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Abstract-Ant colony optimization is a technique for optimization that was introduced by Marco Dorigo in the
early 1990’s. The inspiring source of ant colony optimization is the foraging behaviour of real ant colonies. The ant
system is a new meta-heuristic for hard combinatorial optimization problems. It is a population-based approach that
uses exploitation of positive feedback as well as greedy search. TSP is one of the most famous NP HARD
combinatorial optimization (CO) problems and which has wide application background. Combinatorial optimization
(CO) is a topic that consist of finding an optimal object from a set of object. Ant colony optimization which has been
proven a successful technique and applied to a number of combinatorial optimization problems and taken as one of
the high performance computing methods for travelling salesman problem (TSP). But ACO algorithm costs too much
time to convergence and traps in local optima in order to find an optimal solution for TSP problems. In this paper we
propose an improved ant colony optimization algorithm with two highlights. First, candidate set strategy is adapted
to rapid convergence speed. Second, the adaptive adjustment pheromone strategy is used to make relatively uniform
pheromone distribution to balance the exploration and exploitation between the random search of ant.
Keywords: Ant system, elitist ant system, dynamic candidate list, travelling salesman problem (TSP),

combinatorial optimization problems, NP-hard.
I.

INTRODUCTION

ACO was proposed by Marco Dorigo in 1990s. Aco is a heuristic algorithm, applied to a number of
combinatorial optimization. TSP is one of the most important CO problems. TSP is an NP hard problem, there is
no exact algorithm to solved it in polynomial time. ACO algorithm models the behaviour of real ant colonies in
establishing the shortest path between food sources and nests. Ants can communicate with one another through
chemicals called pheromones in their immediate environment. The ants release pheromone on the ground while
walking from their nest to food and then go back to the nest. The ants move according to the amount of
pheromones, the richer the pheromone trail on a path is, the more likely it would be followed by other ants. So a
shorter path has a higher amount of pheromone in probability, ants will tend to choose a shorter path. Through
this mechanism, ants will eventually find the shortest path. Artificial ants imitate the behaviour of real ants, but
can solve much more complicated problem than real ants can. ACO has been widely applied to solving various
combinatorial optimization problems such as travelling salesman problem (TSP), job-shop scheduling problem
(JSP), vehicle routing problem (VRP), quadratic assignment problem (QAP), Weapon-Target Assignment
problems (WTA), etc.
The traveling salesman problem (TSP) is probably the most studied problem of combinatorial optimization.
For many years it has been tackled with all kinds of exact methods, TSP-tailored heuristics, as well as so-called
meta-heuristics, which are particularly used to solve hard combinatorial optimization problems. The ant system
is a new member in the class of these meta-heuristics. The ACO algorithm is easy to combine with other
algorithms in order to improve the performance of algorithm. Although ACO has a powerful capacity to find out
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solutions to combinatorial optimization problems, it has the problems of stagnation and premature convergence
and the convergence speed of ACO is always slow. Those problems will become more fatal when problem size
increases. Therefore, several extensions and improvements versions of the original ACO algorithm were
introduced like Elitist Ant system, Max-min Ant system, Ant colony optimization.
In this paper we proposed an idea of improve elitist ant system method. This paper organized as follows
section 2 describes travelling salesman problem, section 3 and 4 describes ant system and Elitist ant colony
concept. Section 5 represent the proposed ideas of improving Elitist ant colony method and section 6 illustrates
the algorithm of proposed idea and finally section 7 describe the conclusion.

II.

TSP (TRAVELLING SALESMAN PROBLEM)

The distances d(ci, cj) for each pair of distinct cities (ci,cj). The salesman has to visit every city once and only
once, and return to the starting city in the end. Our goal is to find a closed tour with minimal cost.
TSP is one of the most widely known NP-hard problems. In the TSP we are given a set of cities ci,cj…cN and
Given a graph G=(V,E) , where V= {1,2,….,n} presents city set and E presents edge set.
Variables are defined as follows
x

1

(if the edge (i, j) in the loop)

0

otherwise

So, TSP problem can be decrypted by linear programming:
min∑ ∑ d x
subject to
∑x

1

(i =1,..n),

∑x

1

(j= 1,.,n),

x ∈ 0,1
∑,∈ x

(i, j=1,...n; i j),
SS ⊂ VS|<= n-2 )

Where n presents the number of cities,d is the Euclidean distance between city i and city j, and it was
calculated by using d =

x

x

y

y

. V presents the city set and the set S is a subset of V. |S| is the

number of elements S.
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III.

ANT SYSTEM

Initially, each ant is placed on some randomly chosen city. Ants will visit the following city through a
stochastic mechanism：While an ant locating in city i has constructed the partial solution, the probability of
move to city j is given by

pijk=

.
∑

jϵN

.

0

otherwise

Where η

1/d

d distance between cities i and j
τ intensity of pheromone trail between cities i and j
α is the parameter to regulate the influence of τ
η is the visibility of city j from city i
βis the parameter to regulate the influence of η
N set of cities, that have not been visited yet
d distance between cities i and j
This selection process is repeated until all ants have completed a tour. In each step of the iteration t the set of
cities to be visited is reduced by one city and finally, when only one city is left, this city is selected with
probability p = 1. For each ant the length of the tour generated is calculated and the best tour found so far is
updated.
After all the ants have constructed their tours, then the pheromone trail levels are updated as follows:
Pheromone evaporation is implemented by τ ← 1

ρ τ ∀ i. j ∈ L

Where 0 <ρ<=1 is the pheromone evaporation rate. The parameter ρ is used to avoid unlimited accumulation
of the pheromone trails and it enables the algorithm to ‘‘forget’’ bad decisions previously taken. In fact, if an arc
is not chosen by the ants, its associated pheromone value decreases exponentially in the number of iterations.
After evaporation, all ants deposit pheromone on the arcs they have crossed in their tour:
τ ←τ
∆τ

Q

C

0

∆τ ∀ i. j ∈ L

if arc (i,j) belongs to T
otherwise

Where C , the length of the tour T built by the k-th ant, is computed as the sum of the lengths of the arcs
belonging to T
m = number of ants
∆τ is the amount of pheromone ant k deposits on the arcs it has visited.
Q is the quantity of pheromone laid by an ant per tour.
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IV.

ELITIST ANT SYSTEM-AN EXTENSION OF ANT SYSTEM

A first improvement on the initial AS, called the elitist strategy for Ant System (EAS), was introduced in
Dorigo (1992) and Dorigo et al., (1991a, 1996).The idea of the elitist strategy in the context of the ant system is
to give extra emphasis to the best path found so far after every iteration.; this tour is denoted as T

(best-so-far

tour) in the following. Note that this additional feedback to the best-so-far tour (which can be viewed as
additional pheromone deposited by an additional ant called best-so-far ant) is another example of a daemon
action of the ACO Meta heuristic.
Elitist Ant System’s pseudo code for solving the Travelling Salesman Problem.
// Initialize pheromone trails
for (every edge i,j) {
τ

τ

}
// choose the starting town for every ant
for (k = 1; k<=m; k++) {
Place ant k on a randomly chosen city
}
// Initialize the best tour and its length
Tbs = the shortest tour found from the beginning
Lbs = the length of the best tour
// Main loop
for (t = 1; t <= Tmax; t++) {
// Compute a tour for every ant
for (k = 1; k <= m; k++) {
Build tour Tk(t) by applying (n-1) times the following step:
Choose the next city j with Probability
P t =∑
P t =0 if j

.
.

ifjϵN

N

where i is the current city
}
// Compute the tour lengths for all ants
for (k = 1; k <= m; k++) {
Compute the length

(t) of the tour T (t) produced by ant k

}
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// Update the best tour if an improved tour is found
if (an improved tour is found) {
Update Tbs and Lbs print Tbs and Lbs
}
// Global update for the pheromone trails
for (every edge i, j) {
Update the pheromone trails by applying the rule:
∑

τ t ←τ t
∆τ t

Q

c t

∆τ

t

e ∆τ

t where,

[If arc (i,j) ∈ Tk(t)] or 0 otherwise

And,
∆τ

t

Q

c

[ if arc (i.j) ∈ Tbs] or 0 otherwise

}
//Calculate the intensity of the pheromone for next iteration
for (every edge i, j) {
τ (t + 1) = τ (t)
}
}
V.

PROPOSAL OF IMPROVED ANT COLONY ALGORITHM

A. Dynamic Candidate List Strategy
Candidate sets strategies can be broadly divided into two approaches: static, in which candidate sets are
generated a priori and used without change throughout the search process, and dynamic, in which candidate sets
are regenerated during the search. Static approaches are more problem specific and suitable for simpler
problems such as the TSP. Dynamic approaches are more easily generalized across different problem types and
hence, their development and refinement is necessary to solve complex problems. Candidate list is a strategy
that tries to improve the performance of an ant algorithm. It was proposed by Gambardella and his colleague to
accommodate searching procedure of ACS on larger data. The proposed candidate list is a dynamic candidate
list procedure which captures a suitable number of nodes based on the total number of nodes. It is a static data
structure that lists a limited number of preferred closed cities to be visited order by increasing distance. In the
ACS algorithm, when the ant chooses the next city, the probability of its transfer from city i to city j needs to be
computed, and then the city whose transfer probability (decision process) is first need to consider those
preferred cities listed in the candidate list. Only when an ant cannot find suitable city to choose then the decision
to choose a city will consider those which are outside the candidate list. The numbers of closest cities that
allowed being included into the candidate list were different from one algorithm to another. Due to the purpose
of improving algorithm performances, the proposed system is also applying candidate list.
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However, it would not allow ants to venture into cities outside the Candidate list. The number of cities or the
size of the candidate list is also restricted to one fourth of the cities n. For example, seven was chosen resulting
from the candidate list computation to determine the size of candidate list element for Oliver30 data. The
candidate list procedure is as follows
candidate_list=n/4 /*size of candidate list*/
determine cities that not yet visited
do
for i=1 to n
if city s is not yet visited
determine distance between city r and city s
if distance < distance of previous city s
move city s into node_list
end for
candidate_list=node_list
while (until candidate_list is full)

B. Improve Initial Pheromone Concentration
In the classical ACO algorithm, because the initial pheromone concentration is equal, this will lead to blindly
search at the beginning, which generate a large number of irrelevant paths and mislead the update of pheromone
concentration. This problem will not only lead to the long time in initial search, but also hinder the search
process of the optimal path because of enhancing pheromone concentration on the irrelevant path. The ACO
algorithm is introduced into the local optimum. In this paper, the directional guidance is introduced into the
ACO algorithm in initializing pheromone concentration according to the path information of undirected graph.
So the initial pheromone formula is modified as follows:
τ 0

Q t / d

d

Where d and d indicate respectively the line distances of the node to start node S and end node E. Q(t) is
real variable function to maintain the exploration and exploitation balance point between the random search of
ant and the evocation function of path information under the pheromone evaporation or increasing. The real
variable function Q(t) is selected to replace the constant of pheromone intensity in the adjusting pheromone,
τ

τ t

Q/L

Q t /L

The real variable function Q(t) is given:
Q(t)=

Q1

t <= T1

Q2

T1< t <= T2

Q3

T2< t<= T3
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The shortest distance between start node S and end node E is their connected distance. When the node j is
more close to the connected line SE , d

d

is smaller,τ 0 then is bigger. The ant is inclined to choose

the node as moving direction. The improved strategy will generate a more reasonable direction to search by
introducing into different weights in the initial search. This will restrain the search of irrelevant path and speed
up finding the global optimal solution.

C.

3-OPT
A 3-OPT move changes a tour by replacing 3 edges from the tour by 3 edges in such a way that a shorter tour

is achieved. Given a feasible TSP tour, the algorithm repeatedly performs exchanges that reduce the length of
the current tour, until a tour is reached for which no exchanges yield an improvement. This process may be
repeated many times from initial tours generated in some randomized way to an optimal rout.
Suppose there exist any three nodes i, j, k, and current best solution is C = {Cs · · ·CiCi+1 · · ·CjCj+1 · ·
·CkCk+1 · · ·Ct}.
As shown in below Figure, if d(Ci,Ci+1)+d(Cj ,Cj+1) > d(Ci,Cj)+d(Ci+1,Cj+1), then reverse sort is
performed on C = {Ci+1, . . . ,Cj}; if d(Cj ,Cj+1) + d(Ck,Ck+1) > d(Cj , Ck) + d(Cj+1,Ck+1), then reverse sort
is performed on C = {Cj+1, . . . ,Ck}.

VI.

PROPOSED ALGORITHM

1.Set parameters, initialize pheromone trails
2.Each ant is positioned on a starting node according to distribution strategy (each node has at least one ant)
3.For (k=1 to m) do, moves each ant at different route and Repeat
4.Compute candidate list Select node j to be visited next (the next city in the candidate list) according to
solution construction
5.When all ants completed the search of all cities, the path construction is finished. The path lengths of all
ants are sorted, then the path lengths of the smallest ants are selected to execute 3-opt local search method.
6.A Pheromone updating rule is applied
7.Choose the path of ant whose pheromone amount is the lowest.
8. End
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VII.

CONCLUSION AND FUTURE WORK

Based on the experiments, it can be concluded that the quality of solutions depends on the number of ants.
The lower number of ants allows the individual to change the path much faster. The higher number of ants in
population causes the higher accumulation of pheromone on edges, and thus an individual keeps the path with
higher concentration of pheromone with a high probability. From our experimental result the proposed
algorithm is more effective than the conventional ant colony algorithm to find the better solution. Future work is
to apply the proposed algorithm to other combinational problems and check the efficiency by comparing this
method with other proposed method. We are working on the simulator of this proposed idea. We are keen
interested improving heuristic parameter in future.
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