm converged) Then{Goto Step 1} Else {STOP}.

Lingras et al. applied their algorithm to the analysis of student web access
logs at a university. Mitra [7] presented an evolutionary version and applied it
to vowel, forest cover and colon cancer data.

3 Properties of the Rough k-Means

3.1 Compliance with the Classical k-Means

Lingras et al. propose [4,5,6] that their algorithm equals the classical k-means in
the cases that the lower and upper approximations of the clusters are identical
(the boundary areas are empty). However, Equation (1) becomes:

mk = wl

∑

Xn∈Ck

Xn

|Ck| (4)
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Therefore we suggest to delete wl in the second case of Equation (1) so that
we obtain compliance with classical rough k-means:

mk =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

wl

∑

Xn∈Ck

Xn

|Ck| + wb

∑

Xn∈CB
k

Xn

|CB
k | for CB

k �= ∅

∑

Xn∈Ck

Xn

|Ck| otherwise
(5)

3.2 Numerical Stability

Lingas et al. algorithm is numerical instable in some circumstances. Consider
the following data set:

XT =
(

0.2 0.1 0.0 0.4 0.4 0.5 0.6 0.8 1.0 0.7
0.0 0.2 0.2 0.5 0.6 0.5 0.5 0.8 0.8 1.0

)

For K = 2, wl = 0.7, wu = 0.3 and ε = 0.2 a stable solution of the rough
k-means is given by the following meaningful result (Figure 1):
Means

MT =
(

0.21250 0.72583
0.25083 0.76417

)

Approximations

CT =
(

1 1 1 0 0 0 0 0 0 0
0 0 0 0 0 0 0 1 1 1

)

and CT =
(

1 1 1 1 1 1 1 0 0 0
0 0 0 1 1 1 1 1 1 1

)

However, the algorithm terminates abnormally if |Ck| = 0 ∀k which leads
to a division by Zero in Equation (1). So there are not only data constellations
that lead to empty boundary areas but it is also possible to obtain empty lower
approximations. Therefore Equation (1) must be modified to:

mk =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

wl

∑

Xn∈Ck

Xn

|Ck| + wb

∑

Xn∈CB
k

Xn

|CB
k |

for CB
k �= ∅ ∧ Ck �= ∅

∑

Xn∈Ck

Xn

|Ck| for CB
k = ∅ ∧ Ck �= ∅

∑

Xn∈CB
k

Xn

|CB
k |

for CB
k �= ∅ ∧ Ck = ∅

(6)

Now, besides the solution above we obtain the following stable result where
the lower approximations of both clusters are empty:

MT =
(

0.47 0.47
0.51 0.51

)

An expert now has to decide which solution is considered as optimal. In the
present case it would properly be the first on.
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Fig. 1. Cluster results

3.3 Dealing with Outliers

To determine the set T Lingras et al. suggest to consider the absolute distance
d(Xn, mk) − d(Xn, mh). However consider the following data constellation in-
corporating an outlier A inline with Means 1 and 2 (Figure 2).

Mean 1 Mean 2

a b
Data 

Object A

x

y

Fig. 2. Data with an outlier

Let b = za (z ∈ R
+) then A is an outlier for large z. For a ≤ ε the data

object A belongs to the upper approximations of both cluster:

d(Xn, mk) −d(Xn, mh) ≤ ε

⇒ (a + b) −b ≤ ε

⇒ a ≤ ε.

(7)

It is member of the lower approximation of cluster 2 if ε < a respectively.
Obviously this is independent of the selection of z. However, for large z the outlier
should be assigned to the upper approximations of both clusters, indicating that
the actual membership to one cluster is uncertain.

We suggest to use a relative distance measure instead of Lingras’ et al. ab-
solute to determine the set T :
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T =
{

t :
d(Xn, mk)
d(Xn, mh)

≤ ζ ∧ h �= k

}

. (8)

The impact on the previous example is as follows. Let b = za (z ∈ R
+); then

we get:
T = {t : z ≤ ζ ∧ h �= k} . (9)

Note that the set T depends on z now. In contrast to Lingras solution the
data object A is assigned to the upper approximations of both sets for large z.
This indicates its uncertain status.
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Fig. 3. Two clusters with absolute and relative thresholds

To test this an experiment was set up. We generated two normally distributed
two-dimensional clusters each containing 100 data objects and added an data
point representing an outlier (Figure 3). Let wl = 0.7, wb = 0.3 and Lingras’
et al. threshold ε = 0.1. The relative threshold was set to ζ = 1.86 so that the
boundary area has 130 data objects in both cases. While the outlier was assigned
to the lower approximation in Lingras et al. case, it became a member of the
boundary area when applying the relative threshold (Figure 3). Furthermore the
Davies-Bouldin index [1], based on the data objects in the lower approximations,
improved from DBabsolute = 1.4137 to DBrelative = 0.9635.

4 Conclusion

In the paper we investigated the performance of Lingras’ et al. rough cluster
algorithm with respect to its compliance to the classical k-means, the numerical
stability and in the presents of outliers. We suggested an improved version of
the algorithm that delivers more intuitive results in comparison to Lingras’ et
al. approach. In future research we will evaluate some other features of the
algorithm, compare it to classical cluster algorithms and conduct experiments
with real life data.
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