
A fast approximate approach for the Vehicle
Routing Problem

Marta Vallejo
Heriot-Watt University

Edinburgh, UK
Email: mv59@hw.ac.uk

Patricia A. Vargas
Heriot-Watt University

Edinburgh, UK
Email: P.A.Vargas@hw.ac.uk

David W. Corne
Heriot-Watt University

Edinburgh, UK
Email: D.W.Corne@hw.ac.uk

Abstract—In this paper we introduce a three-step heuristic for
a complex version of Vehicle Routing Problem. Vehicle Routing
Problem is focus on the desig of optimal delivering routes. A
new memory-based approach is developed in order to gather
a high value experience to predict the best routes in advance.
A clustering representation is proposed to allow the system to
achieve a simplified abstraction of the model to make use of the
pre-existing knowledge to solve more efficiently real instances
of the problem. With these elements a new approximate fast
approach is developed. The process transforms the VRP into a set
of more simple Travelling Salesman Problems which are easier
to solve. A comparison between the results achieved and the
application of a genetic algorithm technique is performed. The
fulfilled results demonstrate a remarkable improvement in terms
of performance and time consuming in relation with previous
approximate approaches.

I. INTRODUCTION

Vehicle Routing Problem (VRP) is the name given to a com-
plete class of delivering problems involving the geographical
supply of goods to customers using vehicles. The VRP was
introduced by Dantzig and Ramser [1] in 1959 with the name
of ’The Trunk Dispatching Problem’. In this fifty years it has
become one of the most widely well-know and well-studied
combinatorial optimization problems. Logistic, transportation
and distribution of goods are burning areas of business activity
in our society. Most part of the current economy is based on
the exchange of products. This interest has emerged due to
the intense applicability and relevance in different sectors and
domains and also because its considerable difficulty.

VRP is one of the most important and difficult COP
problems and its study in the last fifty years has led to the
development and improvement of a huge portfolio of multiple
search strategies, encompassing exacts methods, heuristics and
metaheuristics. Combinatorial optimization problems (COP)
consist of the mathematical study of finding a minimal order
of discrete objects normally finite in number [2]. COPs are
characterised for having discrete decision variables and an
objective function and constraints that can take any form [3].

The paper is organised as follows: in a first section some
varians of VRP are introduced. In the section 2 we propose and
describe a new innovative fast approximate heuristic. In the
next section computational results comparing the performance
of GA with the approach developed are presented and finally,
in the last section we draw some conclusions and discuss
further research.

II. CLASSICAL FORMULATION

The classical VRP is formulated as an undirected and
complete graph G = (V,A), where V = {0, ..., n} is the
vertex set. 0 represents the depot where the fleet of m vehicles
with the same capacity Q is located. The remaining vertices
of V correspond to the geographically scattered customers.
Each customer Vi has a non-negative demand of products
qi < Q. Moreover A = {(vi, vj) : vi, vj ∈ V, i 6= j}
is the arc set of the graph. Along with A is associated a
non-negative cost matrix matrix(Cij) that shows the cost
or the time to go from i to j. If the cost values satisfy
Cij = Cji for any i, j ∈ V , then the problem is said to be
a symmetric VRP, otherwise, it is called an asymmetric VRP.
For practical purposes, the cost matrix satisfies sometimes the
triangle inequality Cik + Ckj ≤ Cij [4].

The goal of the standard VRP is defined as the process
of finding a set of minimum-cost vehicle routes for a feet of
vehicles which have to deliver a number of orders in a set
of locations. The classical version of the problem takes the
following constraints into consideration [1]:

• The vehicles depart and arrive at a single depot.
• The fleet of vehicles is assumed to be homogeneous with

a certain capacity Q.
• The number of vehicles is known in advance.
• The quantity demanded in each stop is determined pre-

viously.
• The sum of the demands of the customers visited within

a route does not exceed the total vehicle capacity Q. A
capacity constraint can be defined in terms of weight,
volume or maximum distance which limits the number of
nodes visited in one route. This variant is as well known
as Capacited-constraint VRP (CVRP).

• Each customer, represented by the vertex j ∈ V \ {0} is
visited by exactly one vehicle, only one time.

From this classical definition the problem domain was
evolving in different streams to adequate to a more realis-
tic model that includes advanced properties and constraints
according to diverse and customised real-life requirements.
Nowadays, there exists multiple variants of the VRP. The data
gathered in the taxonomy designed by Eksiouglu in 2009 [5]
shows the huge amount of different scenarios in which the
VRP can be subdivided.



A. Advanced Models

The aforementioned classical approach of the VRP is rather
far from real-life demands of the sector. More complex vari-
ants denoted by rich VRP closer to the real world scenario
have devoted a lot of attention.

For instance, the VRP with time window (VRPTW) is based
on the capacited VRP where each customer has to be delivered
within a fixed interval of time or time window (TW). The
treatment of the TW can be carried out in two different ways:
a hard approach where it is permitted to wait until the TW is
opened but in turns, it is not allowed to arrive late and a soft
approach in which the TW violations are contemplated but at
the expense of penalty costs. [6].

The multi-depot VRP (MVRP) extends from CVRP adding
the multi-depot feature where multiple fleets are distributed
into the depots [7]. This model tries to minimise the warehous-
ing and transportation costs, assigning the best warehouse to
each set of customers in a route. It can vary as well the number
of vehicles that each depot can store but each of them starts
and finishes at the same assigned terminal.

In the heterogeneous fleet VRP (HFVRP) the finite set of
vehicles have a non-uniform set of properties in terms of
weight, size or volume. This variant can better suit customer
needs in the case of perishable goods [8].

The multi-trip VRP (MTVRP) is based in the assumption
of each vehicle can be used in more than one route during a
working day. The idea of using the fleet in only one trip per
day is very limited and it makes an inefficient use of resources.

We consider the vehicle routing problem VRP with time
window, multiple depots, heterogeneous fleet and multi-trip
as a point of departure for the development of our fast
approximate heuristic.

B. Approaches applied to VRP

In terms of complexity, VRP with side-constraints is a kind
of NP-hard combinatorial problems. Successful studies about
the applicability of exact algorithms were able to manage
properly a limited number of customers in a reasonable com-
putational time. More concretely, the range of results covers
from up to 50 customers accomplished by Laporte [9] with a
Branch-and-Cut in 1994 to up to 100 reached by Fisher [10]
with an asymmetric Branch-and-Bound.

Metaheuristics are powerful algorithms that have been
applied with success to VRP. They are more flexible and
capable of tacking with larger problems and more realistic
constraints. According to Laporte 2007 [11] the three ap-
proaches that achieve the best results are different versions of
Tabu Search, genetic searches like Ant Colony Optimization
and an hybridization of these two methods, the Memetic
algorithm. There are as well attempts to merge these two
main streams, combining heuristics and exact methods, what
is called hybridization [12]–[14].

The problem of the complexity is as well presented in
rich VRP scenarios. Savelsbergh [15] demonstrated that if
VRP is NP-hard, consequently the VRPTW is NP-hard too.
This assumption can be transferred to the rest of rich VRP

paradigms. For more information about complexity in VRP it
can be referred to Garey [16].

Further information about VRP please refer to the surveys
of Toth and Vigo 2002 [17] and Laporte & Novert 1987 [18]
for exact methods, Gendreau for a Metaheuristic survey [19]
Golden, Bräysy 2002 [20] for rich VRP and Raghavan and
Wasil 2008 [21] for latest tendencies and challenges.

III. PROPOSED SOLUTION

The proposed approach is based on the assumption that the
knowledge within highly convenient solutions shares some
common characteristics. The idea is to generate a massive
pool of pre-processed high quality VRP solutions and use this
knowledge to save time in the construction of new routes.

Once this knowledge is collected, the system should be able
to calculate the degree of similarity between a real instance and
the pool of stored solutions and use the knowledge gathered
to solve faster a new solution.

It is important that this pool of solutions is an homogeneous
representation of the search space. If this criterium is not met a
subset of high quality solutions could be obviated. However,
performing an effective coverage of the search space is not
achieved easily. The number of possible degrees of freedom
of a particular VRP with time windows, heterogeneous fleet,
multiple depots and multiple-trips is massive. The size of the
search space depends on:

• A random number of customers, each of those are placed
in a random position within the area of dispatch.

• Each customer has a non-predefined order size and a ran-
dom time window located between the defined working
period which can be also configured.

• A variable number of depots. Each depot could store a
different number of vehicles each of those with different
capacities or properties. The fleet distribution is not
known in advance.

This massive quantity of possible variables make the num-
ber of instances needed to cover exhaustively the search space
unmanageable. It is necessary to define a simplified process
that discerns only the most generic and useful knowledge.
However, performing a process of abstraction for a rich
VRP with multiple depots, time windows, multiple-trips and
different capability is not straightforward. The crucial point is
to decide which part of the solution should be preserved and
which ignored. In this sense, the following assumptions were
made:

• The concept of customer is substituted by a more general
idea called cluster that is formed by a set of customers
who share a close time window and position. A route is
going to be defined by a set of clusters in spite of a set
of customers.

• The number of customers that compounds a cluster is not
relevant. Even if it is only one or a higher number, they
are close enough to assume that the cost of creating a
route that connects all of them does not have a crucial
impact on the final cost of the solution.



Fig. 1. Cluster Structure

• The time window is stored like a relative value. The real
value of the interval in which the customers should be
delivered is not important. The crucial issue is that if a
set of customers in a cluster have to be delivered in the
time t1, the following customers in the next cluster of the
route should be delivered in time t2.

• The model should cope with a fleet of vehicles of
unknown number and capacity.

IV. KNOWLEDGE-BASED GATHERING

A. Grid & Generation of initial data

The area where customers and depots are placed is repre-
sented by a two-dimensional lattice. Each customer and depot
receive a random position which generates an homogeneous
distribution. However, in real scenarios this distribution is not
homogeneous because of the intrinsic characteristics of the
population and the market sector like population density per
unit area, the buying power distribution or the proximity of
competitors.

A distance metric called Manhattan distance is used to
measure the distance between two point of the grid. The
Manhattan distance calculates the distance according to the
single measure along axes at right angles using the following
formula:

d =

n∑
i=1

| xi − yi |

where x = (x1, x2...xn) and y = (y1, y2...yn) are vectors in
a n-dimensional space. The metric was selected to reflect the
idea of no direct connection between customers in an urban
area.

The size of the grid is a crucial parameter for the model.
In the case of large extension grids and low number of
customers, the customer level of dispersion can be high enough
to substantially increase the cost of the routes.

Taking a determined instance of the VRP, the model gener-
ates a random set of customers, depots and vehicles as a point
of departure. If these elements were assigned randomly, the
quality of the performance achieved would be very poor and
totally unuseful.

B. Clustering Construction

A hierarchical cluster approach is used to conceptualise the
idea of groups of customers and to ease the future comparison
phase. To accomplish the clustering step, a two-phase heuristic
is applied:

• An bottom-up agglomerative double-phase where cus-
tomers are joined into clusters in two steps. The first

Fig. 2. Alignment Structure

phase is devoted to the grouping by time and the second
one by the proximity among customers.

• A subsequent top-down divisive phase where clusters can
be subdivided to hold the capacity constraints once the
real orders are known.

1) Clustering I: Agglomerative phase: In the first part of
the agglomerative phase, a set of slots of time is defined.
These slots divide the working day into periods. The number
of periods is configurable. Customers are classified into these
slots according to the moment in which each corresponding
time window is open.

In general, this parameter is conceived to be wider than
the real time window. Indeed, two customers can be joined
to the same slot of time even if they do not share the same
time window. However, both time windows should be close in
time. This property works as a control parameter to manage the
level of dispersion of the customers. It can cope with situations
where it is necessary to concentrate the nodes if the density
of the distribution is not high enough. This effect can occur
in grids of extensive size or when the number of customers is
reduced.

Once the entire set of customers is grouped according
to the time, a second cluster-phase is carried out dividing
the time-based clusters into smaller clusters according to a
distance criterion as it is shown in Figure 2. To decide if a
customer should be included into a given cluster, a closeness
threshold called radius is defined. The creation of the clusters
is performed by adding each customer to the first cluster whose
distance to the the centroid of the group is less than the radius.

The method allows the overlapping of radii of influence and
even whether a customer could belong to more than one cluster
it is only included in the first cluster that holds its condition.
Hence, the approach is dependable on the order in which the
customers are processed. When the process is finished, each
customer belongs exclusively to one single cluster and each
cluster belongs as well exclusively to an specific slot of time.

C. Definition of routes & its profitability
The solely definition of clusters is incomplete for the current

problem. Vehicles could store enough products to deliver to
more than one cluster in a single trip. If a vehicle can dispatch
to more than one cluster it forms a route. A route is defined by
the joint of clusters performed to deliver more efficietly. The
model can manage routes of one cluster to routes compound
by the maximum number of time slots defined in the system.

Route1 : Cluster1(t1)→ Cluster2(t1+1)→ Cluster3(t1+2)...

Independently of the depots, the profitability of a route de-
pends on the number of areas covered. The base penalisation
is the cost of delivering all the orders requested in a cluster



and it is shared by all clusters independently of its size. The
definition of this cost is based on the assumption that all
customers in a cluster are close enough in terms of position
and time that vehicles can dispatch them without travelling
long distances.

The next cost to take into account corresponds to the
distance travelled between clusters. This cost is defined by
the summation of the distances among the centroids of the
clusters inside the route. Covering both costs the penalisation
of a route can be defined:

cost(routei) =

n−1∑
k=1

cost(distance(Ck, Ck+1)) + costBase ∗ n

Where n is the number of clusters in the route.
When all routes are computed, the subset with a penalisation

inferior to a predefined threshold is stored in the pool.

Penalisation(route) ≤ Threshold

D. Depots Definition
The number and the position of each depot are often stable

and known in advance. However, to achieve the higher level
of independence from any specific scenario, the system only
memorises the summation of the distances among clusters and
obviates the part related to the depots. In a posterior phase,
when the depots are assigned, the cost of travel from the depot
to the first customer plus the cost of coming back from the
last customer to the same depot will be added to the cost of
each route.

Once the real depots have been defined and included into
the model, the system assigns to the pool of routes the depot
which minimises the total distance travelled from the centroid
of the first cluster and the centroid of the last cluster to the
depot. Afterwards, the penalisation of each route is updated
adding this new distance. The new resultant performance can
reject very promising routes candidates if they are far away
from the set of depots.

V. GENERATION OF REAL ROUTES

Once the system is trained enough, the following step is
to include into the model the real data and determine the
most efficient routes in a short period of time. The input
parameters of the problem are a set of customers and its
associated positions, size orders and time windows along with
the vehicles allocated into each depot.

A. Clustering I: Agglomerative phase
To take advantage of the knowledge stored in the pool

of solutions, the system should be able to compare the new
instance of the VRP with the information allocated in the pool.
In order to do that, a clustering phase should transform the real
instance into the same data structure of the pool.

The cluster methodology used is identical to the previous
phase where the capacity of each customer is ignored, what
means that violations in the capacity constraint of the vehicles
can occur. When this phase is finished, the real data is grouped
into simple routes. An additional clustering mechanism is
implemented to regulate the capacity constraint of the assigned
vehicle.

B. Clustering II: Divisive phase

In the first agglomerative phase clusters and routes are
created independently of the maximum storage capacity of
the vehicle required because the model cannot determine the
characteristics of the vehicle that is going to be assigned in the
future. It can occur that the total capacity needed to deliver
the orders of all members of a route cannot be satisfied by
any vehicles in the fleet. This situation is very likely if:

• The system manages a wide number of customers.
• The grid is small in size.
• Wide slots of time.
In the divisive phase, the size of clusters can be decreased

several times until the capacity of the route is adequate for at
least one member of the fleet.

C. Routes formed by a single cluster

According to the previous definition a cluster is a group
of customers that shares some proximity in terms of time
and distance. Routes formed with several clusters generally
implies more distance travelled and more energy consumed
than routes defined by only one cluster. Due to this fact the
model incentivises routes with short number of clusters, in
special the case of individual clusterings.

On the other hand, it can be possible to satisfy the capacity
constraint if the capacity of the assigned vehicle is much larger
than the sum of the capacities requested by the orders of a
route. This situation implies an inneficient uses of resources
and in the case of the existence of multiple routes with this
configuration the efficiency of the system can be dramatically
degradated.

To avoid this effect a threshold value is defined as a
percentage of the capacity of the vehicle that can be left unused
when the vehicle leaves the depot. This percentage is evaluated
and integrated like a new factor in the total penalisation of the
solution.

Another undesirable effect could occur if the time the
vehicle spends in delivering all customers in a cluster is more
than the duration of the time window of part of the customers.
This violation of the time window implies a consequent
penalisation. This effect can be the consequence of the use
of big capacity vehiclea or a high number of small customer’s
orders. In this case, the capacity constraint acts as a controller
of the violation of the time window.

The mechanism of processing the data starts with a first
phase where all the individual clusters are analysed sequen-
tially to check which of them hold the conditions to form an
individual route on their own. The remaining set of clusters
can be classified into two categories:

• Capacity of the custer << Capacities of all vehicles
stored in the nearest depot with availability for this slot of
time. In this case there is not further treatment for these
clusters.

• Capacity of the cluster > Capacity of all the vehicles
stored in the nearest depot with availability for this slot
of time. In this case the cluster should be subdivided.



Fig. 3. The division of a route

If one or more of these subclusters satisfy the capacity
condition of the vehicle, a route is created and the
corresponding subcluster and its vehicle are removed
from the structure.

At the end of the individual clustering processing the system
assures a cluster structure in which all the remain clusters not
transformed into a route have a total order size smaller than
the biggest capacity vehicle in the fleet.

D. Routes formed with more than one cluster

This module is in charge of the selection of the most
convenient consecutive clusters to form a route. The process
defines the parameter N as the number of clusters of the future
route. The system initialise N to 2 and posteriorly increases
the size in one until all routes are created or N is equal to the
number of time slots. The incremental approach is designed
to priorise the routes with low number of clusters. Randomly
the candidate route is formed adding clusters with consecutive
time slots. The order of the slots will determine the order of
delivery.

The next step consists of checking if this route is profitable
enough to be considered. To verify this issue, the base of
knowledge is used retrieving the high-quality routes formed
with the same number of clusters. Then, the centroids of the
clusters are compared with the routes memorised. The system
should conclude that the new route is similar enough to any of
the high quality routes if the distances of each centroid stored
compared to the corresponding centroid candidate is smaller
than the value of the parameter radius. If one route which these
characteristics is found, the penalisation associated with the
route in the pool is retrieved and compared to the maximum
penalisation allowed:

PenalisationMemory(route) < AllowedPenalisation

If this condition is as well met, the route is accepted. Apart
from the profitability, the system retrieves the best depot for
this route. In the case there are no available vehicles in this
given depot when the route is beying formed, the system will
choose another depot that could drop the level of convenience
of the route. At this point the constraint related to the vehicle
capacity is not tacked yet. Like in the case of one-cluster routes
there exists two different cases:

• The summation of the capacities of all customers in the
multiple clusters is smaller than the capacity of any of
the vehicles in the fleet allocated in the selected depot. If
the percentage of unused capacity of any of the available
vehicles stored in the closest depot with availability for
the same time window is less than the percentage defined
in the system, a route is formed.

• The summation is higher than all available vehicles. In
this case a new divisive mechanism is applied to them.

E. Constraint Relaxation

When the algorithm is applied, the number of routes created
covers about the 60% or 70% of the customers, remaining
the rest into the structure. Partially this effect is due to the
application of some parameters that are conceived for filtering
only the best solutions. These paramenters are:

• Penalisation threshold.
• Penalisation increment.
• Percentage of capacity unused in the vehicle.
While the algorithm progresses the number of customers to

be assigned into a route drops and the likelihood of contructing
profiterables routes also decreases. The present approach is
not aimed to achieve a very cost-expensive exact solution. In
contrast, it is mainly developed to find a rather good solution in
a very short period of time. The method selected to complete
the creation of routes consists of relaxing the constraints.
Every time that the system gets stuck an increment in the
values of these three parameters is performed.

However, if this incremental process is not stopped, the
performance can be degradated excesively. For this reason, a
maximal bound is defined and applied even if some customers
still remain in the cluster structure without being assigned. If
this fact is detected, a mechanism called remainder collector
comes into scene.

1) The remainder collector: Once the stop condition is
achieved and the system cannot generate more routes, it could
happen that part of the clusters continue in the structure. The
remainder collector is the module in charge of dealing with
the spare clusters. The conditions that can lead to this situation
are the followings:

• Only some of the slots of time are empty of clusters.
This fact limits the construction of new routes due to the
mandatory requirement that forces to construct the routes
with at least one cluster in each consecutive time slot.

• The non-empty slots have clusters of small size whose
orders do not require enough capacity to compound a
route on their own.

The remainder collector selects the clusters stored in the
non-empty slots of time. For each of them, a random selection
of the available vehicles is performed independently of the
number or the position of these clusters in the grid. This
vehicle collects all clusters while the capacity contraint of
the vehicle is not violated. When the limit is achieve another
vehicle is selected until the number of customers or vehicles
is zero. For each customer that cannot be served a penalisation
is added to the solution.

The level of dispersion generated by this mechanism can be
remarkable and consequently, the routes formed can be rather
inefficient in terms of distance travelled and unused capacity
of the vehicle.

• There is a bunch of clusters spreaded over all the grid,
no close from each other. The routes that can be formed
to link the nodes are quite expensive.

• The clusters have a scarce capacity request and vehicles
can travel with the container being almost empty.



• It is possible to find a scenario where in all or only part
of the time slots, the number of available vehicles is zero
and there are still customers pending to be served. In this
case a penalisation is added to the solution.

2) Final cluster management: After the entire process is
finished, the system has stored a set of groups of customers
that determines a final route with an associated vehicle. Each
of this groups conforms a Travelling Salesman Problem (TSP)
that should be solved.

The VRP generalises the TSP when m = 1 and Q = ∞,
but it is much more complicated to solve at the same size in
practise. TSP can be solved for hundreds or even thousands
of vertices by means of the advanced cut-and-price algorithm
of Applegate et al. in 2007 [22] whereas the best results for
VRP are clearly inferior.

In the present approach, to find a rather good solution in
a fast time is priorised over the quality of the solution. Due
to that, it is selected not to make any further treatment to the
data. This means that for each of this TSP a random solution
is built according to the order in which the customers have
been introduced into the cluster. The assumption is based on
the idea that due to the previous treatment of the data, the
customers are close enough to depreciate the cost of select
them randomly.

VI. COMPUTATIONAL RESULTS AND COMPARATIVE

A. Factors of the penalisation

As it is shown in previous sections, the penalisation is a
compendium of factors that has a significan effect in the final
configuration of the model. These factors are:

• Distance penalisation: The distance travelled by a vehi-
cle in a route. It is calculated using the distance between
all the nodes in the route. Value=0.04

• Vehicles used: The number of vehicles used. Value=0.4
• Waiting time: The amount of time that a vehicle should

wait until a time window is open. Value=0.01
• Time window violation: The amount of time that a time

window is violated. Value=0.04
• Capacity unused: The capacity unused in a vehicle when

leaves the depot. Value=0.3
• Customers no served: Number of customers that the

system cannot served due to a lack of available vehicles.
Value=1

The study of the results has been performed analysing
the behaviour of two main parameters: the penalisation and
the execution time. The results have been calculated for an
scenario defined by a grid 1000x1000 positions and a number
of slots equal to 5.

In the table 1 the results from the application of the GA
are shown. The results reflected the expected values. As the
number of customers increases, the number of generations
needed to converge grows as well. Furthermore, from 10,000
generations it can be observed that the rate of improvement is
rather poor.

TABLE I
GA RESULTS

Population P.Original(Mean) P.GA (Mean) P.GA Best Time
100 4116.324 3489.615 2859.896 4231.2
500 20747.936 19471.53 17532.376 18952.5
1000 38288.72 40419.652 37714.937 39251.9
1500 64013.726 61962.315 58702.289 436788.8
2000 849790.22 82721.814 80215.18 470054.0

Fig. 4. Time behaviour

TABLE II
CLUSTER-HEURISTIC PENALISATION VS GA HEURISTIC

Population Total Penal. GA Total Penal. New Improvement(%)
100 2859.896 2311.16 19.18%
1500 58702.289 34594.96 41.06%
2000 80215.18 44001.616 45.14%

TABLE III
CLUSTER-HEURISTIC TIME VS GA HEURISTIC

Population Running Time GA Running Time New Improvement(%)
100 4231.2 290.02 93.14%
1500 436788.8 636.24 99.85%
2000 470054.0 552.35 99.88%

Comparing the results with the approach developed, the
improvements in term of performance are noteworthy ranged
from a 20% for small number of nodes in the graph to more
than 40%. These goods results could be decreased if the
GA increases the number of generations. However, the values
are remarkably better when the computing time is measured
achieving an improvement of more than 90% for small number
of instances and more than 99% for 2000 customers.

VII. PARAMETER ANALYSIS

1) The number of vehicles used: It is influenced by:

• The maximization performed of the fleet capacity.
• The size of the clusters which is determined by two main

factors:
– The capacity of the vehicles in the fleet compared to

the size of the customer’s orders. In this approach



Fig. 5. Number of vehicles used-2000 Customers

Fig. 6. Distance Travelled-2000 Customers

this factor is independent of the amount of time
required to travel through all of them.

– The degree of dispersion of the customers in the grid.
In scenarios where the clusters are rather or high
populated this effect is not significant but in sparce
grids it is created a huge number of clusters with
almost no customers. In this case the formation of
routes is not easy.

It can be distinguished that there is a minimum peak in 300
customers. The trend starts with a high penalisation value and
decreases abruptly until the peak is reached, then there is a
slower increment.

2) Distance travelled: The distance describes clearly three
different areas:

• Area associated with small radius values in which the
value of the distance travelled is remarkably high.

• A valley where the value of the distance decreases until
it reaches an asymptotic minimum.

• With high radius values an drastic increment of the
penalisation is generated until a equilibrium is achieved.

3) Time Window (violation and waiting time): The graphs
related to these two factors present an inversely proportional
behaviour. According to the range of values showed in the
graphs, when the radius is smaller and the clusters tend to
be highly populated, the system describes low values in the
violation of the time window and high values in waiting time.
In contrast with bigger radius, the effect is the opposite, high
values in the violation of the time window and low values in
waiting time.

The explanation of this effect is that with high radius values
the customers in the clusters can be more remote and the time

Fig. 7. Violation of the Time Window-2000 Customers

Fig. 8. Time waited-2000 Customers

Fig. 9. Capacity unused-2000 Customers

that the vehicle has to spend in driving from one customer to
another increases. The time needed to deliver all the load is
higher and it is more probable that the last customers in the
trip could suffer from delays.

The unused capacity shares the same behaviour than the
number of vehicles. If the program uses less vehicles is
because the capacity is used more efficiently. Then these two
factors seem to be correlated.

4) Number of customers no served: The number of cus-
tomers not served is determined mainly by the amount of
vehicles and the storage capacity of each of them compared to
the number of customers and their size/weight of the orders.
Other secondary factor that models the behaviour of this
parameter is the accuracy achieved in filling in the container.

There are enough vehicles to serve all customers. However,
if the composed routes reach a determined level of ineffective-
ness, part of the customers can be left unserved. Consequently,
it can happend that depending on the case, the resources are
enough to cover the entire demand and in other cases not. It is
remarkable the existence of a maximum peak when the radius



Fig. 10. Total penalisation-2000 Customers

Fig. 11. Time-2000 Customers

is equal to 300 in both cases.
5) Total penalisation: It describes the same behaviour than

the distance penalisation. However, this effect is not arbitrary.
The weights associated with each factor give priority to it.
This assumption was defined in this way on purpose due to
the specific characteristics of the VRP in which the main goal
is to find the routes that minimised the distance travelled.

6) Time: A crucial factor to measure the success of the
present approach is the time behaviour. The behaviour of the
time in the system does not describe a exponential behaviour
in relation to the number of customers. The graph trend shows
that the system tends to stabilise in lower values of time when
the radius values are low.

For lower values the creation of clusters is rather compli-
cated because it requires instances highly populated to form
the clusters. If the density of the grid is not high enough and
the value of the radius is small, the system should deal with
the customers independently. The clustering technique does
not have any effect. That is why the system evolves to describe
an exponential behaviour in terms of computational time for
small values of the radius.

VIII. CONCLUSIONS

The three-phase heuristic designed and developed in the
present paper merges the use of memory-based approach with
clustering techniques in an innovative approach never used
before for Vehicle Routing Problem. A Genetic Algorithm
approach is used to compare the results achieved. The ex-
periments obtained a remarkable improvement form the GA
version in terms of quality of the solution and, above all,
in terms of computational time. The cases analysed show
improvements that are ranged from 20% to more than 40%

in terms of performance and from 90% to 99% in terms of
computational time.
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