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I. Introduction

In this paper we propose a hybrid approach for solving vehicle routing problems. The main idea is to
combine Ant Colony Optimization (ACO) and Genetic Algorithms (GAs) to exploit (a) the strenghts
of both approaches and (b) possible gains through the use of a shared memory.

The Vehicle Routing Problem (VRP) is a well known combinatorial optimization problem of large
economic importance. In particular, the European situation reects the need for improved eÆciency

in freight transportation, as the traÆc volume increases much faster than the street network grows.
Thus, given the current eÆciency, this will eventually lead to a breakdown of the system. However,
with rapidly increasing computational power intelligent optimization methods can be developed and
used to increase the eÆciency in freight transportation and circumvent the above mentioned problem.

The VRP involves the design of a set of minimum cost delivery routes, originating and terminating
at a depot, which services a set of customers. Each customer must be supplied exactly once by one

vehicle route. The total demand of any route must not exceed the vehicle capacity. The total length
of any route must not exceed a pre-speci�ed bound. This problem is known to be NP-hard (c.f. Garey
and Johnson (1979), such that exact methods like Dynamic Programming or Branch & Bound work
only for small problems in reasonable time. Thus, a large number of approximation methods have been
proposed. Most of the recent approaches are based on meta-heuristics like Tabu Search, Simulated

Annealing, Neural Nets, Genetic Algorithms and Ant Colony Optimization. However, most of this
work is on the exclusive use of any of these techniques. While this may lead to good results, in some
cases even these methods fail to �nd solutions close to the global optimum.

Thus, hybrid approaches could be a promising alternative. Work on Tabu Search featuring some
aspects of Genetic Algorithms already proved to be very eÆcient (e.g. Rochat and Taillard (1995)).

As stated above, in this paper we report on a combination of Ant Colony Optimization with Genetic
Algorithms. The motivation for this approach comes from two observations.

First, multi-colony(population) approaches have proven to be more powerful than their single pop-
ulation counterparts for both GAs and ACO. In particular, Doerner et al.(2001a) and Gambardella

(1999) have proposed multi-colony ant approaches that �nd excellent results for di�erent vehicle rout-
ing problems.

The second observation relates to succesfull ACO approaches. In order to �nd competitive solutions
it is in general necessary to use some kind of post-optimization (local search) to improve the individual
ants' solutions. In the proposed approach, this could be done by the GA.

Finally, Hansen and Mladenovic (1999) have recently proposed a new method called Variable Neigh-
borhood Search, which exploits di�erent types of neighborhoods over time to avoid getting stuck in

local optima. This approach has shown to be very powerful for the Traveling Salesperson Problem
(TSP). Using di�erent strategies for di�erent populations in evolutionary algorithms might also help
to ensure that di�erent patterns of solutions obtainable using di�erent techniques can be combined to
form even better solutions. This was con�rmed by work done on a real-world vehicle routing problem
(Doerner et al. (2001b)).



II. Solution method

In this section we will �rst describe the two approaches, Ant Colony Optimization and Genetic
Algorithms independently. After that, we will propose the framework for our hybrid approach.

A. Ant Colony Optimization

The Ant Colony Optimization approach is based on the behavior of real ants searching for food. Real
ants communicate with each other using an aromatic essence called pheromone, which they leave on the
paths they traverse. If ants smell pheromone in their vicinity, they are likely to follow that pheromone,

thus reinforcing this path. The pheromone trails reect the 'memory' of the ant population.
In arti�cial terms, the optimization methods uses this intuition in the following way. Ants construct

solutions by making a number of decisions probabilistically. In the beginning there is no collective
memory, and the ants can only follow some local private information. As some ants have constructed

solutions, pheromone information is built. This pheromone information guides other ants in their
decision making. The idea is that good paths are shorter, thus ants can travel these paths faster
and there will be more pheromone on these paths. However, over time pheromone on trails that are
not reinforced will evaporate. Thus, over time, the shortest paths will be reected in the pheromone

information.
The ACO algorithm mainly consists of the iteration of two steps:
� Generation of solutions by ants according to private and pheromone information
� Update of the pheromone information
The implementation of these two steps is described below. A more speci�c description of the ACO

algorithm is given in Doerner et al. (2001b).

A.1 Generation of solutions

The solution generation for the VRP can be described as follows. Given any partial solution, an ant
(1) determines for each unassigned customer the best position to insert this customer into the partial
solution. After that, the ant (2) probabilistically chooses one customer out of the set of unassigned

customers and assigns this customer to the position determined in the �rst step. This procedure is
repeated until the set of unassigned customers is empty. A decision step is depicted in Figure 1. The
left graph shows the di�erent options - shown as dashed lines - for the ant, the right graph depicts the
situation after decision making. In this case the ant has chosen to go from customer 1 to customer 2.
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Fig. 1. An ants' decision



The decision rule is given by equation 1, where the matrices � and � correspond to the local (heuristic)
information and the pheromone information, respectively.

Pij =

8
>>><
>>>:

q0 + (1� q0) �
[�ij ][�ij ]P
h
[�ih][�ih]

if f[�ij][�ij]g = maxhf[�ih][�ih]g

(1� q0) �
[�ij ][�ij ]P
h
[�ih][�ih]

otherwise.

(1)

This decision rule is a combination of two mechanisms. The �rst one, exploitation, is achieved
through a deterministic part in the rule, denoted by q0. This factor constitutes the probability for
choosing the deterministically best option as given in the conditional statement of the equation. By
choosing the best option, the solution space near the global best solution is exploited. The second

mechanism is a probabilistic choice according to the relative qualities of the available options.

A.2 Pheromone update

The pheromone update can be divided into two main categories.

First of all, pheromone evaporates due to two e�ects. One is a temporal e�ect, called global evapora-
tion, which lowers the pheromone level on all paths. The other one is an e�ect that is intended to foster
exploration. After an ant has traversed a given path, the pheromone level on this path is decreased.

Thus, the other ants are less likely to follow that path. This e�ect is called local evaporation.
Second, some paths are reinforced, i.e. the pheromone level is increased. In particular, in our

approach we follow a standard implementation, where after each iteration the paths, which constitute
the global best solution, are reinforced.

This global pheromone update can be written as

�ij =

8
><
>:

(1� �)�ij + � � 1
L�

if (i; j) 2 T
�

(1� �)�ij otherwise.
(2)

Here � denotes the percentage of the pheromone level that evaporates, L� denotes the length of the

global best solution and T
� is the representation of the global best solution. Thus, we see that the

pheromone evaporates on all trails with a constant percentage, while the reinforcement is based on the
quality of the solution found.

B. Genetic Algorithm

GAs represent a stochastic method of optimization based on the mechanisms of natural selection
acting in nature(c.f. e.g. Gen and Cheng (1997), Mitchell (1996)). The notions of chromosome,
gene and population constitute the base of GAs; and classical optimization theory terms of controlled

variables vector, controlled variable and decision set can be brought into correspondence with them.
The basic operations of a GA are crossover, mutation and selection. Crossover represents an operation
on two parent-chromosomes yielding two o�spring-chromosomes each of which inherits some of the
genes from the parent-chromosomes. Mutation is a random gene modi�cation. Selection represents

itself as some procedure of population formation from the most adapted chromosomes. We propose
to use a coding procedure and realizations of the above mentioned genetic operations for the VRP as
follows.

B.1 GA coding

Any variant of decision is presented as a two-line string. The number of genes corresponds to the
number of the customers. The �rst line of the chromosome represents a permutation, where customers
are listed in the order in which they are visited and served. The second line indicates the clustering of
customers. It contains only binary variables. A 0 indicates that this customer - the associated one in



the �rst line of the string - is served �rst on a new tour, the 1's indicate that the associated customer
is served on the same tour as the one to his left in the permutation.

For example, Figure 2 shows an exemplary solution and the corresponding chromosome.

����������

�����

��

��

�	

�


��

��

�

��

� 	 
 � �  � �

� � � � � � � �

Fig. 2. A feasible solution and its chromosome

Our suggested genetic coding allows us to use the same length chromosomes for solutions with
di�erent numbers of vehicles. The number of vehicles is just denoted by the number of zeros in the
second line of the chromosome.

B.2 GA crossover

We propose to use a traditional one point crossover with a repair function, that exchanges duplicates
of customers with missing customers. An example of our crossover is shown in Figure 3. The choice
of parents for crossover is done using a canonical roulette wheel strategy (c.f. e.g. Gen and Cheng
(1997)).
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Fig. 3. An example of the crossover with the repair function

Let us consider o�spring 1. Here, we repair the �rst line of the chromosome, by deleting duplicate
customers and adding missing ones. In this case the �rst line of o�spring 1 completely resembles parent
1. However, this need not always be the case, as can be seen by comparing o�spring 2 with parent
2. Apart from that, having said that the �rst line of o�spring 1 resembles parent 1, even in this case

does not mean that the two chromosomes are the same. In fact, the di�erence occurs in the clustering,
which is encoded in the second line.

As this clustering may lead to infeasible solutions too, we again need a repair mechanism. The dark
grey shaded cells in o�spring 1 show that repair. In fact an infeasible tour is repaired by ipping a bit



from 1 to 0 in the second line. This means, that the infeasible tour is split up into two feasible tours.
Thus, this repair always increases the number of tours.

B.3 GA mutation

There are two realizations of mutation operations suggested in the paper. The �rst one called per-

mutation mutation exchanges customers between some tours without changing the number of vehicles.
The second one called inversion mutation changes the number of vehicles. Individuals are randomly
selected for mutation.

� Permutation mutation
Permutation mutation is realized as the following two-step procedure:

1. Choose two customers at random.
2. Exchange positions of chosen customers in the �rst line of the chromosome.
� Inversion mutation
Inversion mutation is realized as the following two-step procedure:
1. Choose a customer at random.

2. Inverse value of the gene in the second line at the chosen position.

Examples of these mutations are shown in Figure 4.
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Fig. 4. Two types of mutations

B.4 GA selection

We use a deterministic strategy for selection. The selection procedure we use exhibits the strongest
selection pressure. In each generation the best individuals survive, where parents and o�spring compete

for survival. We use a steady-state GA with constant population size.

C. The hybrid ACO-GA framework

We use two di�erent populations, one of which is a colony of ants, while the other one is the
population of a GA. Both populations solve the VRP iteratively, and after a pre-speci�ed number of

iterations, they will communicate their solutions. More speci�cally, the population with the superior
solution reports this solution to the other population. More speci�cally, in our simulations presented
below, we communicate solutions only if the global best solution is improved. This framework is shown
in Figure 5.

We will test this new hybrid approach against independent approaches of ACO and GA. Thus, in

section III we will present results for three approaches:

� ACO - this approach utilizes only a single population of ants
� GA - this approach utilizes only a single population of the Genetic Algorithm
� ACO+GA - this is our new hybrid approach
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Fig. 5. Framework of the proposed solution method

III. Numerical analyis

Using a benchmark problem instance for the VRP we compared our new hybrid approach with
independent ACO and GA approaches. The instance we used reects a problem with 50 customers

randomly distributed on the plane. These customers have to be served from a central depot. The
capacity of the identical vehicles located at this central depot is 160 units. Together with the total
demand of all customers, this leads to a minimal reqiurement of �ve vehicles. There is no constraint
on the maximum length of a tour.
In Table I we summarized the results for ten runs of the three approaches1. The last four rows contain

some statistics for the methods. The results show, that the GA working independently performs very
poor. While this was somewhat surprising at �rst, we soon found that the poor performance was
caused by the single point crossover we used. A more detailed comment on this problem together with
some ideas for improvements is given in the next section.
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TABLE I

Comparison of the results for the three methods.

If we compare the results of the ACO with those of our hybrid approach, Table I shows no signi�cant
1Note, that the GA consists of a population of GApop = 40 individuals, the ACO consists of ACOpop = 10 ants per iteration,

while our hybrid approach utilizes ACOpop = 10 ants and GApop = 30 individuals in the GA. These di�erences where chosen
to keep the computation times comparable. Furthermore we perform 2 � GApop crossover operations per iteration and mutation
occurs with a probability of 1%. In our ACO module, we use q0 = 0:9 and � = 0:1.



di�erence between these two approaches. Both averages and standard deviations con�rm this result.

Given these results we wanted to see whether the GA has any inuence on the solutions found by

the hybrid approach. Figure 6 shows the change of the solution quality over time for a typical run. In
particular, the �gure shows the global best solution found by the ACO and by the GA, respectively.
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Fig. 6. A typical run of the hybrid method.

From Figure 6 we see that the GA sometimes indeed improves the solutions found by the ACO.
However, this happens not very frequently. Most improvements are found by the ants. Moreover,

while the ACO transfers a new global best solution 'as such' to the GA, the latter 'always' knows
this global best solution. Given this fact, one would expect better performance of the GA, i.e. more
frequent improvements. On the other hand, the GA transfers a new global best solution to the ants,
by updating the pheromone matrix. As this matrix also contains information about the previous best

solution, the ACO needs some time to 'understand' the new solution - the time it takes for the previous
solution to evaporate suÆciently. In Figure 6 this is reected by the extended periods, where the best
solution found by the ACO lies above the global best solution.

IV. Conclusions and future research

In this paper we propose a new hybrid approach for solving a particular combinatorial optimization

problem, namely the VRP. The approach is based on the combination of an ACO algorithm with a
GA. Our preliminary results show, that the hybrid approach yields no additional bene�t with respect
to solution quality. However, we strongly believe that this is due to the rather poor performance of
the GA. In fact, the single point crossover and the necessary repair operation for the chromosomes

lead to a mutation-like crossover. The second part of the chromosome, coming from the second parent,
generally looses any resemblance with the second parent.

While the hybrid approach does not outperform the independent ACO algorithm, the results show,
that given a good solution, the GA is able - through mutation - to improve such a solution and thus
support the ants to �nd good solutions more quickly. Thus, we strongly believe, that by improving
the GA we will be able to show the bene�t of our hybrid approach.

Our main idea for such an improvement, is to try and extract 'building blocks' of good solutions
and generate o�spring based on such building blocks. In the VRP such an approach could aim to
recombine good individual tours found by the parents.

More generally, we will also aim to consider di�erent ways of information exchange between the GA
and the ACO.
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