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The k-means algorithm is one of the most widely used methods to partition a dataset 

into groups of patterns. However, most k-means methods require expensive distance 
calculations of centroids to achieve convergence. In this paper, we present an efficient 
algorithm to implement a k-means clustering that produces clusters comparable to slower 
methods. In our algorithm, we partition the original dataset into blocks; each block unit, 
called a unit block (UB), contains at least one pattern. We can locate the centroid of a 
unit block (CUB) by using a simple calculation. All the computed CUBs form a reduced 
dataset that represents the original dataset. The reduced dataset is then used to compute 
the final centroid of the original dataset. We only need to examine each UB on the 
boundary of candidate clusters to find the closest final centroid for every pattern in the 
UB. In this way, we can dramatically reduce the time for calculating final converged 
centroids. In our experiments, this algorithm produces comparable clustering results as 
other k-means algorithms, but with much better performance. 
 
Keywords: clustering, k-means algorithm, centroid, k-d tree, data mining 
 
 

1. INTRODUCTION 

 
Clustering is a process in which a group of unlabeled patterns are partitioned into a 

number of sets so that similar patterns are assigned to the same cluster, and dissimilar 
patterns are assigned to different clusters. There are two goals fo a clustering algorithms: 
determining good clusters and doing so efficiently. Clustering has become a widely 
studied problem in a variety of application domains, such as in data mining and 
knowledge discovery [4, 19], statistical data analysis [5, 17], data classification and 
compression [6], medical image processing [22, 23, 29] and bioinformatics [25, 26, 30]. 

Several algorithms have been proposed in the literature for clustering [1, 7-16]. The 
k-means clustering algorithm is the most commonly used [7] because it can be easily 
implemented. However, employing the k-means method requires an execution time 
proportional to the product of the number of clusters and the number of patterns per 
iteration. This total execution time is computationally very expensive, especially for 
large datasets. Therefore, the k-means clustering algorithm cannot satisfy the need for 
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fast response time for some applications. How to reduce the computational time required 
to cluster a large dataset becomes an important operational objective. To solve this and 
other related performance problems, Alsabti et al. [1] proposed an algorithm based on the 
data structure of the k-d tree and used a pruning function on the candidate centroid of a 
cluster. While this method can reduce the number of distance calculations and the 
execution time, the time required to build the k-d tree structure is proportional to the size 
of the dataset. The total processing time is still too long when a large dataset is involved.  

We propose an efficient algorithm for implementing the k-means method. It can 
produce comparable clustering results with much better performance by simplifying 
distance calculations and reducing total execution time. Our algorithm first partitions the 
dataset into several blocks of equal size, called Unit Blocks (UBs). Instead of using the 
k-d tree approach [17] to generate unit blocks, we use a simple middle point method to 
subdivide a dimension one at a time. Therefore, every unit block’s range can be 
calculated much more quickly. This involves scanning the dataset twice to make sure 
which block a pattern is in and complete the process of assigning all patterns to related 
unit blocks. How many blocks to use is an important factor that directly relates to 
execution time? We will discuss the optimum arrangement of unit blocks for our 
algorithm. 

The method we propose is more efficient than that of Alsabti. Alsabti’s algorithm 
must scan the dataset each time the tree’s node is partitioned into the subset of the next 
layer in order to calculate the scope of the subspace set of this node until the recursive 
execution of the maximal leaf size.  

Our algorithm calculates the centroid of the dataset using the simplified data in each 
unit block, which is an object that contains at least one pattern, separately, after the 
completion of unit block partitioning. The centroid of a unit block approximates the 
information about its patterns, so we only need to use a few unit block centroids instead 
of calculating the centroid of the patterns of the original dataset. If we use the derived 
approximation of the centroid to calculate the division of clusters, we can increase the 
speed of convergence by reducing the number of calculations. The reduction in 
computational complexity makes this algorithm much more efficient and robust than the 
direct k-means and Alsabti’s algorithms in clustering datasets, especially large ones.  

The rest of this paper is organized as follows: section 2 surveys related work and 
describes the contributions and limitations of k-means clustering. We present our 
algorithm in section 3 and discuss the optimization for dividing unit blocks section 4. 
The performance analysis of our algorithm and a comparison of results with the direct 
k-means and Alsabti’s algorithms on synthetic datasets are presented in section 5. Finally, 
our conclusions and recommendations for future research are presented in section 6. 

2. RELATED WORK 

There are many algorithms for clustering datasets. The k-means clustering is a 
popular method used to divide n patterns {x1, …, xn} in d dimensional space into k clus-
ters [7]. The result is a set of k centers, each of which is located at the centroid of the 
partitioned dataset. This algorithm can be summarized in the following steps: 
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(1) Choose the number of clusters k and input a dataset of n patterns X = {x1, …, xn}. 
Randomly select the initial candidates for k cluster centers matrix V(0) from the data-
set.  

(2) Assign each pattern to the nearest cluster using a distance measure. For each pattern 
xi, compute its membership m(Cj | xi) in each cluster Cj. The membership function 
m(Cj | xi) defines the proportion of pattern xi that belongs to the jth cluster Cj. The 
k-means algorithm uses a hard membership function, that is the membership m(Cj | xi) 
∈ {0, 1}. If the pattern xi is closest to cluster Cj (i.e., the distance between xi and 
cluster center vj is minimal), then m(Cj | xi) = 1; otherwise m(Cj | xi) = 0. 

(3) Recompute the centroids (centers) of these k clusters to find new cluster centers vj, 
and compute the sum of square error E. 
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(4) Repeat steps 2 and 3 until convergence. Typical convergence criteria are: no more 
reassignment of patterns to new clusters, the change in error function E falls below a 
threshold, or a predetermined number of iterations have been reached. 
 
To choose a proper number of clusters k is a domain dependent problem. To resolve 

this, some have proposed methods to perform k-clustering for various numbers of clus-
ters and employ certain criteria for selecting the most suitable value of k [3, 18]. 

Several variants of the k-means algorithm have been proposed. Their purpose is to 
improve efficiency or find better clusters, mostly the former. Improved efficiency is usu-
ally accomplished by either reducing the number of iterations to reach final convergence 
or reducing the total number of distance calculations. 

In the first step, the algorithm randomly selects k initial cluster centers from the 
original dataset. Then, in the later steps, the algorithm will converge to the actual cluster 
centers after several iterations that can vary in a wide range from a few to several thou-
sand. Therefore, choosing a good set of initial cluster centers is very important for the 
algorithm. However, it is difficult to select a good set of initial cluster centers randomly. 
Bradley and Fayyad have proposed an algorithm for refining the initial cluster centers. 
Not only are the true clusters found more often, but the clustering algorithm also iterates 
fewer times [31]. Our proposed method uses a simple process to obtain initial cluster 
centers from a simplified dataset. These centers are very close to the actual cluster cen-
ters of the original dataset, and so only a few iterations are needed for convergence. 

Some clustering methods improve performance by reducing the distance calcula-
tions. For example, Judd et al. proposed a parallel clustering algorithm P-CLUSTER [11] 
which uses three pruning techniques. These include the assignment of cluster centroids, 
the maximum movement of patterns at each iteration, and the maintenance of partial 
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sums for centroids. Alsabti et al. [1] proposed an algorithm based on the data structure of 
the k-d tree and used a pruning function on the candidate centroid of a cluster. Although 
the distance calculation is done only at the internal nodes, the time to build and traverse 
the k-d tree can be time consuming. Kanungo et al. [28] proposed a filtering algorithm 
which begins by storing the data points in a k-d tree. For each node of the tree maintain-
ing a set of candidate centers, they will be pruned, or filtered as they are propagated to 
the node’s children. Kanungo et al.’s implementation of the filtering algorithm is more 
robust than Alsabti’s, because Alsabti’s method relies on a less effective pruning mecha-
nism based on computing the minimum and maximum distances to each cell. 

3. OUR PROPOSED ALGORITHM 

We propose an enhanced version of the k-means algorithm with simple partitioning 
to speed up the time in finding the final converged centroids. Figs. 5, 6, 7 and 8 depict 
the pseudo-code of our algorithm. Table 1 shows the notation used in describing the al-
gorithm. Our algorithm is composed of three parts, as explained in the following subsec-
tions. 

Table 1. Notation used in our algorithm. 

u The number of unit blocks that contain at least one pattern 
α The number of unit blocks on the boundary 
k The number of clusters 
k′ The average number of clusters on the boundary 
n The number of patterns in a dataset 
xi The ith data element (pattern) 
d The number of dimensions 
vj The centroid of the jth cluster 
Cj The jth cluster 

UBa The ath unit block 
BUNB Unit block not on the boundary 
BUB Unit block on the boundary 
CUB Centroid of unit block 
LSUB Linear sum of unit blocks 
WUB Weight of unit block 

 
3.1 Partitioning the Dataset into Unit Blocks  
 

At the beginning of the algorithm, the dataset is partitioned into several blocks of 
equal size. Instead of using the k-d tree approach [17], we employ a simple method that 
does not require more than two scans of the dataset.  

Similar to Alsabti’s partition method for finding splitting points, for two dimen-
sional data we determine the minimum and maximum values of the data along each di-
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mension. This is the first scan of the data set. These values determine a rectangle that 
bounds all the dataset patterns.  

Next, we partition this data space into equally sized blocks. Unlike in k-d tree parti-
tion, the midpoint approach is used to recursively divide the splitting dimensions into 
equal parts. We simply choose a fixed number of splits to produce a specified total num-
ber of blocks. This can save some computation time. In our empirical study, we found 
that 11 splits resulted in near optimal performance for the datasets with a random distri-
bution; these results are discussed in section 4.  

After the partitioning, we locate all the blocks that contain at least one pattern and 
call them Unit Blocks (UBs) as shown in Fig. 1. To find out which UB a pattern belongs 
to, a second scan of the dataset is performed.  

 
Fig. 1. Partitioning of the original dataset into unit blocks. 

 
3.2 Calculating Centroids of UBs to form a Simplified View of the Dataset 
 

To form a simplified view of the dataset, we use UBs to represent the original pat-
terns in order to improve performance. Each UB can be represented by its centroid; a 
simplified view is then constructed by using these centroids of unit blocks (CUBs). To 
compute a CUB, the following steps are used in the second scanning of the dataset men-
tioned above:  
 
• LSUB: For each unit block UBa we calculate the linear sums of each dimension d indi-

vidually. 

;  {1,  ..., }.
i a

a i
x UB

LSUB x a u
∈

= ∈∑                                        (3) 

• WUB: The weight of unit block is the total number of patterns in the unit block. We 
simply count the elements during the database scan. |UBa| denotes the number of pat-
terns in the ath unit block. 
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 | |;  {1,  ..., }.a aWUB UB a u= ∈                                          (4) 

• CUB: The centroid of a unit block can be easily calculated since we have LSUB and 
WUB. Since there is at least one pattern in each UBa, the CUBa is   

; {1,  ..., }.a
a

a

LSUB
CUB a u

WUB
= ∈                                        (5) 

Fig. 2 illustrates the results of finding CUBs for four UBs and how they form a re-
duced dataset. 

 
Fig. 2. Calculate CUBs for four UBs to form a reduced dataset. 

 
Fig. 3. The reduced dataset. 

 
3.3 Calculating Final Cluster Centers 
 

Fig. 3 is an illustration of the reduced dataset for Fig. 1. The CUBs are used as pat-
terns to compute the final centroids; the steps are as follows: 

 
(1) Randomly select k CUBs from the reduced dataset as the initial cluster centers 

To simplify the process, randomly select the first k centroids from the reduced data-
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set just like the direct k-means clustering method and Alsabti’s method. This pro-
vides the initial set of k candidate centroids.  

(2) Calculate new k centroids from the reduced dataset 
Calculate the Euclidean distance l between each CUBa and initial centroid with each 
dimension m to find the closest cluster. 

2
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l CUB v
=

= −∑                                                (6) 

This results in the partitioning of the simplified view into k clusters. New centroids 
are re-calculated for these k clusters, and the process of finding the nearest centroid con-
tinues until the error function E does not change significantly. 
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Since the reduced dataset is used in this step, the time needed to calculate centroids 
is greatly reduced. The larger the UB size is, the less time is needed. It is even possible 
that if the reduced dataset can fit into available memory, then disk IOs are not even 
needed.  

However, using the simplified view of the dataset alone to compute the new cen-
troids cannot guarantee that they are actual cluster centers for the original dataset. The 
reason is that any CUB on a cluster boundary cannot represent all patterns in the UB 
when calculating their final centroids. Fig. 4 shows such a situation where every pattern 
in the boundary blocks must be considered in the calculation of final centroids. 

 

 
Fig. 4. For a unit block on the boundary, each pattern of the original dataset must be used to calcu-

late the nearest centroid. 

 
To solve this problem, we use both the simplified view and the original dataset to 

calculate final centroids. The following are modified steps for calculating centroids: 
 

(a) For each UB, determine if is on a cluster boundary. In other words, we need to de-
termine if its CUB is close to two or more clusters. If the difference between the dis-
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tance measures of the CUB to the nearest centroid and the CUB to the second nearest 
centroid is less than the diagonal length of the UB, then such a UB is called a Unit 
Block on the Boundary or BUB. Otherwise, it is called BUNB. 
(i) If a UB is on the cluster boundary, calculate the nearest cluster centroid for each 

pattern in the UB from the original dataset. For each pattern xi in the BUB, we 
only calculate the distance between pattern xi with the neighboring candidate 
centroids that share the boundary, then assign xi to the nearest cluster Cj and up-
date the centroid’s statistics for Cj. 

(ii) If it is not on the cluster boundary, use the previous procedure to calculate the 
nearest centroid. Since LSUB and WUB are available for each UB, the computa-
tion is short and simple. 

(b) If the change in the following error function E, modified from Eq. (7), falls below a 
threshold or the predetermined number of iterations has been reached, then terminate 
the procedure; else go to step (a).  

2 2

1 ( ) ( )

|| || || || .
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j CUB BUNB C x BUB C

E WUB CUB v x v
= ∈ ∈
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∑ ∑ ∑
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        (8) 

Figs. 5-8 show pseudo-code for our simple partitioning (SP) k-means algorithm. 

4. ANALYSIS OF UNIT BLOCK PARTITION 

First, the proposed algorithm divides the dataset into several identical unit blocks. 
Then, it calculates the centroids and related statistics of patterns in each unit block to 
represent an approximation of the information in the unit blocks. We use this reduced 
data to reduce the overall time for distance calculations. We find that the clustering effi-
ciency is closely related to determining how many blocks should be partitioned. This 
problem was investigated in the following. 

There are n patterns in the dataset and k clusters were specified, and we use our al-
gorithm to implement the k-means method. The performance from our experiments re-
veals some variation when the numbers of unit blocks increase or decrease, resulting in 
the following phenomenon: 

 
(1) When number of unit blocks increases, we find the number of unit blocks on cluster 

boundaries also increases, while the average number of patterns in unit blocks on the 
cluster boundary decreases. Therefore, the number of distance calculations that de-
termines which patterns in the boundary blocks belong to which clusters will de-
crease with an increase in the number of unit blocks.  

(2) Conversely, when the number of unit blocks decreases, the number of unit blocks on 
the cluster boundary decreases as well, but the average number of patterns in unit 
blocks on the cluster boundary increases. Since the number of patterns belonging to 
these clusters increases, the number of distance calculations also increases, as shown 
in Fig. 9.  
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Proc SP k-means main () 
/* Partition the dataset into several unit blocks and obtain the simplified dataset */ 
Input a proper splitting number to generate u unit blocks in the dataset 
partition_dataset (original dataset) 
/* Randomly select the initial candidate for k cluster centers */ 
Initialize k cluster centers (v1, …, vk) from the simplified dataset such that 

vj = CUBa, a ∈ {1, …, u}, j ∈ {1, …, k} 
Each cluster Cj is associated with a cluster center (centroid) vj 
/* Calculate the next k centroids from the simplified dataset */ 
Calcu_Cen_for_Simp_Dataset() 
/* Calculate final k centroids using the modified process */ 
repeat 

for each CUBa, where a ∈ {1, …, u}, do 
if UBa is on the cluster boundary which is called BUB 

(i.e. (||CUBa − vj**|| − ||CUBa − vj*||) < Ld; where Ld is the diagonal length of UBa) 
then 

for each xi ∈ BUB, do 
find the cluster Cj with the nearest cluster center vj* in the clusters 
(Cj*, Cj**) with the commom cluster boundary 
(i.e. ||xi − vj*|| < ||xi − vj**||; j*, j** ∈ {1, …, k} and j* ≠ j**) 
assign xi to Cj* 
update the centroid’s statistics for Cj* 

else 
UBa is not on the cluster boundary which is called BUNB 
find the cluster Cj* with the nearest cluster center vj* 
(i.e. ||CUBa − vj*|| ≤ ||CUBa − vj||; j, j* ∈ {1, …, k}) 
assign LSUBa and WUBa to Cj* 
update the centroid’s statistics for Cj* 

end if 
for each cluster Cj, where j ∈ {1, …, k}, do 

compute the cluster center vj to be the centroid of all BUNBs and each xi ∈ BUB  
in the cluster Cj 
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/* where |(xi � BUB) ∈ Cj| denotes the number of patterns in the BUB with cluster Cj */ 
Compute the error function:  
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until E does not change significantly or the predetermined number of iterations has been reached 
End main 

Fig. 5. The proposed k-means algorithm with simple partitioning. 
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Proc partition_dataset (original dataset) 
for each dimension Dm of the dataset, where m ∈ {1, …, d}, do 

/* find the range for dimension Dm */ 
Range_Max[m] = the maximum value of dimension Dm  
Range_Min[m] = the minimum value of dimension Dm  
/* calculate the number of segments it would partition for dimension Dm */ 
/* Num_of_Split[m] is the number of splits for dimension Dm */ 
Num_of_Seg[m] = (Range_Max[m] − Range_Min[m])/Num_of_Split[m] 

for each data pattern xi 
/* calculate the UB that data element xi belongs to */ 
for each dimension Dm of xi, named xi[m], do  

Point_in_Dim[m] = (xi[m] – Range_Min[m])/Num_of_Seg[m] 
/* Use the value of Point_in_Dim[m] to calculate the UBa that xi belongs to, named 
UB_Location of xi, where a ∈ {1, …, u} */ 

/* calculate LSUB and WUB for each UBa */ 
UB_process (xi, UB_Location) 

for each UBa, do 
/* compute CUB: Centroid of Unit Block */ 

a
a

a

LSUB
CUB

WUB
=  

End partition_dataset 

Fig. 6. Partition a dataset. 

 
Proc Calcu_Cen_for_Simp_Dataset () 
/* Calculate cluster centers (centroids) */ 

repeat 
for each CUBa, where a ∈ {1, …, u}, do 

find the cluster Cj* with the nearest cluster center vj* 
(i.e. ||CUBa − vj*|| ≤ ||CUBa − vj||; j, j* ∈ {1, …, k}) 
assign LSUBa and WUBa to Cj* 

update the cluster center’s statistics for Cj* 
for each cluster Cj, do 

compute the cluster center vj to be the centroid of all unit blocks currently in the 
cluster Cj 

a j

a j
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CUB C
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Compute the error function: 
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until E does not change significantly 
End Calcu_Cen_for_Simp_Dataset 

Fig. 7. Calculate centroids for the reduced dataset. 
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Proc UB_process (xi, a) 
/* compute LSUB: Linear Sum of Unit Block */ 

LSUBa = LSUBa + xi 
/* assign WUB: Weight of Unit Block */ 

WUBa = WUBa + 1 
End UB_process 

Fig. 8. Process Unit Blocks. 
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Fig. 9. The relationship between the number of distance calculations (UB_dis) for all patterns on 
the cluster boundary and the number of unit blocks. 

 
The curve in Fig. 9 represents the model y = 57912x2 − 1581766x + 10746945 

which was calculated from the experimental data and gives the total number of distance 
calculations (UB_dis). The number of splits is x = log2 u, where u is the number of unit 
blocks. We used the DS3 dataset that is depicted in section 5, set k = 32, and set the 
maximum number of iterations at 10 as an example.  

The number of unit blocks not on the cluster boundary increases as the total number 
of unit blocks increases. How do we decide if those blocks not on the cluster boundary? 
Just like our proposed algorithm described in the previous section, we found the closest 
centroids, then set all patterns in this unit block to belong to the nearest cluster. The 
number of distance calculations in one iteration can be represented by the product of the 
number of unit blocks not on a cluster boundary and the number of clusters k. Conse-
quently, the number of distance calculations will increase with an increase in the number 
of unit blocks. The number of distance calculations from the model is (DT_dis) y = 
110055x2 − 2067684x + 9456495, which was derived from experimental dataset DS3 
with the number of clusters k = 32 and the number of iterations = 10. This model is 
shown in Fig. 10.  

Therefore, the process of clustering in our algorithm involves two cases regarding 
the unit blocks. They are the blocks on the cluster boundary and the blocks not on the 
boundary. The total number of distance calculations is the sum of both kinds of blocks 
(Total_dis = UB_dis + DT_dis). Our model was derived from experimental dataset DS3  



MING-CHUAN HUNG, JUNGPIN WU, JIN-HUA CHANG AND DON-LIN YANG 

 

1168 

 

DS3, k = 32, the number of iterations = 10 
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Fig. 10. The relationship between the number of distance calculations (DT_dis) of all CUBs, which 

were not on the cluster boundary, and the number of unit blocks. 
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DS3, k = 32, the number of iterations = 10 

 
Fig. 11. The relationship between the total number of distance calculations (Total_dis) and the 

number of unit blocks. 

 
with the number of clusters k = 32 and the number of iterations = 10. In this model, the 
total number of distance calculations (Total_dis) is y = 167967x2 − 3649450x + 
20203440; its outcome is shown in Fig. 11. The best number of splits is 11, which corre-
sponds to the lowest point of the Total_dis curve. The number of unit blocks is 2048 in 
this case.  

Now, we consider the selection of the total number of unit blocks to get the best re-
sult with respect to the number of clusters k. For simplification, we chose k = 8 to 64 for 
analysis and tried to find a proper number of unit blocks for each k. The results of our 
experiment show the smallest Total_dis appears at the lowest points of the curves as 
shown in Fig. 12. Assume that there are n patterns, each of dimension d, and the number 
of clusters is k. When we let the first differential of the model equation Total_dis with 
respect to the number of unit blocks be equal to zero, we can find the proper number of  
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Fig. 12. The relationship between the number of distance calculations and the number of unit 
blocks with different k. 

Table 2. Best number of blocks for different numbers of clusters. 

Datasets 
Clusters 

(k) 
Blocks 

8 16 24 32 40 48 56 64 

U′  1350 1330 1310 1290 1270 1250 1220 1200 
DS1 

Uproper 1024 1024 1024 1024 1024 1024 1024 1024 

U′  5970 5950 5910 5980 5870 5840 5810 5780 
DS2 

Uproper 4096 4096 4096 4096 4096 4096 4096 4096 

U′  2560 2530 2490 2460 2430 2390 2360 2320 
DS3 

Uproper 2048 2048 2048 2048 2048 2048 2048 2048 

 
unit blocks. The results of our model equation match the observed results of our experi-
mental data. It verifies that our proposed model for calculating the proper number of unit 
blocks works well. More experimental results are given below.  

We used three different datasets DS1, DS2 and DS3 [6] for our study. The proper 
number of unit blocks for different values of k is given in Table 2. U′ is the proper num-
ber of unit blocks derived using the models formulated from the experimental data. 
Uproper is the actual number of the proper blocks as observed in our study. We found that 
U′ approximates Uproper. This provides evidence that our proposed method approaches the 
best result we can find.  

From Table 2, the proper number of unit blocks is obviously not related to the 
specified number of clusters. Using dataset DS3 for example, no matter what k is, the 
proper number of unit blocks is 2048. When k is 32, the proper numbers of unit blocks 
for the datasets DS1, DS2 and DS3 are 1024, 4096 and 2048, respectively, which are re-
lated to the distributions of the datasets. 
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5. EXPERIMENTAL RESULTS AND DISCUSSION 

In the previous sections we gave a systematic analysis, illustrated the methodology, 
and described the procedures and merits of our proposed algorithm. We showed that it is 
more efficient than the direct k-means algorithm or Alsabti’s algorithm. The following is 
a discussion of the time complexity of our algorithm: 

 
(1)  By partitioning the dataset into several unit blocks and using the centroid of a unit 

block to represent the patterns within the block, we know the time complexity of this 
procedure is O(2n). The following details are noted: 
(a) The time complexity of scanning a dataset to find the range of values for each 

dimension is O(n). 
(b) The time complexity of using a binary partition to divide a dataset into an opti-

mized number of blocks is O(log u). 
(c) For determining patterns, calculating the centroid in every unit block which con-

tains at least one pattern, and computing statistical information for every unit 
block, the time complexity is O(n). 

(2)  The time required to assign the patterns to their closest clusters for each iteration is 
O((n/u)αk′d) + O((u − α)kd). 

(3)  The time required to calculate the candidate centroid is O(k). 
(4)  The time required to calculate the error function is O(((n/u)α + (u − α))d). 

 
The complexity of a direct k-means algorithm per iteration can be decomposed into 

three parts [7]: 
 

(1)  The time required to assign the patterns to their closest clusters is O(nkd). 
(2)  The time required to calculate the candidate centroid is O(nd). 
(3)  The time required to calculate the error function is O(nd). 
 

The time complexity of the other methods usually depends on their proposed filter-
ing mechanisms [1, 28]. Our proposed approach is much better than the direct k-means 
with a complexity of O(n(k + 2)d) for each iteration.  

To test and verify that our algorithm is more efficient than the direct k-means and 
Alsabti’s algorithms, we used several synthetically generated datasets. This was done to 
study the scaling properties of our algorithm for different values of n and k. We used the 
k-d tree [1] in terms of the total execution time and the total number of distance calcula-
tions.  

The experiments were performed on an Ultra enterprise 10000 running the Solaris. 
The clock speed of the processor was 250 MHz and the memory size was 4G bytes. The 
following datasets were used: 

 
� Dataset DS1 has a uniform distribution of the grid and its pattern size is 100,000; the 

original number of clusters is 100 and the dimension is 2 [6]. 
� Dataset DS2 has a special distribution of the sine shape and its size of patterns, the 

original number of clusters, and dimension sizes are the same as DS1. 
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� Dataset DS3 has a random distribution and its size of patterns, the original number of 
clusters, and dimension sizes are the same as DS1. 

� Datasets R1 to R12 have random distributions but their pattern sizes, original number of 
clusters, and dimensions are different from each other [1]. These 12 datasets are de-
scribed in Table 3. 

Table 3. Description of the datasets R1 to R12. 

Dataset Size of Patterns Dimensionality No. of Clusters 

R1 128K 2 16 

R2 256K 2 16 

R3 128K 2 128 

R4 256K 2 128 

R5 128K 4 16 

R6 256K 4 16 

R7 128K 4 128 

R8 256K 4 128 

R9 128K 6 16 

R10 256K 6 16 

R11 128K 6 128 

R12 256K 6 128 

 
As mentioned in the previous section, the number of splits determines the number of 

unit blocks when partitioning a dataset. We have designed some experiments to deter-
mine what the total number of splits was for optimal performance. The results are as fol-
lows.  

In addition to the above fifteen datasets, we increased the size of R1 by 2 and 3 
times to generate more test datasets. For each experiment, the total number of unit blocks 
ranged from 128 to at most half of the dataset size. The numbers of clusters (or centroids) 
are 16, 24, 32, 40, 48, 56 and 64. In the case of Fig. 13, ten iterations for convergence 
(y-axis) were performed for each of the splitting numbers (x-axis) ranging from 7 to 16. 
Note that 7 splits can produce 27 = 128 blocks, and so on. One hundred was the maxi-
mum number of iterations allowed in our studies. We found that, on the average, the 
performance was optimal when the total number of blocks was 2048 for dataset R1, i.e., 
11 splits. Dataset R1 is similar to dataset DS3 with a random distribution and its proper 
number of unit blocks is 2048 as shown in Table 2. 

Therefore, we used a proper block number to partition the dataset in the experiments 
that have been described in section 4. For the three different k-means algorithms, all used 
the same initial candidate centroids to perform clustering operations. Three different 
comparisons were performed: the total execution time, the total number of distance cal-
culations, and the number of iterations required before convergence. The results are de-
scribed below. 
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Fig. 13. Ten different numbers of convergent iterations (vertical axis) were performed for each of 

the splitting numbers (horizontal axis) ranging from 7 to 16 for Dataset R1. 
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Fig. 14. Ratios of execution time for computing 16 centroids after 10 iterations of calculation. 

 
Fig. 14 shows ratios of execution time for computing 16 clusters after 10 iterations. 

Compared to the other two methods, the performance of our algorithm was two to more  
than 10 times faster. Similar results were found for calculating 32, 64, and more clusters. 
Fig. 15 compares the distance calculations for computing 16 clusters. Other experiments 
for calculating 32 and 64 clusters have resulted in similar improvements.  

Finally, Fig. 16 compares the numbers of convergent iterations for 16 clusters. The 
performance of our algorithm was five to 10 times better. When the maximum number of 
iterations was set to 100, we could see that the direct k-means algorithm and Alsabti’s  
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Fig. 15. Ratios of numbers of distance calculations for calculating 16 centroids. 
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Fig. 16. Number of iterations for convergence for calculating 16 centroids. 

algorithm stopped executing before reaching convergence for some datasets, thereby 
affecting performance. But our algorithm always converged within 20 iterations. So, the 
execution performance of our algorithm is much better. 

6. CONCLUSIONS 

In this paper, we have presented an efficient clustering algorithm based on the 
k-means method. We partitioned datasets into several blocks and used reduced versions 
of the datasets to compute final cluster centroids. The results of our experiments clearly 
indicate that our algorithm converges quickly. When compared to two other commonly 
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used clustering algorithms, the direct k-means and Alsabti’s algorithms, in terms of total 
execution time, the number of distance calculations, and the efficiency for clustering, our 
algorithm was superior.  

In the analysis of time complexity, the observed data from our studies proves that 
our algorithm spends much less time in clustering than the direct k-means method. This 
is indeed good news to those who develop computationally complex applications with 
large datasets where response time is critical.  

We also discussed the issue of the proper choice for the number of unit blocks. We 
found that it is independent of the number of clusters but is related to the distribution of 
the dataset. Presently, we use binary splitting to partition the dataset into unit blocks, but 
other partition methods will be the subject of further study especially for high dimen-
sional datasets.  

We now use the direct k-means method to choose k patterns as the initial candidate 
centroids in a random process. We all knew that the number of iterations to achieve clus-
ter centroids was influenced by the initial candidate cluster centroids using random 
choice. In other words, with good luck, if the first chosen centroids were near the actual 
centroids, we would require fewer iterations to achieve convergence. Conversely, we 
need more iterations to achieve the k centroids, sometimes even spending the maximum 
number of iterations will not achieve convergence. We have also found in our algorithm 
that an initial cluster centroid selected from a unit block with a higher density is closer to 
the actual cluster centroid. We may select k patterns as the initial candidate centroids 
from the unit blocks with a higher pattern density, thus obtaining a better performance. 
This efficiency in the normal distribution dataset or dense dataset is especially obvious. It 
would appear that our algorithm would inherently achieve more efficient performance. 
This is also the scope of further research. 
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