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Abstract 

K-means algorithm is sensitive to initial cluster centers and its solutions are apt to be 

trapped in local optimums. In order to solve these problems, we propose an optimized ar-

tificial bee colony algorithm for clustering. The proposed method first obtains optimized 

sources by improving the selection of the initial clustering centers; then, uses a novel dy-

namic local optimization strategy utilizing roulette wheel selection algorithm for further 

enhancing local optimization. To prove its effectiveness, we validate the proposed algo-

rithm on four datasets from UCI and compared the results with K-means, K-means++ 

and Artificial Bee Colony algorithm. Experiment results show that the proposed algo-

rithm performs better than other clustering algorithms. 
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1. Introduction 

Cluster algorithm plays a crucial part in learning inherent structure of dataset and is 

widely applied in image segmentation, data compression, data mining and so on. Its appli-

cation domain ranges from psychology and biology to geology [1-3]. Among all, K-

means [4] is one of the most classical and practical clustering algorithms, and has been 

widely applied in many areas thanks to its simplicity, efficiency, and local search ability. 

But k-means has the drawback of excessive dependence on the initial cluster centers, and 

is easy to fall in local optimums. 

Lots of research has been done to solve the above-mentioned problems. For example, 

authors in [5] propose to measure distances between all existing cluster centers, and those 

which are further from selected cluster centers are more probable to be selected as new 

cluster centers. This guarantees that clustering centers are separated as far as possible, 

thus improving the quality of the initial cluster centers. Another example is in [6], which 

enhances clustering accuracies and stabilities by applying differential analytical method to 

k-dist graph and choose initial cluster centers as those with comparatively higher density. 

Authors in [7] propose an iterative method for finding initial cluster centers: first the larg-

est cluster is found, then existing clusters are split into smaller clusters using two data 

points furthest from each other within a cluster, and the splitting procedure is repeated un-

til a specified number of clusters are reached. All these methods improve clustering re-

sults by selecting the optimized initial cluster centers, but still their optimization might be 

trapped into local optimums.  

Recently, swarm intelligence algorithm has been successfully applied in clustering 

problems due to its capabilities of searching for optimums globally [8-11]. Works in [12-

13] employ particle swarm optimization to enhance K-means algorithm, and is applied in 

network intrusion detection system, significantly reducing the false alarm rate and im-

proving the system performance. Authors in [14] propose a K-means method based on an 
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artificial fish swarm algorithm. It calculates distances between objects based on weighted 

attributes in information gain, according to which input data are divided into clusters and 

better clustering results are achieved. Artificial Bee Colony (ABC) algorithm [15] was 

originally proposed to solve function optimization problems. It has several advantages, for 

example there are only a few parameters, the principle is simple and it is easy to imple-

ment. What’s more, it performs better in global regulations and local optimizations than 

genetic algorithms, differential evolution algorithm and particle swarm optimization algo-

rithm [16-18]. But ABC algorithm has a slow convergence rate, and is not good at local 

search. In this paper, we propose to select the optimum initial sources based on which a 

dynamic adjustment to local search ranges is employed. The proposed algorithm alleviates 

the problems of the original ABC algorithm and achieves better clustering accuracies and 

stabilities. 

 

2. Foundations 
 

2.1. K-means Algorithm 

K-means algorithm, a classic clustering algorithm based on division, is proposed by 

James MacQueen in 1967. The idea is to identify K cluster centers and a dataset is divided 

into K clusters accordingly, so that squared errors within a cluster (that is, the sum of 

squared distances between every sample point and the cluster center to which the sample 

point belongs) is minimum. Formally it can be denoted as:  
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where U = {C1, C2, …, Ck} denotes a set of samples to be clustered, Cj (i, j = {1, 2, …, K}) 

represents the last cluster after division, xt denotes a sample point belonging to cluster Cj, 

and d(xt, Cj) denotes the distance between the sample point xt  and its cluster center Cj. E is 

a criterion function for measuring clustering results, calculated as the sum of squared errors 

within clusters. Generally, smaller E values mean better clustering results.  

The pros of K-means algorithm includes: (1) high simplicity, fast convergence rate, ex-

cellence especially dealing with large datasets; (2) better performances for spherical clus-

ters and dataset whose data samples from variant clusters show obvious differences. The 

cons of K-means algorithm are: (1) predetermined clustering number K; (2) performances’ 

over reliance on the selection of initial cluster centers, tendencies of being trapped in local 

optimums, and poor robustness; (3) high sensitivity to noise and isolated sample points; (4) 

low effectiveness of processing non-spherical clusters. 

 

2.2. Artificial Bee Colony Algorithm 

The ABC algorithm is inspired by foraging behaviors of honey bee swarms and com-

plies with two principles of a swarm intelligence behavior model: self-organization and di-

vision of labor. This behavioral model is consisted of four components: food sources, em-

ployed foragers (or employed bees), onlooker bees, and scout bees, of which onlookers and 

scout bees compose unemployed bees.  

The position of a food source denotes a possible solution to the clustering problem. 

Scout bees carry out a global search for food sources by performing random searches and 

employed and onlooker bees search for neighbor solutions. Employed bees evaluate nectar 

qualities of food sources from memory. Onlooker bees on the dance area receive nectar in-

formation of food sources from employed bees and choose the best food source. A food 
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source is assumed to be abandoned if the position cannot be improved with a predefined 

number of cycles. And the abandoned source is replaced with a new source by scout bees. 

The outline of the algorithm is shown below: 

Step 1. Initialization Step. Randomly generate SN initial solutions xi (i = {1, 2, …, SN}), each 

of which denotes a food source. And initialize SN employed bees and SN onlooker bees. 

Note that the random initialization formula is defined as below: 

),)(1,0(
minmaxmin jjjij

xxrandxx   (4) 

where xi = [xi1, xi2, …, xiD] is a vector of length D and xminj and xmaxj denote the minimum 

and maximum entry value from the j
th
 dimension, respectively.  

Step 2. Each employed bee finds new solutions according to the following formula:  

),(
kjijijijij

xxxv     (5) 

where vi = {vi1, vi2, …, viD} is a new solution within a local range of old sources, xi = {xi1, 

xi2, …, xiD} is an old source remembered from previous iteration, vij and xij (i = {1, 2, …, 

SN},  j = {1, 2, …, D}) denote entry values from the j-th dimension of vi and xi, respective-

ly, ij (ij ∈ (-1, 1)) is a random real number and k (k = {1, 2, …, SN}) is a randomly se-

lected integer not equal to i. Then fitness values of all candidate sources are computed in-

versely proportional to the sum of Euclidean distances between sample points and their 

cluster centers. Finally, fitness values are compared between new and old sources and 

sources are selected with a greedy algorithm.  

Step 3. Calculate probabilities pi of the solution xi as below: 
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where fiti is the fitness value of a solution xi. According to the probabilities, each onlooker 

bee selects a new solution xi.  Then onlooker bees search for local optimums following 

Equation (5), calculate fitness value and apply greedy selection algorithms.  

Step 4. After predefined number of iterations (denoted by limit), if employed and onlooker 

bees are not able to find a new source with better nectar through local search, this solution 

is abandoned and replaced with a new solution by scout bees.  Scout bees search for new 

solutions with a random global selection. 

Step 5. Repeat from Step 2, until maximum number of iterations (denoted by MCL) is 

reached, and output the solution.  

In total, there are three parameters to be predefined in an ABC algorithm: food source 

number SN, abandonment threshold limit, and maximum iteration number MCL. And an 

ABC algorithm contains four selection procedures [17]: local election performed by em-

ployed and onlooker bees utilizing remembered information, searching within a local area, 

and selecting local optimums; greedy selection by employed and onlooker bees for com-

paring qualities of new and old sources, and select accordingly; global selection carried out 

by onlooker bees based on finesses; global, random selection by scout bees aimed at select-

ing new source globally. These four selection processes ensure that the algorithm has a bet-

ter ability to control globally and locally search; it reaches comparatively better balance; 

and greatly enhances the performance of the algorithm. 
 

3. An Optimized Artificial Bee Colony Algorithm for Clustering 
ABC algorithm randomly generates initial food sources and local search ranges, result-

ing in uneven distribution of initial solutions, poor local convergence, and tendencies to 

fall in local optimums. We propose a new food source initialization method and a dynamic 

local search strategy based on K-means++ and roulette wheel selection algorithm. The 
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proposed methods are utilized alternately with K-means algorithm to obtain optimal divi-

sions in clustering.  

 

3.1. Optimize The Initial Food Sources 

The ABC algorithm utilizes Equation (4) to initialize food sources with random selec-

tions, but since clustering problems have its own characteristics, different initializations 

result in great differences in clustering results, one of the drawbacks of the clustering algo-

rithms based on division. Inspired by K-means++ algorithm[5], we choose initial sources 

with a selection method based on distance and roulette wheel selection algorithm, so as to 

ensure that cluster centers of food sources are as far as possible from each other. Suppose 

the dataset is to be divided into K clusters, the proposed single source initialization algo-

rithm is described as follows:  

Step 1. Choose one center uniformly at random from among the data points.  

Step 2. For each data point x, compute D(x), the distance between x and the nearest center 

that has already been chosen.  

Step 3. Choose new cluster centers based on distance measure D(x). The selection is based 

on the following rules: a sample point x is more probable to be chosen as a new cluster 

center if it is farther to existing cluster centers (i.e., with a larger D(x)).  

Step 4. Repeat from Step 2 until a total cluster center number K is reached, and output the 

cluster centers as food sources. 

Note that, to make sure that the newly chosen cluster center in Step 3 is not an isolated 

data point, we don’t choose the furthest sample point directly as the new cluster center but 

use a roulette wheel selection algorithm for selection.  
 

3.2. Dynamic Local Optimization Strategies 

The original ABC algorithm employs Equation (5) for employed and onlooker bees 

searching for local optimal food sources. This methodology adopts a random selection 

strategy in a local area, but doesn’t consider the need for using a varying search range in 

each iteration, resulting in low convergence rate. Authors in [18] point out that in the early 

stage of ABC algorithm, employed and onlooker bees should explore larger areas, so as to 

quickly localize better food sources; as the search procedure progresses, bee swarms 

should be able to adjust the search range, and with a finer search, the converge rate could 

be speeded up and a better convergence is able to be achieved. 

To achieve this goal, we propose a dynamic search strategy derived from roulette wheel 

selection algorithm. The proposed algorithm takes optimized food sources from previous 

step and considers iteration numbers to improve the situation of slow convergence rate and 

poor local search ability. From Equation (5) we see that local search range is determined 

from ij, xkj and xij: the bigger ij and the bigger difference between xkj and xij, the larger is 

the search range; and vice versa. Thus, we optimize from these parameters. 

In the original ABC algorithm, the size of xkj depends on the predetermined value of K, 

and K is generated randomly, as a result the algorithm is not able to control search ranges 

effectively, and this weaken its local search ability[18]. After initializing food sources with 

the method described in section 3.1, cluster centers of food sources are chosen to be away 

from each other as far as possible, and we further utilize distances between cluster centers 

as local search range. Suppose ximax and ximin are the furthest and nearest sample points from 

cluster center Si in cluster S, let M denote the distance between ximax and xij, and N denote 

the distance between ximin and xij, we choose M as a large search range and (M-N) as a small 

search range. By this definition, in every iteration of the ABC clustering algorithm, each 

cluster center is approaching its optimal division, that is, the local search range is varied in 

each iteration, thus ensuring its abilities of dynamic search for optimums. 

In the original ABC algorithm, ij is generated randomly; as a result the algorithm is not 

able to adjust search range of a bee swarm in its search for optimums accordingly, decreas-
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ing convergence rate. In our method, based on roulette wheel selection algorithm, we pro-

pose a strategy with dynamic search range: in early stage of the algorithm, a bee swarm 

searches in a wide range M with a higher probability; later on, a bee swarm adjusts its 

search range and search in a smaller range (M-N) with a higher probability. Suppose itera-

tion number is denoted by g (g = {1, 2 , …, MCL}), and MCL denotes maximum iteration 

number, we outline the dynamic search algorithm as follows: 

Step 1. Set p as 0 or 1. P0 (that is, when p is set as 0) denotes search in a small range (M-

N), and P1 (that is, when p is set as 1) denotes search in a wide range M. 

Step 2. Suppose the fitness of P0 is g, and the fitness of P1 is MCL-g, the overall fitness is 

MCL. 

Step 3. The probability of P0 is
MCL

g
Pp )0( , and the probability of P1 is

MCL

gMCL
Pp


)1( . 

Step 4. Construct a roulette based on the cumulative probabilities of P0 and P1.   

Step 5. Apply roulette selection algorithm: randomly select a real number in the range of 

[0, 1], choose P0 if the number falls in the range of its cumulative probabilities and P1 oth-

erwise. 

Based on the described method, we improve the local search strategy of ABC algorithm 

and its local search formula is described as below: 

 𝑣𝑖𝑗 = 𝑥𝑖𝑗 + (𝑝𝑀 + (1 − 𝑝)(𝑀 − 𝑁)) × 𝑟𝑎𝑛𝑑(−1,1) 

where vi and xi denote new and old sources, respectively. P is determined by the search 

strategy and set as 0 or 1 accordingly.   

We observe from the above steps that: in the early stage of the algorithm, g is relatively 

small, so p is highly probable to be selected as 1, resulting bees searching in a wide range 

M with high probabilities; while in later stages of the algorithm, g increases gradually and 

p is more probable to be selected as 0, thus bees are apt to search within a smaller range of 

(M-N). Therefore, the proposed method is able to meet the demand of local search adjust-

ment in optimization process and improve the efficiency and quality of convergence. 

 

3.3.  Algorithm Description 

We describe the optimized artificial bee colony algorithm for clustering as follows:  

Step 1. Source initialization. Initialize food sources with the method described in section 

3.1.  

Step 2. Each employed bee employs the dynamic local search strategy proposed in section 

3.2, and selects food sources with greedy selection algorithm. 

Step 3. Each onlooker bee chooses food sources through roulette wheel selection algo-

rithm and then adopts a local search strategy proposed in section 3.2 and updates food 

sources by applying greedy selection algorithm. If a food source couldn’t be improved 

through limit number of iterations, it is abandoned and its bee is transformed into a scout 

bee. 

Step 4. Each scout bee adopts an optimization strategy described in section3.1 for select-

ing new food sources.  

Step 5. Repeat from Step 2 until iteration number reaches MCL, and output the clustering 

results.  

 

4. Experimental Results 

We evaluate the proposed method on Iris, Wine, Glass and Seeds datasets from UCI 

[19], as shown in 0. 
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Table 1. Comparisons of Datasets for Experiments 

Dataset Number of attributes 
Number of clus-

ters 
Data set size 

Iris 4 3 150（50,50,50） 

Wine 13 3 178（59,71,48） 

Glass 10 7 214（70,76,17,0,13,9,29） 

Seeds 7 3 210（70,70,70） 

 

For comparison, error rate is adopted as the clustering criterion. Error rate refers to the 

number of misclassified samples over the total number of samples, formulated as:  

%,100
n

Err


 (8) 

We compare the proposed method with K-means algorithm, K-means++ algorithm and 

the original ABC algorithm. As the algorithms use random selections in certain part result-

ing in uncertainty in experiments, we run experiments 20 times for each algorithm and take 

the average as the final result. The initial parameters for ABC algorithm are set following: 

food source number SN equals 20, abandonment threshold limit equals SN*D, the maxi-

mum number of iterations MCL equals 20, and use D to represent the number of attributes 

in each dataset. We further split the experiments of the proposed methodology into two 

steps: first is experiments of the algorithm based on optimized food sources (named IABC-

1); second is experiments of algorithm further adding dynamic local search strategies 

(named IABC-2). Experimental results are shown in 0,  𝐴𝑣𝑔𝐸𝑟𝑟, 𝑀𝑎𝑥𝐸𝑟𝑟 and 𝑀𝑖𝑛𝐸𝑟𝑟 refer 

to the average, maximal, minimum value of the error rate respectively. 

As can be seen from the experimental results: K-means++ performs slightly better than 

K-means in general; ABC algorithm sometimes performs good and sometime performs 

bad; the algorithm proposed in this paper fully utilizes the advantages of all above algo-

rithms, reduces clustering errors effectively resulted from random selections, and improves 

accuracies and stability to some extent. 

We compare the running time of ABC based algorithm, as shown in 0We can see that 

the proposed algorithm outperforms the original ABC algorithm in efficiency. Algorithm 

IABC-1 is relatively more efficient than algorithm IABC-2 while algorithm IABC-2 pro-

vides more accurate results. Due to its simplicity, K-means algorithm performs faster than 

all ABC based method but is much less accurate. 

To give a straightforward impression of the clustering results, we visualize clustering 

results of the K-means algorithm and the proposed method on Iris dataset, shown in Figure 

2. As can be seen, the proposed algorithm is more reasonable in dividing this dataset, and 

achieves good clustering results. 

Table 2. Accuracy Comparison of Clustering Algorithms on Four Standard 
Datasets 

Dataset Algorithm 𝑨𝒗𝒈𝑬𝒓𝒓 𝑴𝒂𝒙𝑬𝒓𝒓 𝑴𝒊𝒏𝑬𝒓𝒓 

 

 

Iris 

K-means 12.43% 18.00% 10.67% 

K-means++ 11.13% 11.33% 10.67% 

ABC 10.70% 11.33% 9.33% 

IABC-1 10.50% 11.33% 9.33% 

IABC-2 8.71% 9.33% 7.33% 

 K-means 28.60% 30.34% 25.84% 
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Wine 
K-means++ 27.81% 29.78% 25.84% 

ABC 32.30% 33.15% 32.02% 

IABC-1 23.60% 26.97% 20.22% 

IABC-2 15.73% 19.66% 12.36% 

 

 

Glass 

K-means 39.25% 44.86% 26.64% 

K-means++ 35.87% 35.98% 35.05% 

ABC 44.63% 45.79% 43.93% 

IABC-1 28.04% 33.18% 25.70% 

IABC-2 23.65% 28.97% 15.89% 

 

 

Seeds 

K-means 10.71% 10.95% 10.48% 

K-means++ 10.60% 10.95% 10.48% 

ABC 10.35% 11.43% 9.52% 

IABC-1 10.00% 10.47% 7.14% 

IABC-2 8.81% 10.00% 6.19% 

 

 

Figure 1. Efficiency Comparison of ABC Based Algorithms 
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Figure 2. Clustering Results Of K-Means(Above) and the Optimized Artificial 
Bee Colony Algorithm(Below) on Iris Dataset 

5. Conclusions 

In this paper, we studied optimized initialization and dynamic local search range strate-

gy for ABC algorithm, proposed an optimized artificial bee colony algorithm for cluster-

ing, thus enhancing the overall performance of the algorithm. In the experiments with four 

datasets from UCI, the proposed algorithm is less sensitive to initial clustering centers, and 

has higher accuracies. In the future work, we would like to explore how to search more ef-

ficiently.  
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