
A new initialization method for the Fuzzy C-Means 
Algorithm using Fuzzy Subtractive Clustering 

 
Thanh Le, Tom Altman 

Department of CSE, University of Colorado Denver, Denver, CO, USA 
 
 

Abstract - Fuzzy C-means (FCM) is a popular algorithm 
using the partitioning approach to solve problems in data 
clustering. A drawback to FCM, however, is that it requires 
the number of clusters and the clustering partition matrix to 
be set a priori. Typically, the former is set by the user and 
the latter is initialized randomly. This approach may cause 
the algorithm get stuck in a local optimum because FCM 
depends strongly on the initial conditions. This paper 
presents a novel initialization method using fuzzy 
subtractive clustering. On both artificial and real datasets, 
this algorithm is able, not only to determine the optimal 
number of clusters, but also to provide better clustering 
partitions than standard algorithms. 

Availability: The supplementary documents and the 
method software are at http://ouray.ucdenver.edu/~tnle/fzsc. 
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1 Introduction 
In data mining, clustering is used to group data points 

based on their similar properties. Data points within a 
cluster are highly similar to each other and can be 
discriminated from data points within other clusters. 
Successful clustering, therefore, maximizes both the 
compactness within clusters and the discrimination between 
clusters. Approaches to clustering include partitioning and 
hierarchical methods. Of the former, a popular algorithm is 
Fuzzy C-Means (FCM, Bezdek 1981) that uses fuzzy 
cluster boundaries and fuzzy sets to associate every data 
point with at least one cluster. An advantage of FCM is that 
it converges rapidly, however, like most partitioning 
clustering algorithms, it depends strongly on the initial 
parameters and the estimate of the number of clusters. For 
some initial values, it will converge rapidly to a global 
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optimum, however, for others, but it may become stuck in a 
local optimum. 

To address the limitations of FCM, researchers recently 
have integrated the algorithm with optimization algorithms, 
such as, the Genetic Algorithm, Particle Swarm 
Optimization, and Ant Colony Optimization. Alternatively, 
a Subtractive Clustering (SC) method has been used with 
FCM, where SC is used first to determine the optimal 
number of clusters and the location of cluster centers [1-4] 
and FCM is then used to determine the optimal fuzzy 
partitions [1], [5-7]. While this approach can overcome the 
problem of initialization of parameters, it still requires a 
priori specification of the parameters of the SC method: the 
mountain peak and the mountain radii. SC uses these two 
parameters to compute and amend the value of the 
mountain function for every data point while it is looking 
for the cluster candidates. Most approaches using the 
traditional SC method use constant values for these 
parameters [1], [3-7]. However, different datasets have 
different data distributions, and, therefore, these values 
need to be adjusted accordingly. Yang and Wu [2] proposed 
a method to do this automatically. However, because the 
data densities are not always distributed equally within the 
dataset, the automatic values may be appropriate only for 
some data points. 

In general, use of the SC method to determine the 
optimal number of clusters is based on the ratio between the 
amended value and the original value of the mountain 
function at every data point. The data points at which the 
ratios are above some predefined cutoff are selected and 
their number is used as the optimal number of clusters [1], 
[3], [6]. This approach, however, requires the specification 
of the cutoff value which will differ among datasets. 

In this study, we combine FCM with a new SC method 
to automatically determine the number of clusters in a 
dataset. FCM randomly creates a set of fuzzy partition 
solutions for the dataset using a maximum number of 
clusters; SC then uses the fuzzy partition approach to search 
for the best cluster centers and the optimal number of 
clusters for each solution. The FCM algorithm then rapidly 
determines the best fuzzy partition of every solution using 
the optimal number of clusters determined by SC. The best 
solution from this solution set is the final result. 



2 Fuzzy C-Means and Subtractive 
Clustering method 

2.1 Fuzzy C-Means algorithm (FCM) 

The FCM algorithm uses fuzzy set memberships to 
associate every data point with at least one cluster. 

Given a dataset X = {xi  Rp, i=1..n}, where n>0 is the 
number of data points and p>0 is the dimension of the data 
space of X, let c, c  N, 2  c  n, be the number of clusters 
in X. 

Denote V = {vk  Rp, k=1..c} as the set of center points 
of c clusters in the fuzzy partition; U = {uki[0,1], i=1..n, 
k=1..c} as the partition matrix, where uki is the fuzzy  
membership degree of the data point xi to the kth cluster, 
and 
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The clustering problem is to determine the values of c and 
V such that: 
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where ||x-y|| is the distance between the data points x and y 
in Rp, defined using Euclidean distance as: 
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By using fuzzy sets to assign data points to clusters, 
FCM allows adjacent clusters to overlap, and therefore 
provides more information on the relationships among the 
data points. In addition, by using a fuzzifier factor, m, in its 
objective function (4), the clustering model from FCM is 
more flexible in changing the overlap regions among 
clusters. 
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where m, 1≤m<, is the fuzzifier factor. 

Equation (4) can be solved using Lagrange multipliers 
with respect to (1). 
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To estimate the solution of the system of equations (5) 
and (6), FCM uses an iteration process. The values of U are 
initialized randomly. The values of V are estimated using 
(5). The values of U are then re-estimated using (6) with the 
new values of V. This process is iterated until convergent 
where 

u>0, T > 0: t>T, 

   .ε(t)u1)(tumaxUU ukiki
ik,
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 (7) 

Or, v>0, T > 0: t>T, 
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The FCM algorithm has the advantage of converging 
quickly, however, it may get stuck in local optima and be 
unable to detect the global optimum. 

2.2 Subtractive Clustering method (SC) 

SC is commonly used to find cluster centers and 
provide the optimal number of clusters. To detect the center 
point of a new cluster, SC considers each data point as a 
potential cluster center. The mountain function is used to 
measure the potential for each data point to be a cluster 
center. 
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where α>0, is a predefined constant that represents the 
mountain peak or the neighborhood area radius of each data 
point. The greater the number of close neighbors a data 
point has, the higher the magnitude of its mountain 
function. The mountain function can be viewed as a 
measure of data density in the neighborhood of each data 
point. Data points with large values for the mountain 
function have more chances to become cluster centers, and 
the data point with the maximum value of the mountain 
function is the first choice for the center of the cluster. 

Once a data point is selected as center point of a 
cluster, its neighbors are affected. Let x* be the selected 
data point and M* be the mountain value at x*. The 
mountain function values of its neighbors are then amended 
as: 
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where >0, a predefined constant, represents the mountain 
or the affected neighborhood area radius at each data point. 
Usually,  >  and quite often  = 1.5. 

SC stops increasing the number of clusters when it is 
equal to a predefined constant Cmax, or the ratio between the 
value of M* at time t, Mt*, and its original value, M0*, is 
less than a predefined constant , 
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While SC can help to determine the number of clusters 
in the dataset, the constants , , and  must be specified, 
and will differ among datasets. 

3 The proposed algorithm 

3.1 Fuzzy subtractive clustering (SC) method 

We first propose a novel fuzzy SC method that uses a 
fuzzy partition of the data instead of the data themselves. 
Our method addresses the drawback of the traditional SC in 
that it does not require a priori the values of the mountain 
peak and mountain radii. 

3.1.1 Fuzzy mountain function 

Given {U,V}, a fuzzy partition on X, the accumulated 
density at vk, k=1..c, is calculated [8] as 
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The density at each data point xi is estimated, using a 
histogram based method, as 
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The density estimator in (17) is more true at the centers 
{vk} than at other data points [8]. Therefore, if we try to 
find the most dense data points, c, using (17), we will 
obtain the centers of c clusters of the fuzzy partition. To 
address this problem, we use the concept of strong uniform 
fuzzy partition [8]. We define a new fuzzy partition {U',V} 
using {U,V}, 
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where 

 .vx)v|x(P
n

1i

2

kiki
2
k 



  (19) 

Because {U',V} is a strong uniform fuzzy partition [8], the 
density at every data point can then be estimated as 
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3.1.2 Fuzzy mountain function amendment 

Each time the most dense data point is selected, the 
mountain function of the other data points must be amended 
to search for new cluster centers. In the traditional SC 
method, the amendment is done using the direct 
relationships between the selected data point and its 
neighborhood, i.e., using a pre-specified mountain radius 
(10). In our approach, this is done using the fuzzy partition 
and no other parameters are required. First, the accumulated 
density of all cluster centers is revised using 
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where xt
* is the data point selected as the new cluster center 

and Mt
* is the mountain function value, at time t. The 

density at each data point is then re-estimated using (20) 
and (21) as follows, 
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Hence, the estimated density at each data point is amended 
as: 
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To determine the optimal number of clusters in the 
dataset, we first locate the most dense data points, n. 
Only the data points where the ratio between the mountain 
function values at time t and time 0 is above 0.95 are 
selected. This number is considered the optimal number of 
clusters in the dataset. 

 



3.1.3 Fuzzy subtractive clustering algorithm 

 Input: Fuzzy partition {U,V} on X. 
 Output: Optimal number of clusters, c*, and c* 

cluster candidates. 
Steps 
1. Construct a new fuzzy partition {U',V} using (18) 
2. Estimate the density in X using (20) 
3. Search for the most dense data point, say x* 
4. If denst(x*) > 0.95*dens0(x*) then select x* as a 

cluster candidate 
5. Amend all mountain function values using (22) 
6. If the number of such visited x* is less than n 

then go to step 3 
7. Return the set of selected cluster candidates. 
 
Regarding computational complexity, the evaluation of 

formula (18) is equal to that of (6); and (19) is the same as 
(5). The running time of (16), (20), (21) and (22) is O(cn). 
Hence, the computational complexity of our fuzzy SC 
method is O(cn) which is equal to an iteration of the FCM 
algorithm. This is in contrast to the traditional SC method, 
as in (9) and (10), which is O(n2). Thus, for large datasets, 
while n increases significantly, c may become large, but is 
reasonably limited byn. This illustrates another advantage 
of our method over the traditional SC. 

3.2 Model selection method 

In order to decide the optimal number of clusters in the 
dataset, we randomly generate multiple clustering solutions 
and choose the best one. This approach is a novel method 
for model selection using the log likelihood estimator with 
fuzzy partition. Each clustering solution is modeled with  
= {U,V}. Our model selection method is based on the 
likelihood of the solution model and the dataset as 
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The log likelihood estimator is computed as 
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Because our clustering model is a possibility based 
one, a possibility to probability transformation is needed 
before applying (24) to model selection. For each fuzzy 
partition, uki represents the possibility of xi given the cluster 
vk. We used the method of Florea et al. [9] to approximate 
the probability of xi given vk, P

a(xi|vk). The prior probability 
P(vk) is then estimated as in (25), 
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The probability of xi given vk is computed using Pa(xi|vk) 
and the Gaussian distribution model as 

.e)2(),v|x(Pmax)v|x(P

1

2

vx

k
n/1

ki
a

ki

2
k

2
ki






































 

  (26) 

Equation (26) represents the data distribution better if it 
is not Gaussian. Our model selection method is based on 
(24) with (25) and (26). 

3.3 The proposed algorithm 

We combine the FCM algorithm with our fuzzy SC 
method for a novel clustering algorithm (fzSC) that 
automatically determines the optimal number of clusters 
and the fuzzy partition for the given dataset. 

 Input: The data to cluster X={xi}, i=1..n. 
 Output: An optimal fuzzy partition solution, 

 c: Optimal number of clusters. 
 V = {vi }, i =1..c: Cluster centers. 
 U={uki}, i=1..n, k=1..c: Partition matrix. 

Steps 
1. Randomly generate a set of L fuzzy partitions 

where the number of clusters is set to n 
2. For each fuzzy partition, 

 Use the fuzzy SC method to determine the 
optimal number of clusters 

 Run the FCM algorithm using the optimal 
number of clusters and the partition matrix 
found by the fuzzy SC 

 Compute the fitness value of the fuzzy 
partition solution using (24) 

3. Select the ‘best’ solution from the partition set 
based on the fitness values 

4. Return the ‘best’ solution. 
 

4 Experimental results 
To evaluate the performance of the fzSC algorithm, we 

generated one dataset manually in a 2D space with 171 data 
points in 6 clusters (labeled from 1 to 6 (Fig.1)) and 200 
datasets using the method based on a simple finite mixture 
model [12]. Datasets are distinguished by the dimensions 
and cluster number, and we generated (5-2+1)*(9-5+1)=20 
dataset types. For each type, we generated 10 datasets, for a 
total of 200. For the real datasets, we used Iris, Wine, Glass, 
and Breast Cancer Wisconsin datasets from the UC Irvine 



Machine Learning Repository [10]. These real datasets 
contain classification information. They are therefore 
helpful for clustering algorithm evaluation. 

4.1 Evaluation of candidate cluster centers 
initialization 

We first used the manually created (MC) and Iris 
datasets to demonstrate the ability of the fzSC algorithm to 
determine the centers of the candidate clusters. 

4.1.1 MC dataset 

For the MC dataset, we first ran the standard FCM 
algorithm with the number of clusters set to 13 which is 
equal to the square root of 171, and the partition matrix 
randomly initialized. fzSC was then used to search for the 
six (the known number of clusters) most dense data points 
as candidate cluster centers. The 13 cluster centers found by 
the FCM algorithm and the six candidate cluster centers 
found by fzSC were plotted as in Fig.1. 

 

Fig.1. Candidate cluster centers in the MC dataset found 
using fzSC. Squares, cluster centers from FCM; dark 

circles, cluster centers found by fzSC. Classes are labeled 
by numbers from 1 to 6. 

Fig.1 shows that fzSC successfully detected the best 
centers for the six cluster candidates in the MC dataset. 

4.1.2 Iris dataset 

For the Iris dataset, we first ran the standard FCM 
algorithm with the number of clusters set to 12 which is 
equal the square root of 150, and the partition matrix 
initialized randomly. We then used fzSC to search for the 
three candidate cluster centers. Cluster centers found by 

FCM and fzSC are plotted in Fig.2. fzSC successfully 
detected the best centers for the three cluster candidates in 
the Iris dataset. 

 
Fig.2. Candidate cluster centers in the Iris dataset found 

using fzSC. Squares, cluster centers from FCM; dark 
circles, cluster centers found by fzSC. 

4.2 Evaluation of partition matrix 
initialization 

To evaluate the effectiveness of fzSC in initializing the 
partition matrix for FCM, we compared the performance of 
fzSC with that of k-means, k-medians and FCM using the 
MC dataset with 6 clusters. The partition matrices of the 
three standard algorithms were initialized randomly at each 
runtime. We ran each of these algorithms three times and 
recorded their best solutions. For the fzSC algorithm, the 
standard FCM algorithm was run once with the number of 
clusters set to 13. The fuzzy SC method was then applied to 
search for the six candidate cluster centers. The standard 
FCM algorithm was then rerun with the values of c and V 
set to the six cluster centers found by the fuzzy SC method. 
We repeated this experiment 20 times and averaged the 
performance of each algorithm (Table 1). 

Table 1 

The algorithm performance on the MC dataset where the 
number of clusters is set to 6 

Algorithm 
Correctness ratio by class Avg. 

Ratio 1 2 3 4 5 6 

fzSC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

k-means 0.97 0.87 1.00 1.00 1.00 0.75 0.93 

k-medians 0.95 0.82 1.00 1.00 1.00 0.62 0.90 

FCM 0.97 1.00 0.95 1.00 1.00 0.96 0.98 



Table 1 shows that fzSC outperformed the three 
standard algorithms on the MC dataset. While fzSC 
correctly assigned all data points to their corresponding 
classes, the k-means and k-medians algorithms 
misclassified some members of classes #1, 2 and 6. The 
FCM algorithm misclassified some members of classes #1, 
3 and 6. 

4.3 Evaluation of the number of clusters 
determination 

In this section we evaluate the ability of the fzSC 
algorithm to determine the optimal number of clusters in a 
given dataset. 

4.3.1 Artificial datasets 

We ran the fzSC algorithm 20 times on each of the 200 
artificial datasets with the value of L set to 5. The number 
of clusters found was compared with the known number of 
clusters in the dataset, and then averaged across datasets of 
the same type to determine the correctness ratio on each 
dataset type.  

Table 2 shows that fzSC correctly detected the number 
of clusters on most of the artificial datasets. Its lowest 
correctness ratio is 0.87; this was obtained with the dataset 
type of dimension 2 and 9 clusters. Overall, the fzSC 
algorithm performed well in detecting the optimal number 
of clusters on the artificial datasets. 

Table 2 

The performance of the fzSC algorithm in determining the 
optimal number of clusters in artificial datasets 

The number of clusters 
generated in the dataset 

The dataset dimension 

2 3 4 5 

5 0.97 1.00 1.00 1.00 

6 1.00 0.98 0.90 1.00 

7 1.00 1.00 1.00 1.00 

8 1.00 0.99 0.97 1.00 

9 0.87 0.99 1.00 0.96 

 

4.3.2 Real datasets 

The number of clusters in the Iris, Wine, Glass and 
Breast Cancer Wisconsin datasets are 3, 3, 6, and 6 
respectively. The data in the Wine and Glass datasets were 
normalized by attributes before clustering. The Pearson 
Correlation distance, which is the most appropriate for real 
datasets [11], was used to measure the similarity between 
data points. 

We ran the fzSC algorithm 20 times on each of these 
datasets with the value of L set to 15. The number of 
clusters found was compared with the known number in the 
dataset.  As shown in Table 3. fzSC successfully detected 
the number of clusters in Iris, Wine, and Glass datasets. 
While its correctness ratio on the Breast Cancer Wisconsin 
dataset is only 0.65, it’s the alternative solution is five 
clusters, which is close to the optimal one. The results 
therefore show that fzSC achieved a significant 
performance on the real datasets. 

Table 3 

The performance of fzSC in determining the optimal 
number of clusters in real datasets 

Dataset 
# data 
points 

known 
#clusters 

predicted 
#clusters 

ratio 

Iris 150 3 3 1.00 

Wine 178 3 3 1.00 

Glass 214 6 
6 
5 

0.95 
0.05 

Breast Cancer 
Wisconsin 

699 6 
6 
5 

0.65 
0.35 

 

5 Conclusions 
We have presented a novel algorithm to address the 

problem of parameter initialization of the standard FCM 
algorithm. We have proposed a new subtractive clustering 
method that uses fuzzy partition of the data instead of the 
data themselves. The advantages of fzSC are that, unlike 
traditional SC methods, it does not require specification of 
the mountain peak and mountain radii, and, with a running 
time of O(cn) compared to O(n2) for the traditional SC 
method, it is more efficient for large datasets. In addition, 
our method can be integrated easily with fuzzy clustering 
algorithms to search for the best centers of cluster 
candidates. Finally, we have proposed a new method of 
model selection using the data likelihood estimator based 
on fuzzy partitions. The experimental results show that 
fzSC performs effectively on both artificial and real 
datasets. In future work, we will integrate fzSC with 
optimization algorithms for new clustering algorithms that 
can effectively support clustering analysis on real datasets. 
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