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a b s t r a c t
In combinatorial optimization it is not rare to ﬁnd problems whose mathematical structure is nearly the
same, differing only in some aspect related to the motivating application. For example, many problems in
machine scheduling and vehicle routing have equivalent formulations and only differ with respect to the
optimization objective, or particular constraints. Moreover, while some problems receive a lot of attention
from the research community, their close relatives receive hardly any attention at all. Given two closely
related problems, it is intuitive that it may be effective to adapt state-of-the-art algorithms—initially
introduced for the well-studied problem variant—to the less-studied problem variant. In this paper we
provide an example based on the travelling salesman problem with time windows that supports this
intuition. In this context, the well-studied problem variant minimizes the travel time, while the lessstudied problem variant minimizes the makespan. Indeed, the results show that the algorithms that we
adapt from travel-time minimization to makespan minimization signiﬁcantly outperform the existing
state-of-the-art approaches for makespan minimization.
© 2013 Elsevier B.V. All rights reserved.

1. Introduction
As in the classical travelling salesman problem (TSP), the
travelling salesman problem with time windows (TSPTW) requires
the speciﬁcation of a Hamiltonian cycle through a graph of nodes,
but adds the requirement that each node must be visited within
a predeﬁned time window. For a routing application, the TSPTW
represents the problem of ﬁnding an efﬁcient route, starting and
ending at a speciﬁed depot, that visits a set of customers, each
one in his predeﬁned time window. In the machine scheduling
environment, the TSPTW can be used to model the problem of
sequencing jobs on a single machine where the setup time of each
job depends on the previous job, and each job has a release time and
a deadline. In the routing context, the TSPTW objective is typically
to minimize the sum of the travel times. In the machine scheduling
context, the TSPTW objective is to minimize the makespan. Both
versions of the TSPTW are proven to be NP-hard, and even ﬁnding
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feasible solutions is an NP-complete problem [1]. For convenience
we henceforth refer to the TSPTW with travel-time minimization
by TSPTW-TT, and to the TSPTW with makespan minimization by
TSPTW-M.
1.1. Contribution of this paper
Among the two above-mentioned problem versions, the
TSPTW-TT has been more closely studied in the literature. In fact,
very few algorithms have been proposed for the TSPTW-M. In this
paper, we adapt two state-of-the-art algorithms for the TSPTW-TT,
compressed annealing (CA) [2] and the Beam-ACO algorithm [3], to
the TSPTW-M. These algorithms, by virtue of being metaheuristics,
can be easily adapted to different variants of the same problem.
Moreover, in this case, the structure of the problem remains the
same despite the change in the objective function. We do not
attempt to adapt other algorithms developed for the TSPTW-TT
to the TSPTW-M. First, some of these algorithms heavily rely on
heuristics speciﬁc to the TSPTW-TT. Second, since Beam-ACO and
CA are the state-of-the-art for the TSPTW-TT, there is no a priori
indication that other algorithms could become better than them
when adapted to the TSPTW-M.
Concerning the experimental results, we present an exhaustive
comparison between both adapted algorithms on a comprehensive
set of benchmark instances available in the literature. This, as such,
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is a useful contribution because existing algorithm proposals for
the TSPTW-M have only been applied to rather small subsets of the
available benchmark instances. Furthermore, both algorithms are
compared to current state-of-the-art algorithms developed specifically for the TSPTW-M.
Concerning the comparison between Beam-ACO and CA, we
were able to detect—for all considered sets of benchmark
instances—a statistically signiﬁcant advantage of Beam-ACO over
CA. With respect to the comparison of Beam-ACO and CA with existing state-of-the-art algorithms, the following conclusions can be
drawn. First, for the benchmark set proposed by Dumas et al. [7],
Beam-ACO is able to improve the best-known results from [12] in
ﬁve out of 22 cases. In the remaining cases, the same results as
in [12] are achieved. Currently, the state-of-the-art algorithms for
the TSPTW-M are ACS-TSPTW and ACS-Time [16]. Both algorithms
are based on the metaheuristic ant colony optimization. In [16],
both algorithms were applied to the benchmark set proposed by
Potvin and Bengio [22]. A comparison of Beam-ACO and CA with
the two ACO algorithms on this benchmark set reveals that BeamACO outperforms ACS-TSPTW in 17 out of 24 cases and ACS-Time
in 20 out of 24 cases. While in the remainder cases both algorithms
obtain the best-known solution in every run, Beam-ACO is from 40
to more than one hundred times faster than the other algorithms.
The results of CA are similar to those of Beam-ACO.
1.2. Organization of the paper
The remainder of the paper is organized as follows. In Section 2,
we provide a technical description of the TSPTW. We review the history of both problem variants in Section 2.1. In Section 3, we brieﬂy
describe CA and Beam-ACO as well as providing a description of
the changes that were necessary for adapting them to makespan
optimization. The benchmark instances considered in this work
are described in Section 4. After outlining the tuning process, we
provide comprehensive results in Section 5 for both algorithms on
a comprehensive set of benchmark instances used in the related literature. Finally, we offer conclusions and an outlook to future work
in Section 6.
2. Technical problem description
Given an undirected complete graph G = (N, A), where N = {0,
1, . . ., n} is a set of nodes representing the depot (node 0) and n
customers, and A = N × N is the set of edges connecting the nodes,
a TSPTW solution is a sequence visiting each node of G exactly
once (starting and ending at the depot). We represent a tour as
P = (p0 = 0, p1 , . . ., pn , pn+1 = 0), where the sub-sequence (p1 , . . ., pk ,
. . ., pn ) is a permutation of the nodes in N \ {0} and pk denotes the
index of the node at the kth position of the tour. The two additional
elements—that is, p0 = 0 and pn+1 = 0—represent the depot at which
the tour starts and ends.
For each edge aij ∈ A, which connects the two nodes i and j, there
is an associated cost c(aij ). In a routing application, c(aij ) represents
the service time at customer i plus the travel time between customer i and j. In a scheduling application, c(aij ) represents the task
time for job i plus the time to set up for job j when following job i. A
time window [ei , li ] is associated to each node i ∈ N, which deﬁnes
when service at node i can begin. Waiting times are generally permitted; in the routing, this implies that a customer i may be reached
before the start ei of its time window, but service cannot start until
ei . Therefore, given a particular tour P, the departure time from node
pk is calculated as
Dpk = max(Apk , epk ),

(1)

where Apk = Dpk−1 + c(apk−1 ,pk ) is the arrival time at node pk in the
tour. A tour P is feasible, if and only if (P) =
ω(pk ) = 1 if Apk > lpk , and 0 otherwise.

n+1
k=0

ω(pk ) = 0, where
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As outlined above, two different objective functions may be considered for the TSPTW. The function for travel-time minimization,
ftt (·), concerns the minimization of the sum of the costs of the edges
traversed along a tour. That is, given a tour P:
ftt (P) =

n


c(apk ,pk+1 )

(2)

k=0

Note that the objective function ftt (·) is analogous to the one of the
classical TSP. The other alternative is to minimize Apn+1 , that is, the
arrival time at the depot. That is, given a tour P:
fm (P) = Apn+1

(3)

where function fm (·) refers to makespan minimization.
2.1. Previous work on the TSPTW
The earliest papers on the TSPTW focused on exact approaches
for makespan optimization [4,5]. The testing of these approaches
was limited to instances of at most 50 nodes. Moreover, these algorithms were not able to handle wide or overlapping time windows.
Langevin et al. [6] proposed a branch-and-bound scheme to solve
a two-commodity ﬂow formulation for the TSPTW and considered
both makespan and travel-time optimization; their implementation was able to solve instances of up to 40 nodes. Dumas et al.
[7] extended earlier dynamic programming approaches by using
state space reduction techniques that allowed them to solve larger
problem instances. More recently, Ascheuer et al. [8] developed a
branch-and-cut algorithm in which they applied techniques tailored for the asymmetric TSPTW. Balas and Simonetti [9] presented a
linear-time dynamic programming algorithm for several TSP variants with precedence constraints, including the TSPTW. Constraint
programming is another exact approach that has been applied to
the TSPTW [10,11].
Due to the inherent difﬁculty of the TSPTW, heuristics have been
the focus of research in more recent years. Carlton and Barnes
[12] developed a tabu search approach to optimize a hierarchical objective that attempts to primarily minimize makespan, and
then secondly to minimize total travel time subject to maintaining
the minimal makespan. In order to deal with infeasibility, Carlton and Barnes [12] augment the objective function with a static
penalty for violating li of customer i. Gendreau et al. [13] presented a constructive heuristic with a subsequent improvement
procedure. [14] presented a constructive heuristic that starts with
a solution to an ad-hoc assignment problem, proceeds with a greedy
insertion procedure to obtain a complete solution and applies local
search to further improve the obtained solution. Two state-ofthe-art TSPTW-TT algorithms for travel-time optimization were
proposed by Ohlmann and Thomas [2] and López-Ibáñez and Blum
[3]. Ohlmann and Thomas [2] proposed a compressed annealing
(CA) algorithm, which is a variant of simulated annealing making
use of a variable penalty method. Finally, López-Ibáñez and Blum [3]
presented Beam-ACO algorithm, which results from the combination of ant colony optimization (ACO) with beam search, a heuristic
variant of branch-and-bound. The same authors [3] also provided a
comprehensive comparison of CA and Beam-ACO. Recently, a variable neighborhood search approach has been proposed [15]. This
algorithm appears to perform similarly well. However, it has not
been tested on all available benchmark instances. Authors developing heuristic approaches have focused on travel-time optimization
and fewer results are published on makespan optimization. Curiously, TSPTW-M has been the focus of the ant colony optimization
community [16–18]. Some of these ACO approaches [16,17] can be
considered state-of-the-art for the TSPTW-M.

