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The Traveling Salesperson
Problem
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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.

Applications (Lenstra and Kan,
1975; Punnen, 2002):

e vehicle routing

e computer wiring

e machine sequencing and job
scheduling

e data analysis: reordering and
clustering
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Definition

The distances between n cities are stored in a distance matrix

A tour is a cyclic permutation 7w of {1,2,...,n} where m(7)
represents the city that follows city = on the tour. The traveling
salesperson problem is then the optimization problem to find a
permutation 7* that minimizes the length of the tour denoted by

Z dir(i)-
1=1

Finding the optimal permutation vector 7* in the set IT of all (n — 1)!
possible cyclic permutations is NP-complete (Johnson and
Papadimitriou, 1985).
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Solving a TSP

1. Exact solution
e Dynamic programming (Held and Karp, 1962) for small
instances (< 100 cities)

e Branch-and-cut (Padberg and Rinaldi, 1990) for increasingly
larger instances (up to 24, 978 cities solved by Concorde)

2. Heuristics

e Construction: nearest neighbor, insertion
algorithms (Rosenkrantz, Stearns, and Philip M. Lewis,
1977),. ..

e Local improvement: k-Opt, Lin-Kernighan (Lin and
Kernighan, 1973),...
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The TSP package for R
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Package infrastructure

dist matrix
as.matrix()
TSP () . TSP () /ATSP ()
as.TSP () as.dist () as.TSP () /as.ATSP (
TSP/ATSP [ solve_Tsp() > TOUR

write TSPLIB()| |read TSPLIB() as.integer ()| | TOUR()
cut_tour () as.TOUR ()

integer (vector)

TSPLIB
file

The TSP package contains the basic infrastructure to conveniently
handle the needed data structures.

The package is available at http://CRAN.R-project.org
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Solvers

All TSP solvers in package TSP use the simple common interface:
solve TSP (x, method, control)

Currently implemented methods:

Algorithm Method argument Applicable to
Construction heuristics

Nearest neighbor algorithm "nn" TSP/ATSP
Repetitive nearest neighbor algorithm "repetitive_nn" TSP/ATSP
Nearest insertion "nearest_insertion" TSP/ATSP
Farthest insertion "farthest _insertion" TSP/ATSP
Cheapest insertion "cheapest_insertion" TSP/ATSP
Arbitrary insertion "arbitrary_insertion"  TSP/ATSP
Improvement heuristics

2-Opt improvement heuristic "2—-opt" TSP/ATSP
Chained Lin-Kernighan "linkern" TSP
Exact Solver

Concorde TSP solver "concorde" TSP
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Usage

> library ("TSP")

> data ("USCA312")

> tsp <- TSP (USCA312)
> tsp

object of class 'Tsp'
312 cities (distancee'euclideanW

> tour <- solve TSP (tsp, method = "Z2-opt")
> tour

object of class 'TOUR'
result of method '2-opt' for 312 cities
tour length: 41381
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Applications
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Matrix visualization

Bertin (1999) introduced permutation matrices to analyze multivariate
data with medium to low sample size.

Idea: make a data matrix more understandable by
simultaneously rearranging rows (variables) and columns
(cases) + grouping

Mechanical tools (Bertin, 1999) and a modern display option:

Cases —MM»

T e
I e s
i e
g AN 5 (FF

Large values I Small values [

Variables
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Matrix visualization (cont.)

Aim: Obtain a more homogeneous structure.

e Purity function: ¢ = ®(X)
e Permutation of rows and columns: X, = 7(X)

= find 7* which maximizes ¢ (7 (X)) and display 7*(X)

A possible purity function ¢:
Given distances between rows D, and columns D¢, define purity as
the sum of distances of adjacent rows/columns.

=> finding m* means solving two (independent) TSPs
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Matrix visualization (cont.)

We use the results of & referenda for 41 Irish communities.
The values are scaled using variable-wise ranking.

> load("Irish.rda")
> scale_by_rank <- function(x) apply(x, 2, rank)
> orig matrix <- scale_by rank (Irish/[, -6])

Find (a near) optimal permutation by solving two TSPs.
As distances we use the sum of rank differences.

> tour_cases <- solve TSP(ISP(dist (orig matrix, "minkowski",

+ p = 1)), method = "2-opt")

> tour_variables <- solve TSP (TSP (dist (t(orig matrix),

+ "minkowski", p = 1)), method = "2-opt")

> rearranged _matrix <- orig matrix|[tour_cases, tour_variables]
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Matrix visualization (cont.)
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Matrix visualization (cont.)

Rearranged matrix
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Clustering

Solving a TSP to obtain a clustering was suggested several
times in the literature (see, e.g., Lenstra, 1974; Alpert and  © —
Kahng, 1997; Johnson, Krishnan, Chhugani, Kumar, and

Venkatasubramanian, 2004). ©
n <

Tt = argmin( Aix(i )
o Zz_l: im(7) N

Where II is the set of all cyclic permutations and 7*
minimizes the sum of distances between neighboring  ©
objects.

The idea is that from one cluster to the next larger “jumps”
are necessary and thus objects in the same cluster are
visited in consecutive order. I B B B B
Clusters can later be separated.
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Clustering (cont.)

Climer and Zhang (2006) suggest for clustering with &  © -

clusters to add k£ dummy cities which have constant A\
distance c to all other cities and are infinitely far from each  «
other.

After solving the new TSP, the dummy cities separate the

clusters. {E/‘A
m —

The objective is modified to
k Ui—l N
win (35 den )
i=1 j=u;

where u; and v; are the first and the last object in cluster ¢,
respectively.
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Clustering (cont.)

The iris data set gives the measurements in centimeters of the variables sepal length
and width and petal length and width, respectively, for 50 flowers from each of 3
species of iris.

The species are:
e |ris setosa
e Iris versicolor
e Iris virginica

Perform rearrangement clustering with 3 clusters:

library ("TSP")

data ("iris")

tsp <- TSP(dist(iris[-5]), labels = iris/[, "Species"])
tsp _dummy <- insert_dummy (tsp, n = 3, label = "boundary")

vV V. VvV Vv VvV

tour <- solve_ TSP (tsp_dummy)
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Clustering (cont.)

The result of clustering:
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Clustering (cont.)

Data points are projected on the first 2 principal components.
Lines represent the 3 parts of the TSP tour.
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Conclusion

e Solving TSPs is necessary for many applications.
e Modern, efficient algorithms (and heuristics) are available.

e The TSP package provides an easy-to-use infrastructure to
develop applications.

e The TSP package enhances R’s capabilities as a data analysis
tool.
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