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Abstract. In this paper the novel concept of ACO and its learning mechanism is 
integrated with the K-means algorithm to solve image clustering problems. The 
learning mechanism of the proposed algorithm is obtained by using the defined 
parameter called pheromone, by which undesired solutions of the K-means 
algorithm is omitted. The proposed method improves the K-means algorithm by 
making it less dependent on the initial parameters such as randomly chosen 
initial cluster centers, hence more stable. 

1   Introduction 

Image segmentation plays an essential role in interpretation of the various kinds of 
images. Image segmentation techniques can be grouped into several categories such 
as Edge-based segmentation, Region-oriented segmentation, Histogram-thresholding, 
and clustering algorithms [1]. The aim of clustering algorithm is to aggregate data 
pixels into groups or clusters such that pixels in each group are similar to each other 
and different from other groups. There are various techniques for clustering including 
the K-means algorithm which is based on the similarity between pixels and the 
specified cluster centers. The behavior of the K-means algorithm mostly is influenced 
by the number of clusters specified and the random choice of initial cluster centers. In 
this study we concentrate on the latter, where the results are less dependent on the 
initial cluster centers chosen, hence more stabilized, by introducing a hybrid 
technique using the K-means and the Ant Colony Optimization (ACO) heuristic. 

The ACO algorithm was first introduced and fully implemented in [2] on the 
traveling salesman problem (TSP) which can be stated as finding the shortest closed 
path in a given set of nodes that passes each node once. The ACO algorithm is one of 
the two main types of swarm intelligent techniques. Swarm intelligence is inspired 
from the collaborative behavior of social animals such as birds, fish and ants and their 
amazing formation of flocks, swarms and colonies. By observing and simulating the 
interaction of these social animals, a variety of optimization problems are solved. The 
other type of swarm intelligent techniques is the particle swarm optimization (PSO) 
algorithm. The algorithm consists of a swarm of particles flying through the search 
space [3]. Parameters of position and velocity are used to represent the potential 
solution to the problem and the dynamic of the swarm respectively. The velocity of 
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each particle is modified according to its experience and that of its neighbors which 
changes the position of the particle in order to satisfy the objective. The ACO 
algorithm which we are focused on, is based on a sequence of local moves with a 
probabilistic decision based on a parameter, called pheromone as a guide to the 
objective solution. There are algorithms that while they follow the cited procedure of 
ACO algorithm, they do not necessarily follow all the aspects of it, which we 
informally refer to as ant-based algorithm or simply ant algorithm. 

There are several ant-based approaches to clustering which are based on the 
stochastic behavior of ants in piling up objects. In most of the approaches [4-8], the 
ant algorithm is applied to numeric data which are treated as objects. Ants pick up an 
object and drop it on a heap where there is the most similarity according to a 
probability. In [4, 5, 6] the ant based algorithm is applied initially to form the initial 
set of clusters, and then the K-means algorithm is used to remove classification error 
and to assign objects that are left alone, to a cluster. The ant based algorithm is 
applied again on heaps of objects rather than single object and then the K-means 
algorithm is used for the same reason as before. The algorithm resolves the problem 
of local minimal by the randomness of ants. In [4] the idea of density is introduced to 
determine where the heaps and scattered objects are to increase the searching speed 
and efficiency of the algorithm. Although in [4, 5, 6] the K-means algorithm was 
used, only the stochastic movement of the ants are considered, not the learning 
mechanism of the ACO through the so called pheromone. In [8] a similar approach is 
used except that after the ant based initialization, Fuzzy C-Means (FCM) algorithm is 
used to refine these clusters. In [9] the ACO algorithm is combined with genetic 
algorithms and simplex algorithms to build a learning model for optimal mask, which 
is used to discriminate texture objects on aerial images. The ACO has been applied to 
various problems. An ACO heuristic was introduced for solving maximum 
independent set problems in [10] where uses the pheromone concept to obtain a 
learning mechanism. 

In this study the ACO algorithm is implemented and it is integrated with the K-
means algorithm to solve clustering problems and it is applied to images. For 
clustering as the goal, m number of ants is chosen for clustering. Solutions to the 
problem will be generated by the ants independently. The best solution will be chosen 
from these solutions and the assigned pheromone to this solution is incremented. The 
next m ants are inspired by the previous m ants and start making their own solution. 
This is repeated until a certain number of iterations when the optimal solution is 
achieved. Decision based on the pheromone amount may be able to eliminate the 
undesired solutions which are probable to occur, making the algorithm more stable 
and the solutions more desirable. The advantage of this algorithm over the K-means is 
that the influence of the improperly chosen initial cluster centers will be diminished 
after the best solution is chosen and marked with the pheromone over a number of 
iterations. Therefore it will be less dependent on the initial parameters such as 
randomly chosen initial cluster centers and more stabilized while it is more likely to 
find the global solution rather than the local. 

In Section 2 the K-means algorithm is reviewed briefly. Section 3 describes the 
ACO algorithm. In Section 4 the proposed hybrid ACO-K-means clustering algorithm 
is discussed. Experimental results are presented in Section 4 and the conclusion and 
future work are discussed in Section 5. 
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2   The K-Means Algorithm 

The K-means algorithm, first introduced in [11] is an unsupervised clustering 
algorithm which partitions a set of object into a certain number of clusters. The K-
means algorithm is based on the minimization of a performance index which is 
defined as the sum of the squared distances from all points in a cluster domain to the 
cluster center [12]. First K random initial cluster centers are chosen. Then each 
sample is assigned to a cluster based on the minimum distance to the cluster centers. 
Finally cluster centers are updated by calculating the average of the values in each 
cluster and this will be repeated until cluster centers no longer change.  

The K-means algorithm tends to find the local minima rather that the global 
therefore it is heavily influenced by the choice of initial cluster centers and the 
distribution of data. Most of the time the results become more acceptable when initial 
cluster centers are chosen relatively far apart since the main clusters in a given data 
are usually distinguished in such a way. If the main clusters in a given data are close 
in characteristics the K-means algorithm fails to recognize them when it is left 
unsupervised. For its improvement the K-means algorithm needs to be associated with 
some optimization procedures in order to be less dependent on a given data and 
initialization. 

3   The ACO Algorithm 

The ACO heuristic has been inspired by the observation on real ant colony’s foraging 
behavior and on that ants can often find the shortest path between food source and 
their nest [10]. This is achieved by a deposited and accumulated chemical substance 
called pheromone by the passing ant which goes towards the food. In its searching the 
ant uses its own knowledge of where the smell of the food comes from (we call it as 
heuristic information) and the other ants’ decision of the path toward the food 
(pheromone information). After it decides its own path, it will confirm the path by 
depositing its own pheromone making the pheromone trail denser and more probable 
to be chosen by other ants. This is a learning mechanism ants follow beside their own 
recognition of the path. As a result of this consulting of ants with the ants already 
done a job, the best path which is the shortest will be marked from the nest towards 
the food.  

ACO uses this learning mechanism. Furthermore, in the ACO algorithm, the 
pheromone level is updated based on the best solution obtained by a number of ants 
and the pheromone amount that is deposited by the succeeded ant is defined to be 
proportional to the quality of the solution it produces. For the real ants, the best 
solution is the shortest path and it will be marked with a strong pheromone trail. In the 
short path problem using ACO algorithm, the pheromone amount deposited is 
inversely proportional to the length of the path. For a given problem the pheromone 
can be set to be proportional to any criteria of the desired solution. In the clustering 
method we will introduce below, the criteria includes the similarity of data in each 
cluster, distinction of the clusters and compactness of them. More details on the ACO 
algorithm can be found in [2]. 
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4   The Proposed Hybrid ACO-K-Means Clustering Algorithm 

Our approach to the problem is very similar to the K-means strategy. It starts by 
choosing the number of clusters and a random initial cluster center for each cluster. 
ACO plays its part in assigning each pixel to a cluster. This is done according to a 
probability which is inversely dependent to the distance (similarity) between the pixel 
and cluster centers and a variable, τ, representing the pheromone level. Pheromone is 
defined to be dependent to minimum distance between each pair of cluster centers and 
inversely dependent on the distances between each pixel and its cluster center. So the 
pheromone gets bigger when cluster centers get far apart and clusters tend to be more 
compact (our criterion for best solution), making the probability of assigning a pixel 
to that cluster high. Pheromone evaporation is considered to weaken the influence of 
the previously chosen solutions, which are less likely to be desired. Similar to the K-
means algorithm, at this stage new cluster centers are updated by calculating the 
average of the pixels in each cluster and this will be repeated until cluster centers no 
longer change. But unlike K-means, this algorithm doesn’t stop here. It is assumed 
that the described clustering job is performed by an ant, and there are m ants repeating 
this job, each with their own random initialization and they all will end up with a 
solution. A criterion is defined to find the best solution and the pheromone level is 
updated accordingly for the next set of m ants as a leading guide. A termination 
criterion will stop the algorithm and an optimal solution is resulted. 

The algorithm starts by assigning a pheromone level τ and a heuristic information 
η to each pixel. Then each ant will assign each pixel to a cluster with the probability 
P. This assignment of parameters is shown in Table 1, where P is obtained from  
Eq. 1 [2]: 
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where P(i,Xn) is the probability of choosing pixel Xn in cluster i, τ (i,Xn) and  η(i,Xn)  are the 
pheromone and heuristic information assigned to pixel Xn in cluster i respectively, α 
and β are constant parameters that determines the relative influence of the pheromone 
and heuristic information, and K is the number of clusters. Heuristic information η(i,Xn) 
is obtained from: 
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where Xn is the nth pixel and Ci is the ith cluster center. ),( in CXColDist  is the color 

distance between Xn and Ci, and ),( in CXPhysDist  is the physical (geometrical) 

distance between Xn and Ci. Constant κ is used to balance the value of η with τ. 
The value for the pheromone level τ assigned to each pixel is initialized to 1 so that 

it doesn’t have effect on the probability at the beginning. This pheromone should 
become bigger for the best solution we are looking for. 
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Table 1. Assignment of parameters to each pixel in each clustering solution obtained by an ant 

Cluster# \ Pix X0 X1 … Xn 
0 P(0,X0) P(0,X1)  P(0,Xn) 

1 P(1,X0) P(1,X1)  P(1,Xn) 

2 P(2,X0) P(2,X1)  P(2,Xn) 
…     

 

Suppose m number of ants is chosen for clustering on an image. Each ant is giving 
its own clustering solution. After m ants have done their clustering, the current best 
solution is chosen and the assigned pheromone to this solution is incremented. Also 
cluster centers are updated by the cluster centers of the current best solution. The next 
m ants inspire from the previous m ants and start making their own solution. In each 
of iterations, each one of the m ants finds its solution based on the best solution found 
by the previous m ants, and the best solution is found for the next m ants. This is 
repeated until a certain amount of times where the overall best solution is achieved.  

The best solution in each of iterations is chosen according to two factors; distance 
between cluster centers and sum of the color and physical distances between each 
pixel and its cluster center (similarity and compactness of clusters). For the best 
solution to choose: 1) Distance between cluster centers should be large so the clusters 
are further apart, 2) The sum of the color distances between each pixel and its cluster 
center should be small so that each cluster becomes more similar in color and 3) The 
sum of the distances between each pixel and its cluster center should be small so that 
each cluster becomes more compact. To achieve the first one, for each clustering 
performed by ant k (k = 1,…,m), we compute the distances between every pair of 
cluster centers and sort these distances then we pick the minimum distance Min(k). 
Now we compare all these minimums performed by all the ants, and pick the 
maximum of them [Min(k′)]. To achieve the second and third, for each clustering 
performed by ant k we compute the sum of the distances between each pixel and its 
cluster center, and sort these sum of the distances. Then we pick the maximum and 
compare all these maximums performed by all ants, and pick the minimum of them. 
The second maximum and third maximum of the solutions are compared in the same 
way and the minimum is picked. Since every ant has its own solution, solutions are 
being voted based on their advantages and the solution with the larger vote is selected 
as the best solution. 

After the best solution is found, the pheromone value is updated according to  
Eq. 3 [10]: 

τ (i,Xn)  ← (1- ρ ) τ (i,Xn)+ Σi ∆τ (i,Xn) . (3) 

Where ρ is the evaporation factor (0 ≤ ρ < 1) which causes the earlier pheromones 
vanish over the iterations. Therefore as the solution becomes better, the corresponding 
pheromone have more effect on the next solution rather than the earlier pheromones 
which correspond to the initial undesired solutions found. ∆τ (i,Xn)  in Eq. 3 is the 
amount of pheromone added to previous pheromone by the succeeded ant, which is 
obtained from: 
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In Eq. 4, Q is a positive constant which is related to the quantity of the added 
pheromone by ants, Min(k′) is the maximum of the minimum distance between every 
two cluster centers obtained by ant k′, AvgColDist(k′,i) is the average sum of the color 
distances and AvgPhysDist(k′,i) is the average sum of the physical distances, between 
each pixel and its cluster center i obtained by ant k′. Min(k′) causes the pheromone 
become bigger when clusters get more apart and hence raise the probability. 
AvgColDist(k′,i) and AvgPhysDist(k’,i) cause the pheromone become bigger when the 
cluster has more similar pixels and is more compact respectively. In other words the 
more the Min(k′) the more apart our clusters are which is desired and the bigger 
pheromone, and the less the AvgColDist(k′,i) and AvgPhysDist (k′,i), the more similar 
and compact our clusters are which is desired and the bigger the pheromone. 

Next, cluster centers are updated by the cluster centers of the best solution. This is 
repeated until a certain amount of times where the best of the best solution is 
achieved. The algorithm is described below: 

 
Step 1: Initialize pheromone level to 1, and the number of clusters to K and number 

of ants to m. 
Step 2: Initialize m sets of K different random cluster centers to be used by m ants. 
Step 3: For each ant, let each pixel x belong to one cluster with the probability 

given in Eq. 1. 
Step 4: Calculate new cluster center; If the new cluster centers converge to the old 

ones, go to next step otherwise, go to Step 3. 
Step 5: Save the best solution among the m solutions found. 
Step 6: Update the pheromone level on all pixels according to the best solution. 
Step 7: Update cluster centers by the cluster center values of the best solution. 
Step 8:If the termination criterion is satisfied go to next step otherwise, go to Step3. 
Step 9: Output the optimal solution. 

5   Simulation Results 

In the simulation the parameters involved are set as follows. Parameters α, β and κ are 
used to keep the values of τ and η in the same order. The values set was α = 2, β = 5, 
and κ = 1000. The parameters Q controls the added amount of pheromone and ρ 
eliminates the influence of the earlier added pheromone and they are set to be, Q = 10 
and ρ = 0.8. The number of ants is chosen to be m = 10.  

The results for both the K-means and Hybrid ACO-K-means are compared in Figs. 
1 and 2 on two different images. In both cases the number of clusters to be found is 3. 
Different runs of the proposed algorithm are shown in Figs. 1 (d) and (e), which 
compared to the ground truth data shown in Fig. 1 (b) show a better result with 
respect to the K-means. Figs. 2 (c) and (d) are the results for another image. As it can  
 
 



 Hybridization of the Ant Colony Optimization with the K-Means Algorithm 517 

 

be seen there are some scattered dots over the segmented images. In the first look this 
can be thought of the instability of the algorithm, but contradiction of this is proved in 
Figs. 3 and 4 which we will discuss later. These dotted regions do not influence the 
big picture of the clustering and it is due to the randomness of the algorithm. 

 

         
 

(a)              (b) (c) 

 

 
 

(d)            (e) 

Fig. 1. a) An original image, b) The ground truth data, c) K-means segmentation results, d & e) 
Hybrid ACO-K-means results with K = 3 and different runs 

In Fig. 3 improper seeds are forced to show the case in which initial seed values 
are not properly chosen. Fig. 3 (a) and (b) are the only results of the K-means in this 
case which shows some information loss, where Figs. 3 (c) and (d) show the results of 
ACO-K-means which shows that the information is kept. This shows that even when 
improper seeds are forced to the Hybrid ACO-K-means, since there are several 
solutions to compete, eventually the improper solution will be omitted and the proper 
one wins as the answer. This indicates the stability of the Hybrid ACO-K-means 
algorithm. The stability of the proposed algorithm is further confirmed in Fig. 4 where 
different runs of both K-means and ACO-K-means are shown. There are some runs of 
the K-means algorithm which lose the information Fig. 4 (c), due to improper 
initialization which it is not the case in ACO-K-means. 
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(a)                 (b) 

 

 
(c)                     (d) 

Fig. 2. a) An original image, b) K-means results with K = 3, c & d) Hybrid ACO-K-means 
results with K = 3 and different runs 

 
(a)                 (b) 

 

 
(c)                  (d) 

Fig. 3. a & b) K-means results with K = 3 and different runs, where the initial seed values are 
not properly chosen, c & d) Hybrid ACO-K-means results with K = 3 and different runs, where 
the initial seed values are not properly chosen 
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(a)         (b)        (c) 
 

 
 

(d)     (e) 

Fig. 4. a) An original image, b & c) K-means results with K = 4 and different runs, d & e) 
Hybrid ACO-K-means results with K = 4 and different runs 

6   Conclusion and Future Work 

In this paper a Hybrid ACO-K-means algorithm is proposed. In this algorithm ants are 
used to obtain solutions based on their own knowledge and the best solution found by 
previous ants. The advantage of this algorithm over the K-means algorithm is 
revealed when initial seeds are chosen improperly. Since a solution is obtained for a 
number of iterations, most of the possible solutions are available to choose from as 
the best solution. Therefore over a number of iterations, the influence of the 
improperly chosen initial cluster centers will be diminished. This best solution is 
marked with the pheromone and eventually becomes denser causing the best result to 
become as the final result. Therefore this algorithm is less dependent on the initial 
parameters such as randomly chosen initial seeds hence more stabilized and it is more 
likely to find the global solution rather than the local. 

The proposed ACO-K-means algorithm is not limited to a particular problem. For a 
given problem the main problem is to define the heuristic information, the pheromone 
level and the criteria for the best solution. Therefore with this learning mechanism the 
problem of finding the desired number of clusters with unsupervised information can 
also be solved by defining the heuristic and pheromone information and desired 
criterion for the best solution, as an extension of this work. 
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