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Abstract. Nowadays genetic algorithms stand as a trend to solve NP-
complete and NP-hard problems. In this paper, we present a new hybrid
metaheuristic which uses Parallel Genetic Algorithms and Scatter Search
coupled with a decomposition-into-petals procedure for solving a class
of Vehicle Routing and Scheduling Problems. The parallel genetic algo-
rithm presented is based on the island model and was run on a cluster
of workstations. Its performance is evaluated for a heterogeneous 
eet
problem, which is considered a problem much harder to solve than the
homogeneous vehicle routing problem.

1 Introduction

Metaheuristics have proven to be very e�ective approaches to solving various
hard problems [5] [12]. Among them, Genetic Algorithms, Tabu Search and Scat-
ter Search have been used successfully in optimization problems.

Genetic algorithms (GA) were introduced by John Holland and researchers
from University of Michigan in 1976 [8]. In the last decade they have become
widely used, however, they have not presented very good results for several op-
timization problems in its original model. In order to turn GA more e�cient,
some proposals have appeared recently, such as the inclusion of notions of scat-
ter search, tabu search and local search in GA ([5], [6], [14]). Particularly, the
version of GA with scatter search aims to generate GA \less probabilistic" than
the conventional ones [5], [6], [14]. Genetic Algorithms may also require a large
amount of time to �nd solutions, encouraging the use of parallel techniques [13].

There are di�erent ways to parallelize genetic algorithms. The generally used
classi�cation divides parallel genetic algorithms in three categories: island, �ne
grain and panmitic models [13].

In this paper, we propose a new hybrid metaheuristic based on parallel genetic
algorithms, scatter search and a decomposition-into-petal procedure to solve a
class of vehicle routing and scheduling problems. The parallel genetic algorithm
proposed is based on the island model and it was implemented on a heterogeneous
cluster of workstations. In order to reduce communication overhead, which is
usual in this kind of model [10] [13], and ensure the occupation of all processors



during the execution of the algorithm new criteria of migration and termination
were proposed.

Vehicle routing problems are generalizations of the classical Traveling Sales-
man Problem (TSP) and consequently are NP-complete problems. Related lit-
erature is vast and it usually presents approximate solutions obtained by heuris-
tics. This present popularity can be attributed to the success many algorithms
have achieved for a large variety of vehicle routing and scheduling problems in
which real systems constraints were implemented. Among them, we include the
following papers: [1]; [2]; [5]; [6]; [10]; [11];[14].

In order to evaluate the proposed algorithm, we apply it to a model with a
heterogeneous 
eet, it can, however, be adjusted for an additional set of con-
straints which usually arise in real systems. Partial computational results show
the e�ciency of applying these hybrid techniques in comparison to the algorithm
proposed by Taillard [16].

The remainder of this paper is organized as follows. Section 2 describes the
Vehicle Routing Problem. Section 3 presents the algorithm proposed. Experi-
mental results are shown in Section 4. Finally, Section 5 is the conclusion.

2 The Vehicle Routing Problem

The Vehicle Routing Problem (VRP) was originally posed by Dantzig and Ramser
[2] and may be de�ned as follows: vehicles with a �xed capacity Q must deliver
order quantities qi (i = 1; : : : ; n) of goods to n customers from a single depot
(i = 0). Knowing the distance dij between customers i and j (i; j = 0; : : : ; n),
the objective of the problem is to minimize the total distance traveled by the
vehicles in such a way that only one vehicle handles the deliveries for a given
customer and the total quantity of goods that a single vehicle delivers is not
larger than Q. Several variants of VRPS exist. In the heterogeneous problems,
we have a set 	 = f1; : : : ; kg of di�erent vehicle types. A vehicle of type k 2 	

has a carrying capacity Qk. The number of vehicles of type k available is nk.
The cost of the travel from customer i to j (i; j = 0; : : : ; n) with a vehicle type
k is dijk . The use of one vehicle of type k implies a �xed cost fk and di�erent
vehicle types will re
ect di�erent �xed costs.

In this paper, we are interested in a special case of the above problem where
the travel costs are the same for all vehicle types (dijk = dijk1 ; k; k

1 2 	) and
the number nk of vehicles of each type is not limited (nk =1; k 2 	). The goal
of this problem is to determine a 
eet of vehicles such that the sum of �xed costs
and travel costs is minimized.

Although solution methods for homogeneous vehicle routing problems have
substantially improved, the vehicle routing problem with heterogeneous 
eet has
attracted much less attention. This is mainly due to the increased di�culty in
solving such a problem [16].



3 A Parallel Evolutionary Algorithm using GA and

Scatter Search with Petal Decomposition

The algorithm proposed PGA-PED (Parallel Genetic Algorithm with Petal De-
composition) is a hybrid procedure which uses parallel genetic algorithm, scatter
search and a petal decomposition criterion to build chromosomes. This petal de-
composition procedure can be used by several models of routing and scheduling
problems, such as: the classical model of vehicle routing, routing with heteroge-
neous 
eet and routing with time constraints.

In island model, the population of chromosomes is partitioned into several
subpopulations which evolve in parallel and periodically migrate their individuals
(chromosomes) among themselves. Because of the high cost of communication in
this model, migration frequency must not be very high. Thus, in the algorithm
proposed migration is only executed when subpopulation renewal is necessary.

The criterion of termination of processes is based on a global condition which
involves every process which composes the parallel genetic algorithm, in order
to prevent a process from being idle while the others are still executing.

The tasks executed by each processor and the communication among them
can be visualized in Figure 1, where each pair of tasks mi and qi share a single
processor, which is switched between them.

Processor 3

M1 Q1 Q2 M2

Q3

M3

Processor 1  Processor 2

Fig. 1. Processes communication for 3 processors

Each task mi executes the following steps, described in next subsections:
Building of routes/schedules using a petal decomposition procedure; Represen-
tation of solutions by chromosomes; Generation of an initial population of chro-
mosomes; Reproduction of chromosomes and their evaluation; Sending of a mi-
gration request to qi if population renewal is required.



The task qi is responsible for migration and termination of the parallel genetic
algorithm.

3.1 Tools for Building of Routes

It has shown in many applications of the vehicle routing problem and its gen-
eralizations, that the set of routes has a petal structure, which forms a 
ower.
The problem of establishing the best 
ower is the focus of several papers [15].
We adopted a node \sweeping" technique described as follows.

We associate the VRP to a complete symmetric planar graph G(N;A) where
N is the node set and A is the edge set. A cost cij is associated with each edge,
the depot is located at node S and there are n nodes, each associated with one
customer. Geometrically, the petals on the plane can be obtained by tracing
a vector

!

sx with origin in the node S and parallel to axis x. We rotate
!

sx in
clockwise direction (or counter clockwise direction) until

!

sx intercepts a node
ni with demand qi. Then, we update the accumulated demand D := qi and go
on the rotation until another node is met. For each node met, its demand is
summed to D and D is compared to the capacity of the vehicle (Q). If it is less

than Q, the rotation continues. If D exceeds Q, the last node intercepted by
!

sx

is deleted from the current petal (route) and the petal is closed. The closing of
one petal initiates the process of constructing a new petal, beginning with the
deleted node. This procedure is repeated until all nodes are incorporated into
petals.

Figure 2 shows nodes representing customers and their demands, where
the capacity of each vehicle is 25. The �rst petal covers nodes f1; 2; 3g whose
demands are 8, 13 and 3 respectively. Using the procedure described above,
with n nodes, there are 2n feasible solutions in petal structures. Of these so-
lutions, n of them are generated by each node in clockwise direction and the
remainder is generated in counter clockwise direction. Unfortunately, some so-
lutions of VRP do not have a petal structure. For example, from the original
sequence of customers (permutation) P1 = (1 2 3 4 5 6 7 8 9 10 11 12)
if we swap 1 and 2, 3 and 6, and 8 and 12 we obtain a new sequence P2 =
(2 1 6 4 5 3 7 12 9 10 11 8). If we initiate the petal construction at
node 2 in counter clockwise direction, we obtain the following set of petals
ff2; 1g; f6; 4; 5; 3g; f7; 12; 9g; f10; 11g; f8gg, as shown in Figure 3. This structure
is called arti�cial 
ower and it is composed of arti�cial petals.

We propose the following strategy for the Vehicle Routing Problem with
Heterogeneous Fleet. Consider k types of vehicle: 	 = f1; : : : ; kg, such that
Q1 � Q2 � : : : � Qk and f1 � f2 � : : : � fn, where Qi is the capacity of vehicle
of type ti and fi is its corresponding �xed cost. Each petal is built as follows.
The algorithm analyzes the possibilities given by the k types of vehicles and it
chooses the type of vehicle ti which presents the lowest value for (Qi �Di)� fi,
where Di is the accumulated demand of the petal using vehicle ti. Clearly, the
size of each petal will vary according to the type of vehicle associated.
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Fig. 3. Arti�cial Petals

3.2 Coding and Decoding of Chromosomes

In the algorithm PGA-PED applied to a vehicle routing problem with heteroge-
neous 
eet, a chromosome is a list of k genes, where k is the number of customers.
The ith position (gene) is occupied by a positive integer which represents the
customer.

3.3 Population Generation

The initial population is generated using the following strategy. At �rst, nodes
called as seeds are de�ned by each task mi. They are responsible for initiating
the construction of 
owers. The number of seeds is d nodes / number of proces-
sors e, except for the last task, in case of the quotient is not an integer. For each
task, de�ned the seeds, a 
ower is built initiating by one of these seeds (see sub-
section 3.1) and this procedure is repeated by other seeds until a subpopulation
is established.

3.4 Genetic Operator and Chromosome Evaluation

The genetic operator is responsible for the production of new chromosomes
from the existing ones. The roulette criterion is applied to choose the parents
based on the probability associated with each individual according to its �t-
ness. The operator used is an adaptation of the ERX method [18]. For each
customer a list of neighbors is built based on its location in the petals of
the parents used for reproduction. For example, in case of two parents and
their corresponding set of petals P1 = ff0; 1; 3; 5; 7; 2g; f0; 6; 4; 8; 9gg and P2 =
ff0; 3; 6; 4g; f0; 5; 2; 1g; f0; 9; 7; 8gg, the following lists would be obtained for each
customer: (1): 3,2; (2): 7,5,1; (3): 1,5,6; (4): 6,8 ;(5): 3,7,2; (6): 4,3; (7): 5,2,8,9;
(8): 4,9,7; (9): 8,7.

In order to generate o�spring's the following steps are executed:
Step 1 : the closest customer of the depot v is selected as the �rst gene of

the o�spring.
Step 2: a customer w, neighbor of v, with the lowest number of neighbors, is

inserted in the chromosome, since it has not yet been selected.
Step 3: v := w

Step 4: go to Step 2 until all customers are inserted in the chromosome.



If there is not a customer which is neighboring the last customer inserted (v)
and that has not yet been inserted in the chromosome, then the closest customer
of v (not inserted yet) is selected.

We use the same criterion described in Subsection 3.1 to select the vehicles
which will serve the routes in the o�spring, which may be composed of petals or
arti�cial petals.

The chromosome evaluation is based on the cost of the set of associated
routes, where each route is considered a TSP and is solved through heuristic
GENIUS [4].

3.5 Migration of Chromosomes and Termination

The strategy adopted in this algorithm, consists of associating to each task mi

(main module), which takes part of the parallel genetic algorithm of the island
model, a task qi. A task qi, for 1 � i � n, where n is the number of processors,
communicate only by message-passing.

A task qi is activated by the associated task mi in the following cases:

{ When the renewal tax is less than 5 per cent (tax of replacement of parents
by o�spring's), triggering the migration of individuals.

{ When the task mi is capable of �nishing, initiating the termination of the
algorithm.

In the �rst case, qi executes a broadcast of requests so that all tasks qi
send their best solutions to it. When this occurs, a new population is generated
based on the best chromosome received. Thus, a \window" is opened in this
best chromosome in a random position and pairs of genes are switched in this
window. For example, consider the chromosome f1; 3; 5; 7; 2; 6; 4; 8; 9g and the
windows: f1;3;5; 7; 2; 6; 4; 8; 9g; f1; 3;5;7;2; 6; 4; 8; 9g; f1; 3; 5; 7; 2; 6;4;8;9g.

After swapping some genes in these windows, we could obtain the chromo-
somes: f3;1;5; 7; 2; 6; 4; 8; 9g; f1; 3;2;7;5; 6; 4; 8; 9g; f1; 3; 5; 7; 2; 6;4;9;8g.

The vehicles which will serve the routes of these new chromosomes will be
chosen using the criterion described in Subsection 3.1.

After y migrations (y is an entry parameter),mi becomes capable of �nishing
its execution and consequently it activates qi, which keeps an array of n elements
representing the state of the system. Each position i of the array of state may
assume values true or false, indicating that the process mi is capable of �nishing
or not. When qi is activated, it updates the position i in the array of state with
true and initiates a broadcast so that the other arrays represent the current state
of the system. This strategy of termination is based on a simpli�cation of the
algorithm for detection of stable conjunctive predicate presented in [3]. A taskmi

will continue its execution, even when capable of �nishing, until all processes are
able to �nish. This prevents a processor from being idle while other processors
remain executing and still allows the improvement of the optimal solution while
the application does not �nish. When all elements of the array of state are true,
termination is detected by qi and mi is informed to �nish its execution.



A task mi, at each generation of the genetic algorithm, informs to qi the
optimal solution so far.

The strategy described above allows that the process which is responsible for
the genetic algorithm execution does not remain occupied with the communica-
tion required by migration of individuals, and termination of the parallel genetic
algorithm, simplifying its design and implementation.

4 Partial Experimental Results

Our experiments were run on a heterogeneous cluster of 4 workstations (RS/6000
with di�erent clock speeds) using the programming language C andMPI (Message-
Passing Interface) for parallelism [9].

Although the Vehicle Routing Problem with Heterogeneous Fleet is a major
optimization problem, it has not attracted much attention due to the fact that
it is very di�cult to solve [16]. Thus in order to analyze it, we used the results
presented by Taillard and the results presented by its sequential version (PeGA)
[17].
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Fig. 4. Data for VRP with Heterogeneous Fleet

Our algorithm was analyzed with the values presented in the table of Figure
4. This table provides information about the problem number (as in Golden et
al [7]), number of customers (n), vehicle capacities (Q) and their �xed costs (f).
An average of results is shown in Figure 5. It presents eight problems where for
each of them 10 instances were run. The parameters used were the following:
number of parents for reproduction = 4; window size = number of customer /
10; number of pairs of genes swapped in the window = number of customers /
25; population size = 2 � number of customers; number of migrations = 10.

Figure 5 shows that PGA-PED achieved the best results for the problems 13
and 14, nearly identical results to the Taillard in problems 15, 16, 17, 18 and 20,
and presented worst result for the problem 19.
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Fig. 6. Experimental Results: PGA-PeD x PeGA

Figure 6 shows that PGA-PED achieved nearly identical results to the se-
quential version in all problems.

5 Concluding Remarks

Our results so far show some advantages for PGA-PED when compared to the
algorithms presented by Taillard.

Experimental tests will continue and time analysis will be conducted on the
parallel computer IBM SP/2 in order to evaluate the new criteria of migration
and termination proposed. We will also conduct deeper analysis for optimization



of the parameters presented in the section above.
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