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ABSTRACT 
An analogy with the way ant colonies function has 
suggested the definition of a new computation 
paradigm - known as Ant System. It is a viable new 
approach to stochastic combinatorial optimization. 
This paper presents a model of the Ant System (AS) 
that can efficiently be applied to solve the classical 
Shortest-Path problem. The main characteristics of 
the model are positive feedback, distributed 
computation, and the use of constructive greedy 
heuristic. Positive feedback accounts for rapid 
discovery of good solutions, distributed computation 
avoids premature convergence, and the greedy 
heuristic helps find acceptable solutions in the early 
stage of the search process.  

1. INTRODUCTION 

The intelligent behaviour of some insects like ants 
has been amazed the scientist for hundreds of years. 
The more research and observations are performed, 
the more interesting facts are coming out. In fact, 
research on the behavior of ants has greatly inspired 
the works of many scientists all over the world (see 
[1], [2], [4]). From the observation [3] proposed a 
new paradigm of computation – model of real ants – 
the Ant System. It is proposed as a viable new 
approach to stochastic combinatorial optimization. In 
this approach the search activities are distributed 
over so-called "ants", that is, agents with very simple 
basic capabilities, which to some extent, mimic the 
behavior of real ants. The main characteristics of this 
model are positive feedback, distributed 
computation, and the use of a constructive greedy 
heuristic [3]. Positive feedback accounts for rapid 
discovery of good solutions, distributed computation 
avoids premature convergence, and the greedy 
heuristic helps find acceptable solutions in the early 
stages of the search process. The AS and is used in 
solving many combinatorial problems. In this paper 

we present a solution to the classical Shortest Path 
Problem using the Ant System.  

1.1 The Ant System 
The AS is introduced and best described in [3]. Here 
we present a model to solve the Shortest Path 
problem. The model is derived from the study of real 
ant colonies. As the model is not intended to 
simulating ant colonies, but to use of artificial ant 
colonies as an optimization tool, our AS have some 
major differences with a real (natural) one: 
o artificial ants have some memory, 
o they are not be completely blind, and 
o they live in an environment where time is 

discrete. 
The basic idea is to leave a number of ants in the 
problem space, then let them wonder around with 
some given rules to find out the optimal solution. 
Each ant is a simple agent with the following 
characteristics: 
o it chooses the vertex to go to with a probability 

that is a function of the vertex distance and of 
the amount of trail present on the connecting 
edge; 

o to force the ant to make legal1 tours, transitions 
to already visited vertices are disallowed until a 
tour is completed; 

o when it completes a tour2, it lays a substance 
called trail on each edge (i,j) visited. 

1.2 The model 
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1 By legal tour we understand a path with no loop, i.e. no 
repetition of vertex. 
2 A tour is completed when an ant reaches to the 
destination from the source or vice versa. 
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number of ants. Let )(tijτ  be the intensity of trail on 
edge (i,j) at time t. Each ant at time t chooses the 
next vertex, where it will be at time t+1. Therefore, 
in one iteration of the AS algorithm the m moves 
carried out by the m ants in the interval (t, t+1). If 
any of the ants a completes a tour aP  after any 
iteration of the algorithm, the trail intensity is 
updated according to the following formula 

aijijij Pjiiftnt ∈∆+=+ ),(,)(.)( ττρτ ... (1) 

and  ∑
=

∆=∆
m

k

k
ijij

1
ττ  

where, n  is the tour length (in other words, the 
number of iterations required to complete this tour) 
and )1( ρ−  represents the evaporation of trail 
between time t and t+n. Here k

ijτ∆ is the quantity 
per unit of length of trail substance (pheromone in 
real ants) laid on edge (i,j) by the k-th ant between 
time t and t+n and equals to Q (a constant) if k-th 
ant uses  edge (i,j) between time t and t+n Otherwise 
Zero. Thus we are following ant-density model 
proposed by [3]. Another factor is visibility ηij the 
quantity 1/dij, where dij is the length of edge (i,j). 
The transition probability that an ant select the edge 
(i,j) is proportional to the trail and visibility and may 
be expressed as –  
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The parameters considered here are those that affect 
directly or indirectly the computation of the 
probability: 

α: the relative importance of the trail, α≥0; 
β: the relative importance of the visibility, 
β≥0; 
ρ: trail persistence, 0≤ρ<1 (1-ρ can be 
interpreted as trail evaporation); 
Q: a constant related to the quantity of trail 
laid by ants (used to compute ijτ∆ ). 

2. THE ALGORITHM 

2.1 Overview 

For a weighted graph G, the source S and the 
Destination D are given. All the edges of G are 
initially given a positive equal amount of trail. We 
put N = |G| ants in S and same number of ants in D. 
That is the algorithm performs a bidirectional search 
to minimize the chance of local maxima. Each ant is 
associated with a list of vertices T that are already 
visited so that there is no loop. The ith ant is 
associated with Ti. If the two extreme vertices of the 

list of any ant are S and D (regardless of their order), 
the ant has completed its tour. At this time the trail 
intensity of all the edges are updated. Now the ant 
starts a new tour from its current location towards 
the other end perhaps following a different path. 

2.2 Outline 
The outline of our proposed algorithm is given 
below: 
 
1. Initially take 2xN ants. Initialize Ti by S for i = 

1, 2, …, N and by D for i = N+1, N+2, …, 2N. 
Set the cycle counter3 to zero. Set the length of 
local solution4 to the maximum possible value.  

  
2. For i = 1 to 2N do  

Select the next vertex v∉Ti with 
probability P using the formula (2); 
Append v to Ti; 
 

3.  
a. If any ant has completed the tour at this 

time, update the trail intensity for all the 
edges using the formula (1). 

b. Find the shortest path among the paths 
found by the ants at this time. Compare 
it with the shortest path found so far. 
Store the shorter one as the local 
solution. 

c. For each ant that has just completed a 
tour, remove all but the last vertex from 
its associated list. 

 
4. Increment the cycle counter by 1. If it reaches 

the maximum cycle count or no further 
improvement for the last M5 cycles then return 
the local solution and stop; otherwise go to step 
2.   

 
 
The local solution returned by the algorithm from 
step 4 is the shortest path between S and D. 

3. EXPERIMENTAL RESULT AND 
DISCUSSION 

We have implemented our algorithm using C++ 
language and MS VC++ environment under 
Windows XP platform in a PIII 730MHz, 128MB 

                                                 
3 It will be used to count the number of ant-cycles. 
4 It will store the shortest path found so far. When the 
algorithm finishes, it will be holding the global solution. 
5 We have used 3xN cycles as the value of M. But we are 
trying to find out an optimal range value for M.   
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RAM machine. We considered randomly generated 
graphs with 6 vertices to 25 vertices for our primary 
experimentation. For each of the cases, we have 
taken randomly generated source and destination. 
We also performed an exhaustive method to find the 
shortest path so that the performance of the AS can 
be verified. The results obtained from primary 
experimentation are found to be promising. The 
parameter values we used are 1=α , 5=β , 

99.0=ρ  and Q = 100 as per the general guideline 
given in [3]. But we are still conducting 
experimentations to identify the range of the 
parameters within which the AS performs best. 

4. CONCLUSION  
We presented a solution to the classical Shortest 
Path problem. We used the recently investigated and 
discovered paradigm of computation, known as the 
Ant System. We first presented a model of AS for 
the specific problem. Then we proposed an 
algorithm to solve the problem using our AS model. 
Further research could be carried on to find better 
definition of the model and the algorithm for this 
specific problem. The ranges of parameter values 
have a great influence on the performance and 
efficiency of the system. So finding the optimal 
ranges of the parameters are also of great 
importance. 
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