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Abstract: This paper proposes an approach which is based on a
multi objective genetic algorithm to resolve the vehicles routing
problem with time windows (VRPTW). The context of this
problem is to plan a set of routes to serve heterogeneous demands
respecting several constraints (only one depot, vehicles limited
capacity, windows of time). We used an approach based on a
multi-objective optimization to resolve this problem. The criteria
to be optimized are the number of used vehicles and the total
required distance. We propose a method of resolution which is
based on a hybridization of a genetic algorithm NSGAII (Not
dominated Sorting Genetic Algorithm 11) and the BCRC
algorithm (Best Cost Route Crossover).

Keywords: Vehicles Routing Problem, VRPTW, Optimization,
BCRC, NSGAII.

. Introduction

Our work concerns the optimization of the logistics of the
transport which occupies a strategic importance for the
modern companies of transport considering its economic
interests. Different research works dealt with these themes
using several approaches and optimization methods. We cite
as examples: Zidi et al. [1], Raddaoui et al. [2] and Mnasri et
al. [3]. We are interested in particular in the resolution of the
vehicles routing problem with time windows (VRPTW). Our
approach is based on the application of a genetic algorithm
(NSGAII). Our contribution will be the hybridization of this
algorithm on the crossing level. This approach is articulated
around two great parts: The first part is interested in the
application of the NSGAII to solve the VRPTW. The second
part is related to the hybridization of the NSGAII with the
BCRC algorithm. We finish this work by comparing our
approach to other already existing approaches using the
benchmarks of Solomon [4] on the different classes of the
VRPTW.

Il. State of the Art

The application of the vehicles routing problems is related to
several fields such as the collection and the distribution of

goods. More specifically, the vehicles routing problem,
according to Laporte [5] consist in the search of an optimal
set of routes to serve a set of clients which are geographically
dispersed and subjected to several constraints. Usually,
vehicles have a limited capacity and customers have a known
in advance request. Each vehicle starts from a special node
called depot, it serves a set of customers and finishes its route
in the depot, respecting the constraint indicating that the sum
of the requests of the customers does not exceed its own
capacity. The vehicles routing problem is a class of the
operational research and the combinative optimization
problems Savelsbergh [6].

In reality, customers are often characterized not only by
their requests, but also, by the periods of service where each
customer must be visited during a well defined window of time.
Then, the studied problem can be defined as follows: a set of
requests must be delivered by one or more vehicles of known
capacity respecting a set of constraints. Each client can be
served only during a specified time period. The goal is to
establish routes in order to optimize one or more criteria.

These criteria can be related to the total traversed distance,
the total required time, the number of used vehicles... etc.
These problems have a combinatorial aspect and many
applications related to the logistics of distribution. To solve
the problem described above, we propose to use genetic
algorithms.

The vehicle routing problem was introduced for the first
time by Dantzig et al. [7] under the name of <« Truck
Dispatching Problem >» Indeed, It deals about the design of the
optimal roads using a fleet of vehicles, based in one or more
deposits, to serve a set of clients (or cities) that are
geographically dispersed and having a limited and known
requests.

Because of its widespread use in practice, the VRPTW has
been the subject of several research works. Thus, the works of
Desrochers et al. [8], Desrochers et al. [9] and Solomon [4]
provides the following classification to solve this problem
using different approaches, this classification was also
described by Badeau et al. [10]:

- Exact algorithms: Works of Kolen et al. [11] and those of
Desrochers [12].
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- Road Construction heuristics: Works of Solomon [4], Potvin
et al. [13], and Russell [14].

- Road improvement heuristics: Work of Baker et al. [15],
Potvin et al. [13], Solomon [4], and Thompson and
Psaraftis [16].

- Two phases methods which includes the construction method
and the improvement method, subject of the works of
Kontoravdis and Bard [17] and Russell [14].

- Metaheuristics: such as the tabu research (works of
Thompson and Psaraftis [16], Taillard and Rochat [18]),
the simulated annealing (works of Chiang and Russell [19]),
genetic algorithms (works of Blanton and Wainwright [20],
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Potvin and Bengio [21], and Thangiah [22]) and hybrid
genetic algorithms (Thangiah et al [23]).

However, the works of Br&ysy and Gendreau [24] shows
that although this diversity of the resolution methods, genetic
algorithms and tabu search remains the methods giving the
most competitive results. According to them, the most
important research works treating the VRPTW using genetic
algorithms are:

Table 1. Research works treating the VRPTW based on genetic algorithms

Author Initial Population Crossover Mutation
. Uniform order-based to Or-opt, 2-opt,
Homberger and Gehring Stochastic savings heuristic ~ create  sequence  for A-interchanges, special

[25]

Solomon’s insertion,
A-interchange, random
Random ordering
Construction heuristics
combined with 2-opt, 3-opt,
and Or-opt

Tan et al. [26]
Tan et al. [27]

Le Bouthillier
Crainic [28]

and

Jung and Moon [29] Solomon’s insertion

controlling Or-opt Or-opt for route elimination

PMX Random swap of nodes

One-point -

Order (OX) and edge

recombination (ER) 2-0pt, 3-opt, and Or-opt

Selecting arcs based on 20
image of a solution and
nearest neighbor rule

2-opt, Or-opt, relocation and
splitting of routes

I11. Mathematical Modeling

We formulate the VRPTW according to the model of
operational research of Solomon [4]. This formula translates
the natural modeling of the problem by defining a binary

variable Xi'; equal to 1 if the vehicle K traverses the arc of
the graph (V;,V;) , 0 else; simply noted (i, j).

The transport problems are modeled by a graph G = (V, E)
where V = {V, V, } is a set of nodes modeling the cities (or
customers) and E = {(V;,V;): isj: V;,V; eV} is a set of arcs
connecting the cities. The decision variable of the problem is:
Xilj = 1if (i, j) is traversed by the vehicle K, 0 else.

Thus, as a problem of optimization, we propose the following
formulation of the VRPTW; this formulation is inspired from
the formulation of Dridi [30].

A. Obijective Functions

Objectives to optimize are the minimization of the used
vehicles number and the minimization of the total distance of
the routes. Generally, these two goals are conflictual, but we
will try to have an optimal compromise between the number of
vehicles and the total distance of the routes.

F1: Cost(X) = Minimizeznlznlzm:qj X;

i=1 j=1 k=1

1)

... v
F2: Number of vehicles(X) = Mm'mlzez Z Xo,j

vV j»C

)
Other objectives can be considered as perspectives:

- Minimizing the total duration of the routes, the total cost of
the routes (taking into account the vehicles costs, drivers’
Ccosts ...).

- Minimizing the penalties related to the violation of some
constraints, particularly the time windows ones.

- Considering the quality of service as a criterion to satisfy.

B. Constraints

We use the following notations:
- n=number of nodes,
- m = number of vehicles,
- D = capacity of a vehicle,
- T =maximum allowed time for the k™ vehicle route,
- di = demand of the node i,
-tk = necessary time taken by the vehicle k to load or
unload demands,
-t = necessary time taken by the vehicle k to travel
from the summit i to j,
- Cij = cost or distance to travel from the summit i to j,
- XN {Oif the vehicle k travels from node i to j.
0 otherwise.
- [ai, bi]: defines the time window.
- Si instant when the vehicle k begins serving the
customer.

The following constraints are related to the function F1:
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The following constraint is related to the function F2:
2 D % <25 (12)

vV j»C

The equations (3) and (4) ensure that each node is served
only once by only one vehicle. The equation (5) ensures the
continuity of a route traversed by a vehicle: the visited node
must imperatively be left. The equation (6) ensures the respect
of the total duration of a route. The equation (7) ensures the
respect of the vehicles capacity. The equations (8) and (9)
ensure that a vehicle leaves the depot and returns to it only
once. The equations (10) and (11) ensure the respect of the
temporal constraints. The equation (12) ensures the respect of
a maximum number of vehicles.

IV. Basic Algorithms

A. NSGA 1l

According to Deb et al. [31], the NSGA-II is a new version of
NSGA which is based on a classification of the individuals
into different levels. It comprises the following phases:

1) Phase 0: Initialization:
It consists in generating the initial population in a random way.

2) Phase 1: Classification of the individuals according
to the principle of the Non Dominance of Pareto:

According to Deb et al. [31], it consists initially, before
passing at the stage of the selection, to “assign to each
individual population a rank” (using the Pareto ranking). All
the non-dominated individuals of the same rank are classified
in a category; we affect to it an efficiency which is inversely
proportional to the Pareto rank of the considered category. The
pseudo code of this classification procedure is represented in
the algorithm below (figure 2). Figure 1 shows an example of a
Pareto fronts classification. Frontl contains a set of solutions
which are dominated by the Front2 points. The algorithm in
Figure 2, inspired from Ghali [32] works, explains this phase.

Fitness F2
N P12
P6,
i P11
PS5 P10
P9
P38 p7
Pa Front2
P3| P2 P1
Front1
Fitness F1

Figure 1. Classification of the individuals into several
categories based on the Pareto rank

Beginning
P = population () /* the whole set of the population */
i=1 /*iisthe Pareto front counter, initialized to 1 */

Repeat until P = an empty set
Fi = seek-indiv-non-dominated(P) /* Finding F, the set of the
non-dominated individuals corresponding to the Pareto fronti */
P=P\Fi /*Remove the non dominated individuals from the
global population P */
i=i+1 /*Incrementing the front counter */
End Repeat
End

Figure 2. Algorithm of classification of the individuals

3) Phase 2: Diversity preservation using the Crowding
Distance technique:
According to Deb et al. [31], the NSGAII algorithm uses the
technique of crowding distance to maintain the diversity of
solutions on the Pareto front. This procedure is applied to the
last Pareto front to complete the size of the parent population
for the next generation.

4) Phase 3: Individuals selection according to the
crowded comparison operator:
The crowded comparison operator guides the selection
process with the uniform distribution of Pareto solutions. Each
individual in the population has two attributes:
* The non-domination rank (irank).
* The crowding distance (idistance)-
Having two individuals i and j: (i <n j if irank < jrank ) oOr
(irank = jrank) and (i distance™ jdistance): When comparing two
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non-dominated solutions from two Pareto fronts, it is preferred
to select the solution belonging to the Pareto front of the
lowest order. If the two solutions belong to the same Pareto
front, we choose the solution having the greater crowding
distance.

5) Phase 4: OX Crossing:
According to Haj-Rashid et al. [33], we chooses two random
crossing points. The child inherits elements located between
the two crossover points of the first parent. These elements
occupy the same positions, and appear in the same order in the
child.

Pll
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Figure 3. The OX crossing Hlustration

6) Phase 5: Mutation:
Usual mutation by inversion of the positions. The following
example illustrates the mutation by inversion:

001101 ————— > 001100

7) Phase 6: determining a stopping criterion:
According to Ghali [32], this criterion ensures the
convergence and can be a time limit (not to exceed), a
maximum number of generations, or a combination of the two
previous criteria.

B. BCRC

To carry out the crossover, we apply the Best Cost Route
Crossover operator "BCRC" proposed by Ombuki and al.
[34]. The BCRC is the most efficient operator for a fast
convergence towards the optimum. Thus, we propose an
hybridization of the NSGAII algorithm with the BCRC. The
BCRC algorithm is detailed in Figure 4.

Size & constant ;
P1 < choose_parent(Size) ;
P2 < choose_parent(Size) ;

RP1 < decompose_into_routes(P1) ;
RP2 < decompose_into_routes(P2) ;

t P1 < choose_route(P1) ;
t P2 & choose_route(P2) ;

remove_cities(RP1,t_P2) ;
remove_cities(RP2,t_P1);

insert (t_P2, RP1) ;
insert (t P1, RP2) ;
Figure 4. Algorithm of the BCRC operator
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V. A BCRC-NSGAII Algorithm to resolve the
VRPTW

The general principle of the used genetic algorithm is
represented in the Figure 5 below.

Coding

Initialization

Ewvaluation: Fitness calculating -

Sorting accord.ing to the non
dominance of pareto

Selection : Elitism

BCRC Crossing

Mutation

Convergence
| yes

Stop

Figure 5. The BCRC-NSGAII algorithm

A. Representing a chromosome

A coding (or a representation) of an individual must include
the basic characteristics of the problem, it must also be easy to
handle by the operators of variation to allow an easy
transformation on the search space and to generate, if possible,
acceptable solutions. Thus, a good encoding must:

- Facilitate the definition and the application of the variation
operators (genetic transformations: mutation, crossover ...) to
properly cover the individuals space.

- Be in conformity with the addressed problem and must be
simple in its construction and provide a simple and an effective
transition to the search space (and vice versa).

The following chromosome (Figure 6) represents a possible
solution for the CVRPTW with 9 cities. It presents the number
of visited cities. Each sequence Ti is a route. Routes are
separated by the depot which has the index 0.

o Is [1 2 a Jo [3 s |6 |7 ]9 Jo |

T ' Z

Figure 6. Representation of a chromosome

B. Generation of the initial population

In the NSGAII algorithm, an initial population P is
generated in a random way and has a size N.
C. Obijective functions

We have two objective functions to be minimized:
- The function of the Euclidean cost of the visited cities:

Minimizeiiiqj&‘;

i=1 j=1 k=1

F1 =

- And the function of minimizing the number of vehicles:
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Minimize )" > x ;

vV j—>C

F2 =

D. The crossing operator BCRC

To carry out the crossover, we apply the Best Cost Route
Crossover operator "BCRC" proposed by Ombuki et al. [34].
According to them, this type of crossing is efficient in
resolving the VRPTW. It is the most efficient operator for a
fast convergence towards the optimum. Thus, we propose a
hybridization of the NSGAII algorithm with the BCRC. The
BCRC algorithm is detailed in Figure 8. Figure 7 shows two
examples of vehicles routing. Figure 8 shows the application
of the BCRC operator on the two previous examples.

E. Mutation operator

While executing the evolution process, mutation performs a
larger exploration of the search space, to avoid any premature
convergence or disappearance of diversity while bringing
innovation to the population. The usual mutation is carried out
by reversing the position of two genes.

F. Stopping criterion

The stopping criterion is the maximum number of generations.
We take the value 350 as a stopping criterion to be able to
compare our works with those of Ombuki et al. [34].
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Figure 7. Examples of vehicles routing
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Figure 8. Crossing BCRC (inspired from Ombuki et al. [34])

VI. Implementation and obtained results

A. Working environment

The application that we have implemented is performed on a
laptop Intel Core 2 Duo, processor of 2.00 GHz. We use the
Java language and the XML.

B. Parameters of the algorithm

We use the same parameters taken by Ombuki et al. [34]
which are:

- Number of cities = 100.

- Maximum number of generation = 350.

- Number of individuals per generation = 300.

- Probability of mutation = 0.1.

- Probability of crossover = 0.8.

- Number of constraints = 03 (only one depot, the time window
and the limited capacity).

C. Used benchmarks

The instances of Solomon [4] are the benchmarks of reference
for the VRPTW, which constitutes, according to Br&ysy and
Gendreau [24], an efficient mean to compare the different
methods solving this problem (see table 2).
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Table 2. Characteristics of the used instances.
Vehicles ?';t?;f Service Time
. capacity patia duration  Window
3 repartition
(6]
41 8 =
o o el
g & 3 & B Sr £y
2 2 § 35 28 &8&5 &5
R1 12 < < < <
R2 11 x x < P
C1 9 x x x x
Cc2 8 x x x x
RC
8 < < < < <
1
RC
8 < < < < <
2

D. Comparing our results with those of Ombuki et al. [34]

In the table 3, we compare our results with the AG-BCRC
approach of Ombuki et al. [34].

Table 3. Comparing our results with the AG-BCRC results.

AG and BCRC BCRC-NSGAII

Vehicles Distance Vehicles Distance

number number
rRio1 |19 1690.2 | 16 1532.1
R102 |18 15137 | 15 1519,8
R103 |14 12370 |14 1551.8
R10a | 10 1020.8 | 10 1550.3
R105 | 15 14151 |13 1391.2
Ri06 |13 1254.22 |12 1507 .0
r1o7 |11 11005 |9 1552.3
r1os |10 975.34 | 10 1520.93
R109 |12 1169.8 | 10 1541,10
r110 |11 11122 |10 144583
r111 |11 1084.7 |10 1041,1
R112 |10 976.99 |9 1066.62

Figure 9 compares our results with those obtained by the
AG-BCRC according to the vehicles number.

Figure 10 compares our results with those obtained by the
AG-BCRC according to the distance.
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To compare our approach with the approach of Ombuki et
al. [34], we use the same parameters of the algorithm. We
obtain the following results: Our approach gives better results
for the first objective with a rate of 75%. Whereas results are
equivalent for 25% of the instances. These results show that
our approach is competitive for the optimization of the number
of vehicles. Our approach aims at finding a compromise
between the two objectives.

20
15 -
101 BAG-BCRC
| B BCRC-NSGAI
0 _

S N M SN W~ 00 AN

[ N o T o A o T o O o R o T o O o O B |

= =1 1 4 4 4 4 4 A A = =

0@ oowowee©:X: owoeweoeoeox

Figure 9. Comparison of our results with the AG-BCRC
method according to the number of vehicles.

BAG-BCRC
B BCRC-NSGAII

Figure 10. Comparison of our results with the AG-BCRC
method according to the distance.

E. Comparing our results with the best results

Table 4 shows a comparison of our results with the best known
ones for the Solomon instances. Figure 11 and Figure 12
compare our results with the best obtained results, respectively
according to the distance and the number of vehicles.
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Table 4. Comparison of our results with the best known results of the Solomon instances.
R101 RI102 R103 R104 R105 R106 R107 R108 R109 R110 R111 R112
BCRC-
NSGA 18 17 13 9 14 12 10 9 11 10 10 9
g5 0
E-E Best
S S known 16 15 14 10 13 12 9 10 10 10 10 9
> Z  results
BCRC-
NSGA 1532, 1519,8 1551,8 1550,3 1391,2 1507,0 1552,3 1520,9 1541 1 14458 1041, 1066,6
© T 1 8 1 8 1 7 8 3 ' 3 1 2
g
C
8 Best 1611 14861  1292.6 1007,2 1377,1 12519 1104,6 1194,7 11185 1096,
2  known 2 8 960,88 982,14
o 4 1 8 6 3 9 7
results
= ° 5 O - — 29 3
2 o8 £ O T ‘e 8- mg£3T S @ =
Used algorithm & . 8Z 5% < £ 35 228 235 228 S5EQEsI- LB 3 o
; a ScpRcc g L = 2= s~ BT 2E—"cCc g0 wor-— <
to obtain the 0O gskie § ES= 253 g8—- 253 £5_§5cz g - =
best known > B8RS & S5 €08 863 £28 258E0g3_s80: =x_ 23
S E e 8@ T S co E-Em c S o E'Ew ‘U“’“".ESDC mgm o O =
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Figure 11. Comparison of our results with the best known
results according to the distance.

Results shows that our approach provides competitive results
compared to the ant colony algorithm for the instances R101
and R111 in terms of minimizing the number of vehicles and
the total traveled distance.

Similarly, the hybridization (BCRC-NSGAII) gives
competitive results and provides better results than the method
of Taillard and Rochat [18] for the instances R102. Our
approach is also better than the hybridization of the
programming by constraint and the local search (for the
instances R105 and R107).

Figure 12. Comparison of our results with the best known
results according to the number of vehicles

Also the strategy of multi-parametric evolution proposed by
Mester et al. [37],, gives an optimal number of vehicles.
Concerning the total traveled distance, our approach did not
reach the optimal value (for the instances R104, R106 and
R110). We can also note that the hybridization of the
simulated annealing with the local search (R103) and the
parallel hybrid genetic algorithms (R108) give better results
than the hybridization of the NSGAII with the BCRC.

Our approach gives an optimal value for the first objective
function, with a rate of 75%, which shows that our approach is
competitive for minimizing the number of vehicles. Whereas it
succeeds in minimizing the total traversed distance only for
two instances (R101 and R111).

F. Comparison of the average for the class R1
The following table (table 5) presents a comparison of the
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average for the class RI.

Table 5. Average of the vehicles number and the total travelled

distance.

Best AG and BCRC BCRC-

results Hybridization NSGAII
Vehicles

11,83 12,83 11,50
Number
Total
) 1206,98 121258 1435,03
Distance

Indeed, the hybridization BCRC-NSGAII minimizes the first
objective (the number of used vehicles) while it does not gives
the best results for the second objective (the total traversed
distance). We conclude that our approach is more adapted to
the problems aiming to optimize the number of vehicles.

VI1I. Conclusion

In this paper we presented our approach which consists in

applying the BCRC-NSGAII algorithm to resolve the VRPTW.

Obtained results show that our method was able to give best
results for the first objective (the vehicles number) but not for
the second objective (the total traversed distance).
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