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Abstract—K-means clustering is a popular clustering 
algorithm based on the partition of data. However, K-means 
clustering algorithm suffers from some shortcomings, such 
as its requiring a user to give out the number of clusters at 
first, and its sensitiveness to initial conditions, and its being 
easily trapped into a local solution et cetera. The global K-
means algorithm proposed by Likas et al is an incremental 
approach to clustering that dynamically adds one cluster 
center at a time through a deterministic global search 
procedure consisting of N (with N being the size of the data 
set) runs of the K-means algorithm from suitable initial 
positions. It avoids the depending on any initial conditions 
or parameters, and considerably outperforms the K-means 
algorithms, but it has a heavy computational load. In this 
paper, we propose a new version of the global K-means 
algorithm. That is an efficient global K-means clustering 
algorithm. The outstanding feature of our algorithm is its 
superiority in execution time. It takes less run time than that 
of the available global K-means algorithms do. In this 
algorithm we modified the way of finding the optimal initial 
center of the next new cluster by defining a new function as 
the criterion to select the optimal candidate center for the 
next new cluster. Our idea grew under enlightened by Park 
and Jun’s idea of K-medoids clustering algorithm. We chose 
the best candidate initial center for the next cluster by 
calculating the value of our new function which uses the 
information of the natural distribution of data, so that the 

optimal initial center we chose is the point which is not only 
with the highest density, but also apart from the available 
cluster centers. Experiments on fourteen well-known data 
sets from UCI machine learning repository show that our 
new algorithm can significantly reduce the computational 
time without affecting the performance of the global K-
means algorithms. Further experiments demonstrate that 
our improved global K-means algorithm outperforms the 
global K-means algorithm greatly and is suitable for 
clustering large data sets. Experiments on colon cancer 
tissue data set revealed that our new global K-means 
algorithm can efficiently deal with gene expression data with 
high dimensions. And experiment results on synthetic data 
sets with different proportions noisy data points prove that 
our global k-means can avoid the influence of noisy data on 
clustering results efficiently. 

Index Terms—clustering, K-means clustering, global K-
means clustering, machine learning, pattern recognition, 
data mining, non-smooth optimization  

I.  INTRODUCTION  

Data clustering is frequently used in many fields, such 
as data mining, pattern recognition, decision support, 
machine learning and image segmentation [1-3]. As the 
most well known technique for performing non-
hierarchical clustering, the K-means clustering [4] 
iteratively finds the k centroids and assigns each sample 
to the nearest centroid, where the coordinate of each 
centroid is the mean of the coordinates of the objects in 
the cluster. Unfortunately, K-means clustering algorithm 
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is known to be sensitive to the initial cluster centers and 
easy to get stuck to the local optimal solutions [5]. 
Moreover, when the size of data set is large, it takes 
enormous time to find the solution. In order to improve 
the performance of the K-means algorithm, a variety of 
methods have been proposed.  

There are a lot of variations of the K-means clustering 
algorithm. Here are some versions of them in recent years. 
Bradley and Fayyad [6] present a technique for initializing 
the K-means algorithm. They begin by randomly breaking 
the data into10, or so, subsets. They then perform a K-
means clustering on each of the10 subsets, all starting at 
the same set of initial seeds, which are chosen randomly. 
The result of the 10 runs is 10K centre points. These 10K 
points are then themselves input to the K-means algorithm 
and the algorithm run 10 times, each of the 10 runs 
initialized using the K final centroid locations from one of 
the 10 subset runs. The resulting K centre locations from 
this run are used to initialize the K-means algorithm for 
the entire dataset. Huang [7] and Sun et al [8] extended 
the K-means paradigm to cluster categorical data. Strehl 
and Ghosh [9] introduced to combine multiple partitions 
of a set of objects into a single consolidated clustering 
without accessing the features or algorithms that 
determined these partitions. Likas et al [10] proposed the 
global K-means algorithm (The GKM algorithm), which 
is an incremental approach to clustering that dynamically 
adds one cluster center at a time through a deterministic 
global search procedure consisting of N  (with N being 
the size of the data set) executions of the K-means 
algorithm from suitable initial positions. Experiment 
results show that the GKM algorithm considerably 
outperforms the K-means algorithms. Khan and Ahmad 
[11] proposed an algorithm to compute initial cluster 
centers for K-means clustering. This algorithm is based on 
two observations that some of the patterns are very similar 
to each other and that is why they have same cluster 
membership irrespective to the choice of initial cluster 
centers. Also, an individual attribute may provide some 
information about initial cluster center. Redmond and 
Heneghan [12] present a method for initializing the K-
means clustering algorithm. They hinges on the use of a 
kd-tree to perform a density estimation of the data at 
various locations, then sequentially select K seeds, using 
distance and density information to aid each selection. 
However, it must be noted that kd-tree are well known to 
scale poorly with the dimensionality of the dataset. A new 
version of the GKM algorithm (The MGKM algorithm) 
was given by Bagirov [13] in 2008. In that article, a 
starting point for the k-th cluster center was computed by 
minimizing an auxiliary cluster function. Results of 
numerical experiment demonstrated the superiority of the 
new algorithm, but it requires more computational time 
than the GKM algorithm. 

In this paper, a new version of the GKM algorithm is 
presented. We call it an efficient global K-means 
clustering algorithm, with EGKM for short. In our new 
algorithm we proposed a new method of how the next new 
cluster initial center is created by introducing some idea of 
K-medoids clustering algorithm suggested by Park and 

Jun in [14]. At the same time, in our EGKM, we tried to 
make the next cluster initial center is kept away from the 
existed centers as far as possible. The Experiments on 
fourteen well-known data sets from UCI machine learning 
repository show that our new algorithm outperforms the 
GKM algorithm greatly, which can reduce the 
computational load of the GKM without affecting the 
performance of it. And the experiments on colon cancer 
tissue data set from reveal that our EGKM can efficiently 
deal with gene expression data with high dimensions. 
Additional experiments on some synthetically generated 
data sets with noisy data demonstrate that our EGKM can 
not only reduce the computational load of the GKM 
algorithm without affecting the performance of it, but also 
avoid the influence of the noisy data on clustering result. 

In the following section 2 we describe the GKM 
algorithm and its variations briefly. Section 3 introduces 
our proposed efficient global K-means clustering 
algorithm in detail. Experiment results and comparisons of 
our EGKM algorithm with the GKM algorithm and its 
variation with multiple restarts will be given in Section 4. 
Finally Section 5 concludes the paper. 

II. THE GLOBLE K-MEANS AND ITS VARIATION 

In this section, we give a brief description of the GKM 
algorithm [10] and its variation. 

The GKM algorithm constitutes a deterministic global 
optimization method that does not depend on any initial 
parameter values and employs the K-means algorithm as a 
local procedure. It proceeds in an incremental way 
attempting to optimally add one new cluster center at each 
stage. This algorithm starts with one cluster )1( =k and 
finds its optimal center position which corresponds to the 
centroid of the data set X. Then, it calculates the two-
clusters problem )2( =k , the first cluster center is always 
placed at the optimal center position for the problem with 

)1( =k , while the second center is placed at the position 

of the data point nx ),...,1( Nn = , where, N is the size 
of the data set, and for each combination of the initial 
points the GKM executes the K-means algorithm, finally 
it chooses the combination of the initial points which gets 
the best clustering result as the solution for the clustering 
problem with )2( =k . Here, clustering error criterion is 
used to estimate the performance of the clustering result. 
And the clustering error used in [10] is the same as that of 
our MSE defined in (3) ~ (5). In general, let 

),...,,( 1
1

1
2

1
1

−
−

−− k
k

kk mmm denotes the final solution for 

)1( −k -clustering problem. Once the solution for the 
)1( −k -clustering problem has been found, GKM tries to 

find the solution of the k -clustering problem as follows: 
it performs N (with N being the size of the data set) runs 
of the K-means algorithm with k -clusters where each run 
starts from the initial state ),,...,,( 1

1
1

2
1

1
nk

k
kk xmmm −

−
−− , 

where nx  will travels all samples of data set, that is to say 
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Nnxn ,,1, = . The best solution obtained from 
the N runs is considered as the solution 

),...,,( 21
k
k

kk mmm  of the k -clustering problem. 
It must be noted that this is a rather computational 

heavy assumption, so this version of the GKM algorithm 
is not applicable for clustering the middle or large size of 
the data sets. Two procedures were introduced in [10] to 
reduce its complexity. We mention here only one of them, 
because the second procedure is applicable only to low 
dimensional data sets. 

To accelerate the GKM algorithm, a fast GKM 
algorithm, we can call it FGKM, is proposed in [10], it’s a 
straightforward method. Given the 
solution ),...,,( 1

1
1

2
1

1
−
−

−− k
k

kk mmm of the )1( −k -clustering 
problem and the corresponding value 

),...,( 11
11

−
−

∗
− = k

kk mmψψ  of the function kψ  in (5), 
this FGKM algorithm does not execute the K-means 
algorithm for each data point repeatedly to find the 
optimal solution of the k -clustering problem. Instead it 
computes an upper bound i

kk b−≤ −
*

1
* ψψ , where,  

 ∑
=

− −−=
N

j

jij
k

i xxdb
1

2

1 },0max{ , Ni ,...,1= .   (1) 

 },...,min{
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Here j
kd 1− is the squared distance between jx and the 

closest cluster center among )1( −k cluster 

centers ),...,,( 1
1

1
2

1
1

−
−

−− k
k

kk mmm , that is, the squared 

distance between jx and the center of a cluster where the 
sample jx belongs to. And N is the size of the data set. 

Then the data point Xxi ∈  with the maximum value 
of ib is chosen as the optimal initial center for the k -th 
cluster center. 

III. OUR IMPROVED METHOD FOR CHOOSING INITIAL SEEDS 

In this paper we introduce some thoughts in reference 
[14] to our new algorithm in the procedure of finding the 
optimal initial center for the k -th cluster. At the same 
time, we introduce a new idea into the finding procedure 
to make the k -th cluster center is apart from the available 

1−k  cluster centers as far as possible. Our aim is to not 
only reduce the computational complexity shown in GKM 
algorithm, but also minimize the clustering error and 
avoid the influence of noisy data as well.  

Suppose that the data set X with n objects: 
),...,( 1 nxx having p variables should be grouped into 

k clusters )( nk ≺ , here we use the following function as 
the clustering criterion. We call it MSE in this paper. 

 )(mMinimize kψ                     (3) 

where,    kpk IRmmm ×∈= ),...,( 1                         (4) 

and,  
2

1
,...,1

1 min),...,( ∑
=

= −=
n

i

ij
kj

k
k xmmmψ     (5) 

Here ... is the Euclidean norm and jm is the centroid 

of the j -th cluster. Let us define that the Euclidean 

distance between object ix  and object jx is ijd , and 

ijd is given by: 

2

1
)( jr

p

r

ir
ij xxd ∑

=

−= ,       nji ,...,1, =              (6) 

Here, irx  is the r -th variable of the object ix . In 
order to compute an initial center, we defined iv  for each 

object ix as following:  

∑
∑=
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=
n

j
n

l
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ij
i

d

d
v

1

1

,   ni ,...,1=                                (7) 

Obviously, the point ix that minimizes iv  is the one 
which has a comparatively high density around it, that is 
to say the sample with the minimum iv tends to be the 
best initial center of one clustering problem. Then we give 

iv  a parameter to obtain the next initial cluster center. 

That is to say, we define a new function if  in (8) to 
compute the optimal initial center for the next new cluster.  

Suppose that the solution of the )1( −k -clustering 

problem is ),...,,( 1
1

1
2

1
1

−
−

−− k
k

kk mmm and a new cluster 

center (i.e., the k -th initial center) is added at the location 
ix  that minimizes if  as defined in (8). Then we execute 

the K-means algorithm to obtain the solution with k  
clusters.  

∑
−
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 ii
fi minarg=  ,       ni ,...,1=                          (9) 

The addition of the parameter (i.e. the denominator 
of if  ) ensures that the new cluster initial center could be 
far away from the existing cluster centers. It should be 
noted that the new center we computed it by (8) is an 
optimal initial center for the new cluster. In order to prove 
this we will test our proposed algorithm on several well-
known data sets in section IV. Now the efficient GKM 
clustering algorithm we proposed proceeds as follows: 

Our efficient GKM clustering algorithm. 
Step 1: (Initialization) Calculate the distance between 

each pair of all objects based on Euclidean distance, then 
calculate iv for each object in (7). Select the point that 

minimize iv  as the first center. Set q=1. 
Step 2 (Update centroids) Execute K-means algorithm 

and preserve the best q -partition obtained and their 

cluster centers ),...,,( 21 qmmm . 

 Sept 3: (Stopping criterion) Set 1+= qq . If kq , 
then stop. 

Step 4: (Select the optimal initial center for new cluster) 
Calculate if  for each object ix  in (8). Select the point 

which has the minimum value of if as the new cluster 
initial center, now the initial centers is 

),,...,,( 21
i

q xmmm and go to Step2. 

This version of the GKM algorithm proposed by us has 
an excellent feature that it requires much less calculation 
amount and shows less computational complexity. The 
distance between each pair of objects is computed only 
once, which contributes to the excellent feature. At the 
same time, the selection of the next cluster initial center 
can avoid the impact of noisy data on the clustering result. 
This proposed algorithm will be thoroughly compared 
with GKM algorithm and its variation in the next section. 

IV. RESULTS OF NUMERICAL EXPERIMENTS 

In this part, we did experiments of three algorithms of 
GKM, fast GKM, and our proposed EGKM on two kinds 
of data sets. They are real data sets from UCI machine 
learning repository [15] and from Princeton University 
gene expression project [16] and some artificial data sets, 
respectively. The experiments are described here in detail. 

A. Experiments on real data sets 
To verify the efficiency of our proposed algorithm 

EGKM, we accomplished many numerical experiments on 
fourteen well-known data sets from UCI machine learning 
repository [15]. And in order to demonstrate the 
performance of our algorithm EGKM in dealing with the 
high dimensional data set, we also conducted experiment 
on colon cancer tissues data set from Princeton University 
gene expression project [16]. The colon cancer tissues 

data set pertained to the article [17]. All these data sets we 
used in our paper are briefly described in Table 1. All the 
experiments have been carried out on a PC of Pentium-4 
with CPU 1.86 GHz and RAM 512 MB. Here we must 
note that the Iris data we used here differs from the data 
presented in [18] in the 35th and 38th samples, which can 
be found in Iris data web 
(http://archive.ics.uci.edu/ml/machine-learning-
databases/iris/iris.names ) from UCI machine learning 
repository. Thanks to the UCI machine learning librarian, 
we deleted 4 duplicate samples from Liver-disorder data 
set, which are the 86th, the 150th, the 176th and the 318th, 
respectively, mentioned by Leon first. The detailed 
description of wine quality data set can be found in [19]. 

In order to demonstrate the superiority of our proposed 
algorithm EGKM on computational time, for each data set 
we implemented three algorithms: the GKM algorithm, 
the fast GKM algorithm and our proposed EGKM 
algorithm. With the data set which has a large number of 
attributes the PCA is implemented to obtain six-
dimensional data points. Table 2 shows the clustering 
error MSE of these three algorithms on fourteen UCI 
data sets, and Table 3 displays the corresponding 
execution time (in seconds) of them.  

For colon cancer tissues data set, we conducted 
experiment on the original data set and on the data set 
preprocessed by PCA, respectively. The experimental 
results are compared in table 4.  

TABLE I.  DESCRIPTIONS OF  DATA SETS 

Data sets Records- 
number 

Attributes-
number 

Clusters-
number 

Soybean-small 47 35 4 
Colon-cancer 62 2000 2 

Iris 150 4 3 
Wine 178 13 3 

SPECTF heart 267 44 2 
Liver Disorders 341 6 2 

Ionoshpere 351 34 2 
Libras Movement 360 90 15 

WDBC 569 30 2 
Pima Indians 

Diabetes 768 8 2 

Yeast 1484 8 10 
Wine quality-red 1599 11 6 

Image Segmentation 2310 19 7 
Pendigits 3489 16 10 

Wine quality-white 4898 11 7 

TABLE II.  THE MSE ON THE  DATA SETS FROM UCI FOR THE 
THREE  ALGORITHMS USING THE CORRECT CLUSTERS 

Data sets,# 
methods The GKM The fast GKM Our proposed 

GKM 
Soybean-small 146.0985 146.0985 146.0985 

Iris 78.8514 78.8557 78.8557 
Wine 2.3706 610×  2.3706 610×  2.3706 610×  

Spect heart 5.1337 510×  5.1337 510×  5.1337 510×  
Liver-disorders 4.2240 510×  4.2240 510×  4.2240 510×  

Ionoshpere 1.3327 310×  1.3327 310×  1.3327 310×  
Movement-libras 210.6687 218.4084 217.7247 

Wdbc 7.7942 710×  7.7942 710×  7.7942 710×  
Pima Indians 

Diabetes 5.1363 610×  5.1363 610×  5.1363 610×  
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Yeast 37.8610 38.7657 45.1102 
Wine-red 1.7731 510×  1.7771 510×  1.7771 510×  

Segmentation 1.3431 710×  1.3679 710×  1.5269 710×  
Pendigits 0.9939 710×  1.0007 710×  1.0553 710×  

Wine-white 1.3754 610×  1.3772 610×  1.2663 610×  

TABLE III.  RUN TIME(S) ON THE  DATA SETS FOR THE THREE 
ALGORITHMS USING THE CORRECT CLUSTERS 

Data sets,# 
methods 

The 
GKM 

The fast 
GKM 

Our proposed 
GKM 

Soybean-small 0.109 0 0 
Iris 0.437 0 0 

Wine 0.704 0 0 
SPECTF heart 0.608 0.015 0 
Liver Disorders 1.201 0.016 0 

Ionoshpere 0.796 0.016 0 
Libras Movement 20.109 0.156 0.124 

WDBC 1.176 0.016 0 
Pima Indians 

Diabetes 4.227 0.047 0.015 

Yeast 203.569 1.076 0.405 
Wine quality-red 138.278 0.733 0.171 

Image Segmentation 241.114 1.747 0.359 
Pendigits 961.475 5.741 0.717 

Wine quality-white 1500.473 8.148 1.264 

TABLE IV.  RESULTS ON COLON CANCER TISSUES DATA SET 

methods,# 
Data sets 

with PCA preprocessed 
data true data set 

 T(s) MSE T(s) MSE 
GKM 0.067 1.0941 1010×  0.608 2.0183 1010×  

Fast GKM 0 1.1104 1010×  0.047 2.0183 1010×  

Our EGKM 0 1.5995 1010×  0.031 2.4974 1010×  

 

From the experimental results on fourteen UCI data sets 
shown in table2 and table3, it can be observed that the 
GKM algorithm gives the best MSE  results for all the 
data sets, but it has the heaviest computational burden. 
Our proposed EGKM algorithm provided the same MSE  
results as that of the fast GKM algorithm, and the 
comparable performance against the GKM algorithm by 
without significantly affecting the solution quality of 
MSE . However our GKM algorithm takes a 
significantly reduced computation time against GKM and 
fast GKM algorithms, especially on clustering large data 
set. Analysis of the results in table 2 and table 3, we can 
say that our EGKM is the fastest GKM in execution time, 
while with the comparable clustering error as well. Table 
4 implies that our EGKM can deal with the high 
dimensional data set with the fastest run speed compared 
to GKM and fast GKM, and without influence the 
clustering results significantly.  

In order to further prove the superiority of our proposed 
algorithm EGKM revealed on the execution time, some 
contrast experiments are implemented in the following 
part of the article. 

We selected six data sets from the fourteen UCI data 
sets above. Then we executed the three algorithms GKM, 
FGKM and our EGKM for different values of k on the six 
selected data sets, and recorded the time that these 

algorithms consumed respectively, and compare the 
performance of the three clustering algorithms. The results 
are displayed in Figs.1-6, respectively. 
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Figure 1.  Run time on Iris data for different clusters  
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Figure 2.  Run time on Liver Disorders data set for different clusters 
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Figure 3.  Run time on Pima Indians Diabetes data set for different 

clusters 
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Figure 4.  Run time on Yeast data set for different clusters 
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Figure 5.  Run time on Segmentation data for different clusters 
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Figure 6.  Run time on Pendigits data set for different clusters 

From the above figures, we can see that there is a great 
contrast between the GKM and our proposed EGKM 
algorithm. It’s obvious that our algorithm is much better 
than the GKM algorithm in computation time, and a 
slightly better than the fast GKM algorithm. It also can be 
seen that our algorithm is more suitable to cluster large 
data sets.  

B. Experiments on sythentic data stes 
In this subsection we did experiments to demonstrate 

our proposed algorithm EGKM can avoid the impact of 
noisy data. We first generated three clusters synthetic 
data sets with noisy data, and conducted experiments on 
them. The size of each data set is 120. We call the three 
clusters as cluster A, B and C, respectively. The 
parameters we used to generate each cluster data are 
shown in table 5. We generate x-coordinates in cluster A 
from normal distribution with mean 0=A

xµ  and 
standard deviation 5.1=Aσ  , and y-coordinates from 
normal distribution with mean 0=A

yµ  and standard 

deviation 5.1=Aσ . That is to say from ( )AA
xN σµ ,  , 

and ( )AA
yN σµ , , respectively. In the same way, we 

independently generated x-coordinates and y-coordinates 
in cluster C from ( )CC

xN σµ , and ( )CC
yN σµ , , 

respectively. However, in the process of generating 
cluster B, ten percentage samples are generated 
somewhat differently. We assumed that they have a larger 
standard deviation 2=B

Lσ . We call the larger standard 
deviation the abnormal deviation. That is, we generated 
cluster B with 10% noisy data in it. The clustering error 
and consumed time in seconds on the artificial data sets 
of GKM, fast GKM, and our EGKM are included in table 
6. Figs 7~10 displayed the clustering results of GKM, fast 
GKM, and our EGKM on the synthetic data, respectively. 

TABLE V.  THE PARAMETERS OF SYNTHETIC DATA SETS WITH 
NOISY DATA 

 cluster A cluster B cluster C 

means 0,0 == A
y

A
x µµ  2,6 == B

y
B
x µµ  1,6 −== C

y
C
x µµ  

standard 
deviation 5.1=Aσ  5.0=Bσ  5.0=Cσ  

abnormal 
deviation  2=B

Lσ   

TABLE VI.  CLUSTERING RESULTS OF SYNTHETIC DATA STES WITH 
NOISY DATA FOR THE THREE CLUSTERING ALGORITHMS 

 the GKM fast GKM our EGKM 

MSE( 310× ) 0.6363 0.6363 0.6363 
Time(s) 1.110 0.062 0.031 

From the above table 6 and the Figs 7~10, we can say 
that our EGKM algorithm consumed the least time in 
clustering procedure without influenced the clustering 
result. So we can conclude that our EGKM is the best 
GKM algorithm. 

In addition, in order to further estimate the performance 
of our proposed EGKM algorithm more objectively, we 
added different proportions of noisy points to the synthetic 
data sets when we generated them and clustered via three 
clustering algorithms of GKM, fast GKM and our 
proposed EGKM, respectively. We employed the adjusted 
Rand index which is proposed by Hubert and Arabie in 
reference [20] to test our EGKM. The adjusted Rand 
index is popularly used for comparison of the clustering 
result when the external criterion or the true partition is 
known. 
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Figure 7.  true partions of synthetic data  
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Figure 8.  Clustering result of GKM 
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Figure 9.  Clustering result of  fast GKM 

-5 0 5 10
-6

-4

-2

0

2

4

6

X

Y

Cluster result of Our Proposed Method

Cluster A
Cluster B
Cluster C

 

Figure 10.  Clustering result of  our proposed EGKM 

Suppose that U and V  represent two different 
partitions of the dataset which is under consideration, and 
that U  is the true partition and V  is a clustering results. 
Let ( ){ }iU  be the set of n  cluster labels in U  

and ( ){ }jV  be the set of n  cluster labels in V . The 
numbers of { dcba ,,,  } are defined as cardinalities of 
the sets shown. 

)}()(),()(,:),{(

)}()(),()(,:),{(

)}()(),()(,:),{(
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Thus, a  is the number of pairs of data points that are 
placed in the same class in U and in the same cluster in V, 
b is the number of pairs of data points that are placed in 
the same class in U but not in the same cluster in V, c  is 
the number of pairs of data points that are placed in the 
same cluster in V but not in the same class in U, and d is 
the number of pairs in different class in U and different 
cluster in V. Then the adjusted Rand index for the 
clustering result V is calculated by the equation (10). 

))(())((
)(2

dccadbba
bcadRIadj +++++

−
=          (10) 

Table 7 shows the calculated adjusted Rand index of 
our proposed EGKM compared to the traditional K-means, 
the GKM and the fast GKM clustering algorithms 
according to a different proportion of noisy samples 
contained.  

It can be clearly seen from Table 7 that our proposed 
EGKM performs much better than the traditional K-means 
clustering algorithm, and has the same performance with 
GKM and fast GKM clustering algorithms. Meanwhile, it 
shows that our EGKM algorithm and the GKM and the 
fast GKM clustering algorithms have the same advantages 
in avoiding the impact of the noisy points on clustering 
results. 

Finally, we compared the clustering error MSE of 
three clustering algorithms of GKM, fast GKM and our 
proposed EGKM on the artificial data with different 
proportions of noisy points in Table 8. Table 9 displayed 
the comparison of the run time of the three algorithms on 
the same synthetic data sets with different proportions of 
noisy data. 
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TABLE VII.  THE ADJUSTED RAND INDEX OF DIFFERENT 
ALGORITHMS 

% 
noisy 

objects 
K-means The 

GKM The fast GKM our proposed 
EGKM 

0 0.7903 0.9917 0.9917 0.9917 
5 0.8376 0.9418 0.9418 0.9418 
10 0.7836 0.9427 0.9427 0.9427 
15 0.7957 0.9255 0.9255 0.9255 
20 0.7305 0.9502 0.9502 0.9502 
25 0.7708 0.9192 0.9192 0.9192 
30 0.7750 0.9263 0.9263 0.9263 
35 0.7595 0.9179 0.9179 0.9179 
40 0.7624 0.8943 0.8943 0.8943 

 

TABLE VIII.  THE MSE OF THE SYNTHETIC DATA SETS WITH 
DIFFERENT PROPOTIONS OF NOISY DATA OF THREE ALGORITHMS 

% noisy 
objects GKM Fast GKM Our proposed 

EGKM 
0% 582.2442 582.2442 582.2442 
5% 605.0423 605.0423 605.0423 
10% 746.0904 746.1037 746.1037 
15% 665.3958 665.3958 665.3958 
20% 777.3195 777.3195 777.4367 
25% 735.4189 735.4189 735.4189 
30% 879.4830 879.4830 879.4830 
35% 825.2338 825.2328 825.2328 
40% 978.2652 978.7659 978.7659 

TABLE IX.  THE RUN TIME OF THE THREE ALGORITHMS ON THE 
SYNTHETIC DATA SETS WITH DIFFERENT PROPORTIONS NOISY DATA 

% noisy 
objects GKM Fast GKM Our proposed 

EGKM 
0% 1.157 0.015 0.016 
5% 1.103 0.015 0.015 
10% 1.188 0.031 0.016 
15% 1.125 0.016 0.016 
20% 1.25 0.016 0.016 
25% 1.281 0.015 0.015 
30% 1.5 0.031 0.016 
35% 1.39 0.016 0.015 
40% 1.391 0.015 0.015 

 
From table 8 we can see that the GKM, fast GKM and 

our proposed EGKM nearly have the same performance in 
clustering data set with noisy data points in it. While 
Table 9 implied that our proposed EGKM consumed the 
least time when clustering data set with noisy data among 
the three algorithms. 

V. CONCLUSIONS 
In this paper we presented an efficient global K-means 

clustering algorithm, called EGKM for short. It is known 
that GKM algorithm constitutes a deterministic clustering 
method providing excellent results in terms of the mean 
square clustering error criterion. It does not depend on any 
initial conditions or parameter values by employing the 
standard K-means algorithm as a local search procedure. 
Its outstanding feature is that it proceeds in an incremental 
way attempting to optimally add one new cluster center at 
each stage, but which also caused its heavy computational 
load. The most important step in GKM algorithm is to 

determine the initial center for the next new cluster center 
at each stage. Our new version of GKM algorithm reduced 
its heavy computational load. The main amelioration that 
we made is the way to select the optimal initial center for 
the next new cluster at each stage. We defined if for each 
point and chose the one which has the minimum value 
of if  as the optimal initial center for the next new cluster 
at each stage. The most advantage of our propose EGKM 
algorithm is that it can reduce the computation load 
greatly. Experiments on fourteen data sets from UCI 
machine repository show that our variations of the GKM 
algorithm EGKM outperforms the GKM  and fast GKM 
algorithm in execution time without significantly affecting 
solution quality, especially on large data sets. Further 
experiments on colon cancer tissue data set revealed that 
our EGKM can also efficiently deal with the high 
dimensional data. Finally we conducted experiments on 
synthetic data sets with noisy data, and the experiment 
results imply that our EGKM can avoid the influence of 
noisy data on clustering result. Further analysis via 
adjusted Rand index on the artificial data set with different 
proportions of noisy data points demonstrated the well 
performance of our EGKM.  

Consequently, our proposed algorithm EGKM is more 
suitable for clustering of large data sets, and outperformed 
the GKM and fast GKM without significantly influenced 
the clustering result. At the same time, our EGKM has the 
strong ability to cluster the data sets with noisy data 
efficiently, and can cluster the gene expression data set 
with high dimensions consuming the least time among the 
three algorithms of the GKM, fast GKM, and our 
proposed EGKM.  
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