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Abstract 
This paper introduces one of the most profound Swarm 

Intelligence-based approaches, namely Ant Colony Optimization 

(ACO). The different operators in ACO and their effect on the 

quality of solution are briefly discussed. The ACO algorithms 

variants like Ant System (AS), Elitist Ant System (EAS), Rank-

based Ant System (ASrank), Min-Max based Ant System (MMAS) 

are detailed. The paper puts forth a strong case for applicability 

of ACO for more complex optimization problems. 
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1. INTRODUCTION 
The Ant Colony Optimization (ACO) [1, 3, 4, 5, 6, 7, 

8, 9, 10, 11, 12, 13, 14], introduced by Marco Dorigo, is a 

probabilistic technique for solving computational hard 

problems which can be reduced to finding good paths 

through graphs. ACO is inspired by the behavior of ants in 

finding optimal paths from the colony to food. In the real 

world, ants (initially) wander randomly, and upon finding 

food return to their colony while laying down trails of a 

special chemical named „pheromone‟. If other ants find 

such a path (pheromone trail), they are likely not to keep 

traveling at random, but instead follow the trail, returning 

and reinforcing (with pheromone) it if they eventually find 

food. 

 
The pheromone trail starts to evaporate by the passage 

of time, thus, reducing its attractive strength. The more 

time it takes for an ant to travel down the path and back 

again, the more time the pheromones have to evaporate. A 

short path, by comparison, gets marched over faster and, 

thus, the pheromone density remains high as it is laid on 

the path as fast as it can evaporate. Pheromone 

evaporation has also the advantage of avoiding the 

convergence to a locally optimal solution. If there were no 

evaporation at all, the paths chosen by the first ants would 

tend to be excessively attractive to the following ones. In 

that case, the exploration of the solution space would be 

constrained. Thus, when one ant finds a good (i.e. short) 

path from the colony to a food source, other ants are more 

likely to follow that path, and positive feedback eventually 

leads all the ants following a single path. The idea of the 

ant colony algorithm is to mimic this behavior with 

"simulated ants" walking around the graph representing 

the problem to solve. 
Bonabeau et. al. [17] argue that ACO can be applied to 

most combinatorial optimization problems [2, 1, 7, 15, 16, 

12] as long as the incremental construction of solutions 

can be somehow represented as a graph. Then ants can 

traverse the graph based on the probabilistic transition rule 

and a simple heuristic desirability. A constraint satisfaction 

method should enforce that the solutions are feasible. 

Afterwards, it may be necessary to define a pheromone 

updating rule and a probabilistic transition rule. However, 

it is not strictly necessary for 
most problems. ACO has been successfully applied to 

several combinatorial optimization problems as under: 

 
 Shortest Path Problem [2]. 



 Traveling Salesman Problem [16, 12]. 


 Routing Problems in Networks [15]. 


 Assignment Problems [1]. 


 Scheduling Problems [1]. 


 Vehicle Routing Problems [7]. 

 Sequential Ordering Problem [1]. 


2.     ACO AND OPERATIONS 
Ant colony optimization (ACO) [1, 3, 4, 5, 6, 7, 8, 9, 10, 

11, 12, 13, and 14] is paradigm inspired by the intelligence 

of real ants, for finding solutions to combinatorial 

optimization problems. More specifically, ACO is inspired 

by food foraging behavior exhibited by ant societies. Ants 

as individuals are unsophisticated living beings. However, 
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their collective behavior is an intelligent one. They do not 

possess enhanced abilities such as memory of past actions 

and knowledge about the distance to other locations. Thus, 

in nature, an individual ant is unable to communicate or 

effectively hunt for food, but as a group, they are 

intelligent enough to successfully find and collect food for 

their colony. This collective intelligent behavior is an 

inspiration for one of the popular evolutionary techniques 

(ACO algorithms). The adoption of the strategies of ants 

adds another dimension to the computational domain. 
 

 

 

(a)        

     (b) 

                                                     

 

 

 

(c)                                          (d) 

Fig. 1: An example with real ants. (a) Ants follow a path 

between points Nest and Food; (b) An obstacle is 

interposed; (c) ants can choose to go around it following 

one of the two different paths with equal probability. (d) 
On the shorter path more pheromone is laid down early 

[1]. 

 
The ants communicate using a chemical substance 

called pheromone. As an ant travels, it deposits a constant 

amount of pheromone that other ants can follow. Each ant 

initially moves in a somewhat random fashion, but when an 

ant encounters a pheromone trail, it must decide whether to 

follow it. If it follows the trail, the ant‟s own pheromone 

reinforces the existing trail, and the increase in pheromone 

increases the probability of the next ant selecting the path. 

Therefore, the more the ants travel on a path, the more 

attractive the path becomes for subsequent ants. 

Additionally, an ant using a short route to a food source 

will return to the nest sooner and, therefore, mark its path 

twice, before other ants return. This directly influences the 

selection probability for the next ant leaving the nest. Over 

time, as more ants are able to complete the shorter route, 

pheromone accumulates faster on shorter paths and the 

longer paths are less reinforced and ultimately abandoned. 

When looking for food, ants tend to follow trails of 

pheromones whose concentration is higher. These trails are 

created by individuals looking for food, to guide others 

toward the same sources of food. The concentration of 

pheromone is stronger in highly visited places. Because of 

the distance traveled by ants to reach food sources and 

return to the nest, trails near the nest develop a higher 

concentration of pheromone. The phenomenon give rise to 

one of the most important type of optimization algorithms 

named as ACO. 

There are two main operators in ACO algorithms. These 

are: 

 
Route construction: Initially, the moving ants construct 

a route randomly on their way to food. However, the 

subsequent ants follow a probability-based route 

construction scheme. 

 
Pheromone update: This step involves two important 

phenomenons. Firstly, a special chemical „Pheromone‟ 

is deposited on the path traversed by the individual 

ants. Secondly, this deposited pheromone is subject to 

evaporation. The quantity of pheromone updated on an 

individual path is a cumulative effect of these two 

phenomenons. 

 
The various proposed algorithms differ from each other 

in terms of either the way of route construction or 

pheromone update scheme. 

 
3.      ACO ALGORITHMS VARIANTS 

 
The most popular ant algorithms in the historical order 

are discussed as under 

 
(i) ANT SYSTEM (AS) 

Ant system (AS) was the first ACO algorithm proposed. Its 

main characteristic is that the pheromone values are 

updated by all the ants that have completed the tour. 

 
Route Construction in Ant System 

In ant system, an ant k will move from node i to node j 

with probability 

 

 

 

 

 

where, ij  is the amount of pheromone on arc i, j; α & β 

are parameters to control the influence of ij ; ij = 1/dij is 

a value depending upon the heuristic bias & it is available 

a priori; 
k

iN is the feasible neighborhood of ant k when 

being at city i, i.e., the set of cities that ant k has not 

visited.  

Pheromone Update in Ant System 

 
In ACO algorithms, the different types of pheromone 

updates schemes are possible. The pheromone update 

consists of two parts. First, a pheromone evaporation, 

which uniformly decreases all the pheromone values, is 
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performed. From a practical point of view, pheromone 

evaporation is needed to avoid a too rapid convergence of 

the algorithm towards a sub-optimal region. It implements 

a sort of a useful form of forgetting, thus, favoring the 

exploration of new areas in the search space. Then, one or 

more solutions from the current and/or from earlier 

iterations are used to increase the values of pheromone 

trail parameters on solution components that are part of 

these solutions. As an example, we outline in the following 

the pheromone update rule that was used in Ant System 

(AS). The pheromone evaporation is implemented by: 

ij  = (1-ρ).  ij 
 

Where, 0 < ρ ≤ 1 is the pheromone evaporation rate. 

After evaporation, all ants deposit pheromone on the arcs 

they have crossed in their tour: 

 
   m 

K  

  
ij  

=
  


ij +    
 

  
Ij  

   k 1  

     

and 

K 

is  the  amount  of  pheromone  ant  k  deposits 
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On the arcs it has visited, and given by: 

 
k
    Q / L

k
         if  (i,  j) T 

k
   else 0. 

ij 
 

Where  L
k
 is the cost of the k

th
 ant's tour (typically 

length) and T
k
 is the tour done by ant k, L is the length; Q 

is a heuristic bias parameter depending upon the best cost 

factor. 

 
(ii)   ELITIST ANT SYSTEM (EAS) 

The first improvement to basic Ant System was 

introduced by Dorigo et al. [1, 11], named as Elitist Ant 

System (EAS). The algorithm mainly focuses on additional 

reinforcement of pheromone on the best-so-far route. 
Route Construction in Elitist Ant System (EAS) 
The route construction in EAS is the same as in case of 

ant system. However, there is difference in the way the 

pheromone is updated. 
Pheromone Update in Elitist Ant System (EAS) 

The additional reinforcement of the best-so-far tour 
bsT is 

achieved by adding a quantity e / 
bsC  to its arcs, where „e‟ 

is a parameter that defines the weight given to the best-so-

far tour
bsT , and 

bsC  is its length. The pheromone deposit 

becomes: 

ij = ij + 


m

k

k

ij
1

  + e. bs
ij  

Where k
ij  is the amount of pheromone ant k deposits on 

the arcs it has visited and bs
ij is defined as: 

The computational results have already proved that the use 

of elitist strategy with an appropriate value for parameter 

‘e’ allows EAS to both find better tours and find them in a 

lower number of iterations. 

 

(iii)   RANK-BASED ANT SYSTEM 
(ASRANK) 

 

In Rank Based Ant System (ASrank), the solutions are 

ranked according to their fitness [1, 11]. The amount of 
pheromone deposited is then weighted for each solution, 

such that the more optimal solutions deposit more 

pheromone than the less optimal ones. 

 
Route Construction in Rank Based Ant System 

(ASrank) 

 

The route construction in ASrank is same as in case of 

ant system. However, there is difference in the way the 
pheromone is updated. 

 
Pheromone Update in Rank Based Ant System 

(ASrank) 

 
Before updating the pheromone trails, the ants are 

sorted by the order of increasing tour length and quantity 

of pheromone that an ant deposits is weighted according to 

the rank r of the ant. In each iteration, only the (w-1) best-

ranked ants and the ant that produced the best-so-far tour 

are allowed to deposit pheromone. The best-so-far tour 

gives the strongest feedback, with weight w; the r
th

 best 

ant of the iteration contributes to pheromone updating with 

the value 1/ C 
r
 multiplied by a weight given by max {0, 

w-r}. The pheromone update equation is as under: 

 

ij = ij +  




1

1
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w

r

r
jirw   + w. bs

ij  

Where r
ij = 1/

rC and bs
ij = 1/

bsC  

 

(iv) MAX-MIN ANT SYSTEM (MMAS) 

 
MAX-MIN Ant System (MMAS) is another 

improvement over the original Ant System [1]. MMAS 

differs from AS mainly in two ways. Firstly, only the ant 

that produce the best route in current iteration and best-so-

far ant is allowed to add pheromone, and secondly, the 

minimum and maximum values of the pheromone are 

explicitly limited (in AS, these values are limited 

implicitly, that is, the value of the limits is a result of the 

algorithm working rather than a value set explicitly by the 
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algorithm designer) [ ]. 
Route Construction in Max-Min Ant System 

(MMAS) 

 
The route construction in Max-Min Ant System 

(MMAS) is the same as in case of Ant System. However, 

the difference in the way the pheromone is updated is 

outlined in next section. 
Pheromone Update in Max-Min Ant System 

 (MMAS)  

In  MMAS,  lower  and  upper  limits  max     and  min  on 
the possible pheromone values on any arc are imposed in 
order to avoid stagnation.  Only  global  best  or  iteration 
best    tour    deposits    the    pheromone.    All    edges    are 

initialized to  max and reinitialized to  max    when nearing 
stagnation.   The pheromone   update   equation   takes   the 
following form: 

ij  = (1-ρ). ij  + ρ. best
ij  

 Where best
ij = 1/ L

best
 if the best ant used edge (i, 

j) in its tour, & 0 best
ij  otherwise. Here L

best
 is the 

length of the tour of the best ant. As in ACS, L
best

 may be 

set (subject to the algorithm designer decision) either to Lib 

or to Lbs, or to a combination of both. 

The pheromone values are constrained between min  

and max  by verifying, after they have been updated by the 

ants, that all pheromone values are within the imposed 

limits. ij is set to max  if ij > max  and to min if 

ij < min . It is important to note that the pheromone 

update equation of MMAS is applied to all the edges. 

 

 
4.  TRAVELLING SALESMAN PROBLEM (TSP) 

Ant colony optimization algorithms have been applied to 

many combinatorial optimization problems, ranging from 

quadratic assignment to fold protein or routing vehicles 

and a lot of derived methods have been adapted to 

dynamic problems in real variables, stochastic problems, 

multi-targets and parallel implementations. It has also been 

used to produce near-optimal solutions to the travelling 

salesman problem. They have an advantage over simulated 

annealing and genetic algorithm approaches of similar 

problems when the graph may change dynamically; the ant 

colony algorithm can be run continuously and adapt to 

changes in real time. This is of interest in network routing 

and urban transportation systems. 

 
The travelling salesman problem is an extensively studied 

problem in the literature and for a long time has attracted a 

considerable amount of research effort. The TSP also plays 

an important role in ACO research: the first ACO 

algorithm, called Ant System, as well as many of the ACO 

algorithms proposed subsequently, was first tested on the 

TSP. 

 
There are several reasons for the choice of the TSP as the 

problem to explain the working of ACO algorithms: it is an 

important NP-hard optimization problem that arises in 

several applications; it is a problem to which ACO 

algorithms are easily applied; it is easily understandable, 

so that the algorithm behavior is not obscured by too many 

technicalities; and it is a standard test bed for new 

algorithmic ideas. A good performance on the TSP is often 

taken as a proof of their usefulness. Additionally, the 

history of ACO shows that very often the most efficient 

ACO algorithms for TSP were also found to be among the 

most efficient ones for a wide variety of other problems. 

 
Intuitively, the TSP is the problem of salesman who, 

starting from his hometown, wants to find a shortest tour 

that takes him through a given set of customer cities and 

then back home, visiting each city exactly once. More 

formally, the TSP can be represented by a complete graph 

G = (N,A) with N being the set of nodes representing the 

cities, and A being the set of arcs. 

 
As a very good example, ant colony optimization 

algorithms have been used to produce near-optimal 

solutions to the travelling salesman problem. The first 

ACO algorithm was called the Ant system [9] and it was 

aimed to solve the travelling salesman problem, in which 

the goal is to find the shortest round-trip to link a series of 

cities. The general algorithm is relatively simple and based 

on a set of ants, each making one of the possible round-

trips along the cities. At each stage, the ant chooses to 

move from one city to another according to some rules: 

 
1. It must visit each city exactly once;  

 

2. A distant city has less chance of being chosen (the 

visibility);  

 

3. The more intense the pheromone trail laid out on an 

edge between two cities, the greater the probability that 

that edge will be chosen;  

 

4. Having completed its journey, the ant deposits more 

pheromones on all edges it traversed, if the journey is 

short;  

 
5. After each iteration, trails of pheromones evaporate.  
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VARIOUS ACO PARAMETERS FOR    TRAVELLING 

 
SALESMAN PROBLEM (TSP) 

 
The experimental study of the different ACO 

algorithms for the TSP [12] has identified parameter 

settings that result in good performance. For the 

parameters that are common to almost all the ACO 

algorithms, good settings (if no local search is applied) are 

given in the Table 1. 

 
Table 1: Various Parameters of different ACO 

algorithms chosen for TSP. 

 
 

ACO 

Algorithm 

Parameters 

α β Ρ m τ0 

AS 1 5 0.5 n m/C
nn

 

EAS 1 5 0.5 n (e+m)/ρ.C
nn

 

ASrank 1 5 0.1 n 
0.5r(r-

1)/ρ.C
nn

 

MMAS 1 5 0.02 n 1/ρ.C
nn

 

 
Here, n is the number of CLBs instances in an TSP. All 

variants of ACO require some additional parameters. In 

EAS, the parameter „e’ is set equal to n. The number of 

ants in ASrank that deposit pheromones is w=6. The 

pheromone  trail  limits  in  MMAS  are  max  =1/ρ.C 
bs 

and 
 

 
 


min  

=
max 

 

n 
 

n 

0.05) , where   avg is 

 

  
 

(1   0.05) / ((avg 1). 
 

 
the average number of different choices available to an ant 

at each step while constructing a solution. When applied to 

small TSP instances with up to 200 CLBs [ ], good results 

are obtained by using always the iteration best pheromone 

update rule. On larger instances, it becomes increasingly 

important to alternate between the iteration-best and the 

best-so-far pheromone update rules. In the pseudo-random 

proportional action choice rule, q0 = 0 to 9. 

 
It should be clear that in individual instances, different 

settings may result in much better performance. However, 

these parameters were found to yield reasonable 

performance over a significant set of TSP instances. 

5.  ACO FOR TSP 

ACO can be applied to the TSP in a straightforward way, 

as described earlier, the set of states of the problem 

corresponds to the set of all possible partial tours; and the 

constraints W enforce that the ants construct only feasible 

tours that correspond to permutations of the city indices. 

This is always possible, because the construction graph is a 

complete graph and any closed path that visits all the nodes 

without repeating any node corresponds to a feasible tour. 

In all available ACO algorithms for the TSP, the 

pheromone trails are associated with arcs and therefore ij 

refers to the desirability of visiting city j directly after city 

i. The heuristic information is chosen as ij =1/ dij, that is, 

the heuristic desirability of going from city i directly to city 

j is inversely proportional to the distance between the two 

cities. In case dij = 0 for some  arc  (i,  j),  the  corresponding  

ij     is  set  to  a  very small value. As we discuss later, for 

implementation purposes pheromone trails are collected 

into a pheromone matrix whose elements are the ij‟s. This 
can be done analogously for the heuristic information. 

Tours are constructed by applying the following simple 

constructive procedure to each ant: (1) choose, according 

to some criterion, a start city at which the ant is positioned; 

(2) use pheromone and heuristic values to probabilistically 

construct a tour by iteratively adding cities that the ant has 

not visited yet (see figure), until all cities have been 

visited; and (3) go back to the initial city. After all ants 

have completed their tour, they may deposit pheromone on 

the tours they have followed. We will see that, in some 

cases, before adding pheromone, the tours constructed by 

 

 
 
Figure 2: Algorithmic skeleton for ACO algorithms applied to 

„„static‟‟ combinatorial optimization problems. The application 

of a local search algorithm is a typical example of a possible 

daemon action in ACO algorithms. 

 

the ants may be improved by the application of a local 

search procedure. This high level description applies to 

most of the published ACO algorithms for the TSP, one 

notable exception being Ant Colony System, in which 

pheromone evaporation is interleaved with tour 
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construction. In fact, when applied to the TSP and to 

virtually any other static combinatorial optimization 

problem , most ACO algorithms employ a more specific 

algorithmic scheme than the general one of the ACO 

metaheuristic given in figure This algorithm‟s scheme is 

shown in figure, after initializing the parameters and the 

pheromone trails, these ACO algorithms iterate through a 

main loop, in which first all of the ants‟ tours are 

constructed, then an optional phase takes place in which 

the ants‟ tours are improved by the application of some 

local search algorithm, and finally the pheromone trails are 

updated. This last step involves pheromone evaporation 

and the update of the pheromone trails by the ants to 

reflect their search experience. In figure the 

DaemonActions procedure of figure is replaced by the 

ApplyLocalSearch procedure, and by a routine (not shown 

in the figure and most often integrated in the 

UpdatePheromones procedure to facilitate implementation) 

that helps selecting the ants that should be allowed to 

deposit pheromone. As already mentioned, the first ACO 

algorithm, Ant System (Dorigo, 1992; Dorigo et al., 1991a, 

1996), was introduced using the TSP as an example 

application. 

AS achieved encouraging initial results, but was found to 

be inferior to state-of-the-art algorithms for the TSP. The 

importance of AS therefore mainly lies in the inspiration 

it provided for a number of extensions that significantly 

improved performance and are currently among the most 

successful ACO algorithms. In fact, most of these 

extensions are direct extensions of AS in the sense that 

they keep the same solution construction procedure as well 

as the same pheromone evaporation procedure. These 

extensions include elitist AS, rank-based AS, and MAX–

MIN AS. The main differences between AS and these 

extensions are the way the pheromone update is performed, 

as well as some additional details in the management of the 

pheromone trails. A few other ACO algorithms that 

substantially modify the features of AS were also proposed 

in the literature. These extensions, presented in section, 

include Ant-Q and its successor Ant Colony System (ACS), 

the ANTS algorithm, which exploits ideas taken from 

lower bounding techniques in mathematical programming, 

and the hyper-cube framework for ACO. We note that not 

all available ACO algorithms have been applied to the 

TSP: exceptions are Maniezzo‟s ANTS and ACO 

implementations based on the hyper-cube framework. As a 

final introductory remark, let us note that we do not present 

the available ACO algorithms in chronological order of 

their first publication but rather in the order of increasing 

complexity in the modifications they introduce with respect 

to AS. The chronological order of the first references and 

of the main publications on the available ACO algorithms 

is indicated in table. Striking is the relatively large gap 

between 1991–92 and 1995–96. In fact, the seminal 

publication on AS in IEEE Transactions on Systems, Man, 

and Cybernetics, although submitted in 1991, appeared 

only in 1996; starting from that publication the interest in 

ACO has grown very quickly. In this paper a comparison 

of various ant colony optimizations (ACO) for Travelling 

Salesman Problem (TSP) like Ant Colony System, Elitist 

Ant System, Min-Max Ant System, and Rank based Ant 

System is done. 

 

  
                            

Figure 3. Comparison of Various ACO Algorithms  

  

  
  

Figure 4. Course for TSP using ACO Algorithms  
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6.  CONCLUDING REMARKS 

It is obvious that different ACO algorithms are effective 

optimization tools based on the collective behavior of ants 

for optimization of TSP. These hold the potential of 

outperforming the traditional optimization techniques by 

imitating the group intelligent behavior of ants. Although 

these techniques are still in their nascent stage of 

implementation for other physical layout problems like 

TSP, yet these have already shown the promise of 

providing better results (shown by all ACO algorithms 

having substantial gains in all performance metrics on a 

state-of-the art tool).  

Here observations states that out of all these algorithms 

discussed here EAS having fastest convergence at local 

optima. So this is a much better algorithm as compared to 

others. If optimum course is taken into consideration then 

RAS will be the most optimized ACO Algorithm. 
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