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Introduction

In high energy physics experiments, elec-
tromagnetic calorimeters are used to measure
shower particles produced in p-p or heavy-
ion collisions. In order to extract information
and reconstruct the characteristics of the var-
ious incoming particles, clustering is required
to be performed on each of the calorimeter
planes. Hard clustering techniques such as
Local Maxima Search, Connected-cell Search
and K-means Clustering simply assign a data
point to a cluster. A data point either lies in
a cluster or it does not, and so, overlapping
clusters are hardly distinguishable.

Fuzzy c-means clustering is a version of
the k-means algorithm that incorporates fuzzy
logic, so that each point has a weak or strong
association to the cluster, determined by the
inverse distance to the center of the cluster.
The term fuzzy is used because an observation
may in fact lie in more than one cluster simul-
taneously, though to different degrees called
‘memberships’, as is the case with many high
energy physics applications. The centers ob-
tained using the FCM algorithm are based on
the geometric locations of the data points.

The Fuzzy c-Means Algorithm

The fuzzy c-means (FCM) clustering algo-
rithm [1] is one of the most widely used fuzzy
clustering techniques. It seeks to minimize a
sum of squared errors objective function. Op-
timization of the objective function is based
on iteration through certain necessary condi-
tions by using Fuzzy c-Means Theorem: if
Dik = ∥xk − vi∥ > 0 for all i and k, then
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(U,V) may minimize Jm only if, when m > 1,

uik =

[ C∑
j=1

(
Dik

Djk

) 2
m−1

]−1

(1)

where 1 ≤ i ≤ C and 1 ≤ k ≤ n, and

vi =

∑n
k=1(uik)

mxk∑n
k=1(uik)m

. (2)

where V = (v1, v2, . . . , vC) is a vector of un-
known cluster centers or prototypes, U con-
sists of the memberships uik of the kth point

in the ith cluster, and D = ∥x∥ =
√
xTx is

any inner product norm. The algorithm loops
through one cycle of estimates for Vt−1 →
Ut → Vt until some error criteria is reached.
An error threshold ϵ can be specified so that
the error criteria is ∥Vt−1 − Vt∥err ≤ ϵ.

Choosing a suitable number of clusters in-
volves the evaluation of how well the cluster
centres fit the data. This can be done with the
help of a validity index. All simulations dis-
cussed in this paper made use of the Xie-Beni
index, which is the ratio of the total variation
of the cluster centres and memberships of the
observations in the groupings to the separa-
tion between the cluster prototypes [2]. The
most suitable clusters are the ones that min-
imize this index. Since FCM is a static algo-
rithm taking all the data points into account
at one time, it is sometimes unable to iden-
tify clusters with non-uniform data patterns,
as will be shown. Therefore, a dynamic ver-
sion of the algorithm has been studied.

The dynamic Fuzzy c-Means
(dFCM) algorithm

The dFCM algorithm [3] is a modification of
the fuzzy c-means algorithm, allowing cluster
prototypes to be adaptively updated as data
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FIG. 1: Clusters found using the simple FCM al-
gorithm. Only large clusters are found.

points keep streaming in. If a new cluster is
formed, then a new cluster prototype is auto-
matically generated. Similarly, if redundant
clusters are present at a given instant, cluster
centres are eliminated. Details of the algo-
rithm can be found in [3].

Application to Calorimetric Data
In a sampling calorimeter with several sen-

sitive planes, each particle deposits a large
amount of energy in several pads or pixels.
Clustering of data is needed for each plane in
order to obtain the position and energy de-
position of the cluster. Simulations based on
GEANT4 have been performed on a calorime-
ter with 20 layers, out of which 3 were pixel
layers with dimensions 0.5mm x 0.5mm, and
the rest were pad layers with cell dimensions
1cm x 1cm. The clustering was performed in
3 dimensions, i.e., the x -position, the y - po-
sition and the energy deposited at each point,
in order to take the energy deposition (keV)
values into account. The final clusters were
taken as the projections of the 3D clusters on
the xy plane.

A sample of eight clusters on one of the pixel
layers has been generated to study the clus-
tering algorithms. Figure 1 shows the clus-
ters obtained by the simple FCM algorithm.
As the data appears to be two groups of four
clusters each, the FCM algorithm could not
resolve the individual clusters, and therefore

the Xie-Beni index selected 2 clusters to be
satisfactory. However, applying the dFCM al-
gorithm, it was found that all 8 clusters could
easily be identified, as shown in Figure 2.
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FIG. 2: Clusters using the dFCM algorithm. All
the clusters are properly determined.

Clustering was also performed on a set of
overlapping clusters, and it was found that
those clusters were easily resolved as well.

Conclusions
For calorimetric data reconstruction, fuzzy

clustering provides more accurate data than
hard clustering. The Fuzzy c-Means algorithm
is good for clusters that lie uniformly in space,
while the dynamic Fuzzy c-Means algorithm
can tackle data patterns that are non-uniform
as well.
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