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Abstract 

This paper presents an improved clustering algorithm with Ant Colony optimization (ACO) 

based on dynamical pheromones.  Pheromone is an important factor for the performance of 

ACO algorithms. Two strategies based on adaptive pheromones which improved performance 

are introduced in this paper. One is to adjust the rate of pheromone evaporation dynamically, 

named as  , and the other is to adjust the strength of pheromone dynamically, named asQ . 

Two evaluation indices, Precision and Recall, are chosen to validity the improvement 

strategies. Numerical simulations demonstrate that the two strategies on pheromone can 

achieve better performance than basic ant colony algorithm and clustering algorithm with ant 

colony based on best solution kept. 
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1. Introduction 

Clustering analysis is an important method in the study of data mining. Clustering with ant 

colony optimization (ACO) is an active research field in recent years. The first clustering 

algorithm with ACO was provided by Deneubourgin 1991 [1]. The clustering algorithm 

simulates the foraging action of ants. Lumer and Faieta presented an improvement LF 

algorithm based Deneubourg’s algorithm and applied to data analysis problem
 
[2]. Labroche 

introduced a new algorithm that is based on the chemical recognition system of ants
 
[3]. Ref 

[4] and Ref [5] proposed a new method, which combined ACO with K-means clustering. This 

algorithm firstly clustered datasets by K-means, and then updated pheromone according to the 

clustering result to guide artificial ants to choose path. Ref [6] used a fitness function to guide 

artificial ants clustering self adapting and self organization. Ref [7], Ref [8] and Ref [9] use 

ACOC to solve other problems, such as, macroscopic planning of highway transportation 

hub, module partition for mass customization, and intrusion detection. Ref [10] and Ref [11] 

presented an ant colony optimization methodology for optimally clustering N objects into K 

clusters. The new clustering algorithm employed distributed agents which mimic the way real 

ants find a shortest path from their nest to food source and back. Ref [12] provided a 

mechanism of the best solution kept to improve the performance of clustering analysis with 

ACO. In these work, pheromone evaporation factor   and pheromone intensity Q  always 

are fixed parameters during the algorithm running. The chosen values of two parameters will 

affect the global search capability of ant colony algorithm, so this paper will adopt dynamical 

pheromones strategy to weaken the influence that is due to improper initial value of two 

parameters. 
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This paper is organized as follows. In Section 2 we first introduce Ant Colony System and 

clustering algorithm with ACO. We then discuss strategies of the two pheromone dynamic 

adjustment. Clustering algorithm with ant colony optimization based dynamical pheromones 

(RRACOC) is also presented. In Section 3, we illustrate our work using RRACOC algorithm. 

Then, experimental results are presented. Finally, Section 4 presents our conclusions and 

future work.   

 

2. Clustering Algorithm with ACO based on Dynamic Pheromone 
 

2.1. Ant Colony System 

As shown in Figure 1, two ants start from their nest in search of food source at the 

same time to different directions. One of them chooses the path that  turns out to be 

shorter while the other takes the longer sojourn. The ant moving in the shorter path 

returns to the nest earlier and the pheromone deposited in this path is obviously more 

than what is deposited in the longer path. Other ants in the nest thus have high 

probability of following the shorter route. These ants also deposit their own pheromone 

on this path. More and more ants are soon attracted to this path and hence the optimal 

route from the nest to the food source and back is very quickly established. Such a 

pheromone-meditated cooperative search process leads to the intelligent swarm 

behavior [5]. 
 

 

Figure 1. Movement of ant algorithm from nest-food source and back[5]
 

 

Ant colony system (ACS) algorithm was first proposed by Dorigo in 1997[7]. Informally, 

ACS works as follows: m ants are initially positioned on n cities chosen according to some 

initialization rule (e.g., randomly). Each ant builds a tour (i.e., a feasible solution to the TSP) 

by repeatedly applying a stochastic greedy rule (the state transition rule). While constructing 

its tour, an ant also modifies the amount of pheromone on the visited edges by applying the 

local updating rule. Once all ants have terminated their tour, the amount of pheromone on 

edges is modified again (by applying the global updating rule). As was the case in ant system, 

ants are guided, in building their tours, by both heuristic information (they prefer to choose 

short edges), and by pheromone information: An edge with a high amount of pheromone is a 

very desirable choice. The pheromone updating rules are designed so that they tend to give 

more pheromone to edges which should be visited by ants. In the general case, ACS 
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algorithm applies the artificial ants’ concept, it is represented by the following steps: 

Step 1: Initialization of parameters. 

Step 2: Construction of solutions. 

Step 3: Pheromone updating rule. 

Step4: Return to Step 2 until a given stopping criterion satisfied. 

 

2.1.1. State Transition Rule: In ACS the state transition rule is as follows: an ant 

positioned on node i chooses the city j to move to by applying the rule given by 

function (1). 
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Where, 

 tp k

ij  is the state transition probability with which the ant k moves from city i to city j in 

t-th iteration. 

 tij  is pheromone value between city i and city j in t-th iteration. 

ij

ij
d

1
 . 

 iJ k  is the set of cities that ant k hasn’t been visited when it is at city i. 

 and   are the parameters and denote heuristic value. 

 

2.1.2. Pheromone Updating Rule: While building a solution (i.e., a tour) of the TSP, 

ants visit edges and change their pheromone level by applying the updating rule of 

function (2). 
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N is number of ants. 
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Q is a constant and denotes the strength of pheromone. 

kL is length of tours that ant k . 

 is residual pheromone value, 1 . 

 

2.2. Clustering algorithm with ACO 

P. S. Shelokar [10-11] proposed a novel clustering algorithm, which was different with 

Deneubourg’s algorithm. The algorithm converted the clustering problem into solving optimal 

value of the objective function. The objective function was Euclidean distance between the 

point of each sample and the center of the class. In general, the smaller the value of the 

function, the better the clustering results. The formula expressed as follows. 
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Where, K  is the number of classes that is predefined. N  is samples in data set. n  is 

dimension of each sample. ivx  is the v -demension value of the i -th sample. W  is the KN   

matrix. U  is nK   matrix. The value of W  and U  are calculated by formula (4) and formula 

(5). 
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( Ni ,3,2,1 ; Kj ,3,2,1 ; nv ,3,2,1 ) 

Pheromone update is similar with the basic ant colony algorithm during the each iteration 

of the process. 
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Where,   k

r

ij LQt /  

In formula (4),  tij  is the variation of pheromone update in the t -th iteration. Q  is 

pheromone intensity. 

 

2.3. The strategy of dynamical pheromones 

Strategies of the two pheromone dynamic adjustment are combined and applied to 

clustering algorithm with ant colony optimization in this paper [13-15]. With the increase of 

the number of iterations,   and Q  will change dynamically by formula (7) and formula (8).  
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Figure 2. The image of Q(t) 
 

Pheromone update formula (6) is amended as the formula (9) after combining the two 

pheromone dynamic adjustment strategies. 
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2.4. Clustering algorithm with ant colony optimization based dynamical 

pheromones 

Clustering algorithm with ant colony optimization based dynamical pheromones 

(RRACOC) is depicted as follows. 

Step1 Initializing parameters, such as, the number of ants- R , maximal iterations -T，

evaporation rate- ，initial pheromone matrix- ij , etc. 

Step2 Using ij to construct solutions. 

Step3 Calculating 
ijW  and constructing matrix - W . 

Step4 Calculating the value of the objective function  WU , . 

Step5 Updating pheromone matrix by formula (9), 

         1 tt  

Step6  Terminating the algorithm and outputting results when achieving the maximal 

iterations -T , otherwise, gotoing step2. 
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Figure 3. The flowchart of RRACOC 

 

3. Simulation Experiment 
 

3.1. Datasets and parameters setting 

In order to verify the performance of pheromone dynamic adjustment combining strategy, 

this paper chooses two benchmark datasets, Iris and Wine from UCI Machine Learning 

Repository (Web Site: http://archive.ics.uci.edu/ml/).  

Four algorithms, ACOC, EACOC, RRACOC and E_RRACOC, run ten times respectively 

in two datasets. Parameters setting of these algorithms are listed in Table 1. 

 
Table 1. Parameters setting 

 R  T  Rho_max Rho_min   E  Q  

ACOC 20 500 
 

 

 

 
0.9 

 

 
50 

EACOC 20 500 
 

 

 

 
0.9 4 50 

RRACOC 20 500 0.9 0.001 
 

 

 

 
50 

E_RRACOC 20 500 0.9 0.001 
 

 
4 50 
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Note: 

 (1) R  is the number of ants. T  is the maximal iterations. Rho_max and Rho_min are the 

maximal and the minimal value of  . E  is the number of elite ants
[12]

.  

 (2) ACOC is the traditional clustering algorithm with ACO. EACOC is the clustering 

algorithm with ACO based on best solution kept. RRACOC is clustering algorithm with ant 

colony optimization based dynamical pheromones. E_RRACOC is clustering algorithm with 

ant colony optimization based on dynamical pheromones and best solution kept. 

 

3.2. Comparison of results 

There are two methods to evaluate the performance of clustering algorithms, method of 

external quality and method of internal quality. This paper applies two indexes, Precision and 

Recall, from method of external quality to evaluate the clustering results of four algorithms. 

Precision and Recall can be defined as follows, 

Precision iij NN / ，Recall jij NN /  

Where, 
ijN  is the number of i  in cluster j . 

iN  is the number of samples in cluster i . 
jN  

is the number of samples in cluster j . 

After running ten times, the value of Precision and Recall of four algorithms are listed in 

Table 2 (iris dataset) and Table 3 (wine dataset) and depicted Figure 4-Figure 7. 

 
Table 2. Precision and Recall of four algorithms in Iris dataset 
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Figure 4. The value of Precision in Iris dataset 
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Figure 5.  The value of Recall in Iris dataset 

 
Table 3. Precision and Recall of four algorithms in Wine dataset 
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Figure 6. The value of Precision in Wine dataset 
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Figure 7. The value of Recall in Wine dataset 
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3.3. Discussion 

It is seen obviously that the E_RRACOC, which uses strategies of dynamical pheromones 

and best solutions kept, has larger value of Precision and Recall than the other algorithms. 

RRACOC, which only uses strategy of dynamical pheromones, is larger than the EACOC. 

The traditional ACOC has lowest value of Precision and Recall in four algorithms. All in all, 

the simulation experiment shows that the strategy of dynamical pheromones can improve the 

performance of ACOC. 
 

4. Conclusion and Future Work 

Applying ant colony algorithm to solve some problems, pheromone is used as 

medium to transfer message, so the variation of pheromone has important influence to 

solve problems. Two main parameters,   and Q , have key effect to the results of 

algorithms. This paper combines two dynamical adjustment strategies of pheromones 

with clustering algorithm with ant colony. Numeric experiment illustrates that the 

dynamical adjustment strategies have better performance. The future research direction 

is to continue to study the influence of parameters in algorithms, and explore an 

effective way to improve the efficiency of the algorithm. 
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