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Abstract

The traveling salesperson problem (also known as traveling salesman problem or TSP)
is a well known and important combinatorial optimization problem. The goal is to find
the shortest tour that visits each city in a given list exactly once and then returns to the
starting city. Despite this simple problem statement, solving the TSP is difficult since it
belongs to the class of NP-complete problems. The importance of the TSP arises besides
from its theoretical appeal from the variety of its applications. Typical applications
in operations research include vehicle routing, computer wiring, cutting wallpaper and
job sequencing. The main application in statistics is combinatorial data analysis, e.g.,
reordering rows and columns of data matrices or identifying clusters. In this paper we
introduce the R package TSP which provides a basic infrastructure for handling and
solving the traveling salesperson problem. The package features S3 classes for specifying a
TSP and its (possibly optimal) solution as well as several heuristics to find good solutions.
In addition, it provides an interface to Concorde, one of the best exact TSP solvers
currently available.
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1. Introduction

The traveling salesperson problem (TSP; Lawler, Lenstra, Rinnooy Kan, and Shmoys 1985;
Gutin and Punnen 2002) is a well known and important combinatorial optimization problem.
The goal is to find the shortest tour that visits each city in a given list exactly once and
then returns to the starting city. Formally, the TSP can be stated as follows. The distances
between n cities are stored in a distance matrix D with elements dij where i, j = 1 . . . n and
the diagonal elements dii are zero. A tour can be represented by a cyclic permutation π
of {1, 2, . . . , n} where π(i) represents the city that follows city i on the tour. The traveling
salesperson problem is then the optimization problem to find a permutation π that minimizes
the length of the tour denoted by

n
∑

i=1

diπ(i). (1)

For this minimization task, the tour length of (n − 1)! permutation vectors have to be com-
pared. This results in a problem which is very hard to solve and in fact known to be NP-
complete (Johnson and Papadimitriou 1985a). However, solving TSPs is an important part
of applications in many areas including vehicle routing, computer wiring, machine sequencing
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and scheduling, frequency assignment in communication networks (Lenstra and Kan 1975;
Punnen 2002). Applications in statistical data analysis include ordering and clustering ob-
jects. For example, data analysis applications in psychology ranging from profile smoothing to
finding an order in developmental data are presented by Hubert and Baker (1978). Clustering
and ordering using TSP solvers is currently becoming popular in biostatistics. For example,
Ray, Bandyopadhyay, and Pal (2007) describe an application for ordering genes and Johnson
and Liu (2006) use a TSP solver for clustering proteins.

In this paper we give a very brief overview of the TSP and introduce the R package TSP

which provides an infrastructure for handling and solving TSPs. The paper is organized as
follows. In Section 2 we briefly present important aspects of the TSP including different
problem formulations and approaches to solve TSPs. In Section 3 we give an overview of the
infrastructure implemented in TSP and the basic usage. In Section 4, several examples are
used to illustrate the package’s capabilities. Section 5 concludes the paper.

A previous version of this manuscript was published in the Journal of Statistical Software
(Hahsler and Hornik 2007).

2. Theory

In this section, we briefly summarize some aspects of the TSP which are important for the
implementation of the TSP package described in this paper. For a complete treatment of all
aspects of the TSP, we refer the interested reader to the classic book edited by Lawler et al.
(1985) and the more modern book edited by Gutin and Punnen (2002).

It has to be noted that in this paper, following the origin of the TSP, the term distance is
used. Distance is used here interchangeably with dissimilarity or cost and, unless explicitly
stated, no restrictions to measures which obey the triangle inequality are made. An important
distinction can be made between the symmetric TSP and the more general asymmetric TSP.
For the symmetric case (normally referred to as just TSP), for all distances in D the equality
dij = dji holds, i.e., it does not matter if we travel from i to j or the other way round, the
distance is the same. In the asymmetric case (called ATSP), the distances are not equal for
all pairs of cities. Problems of this kind arise when we do not deal with spatial distances
between cities but, e.g., with the cost or necessary time associated with traveling between
locations, where the price for the plane ticket between two cities may be different depending
on which way we go.

2.1. Different formulations of the TSP

Other than the permutation problem in the introduction, the TSP can also be formulated
as a graph theoretic problem. Here the TSP is formulated by means of a complete graph
G = (V, E), where the cities correspond to the node set V = {1, 2, . . . , n} and each edge ei ∈ E
has an associated weight wi representing the distance between the nodes it connects. If the
graph is not complete, the missing edges can be replaced by edges with very large distances.
The goal is to find a Hamiltonian cycle, i.e., a cycle which visits each node in the graph
exactly once, with the least weight in the graph (Hoffman and Wolfe 1985). This formulation
naturally leads to procedures involving minimum spanning trees for tour construction or edge
exchanges to improve existing tours.

TSPs can also be represented as integer and linear programming problems (see, e.g., Punnen
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Figure 1: An overview of the classes in TSP.

best neighbor till no further improvement is possible. The resulting tour represents a local
optimum which is called k-optimal.

Typically, 2-Opt (Croes 1958) and 3-Opt (Lin 1965) heuristics are used in practice.

Lin-Kernighan heuristic. This heuristic (Lin and Kernighan 1973) does not use a fixed
value for k for its k-Opt moves, but tries to find the best choice of k for each move. The
heuristic uses the fact that each k-Opt move can be represented as a sequence of 2-Opt
moves. It builds up a sequence of 2-Opt moves, checking after each additional move whether
a stopping rule is met. Then the part of the sequence which gives the best improvement is
used. This is equivalent to a choice of one k-Opt move with variable k. Such moves are used
till a local optimum is reached.

By using full backtracking, the optimal solution can always be found, but the running time
would be immense. Therefore, only limited backtracking is allowed in the procedure, which
helps to find better local optima or even the optimal solution. Further improvements to the
procedure are described by Lin and Kernighan (1973).

3. Computational infrastructure: the TSP package

In package TSP, a traveling salesperson problem is defined by an object of class TSP (sym-
metric) or ATSP (asymmetric). solve_TSP() is used to find a solution, which is represented
by an object of class TOUR. Figure 1 gives an overview of this infrastructure.

TSP objects can be created from a distance matrix (a dist object) or a symmetric matrix using
the creator function TSP() or coercion with as.TSP(). Similarly, ATSP objects are created
by ATSP() or as.ATSP() from square matrices representing the distances. In the creation
process, labels are taken and stored as city names in the object or can be explicitly given as
arguments to the creator functions. Several methods are defined for the classes:

• print() displays basic information about the problem (number of cities and the distance
measure employed).
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