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ABSTRACT
The travelling salesman problem (TSP) is an NP-hard problem in combinatorial optimization
studied in operations research and theoretical computer science. Given a list of cities and
their pair wise distances, the task is to find the shortest possible tour that visits each city
exactly once.
It is used as a benchmark for many optimization methods. Even though the problem is
computationally difficult, a large number of heuristics and exact methods are known, so that
some instances with tens of thousands of cities can be solved.
The TSP has several applications even in its purest formulation, such as planning, logistics,
and the manufacture of microchips.
The ant colony optimization is a probabilistic technique for solving computational problems
which can be reduced to finding good paths through graphs. In ACO, a set of software agents
called artificial ants search for good solutions to a give optimization problem. The traveling
salesman problem (TSP) is the problem of finding a shortest closed tour which visits all the
cities in a given set. In this article we will restrict attention to TSPs in which cities are on a
plane and a path (edge) exists between each pair of cities (i.e., the TSP graph is completely
connected). Ant colony optimization is a metaheuristic in which a colony of artificial ants
cooperates in finding good solutions to difficult discrete optimization problems.
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INTRODUCTION
Ant algorithms [18, 14, 19] are a recently developed, population-based approach which has
been successfully applied to several NP-hard combinatorial optimization problems [6, 13, 17,
23, 34, 40, 49]. As the name suggests, ant algorithms have been inspired by the behavior o f
real ant colonies, in particular, by their foraging behavior. One of the main ideas of ant
algorithms is the indirect communication of a colony of agents, called (artificial) ants, based
on pheromone trails (pheromones are also used by real ants for communication). The
(artificial) pheromone trails are a kind of distributed numeric information which is modified
by the ants to react their experience while solving a particular problem. Recently, the Ant
Colony Optimization (ACO) met heuristic has been proposed which provides a unifying
framework for most applications of ant algorithms [15, 16] to combinatorial optimization
problems. In particular, all the ant algorithms applied to the TSP ¯t perfectly into the ACO
meta-heuristic and, therefore, we will call these algorithms also ACO algorithms.

The first ACO algorithm, called Ant System (AS) [18, 14, 19], has been applied to the
Traveling Salesman Problem (TSP). Starting from Ant System, several improvements of the
basic algorithm have been proposed [21, 22, 17, 51, 53, 7]. Typically, these improved
algorithms have been tested again on the TSP. All these improved versions of AS have in
common a stronger exploitation of the best solutions found to direct the ants' search process;
they mainly differ in some aspects of the search control. Additionally, the best performing
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ACO algorithms for the TSP [17, 49] improve the solutions generated by the ants using local
search algorithms.
In this paper we give an overview on the available ACO algorithms for the TSP. We first
introduce, in Section 1.2, the TSP. In Section 1.3 we outline how ACO algorithms can be
applied to that problem and present the available ACO algorithms for the TSP. Section 1.4
briefly discusses local search for the TSP, while Section 1.5 presents experimental results
which have been obtained with MAX{MIN Ant System, one of the improved versions of Ant
System. Since the first application of ACO algorithms to the TSP, they have been applied to
several other combinatorial optimization problems. On many important problems ACO
algorithms have proved to be among the best available algorithms. In Section 1.6 we give a
concise overview of these other applications of ACO algorithms.
The traveling salesman problem (TSP) is the problem of finding a shortest closed tour which
visits all the cities in a given set. In this article we will restrict attention to TSPs in which
cities are on a plane and a path (edge) exists between each pair of cities (i.e., the TSP graph is
completely connected).

THE TRAVELING SALESMAN PROBLEM
The TSP is extensively studied in literature [29, 31, 45] and has attracted since a long time a
considerable amount of research effort. The TSP also plays an important role in Ant Colony
Optimization since the first ACO algorithm, called Ant System [18, 14, 19], as well as many
of the subsequently proposed ACO algorithms [21, 17, 52, 53, 7] have initially been applied
to the TSP. The TSP was chosen for many reasons: (i) it is a problem to which ACO
algorithms are easily applied, (ii) it is an NP-hard [26] optimization problem, (iii)it is a
standard test-bed for new algorithmic ideas and a good performance on the TSP is often taken
as a proof of their usefulness, and (iv) it is easily understandable, so that the algorithm
behavior is not obscured by too many technicalities.
Intuitively, the TSP is the problem of a salesman who wants to ¯nd, starting from his home
town, a shortest possible trip through a given set of customer cities and to return to its home
town. More formally, it can be represented by a complete weighted graph G =(N;A) with N
being the set of nodes, representing the cities, and A the set of arcs fully connecting the nodes
N. Each arc is assigned a value dij , which is the length of arc (i; j) 2 A, that is, the distance
between cities i and j, with i; j 2 N. The TSP is the problem of finding a minimal length
Hamiltonian circuit of the graph, where an Hamiltonian circuit is a closed tour visiting
exactly once each of the n = jNj nodes of G. For symmetric TSPs, the distances between the
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cities are independent of the direction of traversing the arcs, that is, dij = dji for every pair of
nodes. In the more general asymmetric TSP (ATSP) at least for one pair of nodes i; j we have
dij = dji. In case of symmetric TSPs, we will use Euclidean TSP instances in which the cities
are points in the Euclidean space and the inter-city distances are calculated using the
Euclidean norm. All the TSP instances we use are taken from the TSPLIB Benchmark library
[44] which contains a large collection of instances; these have been used in many other
studies or stem from practical applications of the TSP.

LOCAL SEARCH FOR THE TSP
Local Search starts from some initial assignment and repeatedly tries to improve the current
assignment by local changes. If in the neighborhood of the current tour T a better tour T0 is
found, it replaces the current tour and the local search is continued from T0. The most widely
known iterative improvement algorithms for the TSP are certainly 2-opt [12] and 3-opt [32].
They proceed by systematically testing whether the current tour can be improved by
replacing 2 or at most 3 arcs, respectively. Both local search algorithms are widely studied in
the literature [45, 29] and have been shown empirically to yield good solution quality. Local
search algorithms using k> 3 arcs to be exchanged are not used commonly, due to the high
computation times involved and the low additional increase in solution quality. Already for 2opt and 3-opt a straightforward implementation would require O(n2)or O(n3) exchanges to be
examined. This is clearly infeasible when trying to solve instances with several hundreds of
cities in reasonable computation time.
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Fortunately, there exist quite a few speed-up techniques [1, 45, 29] achieving, in practice,
run-times which grow sub quadratic ally. This effect is obtained by examining only a small
part of the whole neighborhood. We use three techniques to reduce the run-time of 2-opt and
3-opt implementations. One, consists in restricting the set of moves which are examined to
those contained in a candidate list of the nearest neighbors ordered according to no
decreasing distances [1, 33, 45]. Using candidate lists, for a given starting node i we only
consider moves which add a new arc between i and one of the nodes in its candidate list.
Hence, by using a neighborhood list of bounded length, an improving move can be found in
constant time.
An additional speed- up is achieved by performing a fixed radius nearest neighbor search [1].
For 2-opt at least one newly introduced arc has to be shorter than any of the two removed arcs
(i; j) and (k; l). Due to symmetry reasons, it success to check whether dij >dik. A similar
argument also holds for 3-opt [1].
To yield further reductions in run-time we use don't look bits associated with each ode.
Initially, all don't look bits are turned o® (set to 0). If for a node no improving move can be
found, the don't look bit is turned on (set to 1) and the node is not considered as a starting
node for finding an improving move in the next iteration. In case an arc incident to a node is
changed by a move, the node's don't look bit is turned o® again. For asymmetric TSPs, 2-opt
is not directly applicable because one part of the tour has to be traversed in the opposite
direction. In case a sub-tour is reversed, the length of this sub-tour has to be computed from
scratch. Yet, one of the three possible 3-opt moves does not lead to a reversal of a sub-tour.
We call reduced 3-opt this special form of 3-opt. The implementation of reduced 3-opt uses
the same speed-up techniques as described before. The local search algorithm producing the
highest quality solutions for symmetric TSPs is the Lin-Kernighan heuristic (LK) [33]. The
Lin-Kernighan

EXPERIMENTAL RESULTS FOR SYMMETRIC TSPS
In this section we report on experimental results obtained with MMAS, on some symmetric
TSP instances from TSPLIB. Most of the instances were proposed as benchmark instances in
the First International Contest on Evolutionary Computation (1st ICEO) [2]. We compare the
computational results obtained with MMAS to a standard iterated local search algorithm [38,
37, 29] for the TSP using the same 3-opt implementation and the same maximal computation
time tmax for each trial as MMAS.
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Iterated local search (ILS) [38, 37, 29] is well known to be among the best algorithms for the
TSP. In ILS a local search is applied iteratively to starting solutions which are obtained by
mutations of a previously found local optimal solution, typically the best solution found so
far. In particular, the ILS algorithm we use for comparison first locally optimizes an initial
tour produced by the nearest neighbor heuristic. Then it applies iteratively 3-opt to initial
solutions which are obtained by the application of random, sequential 4-opt moves (called
double-bridge moves in [38]) to the best solution found so far. The runs are performed on a
Sun UltraSparc II Workstation with two UltraSparc I 167MHz processors with 0.5MB
external cache. Due to the sequential implementation of the algorithm only one processor is
used. The computational results show that MMAS is able to ¯nd very high quality solutions
for all instances and on most instances MMAS achieves a better average solution quality than
ILS. This result is very encouraging, since ILS is cited in the literature as a very good
algorithm for the TSP [37, 29].
Table 1 Comparison of MMAS with iterated 3-opt (ILS) applied to some symmetric TSP
instances (available in TSPLIB). Given are the instance name (the number in the name gives
the problem dimension, that is, the number of cities), the algorithm used, the best solution,
the average solution quality (its percentage deviation from the optimum in parentheses), the
worst solution generated, the average time tavg to ¯nd the best solution in a run, and the
maximally allowed computation time tmax. Averages are taken over 25 trials for n< 1000,
over 10 trials on the larger instances. Best average results are in boldface.
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Table 1.2 Comparison of MMAS with iterated 3-opt (ILS) applied to some asymmetric TSP
instances (available in TSPLIB). Given are the instance name (the number in the name gives
the problem dimension, that is, the number of cities; an exception is instance kro124p with
100 cities), the algorithm used, the best solution, the average solution quality (its percentage
deviation from the optimum in parentheses), the worst solution generated, the average time
tavg to ¯nd the best solution in a run, and the maximally allowed computation time tmax.
Averages are taken at least over 25 trials. Best average results are in boldface.

EXPERIMENTAL RESULTS FOR ASYMMETRIC TSPS
We applied the same algorithms also to the more general asymmetric TSP; the computational
results are given in Table 1.2. On the asymmetric instances the performance difference
between MMAS and ILS becomes more pronounced. While MMAS solves all instances in all
runs to optimality, ILS gets stuck at suboptimal solutions in all the four instances tested.
Among the instances tested, ry48p and kro124p are easily solved by MMAS, while on these
the relatively poor performance of ILS is most striking. Only the two instances ft70 and
ftv170 are somewhat harder. Computational results from other researchers suggest that in
particular instance ft70 is, considering its small size, relatively hard to solve [39, 54, 17].

CONCLUSIONS
The key to the application of ACS to a new problem is to identify an appropriate
representation for the problem (to be represented as a graph searched by many artificial ants),
and an appropriate heuristic that defines the distance between any two nodes of the graph.
Then the probabilistic interaction among the artificial ants mediated by the pheromone trail
deposited on the graph edges will generate good, and often optimal, problem solutions.
There are many ways in which ACS can be improved so that the number of tours needed to
reach a comparable performance level can diminish, making its application to larger problem
instances feasible. First, a local optimization heuristic like 2-opt, 3-opt or Lin-Kernighan
(Lin and Kernighan, 1973) can be embedded in the ACS algorithm (this is a standard
International Journal of Research in Engineering & Applied Sciences
http://www.euroasiapub.org

46

IJREAS

Volume 2, Issue 2 (February 2012)

ISSN: 2249-3905

approach to improve efficiency of general purpose algorithms like EC, SA, NNs, as discussed
in (Johnson and McGeoch, in press)). In the experiments presented in this article, local
optimization was just used to improve on the best results produced by the various algorithms.
On the contrary, each ant could be taken to its local optimum before global trail updating is
performed. Second, the algorithm is amenable to efficient parallelization, which could
greatly improve the performance for finding good solutions, especially for high-dimensional
problems. The most immediate parallelization of ACS can be achieved by distributing ants
on different processors: the same TSP is then solved on each processor by a smaller number
of ants, and the best tour found is exchanged asynchronously among processors.
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