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Abstract. Starting from a case study, a rich vehicle routing problem
is analyzed. It is characterized by multiple time windows, heterogeneous
fleet, maximum duration, and multiple visits. Two variants of Ant Colony
Optimization are proposed in a multiple colonies framework. Two algo-
rithms are tested, giving results that appear satisfactory with respect to
the ones achieved by the firm.
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1 Introduction

The analysis at the basis of this paper is motivated by the need of solving a case
study, which can be modeled as a rich vehicle routing problem.

The vehicle routing problem (VRP) consists in the determination of the opti-
mal set of routes to serve a given set of customers using a fixed fleet of vehicles.
In recent years, thanks to the increasing efficiency of heuristic and metaheuristic
approaches and the availability of a larger computing power, the interest has
been shifted to variants which combine various types of constraints, such as:
time windows in which the service must be performed, the requirement of in-
serting in the same tours both pickup and delivery of goods, the availability of
different types of vehicles, the presence of more than one depot. These variants
are grouped under the denomination of rich VRP.

The rich vehicle routing problem studied in this paper is characterized by:
the presence of multiple time windows, the availability of different types of ve-
hicles, the requirement of multiple visits to some customers and the limitation
of the duration of each subtour. Moreover, two objectives are to be considered
in hierarchic order. The first one is the minimization of the number of vehicles
used, and the second one is the minimization of the total time required by the
subtours.

We use the metaheuristic approach known as Ant Colony Optimization [1] to
tackle this problem. We consider two of its most successful variants: Ant Colony
System [2] and MAX–MIN Ant System [3]. They are both studied in a multiple
colonies framework. The respective results are compared on a set of instances
generated on the basis of real ones. The Randomized Nearest Neighbor heuristic
[4] and a Tabu Search algorithm are used as reference elements.
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The algorithm which performs the best on the generated instances, is then
used for a comparison with the solutions proposed by the firm considered.

First of all, the case study is presented. Secondly, the resulting rich vehi-
cle routing problem is proposed. Then the two Ant Colony Optimization algo-
rithms considered and Tabu Search approach are described. A following section
describes the instances used for the analysis and another one reports the com-
putational results obtained. Finally some conclusions are drawn.

2 The Case Study

The case study at the basis of this analysis is concerned to an Italian firm.
Its major activity consists in the delivery of a wide number of food products
to restaurants and retailers in the North-East region of the country. This task
is accomplished by external suppliers of vehicles. The cost for completing the
services consists in a fixed amount related to each vehicle used and in a variable
one due to the working hours of the drivers. The firm decides the set of customers
to be assigned to each vehicle and the sequence according to which the customers
must be visited. The fee owed to a driver is much lower for the first eight hours
than for the following ones, and then the firm imposes tours of limited duration.

This structure allows to consider as virtually unlimited the dimension of the
fleet available. The usable vehicles are of two kinds. They differ for what concerns
the external dimensions and the load and unload system. The use of the a specific
type may be necessary for serving a precise customer.

As it is widespread practise, the firm allows customers to choose when to
receive the delivery. To this aim, they can indicate at most three time intervals
for each of the five working days of a week. This gives a total of at most fifteen
time windows per customer. Moreover, each customer can require to be served
more than once a week. When this is the case, the firm must take care of placing
the visits in non-consecutive days unless the customer himself explicitly requires
consecutive visits.

The aim of the firm is the minimization of the cost of completing all the
deliveries. The fix cost, related to the utilization of the vehicles, has a stronger
impact than the variable one concerning the total time needed. This makes a set
of few tours requiring a certain time preferable to another set including more
tours and implying a smaller amount of hours. The general aim then can be
split in two objectives which have to be pursued hierarchically: the first is the
minimization of the number of vehicles required to complete the services, the
second is the minimization of the total time needed.

The procedure currently applied by the firm to establish the tours consists
first of all in splitting the customers in groups of seventy to eighty, and then
in deciding the assignments to the different vehicles according to a weekly time
horizon. Tours are scheduled on the basis of the experience and the knowledge
of the territory of the logistic manager. In agreement with the firm, the aim of
the research presented in this paper is proposing an algorithm for solving this
second step, considering the first clusterization as non-modifiable.
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3 The Rich Vehicle Routing Problem

To the best of our knowledge, the rich vehicle routing problem that is object
of this study has not been considered in the literature. The element which dif-
ferentiates the most the current variant from the ones that can be found in
the literature, is the objective function. Often, only one objective is considered.
Moreover, the quantity which is typically minimized is the total distance (or
traveling time), while in this study we must take into account also the waiting
time.

Let us focus on the most particular constraints of our problem. A first type of
constraint is related to the requirement of multiple visits to a single customer.
These visits must be scheduled at a suitable time distance, as discussed in the
following. The time horizon considered is split in disjoint subperiods, which rep-
resent different days. For each day, customers may indicate one or more time
windows in which to be served. Each subtour must belong to only one of the
subperiods and its total time length must not exceed a fixed duration. Further-
more, an heterogeneous fleet is available, and each customer may require to be
served by a specific type of vehicle. A specific type of vehicle, then, must be
associated to each subtour.

A mathematical formulation of a very similar model can be found in [5].

4 Multiple Ant Colony System and Multiple MAX–MIN
Ant System

Ant Colony Optimization (ACO) is a metaheuristic based on the foraging behav-
ior of ants. A complete analysis of this metaheuristic can be found in [1]. Many
ACO algorithms have been proposed in the literature. The two most successful
variants, when dealing with routing problems are recognized to be Ant Colony
System (ACS) first proposed in [6] and MAX–MIN Ant System (MMAS) first
introduced in [3]. In this study, the swap local search is combined with the algo-
rithm. This procedure is well known in the literature and it was first proposed
by Lin in 1965. It offers the advantage of not being very expensive in terms of
computational time although it offers satisfactory results. In our case this ele-
ment is crucial since the addition of many constraints could make other typical
local search procedures very time consuming.

In order to apply the two algorithms to the rich VRP considered, some ele-
ments must be clarified.

For taking into account the differences among vehicles, the following procedure
is applied. First of all, one type of vehicle k̂ is fixed as default. Then the insertion
of the customers begins considering the capacity constraint imposed by type k̂,
and without taking into account the type of vehicle possibly required by the
customers. When the first customer requiring a specific type of vehicle is inserted,
this type is considered for the subtour. The following customers will be feasible
either if they do not require a specific class of vehicles or if they require the
class already established. When considering customers for the insertion while
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the vehicle is still the default one, if the cumulated demand is larger than the
capacity of some type of vehicle (k̃), then all the customers requiring k̃ are set
unfeasible.

Periodic constraints must be satisfied. Before starting all the procedures, the
set of customers is analyzed. Each of those requiring more than one visit is
duplicated once for each visit required. To each dummy customer the edges and
some time windows of the original one are assigned. If the partition of the time
windows allows a suitable separation between the services, it is recorded that
the visits must happen with at least a certain distance. This distance depends
from the number of visits required. For a formal description of this procedure
we refer the reader to [5].

As far as the multiple time windows are concerned, the procedure used is quite
straightforward. It consists in choosing dynamically the one to be considered.
This time window corresponds to the first one closing after the instant in which
the customer can be reached, if such time window exists. The number and du-
ration of the not yet closed time windows is nonetheless taken into account. In
particular, the choice is biased in favor of customers that would be the hardest to
serve in the future, considering all the time windows they indicate. This is done
by introducing a heuristic measure proposed in [5] in the random proportional
rule (pseudo-random proportional rule for ant colony system) [1].

The constraint on the duration of each subtour is treated by stating that, if
visiting customer j and going back to the depot implies that the current subtour
lasts more than the available time, then j is unfeasible.

Finally, the algorithms must operate considering two objectives in hierarchical
order. They represent the minimization of the number of vehicles used, and the
minimization of the time required to complete the tour. To this aim, we follow
the approach presented in [7]: two kinds of colonies with different specializations
are exploited. This system has been developed to tackle a multi-objective vehicle
routing problem with time windows using Ant Colony System and has never been
implemented for other ACO variants, despite reaching very encouraging results.

The two algorithms obtained following these steps will be referred as
Multiple Ant Colony System (M-ACS) and Multiple MAX–MIN Ant System
(M-MMAS).

5 Tabu Search

For evaluating the performance of the M-ACS and M-MMAS, we consider as
reference element a Tabu Search algorithm. Tabu Search [8] is one of the most
successful metaheuristics for the vehicle routing problem with single time win-
dows [9]. For this reason it is considered as a reference point for the algorithms
proposed here. In the algorithm, the starting solution is generated with the Near-
est Neighbor heuristic and its neighborhood is explored via the swap local search
procedure. Following [10], a variable neighborhood is considered: for any current
solution, instead of considering the whole neighborhood, we choose a subset of
it according to a given probability distribution.
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Fig. 1. Ranking of the performance of the algorithms

6 Experimental Results

In order to choose which algorithm to suggest to the firm, we compared the
performance of Multiple Ant Colony System, Multiple MAX–MIN Ant System,
Tabu Search and Randomized Nearest Neighbor (RNN) [4] on a set of instances
generated on the basis of the real ones.

As reported when the case study has been presented, we are interested in sets
of customers with cardinality of the order of 70 to 80 elements, as for the subsets
of customers considered by the firm. The area actually served by the firm is used
as a reference for the localization of the customers. We use for the analysis a
set of instances generated in order to mimic the real instances proposed by the
firm [4].

Experiments on Generated Instances

The experiments are run on a cluster of 32 AMD OpteronTM 244. The exe-
cutables have been generated from C++ source. The code is publicly available
on the web page www.paola.pellegrini.it. The common practice used for dealing
with metaheuristics is followed [11,12,13]. A set of 400 instances is used for the
experiments.

The behavior of the Deterministic Nearest Neighbor (DNN) is considered as
reference. The element that first emerges is the dominance of the M-MMAS
over the other algorithms. In Figure 1 the ranking of the different approaches
is reported. As it appears evident in the strong majority of the cases the M-
MMAS outperforms the other approaches. The difference appears statistically
significant according to the Friedman two-way analysis of variance by ranks.
This better behavior is observable in Table 1, in which the number of instances
with an improvement with respect to DNN, and the average percentage of these
improvement, are presented for each algorithm. The improvement with respect
to the first objective (minimum number of vehicles) is reported in the first line.
The one concerning the minimum traveling and waiting time is given in the
second line. Owing to the priority of the minimization of the number of vehicles,
if a solution is preferable in this sense the travel time is not considered. The
second objective is checked when no difference is detectable about the first.
As it can be seen, in general M-MMAS and M-ACS behave in a comparable
way. They improve significantly the number of vehicles used in the best solution
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Table 1. Number of instances in which any improvement with respect to the DNN has
been found and average percentage improvement

M-ACS M-MMAS RNN TS
veh. % veh. % veh. % veh. %
395 21.36 375 25.06 213 12.66 321 12.84
time % time % time % time %

0 0.00 0 0.00 97 11.91 42 8.84

found and do not make a real difference with respect to the total travel time
when they are not able to make a difference in terms of the first objective. It
can be observed, moreover, that even if the number of instances in which the
number of vehicles decreases with respect to the DNN is very similar for the two
algorithms, the average value of this difference is much higher when considering
M-MMAS. A completely different behavior is observable for RNN, where the
number of vehicles is quite seldom improved (in about 50% of the cases). When
this happens the difference is less stressed than for the ACO algorithms. On
the other hand the total travel time is diminished much more often. Finally, TS
places itself between the ACO algorithms and RNN. The number of instances in
which the number of vehicles is improved is close to the one detected for ACO
algorithms, and once it is even bigger. Nonetheless, the average improvement
is always quite lower. The value referred to the total travel time in this case
is comparable to the one concerning RNN. The differences reported in Table 1
concerning the number of vehicles, are significant according to the Wilcoxon test.

Experiments on Real Instances

Let us try to compare the approaches presented with the one currently applied
by the firm object of the case study. It is not very easy to analyze the differences,
since following the tours provided by the firm about 20% of the time windows
are violated. In any case, the ACO algorithms find feasible solutions which imply
in average the same number of vehicles currently used, even if the total travel
time needed is bigger. TS is the third algorithm, followed by RNN and DNN,
all supplying tours requiring more vehicles than those currently used but clearly
not violating any constraint. For giving a clearer idea of the different solutions,
let us consider a representative instance. It is graphically shown in Figure 2 and
the characteristics of the customers follow the trends reported in the description
of the instances generated. The tours proposed by the firm and the ones found
by MAX–MIN Ant System are graphically shown in Figure 3. The customers
whose time windows are violated are represented by black bullets. As it can
be seen, in the tour proposed by the firm there is a sort of equilibrium in the
number of customers served by each vehicle. In the solution found by MAX–
MIN Ant System this element is not detectable. The disequilibrium may appear
as a weakness of the set of tours proposed by the ACO algorithm. On the other
hand, the fact that only a few customers are inserted in the last two tours, implies
that relaxing only a few constraints, such as some time windows, it might be
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Fig. 2. Graphical representation of the instance considered

(a) (b)

Fig. 3. Solution proposed by the firm and by MAX–MIN Ant System

possible to eliminate them, and then to complete the services with two vehicles
less. Moreover, by slightly changing the clusters which currently are considered
fixed under suggestion of the firm – as previously explained – it would probably
be possible to find more efficient solutions.

7 Conclusion

Two Multiple-ACO algorithms are presented for dealing with a case study which
can be modeled as a rich vehicle routing problem. Its characteristics are: multiple
hierarchically ordered objectives, multiple time windows, heterogeneous fleet of
vehicles, periodic constraints and limited duration of the subtours. As reference
elements the Deterministic and Randomized Nearest Neighbor heuristics and a
Tabu Search algorithms are considered. The ACO algorithms proposed perform
significantly better than these alternatives, both on instances generated for the
theoretical analysis and on those available for the case study. The results of this
study are currently being exploited by the firm which proposed the analysis.
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