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Abstract

In this study, three different algorithms are implemented to solve the
capacitated vehicle routing problem with and without time windows:
ant colony optimization, a genetic algorithm and a genetic algorithm
with self-organizing map. For the capacitated vehicle routing problem
the Augerat et al’s benchmark problems were used and for the capaci-
tated vehicle routing problem with time windows the Solomon’s
benchmark problems. All three algorithms were tuned over thirty
instances per problem with the tuners SPOT and ParamlILS. The tuning
results from all instances were combined to the final parameter values
and tested on a larger set of instances. The test results were used to
compare the algorithms and tuners against each other. The ant colony
optimization algorithm outperformed the other algorithms on both
problems when considering all instances. The genetic algorithm with
self-organizing map found more best known solutions than any other
algorithm when using parameters, on the capacitated vehicle routing
problem. The algorithms performed well and several new best known
results were discovered for the capacitated vehicle routing problem and
new best solutions found by heuristics were discovered for the 100
customer Solomon problems. When comparing the tuners they both
worked well and no clear winner emerged.

Keywords: Artificial Intelligence, Ant Colony Optimization, Genetic
Algorithm, Self-Organizing Map, Capacitated Vehicle Routing Problem,
Capacitated Vehicle Routing Problem with Time Windows, SPOT,
ParamlLS.
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Introduction

In this study three different algorithms, Ant Colony Optimization
(ACO), Genetic Algorithm (GA) and Genetic Algorithm with Self-
Organizing Map (GASOM) are implemented and used to solve the
capacitated vehicle routing problem and the capacitated vehicle routing
problem with soft and hard time windows (CVRP and CVRPTW). The
algorithms are tuned with tuning softwares on thirty instances per
problem and then tested on a larger set of instances. The algorithms
belong to the family of algorithms called Metaheuristic [1]. This means
that the algorithms use stochastic mechanisms that are iteratively trying
to improve the solution. They can search very large search spaces where
exact methods would require more time. The Metaheuristic may be fast
but the drawback is that there is no guarantee that an optimal solution
will ever be found, but for most situations a near-optimal solution is
sufficient.

Vehicle Routing Problem

The Vehicle Routing Problem is a logistical problem of distributing
packages from a depot to several customers using several vehicles. The
location of the depot and the customers are given. A solution consists of
several vehicles that together visit all customers exactly once and each
vehicle begins and ends at the depot. The objective is to find the shortest
solution that satisfies the requirements. The VRP is considered an NP
Hard (Non-deterministic Polynomial time Hard) problem which means
that the computations required to solve the problem increase exponen-
tially with problem size. For a more formal mathematical description see
[2] and more information about the VRP and its variants see [3].

Capacitated Vehicle Routing Problem

The CVRP is an extension of VRP with a maximum capacity per vehicle.
In addition to the information from the VRP, the maximum capacity and
delivery size per customer is given. A customer’s delivery cannot be
split into several vehicles. An instance of the CVRP is shown below in
figure 1.
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Figure 1: Map of a CVRP instance and a five vehicle tour.

The problem instances used in this study for the CVRP are Augerat et
al’s benchmark problems [3]. It consists of a total of 74 instances. The
ones starting with an “A” have both random locations and demands.
The ones starting with “B” are clustered instances and the ones begin-
ning with “P” are modified versions of instances from the literature. The
tile format is TSPLIB [4]. The customer delivery size is measured in the
same unit as the vehicle capacity. The distance between two locations is
measured as the Euclidian distance in 2d space and is rounded to the
nearest integer.

Capacitated Vehicle Routing Problem with Time Windows

The CVRPTW is an extension of the CVRP with a time window for the
depot and customers. In addition to the information from the CVRP,
start time, end time and service time for the depot and customers are
given. All vehicles must exit and enter the depot within the time win-
dow of the depot. All consumers have to be served within their time
window. If a vehicle arrives too early at a customer it has to wait until
the beginning of the customer’s time window before making a delivery.
For soft time windows a penalty is given for late deliveries so a solution
consisting of late deliveries is still a valid solution.



1.2

Parameter Tuning Experiments of
Population-based Algorithms 1 Introduction
Mikael Nilsson 2011-02-24

The problem instances used in this study for the CVRPTW are Solo-
mon’s benchmark problems [5]. It consists of a total of 168 instances
with 25, 50 and 100 customers. The instance with same name of differ-
ent sizes begins with the same customers, meaning that the 25 custom-
ers are the same on all instances (with the same name) and 50 for the 50
and 100 customer instances. The instances starting with “R” are ran-
domly generated, the ones starting with “C” are clustered and “RC” is a
mixed of both. The customers” coordinates are identical within one type
“R”, “C” and “RC”, they only differ in their time windows. The distance
between two locations is measured as the Euclidian distance in 2d space
as a floating point number. The travel time between two locations is
equal to the distance. The file format is different from the one for the
CVRP, to make things easier the TSPLIB file format was extended and
the instances converted to the new format see appendix A for a more
detailed description.

Ant Colony Optimization

The first implemented algorithm belongs to the Ant Colony Optimiza-
tion (ACO) family of algorithms, which was first introduced by Dorigo
in 1992 [1]. The ACO was inspired by the foraging behaviour of ants in
their search for food sources. The way the ants accomplish this is by
modifying their environment by depositing a chemical called phero-
mone in the ground. When the ants leave their nest in search for a food
source their decision of where to go next is based on the pheromone
levels left by ants in the ground. This goes on and eventually all ants use
the same path from and to the food source. In many cases this turns out
to be the shortest path. This can be explained with a simple model with
two path of different length from the nest to the food source. If the same
amount of ants chooses both paths, the ones choosing the shortest path
return quicker to the nest and therefore over time more pheromone will
be deposited on that path, see figure 1.



1.3

Parameter Tuning Experiments of
Population-based Algorithms 1 Introduction
Mikael Nilsson 2011-02-24

Food

Figure 2 : One short and one long path from the nest to the food source.

The digital ants are used to try to find the shortest path in graph prob-
lems, by adapting the behaviour of real ants. The ACO does not follow
the nature model in all aspects in order to make it a more successful
model for solving problems. For example not all ants deposit phero-
mone and the deposited amount is proportional to the quality of the
solution. For a more in-depth description of the ACO see [6].

Genetic Algorithm

The second implemented algorithm belongs to the Genetic Algorithms
(GA) family of algorithms, which was first introduced by Holland in
1975 [1]. The GA is inspired by Darwin's theory of evolution. The GA
initializes the population with randomly created individuals whose
genetic material is related to the solution to the problem it is trying to
solve. It can use either an indirect or a direct representation. In the case
of a direct representation the genome consists of an array of numbers
representing both customer and depot locations and the order of the
array representing the order that the customers are visited. Note that all
vehicle routes are in the genome and separated by the number of the
depot. An indirect genetic representation in the case of CVRP might be
an array of numbers representing only customer locations and the order
of the array representing the order that the customers are visited. Note
that in this case the depot is not in the genome; therefore a development
function is needed.

Each solution will get a fitness value that is related to how well the
solution works, in the case of CVRP the fitness value corresponds to the
total length of all vehicle routes. Depending on their fitness value indi-
viduals in the population will die, survive and reproduce to create new
individuals. To decide which individuals are going to survive and
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reproduce, selection protocols and mechanisms is used. All this happens
in the evolutionary loop see figure 3.

Initialize
(The initial population is created)

A 4

Development Reproduction
(Genotype -> Phenotype) (Crossover, Mutation)

A

A 4
Fitness Selection
(Fitness assessment) (Survival, Mating)

Figure 3: Diagram of the Evolutionary loop in the Genetic Algorithm.

In the reproduction step two solutions are combined with a crossover
operator that combines genetic material from both parents and a muta-
tion operator that uses stochastic processes to slightly alter the child’s
genome. In the case of an indirect genetic representation a development
function is used to create solutions from the genetic information. For a
more in-depth description of the GA see [7].

Genetic Algorithm with Self-Organizing Map

The last implemented algorithm also belongs to the GA family. The
main two differences from the previous one are that it is using an indi-
rect genetic representation. The second difference is that it is initialized
with solutions created randomly and with solutions created by a Self-
Organizing Map (SOM) algorithm. SOM was first introduced by Ko-
honen in the early 1980’s and is sometimes called Kohonen map [8].
SOM is a type of artificial neural network which uses an unsupervised
learning method to produce a low dimensional discretized representa-
tion of its input space. The neural network is implemented as an elastic
ring with a one dimensional neighbourhood. For more details of the
particular implementation of these algorithms used in this study, see
section Implementations of Algorithms. For an in-depth description of
Self-Organizing Map see [8].

Parameter tuning

All the algorithms in this study are controlled by a set of parameters.
There are three kind of parameters ordinal, real and categorical. The
ordinal parameters are a well-defined set which is ordered and enumer-
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able, for example integers. Real parameters have an order but they are
not enumerable and in computers they are stored as floating-point
numbers with a specific precision. Categorical parameters are enumera-
ble but not ordered; an example is the different selection mechanisms
for the GA. The values of these parameters are important for how well
the algorithm will perform. It is therefore of most importance to find
good combination of values to get the most out of the algorithms. Stud-
ies have shown that the values of these parameters are highly problem
specific meaning that the parameters that work well on the CVRP do not
have to work well with CVRPTW. The two problems will therefore be
tuned separately. There are many different methods to tune the parame-
ters, ranging from trial and error to using dedicated software for tuning
algorithms. As the numbers of parameters grow, the search-space ex-
pands even more and the chance of finding good parameters by trial
and error methods in a reasonable timeframe is turning into a game of
chance, therefore software tuners are preferable. In this study the Par-
amlILS and SPOT tuners were chosen to tune the parameters of each
algorithm for each problem. Since in most real world problems new
instances have an unknown optimal solution, the tuning had to be done
without any knowledge of such a solution.

ParamlILS

ParamILS [9] is based on the research of Frank Hutter. The tuning
environment is set up by specifying configuration files that contain the
information needed by the tuner. A file containing all parameters and all
the possible values that can be of interest for the tuner is used by the
tuner to select the parameters to test. It is written in the ruby program-
ming language and comes with a binary for Linux. In this study ruby
was used to run ParamILS.

SPOT

SPOT [10] is one possible implementation of the sequential parameter
optimization framework introduced by Bartz-Beielstein in 2006. The
version used in this study is an extension to the language R, a Matlab
version exists as well. When setting the environment it is necessary to
create an interface for the algorithm to be tuned, in the language R or as
a shell script, in this study an R interface was created. To specify the
search space for SPOT an interval and a type per parameter is written in
the region of interest file, you cannot specify explicit values as with
ParamlILS.
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Background and problem motivation

Ant Colony Optimization, Genetic Algorithms and Self-Organizing
Maps are well established algorithms for the Traveling Salesman Prob-
lem (TSP). This study will show how well these algorithms perform on
the Capacitated Vehicle Routing Problem with and without time win-
dows and which one is the best choice.

When using bio-inspired heuristic optimization techniques, such as Ant
Colony Optimization and Genetic Algorithms the user must define
values for the parameters before running the algorithm. Examples are
number of ants, population size and selection mechanism to name a few.
The quality of the solutions from the algorithms on a specific problem
are related to the chosen parameters, therefore in order to achieve “good
solutions” it is important to find “good parameters”. Good parameters
are not something that can be calculated using analytical methods due
to the complex dynamic nature of these algorithms. Two well estab-
lished tuners ParamILS and SPOT have been developed to tune algo-
rithms. Another approach is to use random parameters when running
the algorithms which do not require the tuning. This study will show
which of the tuners, is a better choice and how tuned parameters com-
pare to random ones.

Overall aim

e Implement Ant colony Optimization, Genetic Algorithm and Ge-
netic Algorithm with Self-Organizing Map algorithms for solving
the Capacitated Vehicle Routing Problem with and without Time
Windows.

e Tune and test these algorithms on many benchmark problems.

e Compare the three algorithms against each other, on both prob-
lems.

e Compare the result from the tuned parameters against each oth-
er, on all algorithms.
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Methodology

All algorithms are implemented as described in the literature with
minor modifications. The descriptions are very high level and can be
implemented in many different ways, some more effective than others.
The implementations presented here might not be optimal, but they are
sufficient for the tuning purposes of this thesis. For the tuning, both
ParamILS and SPOT were set up according to the quick guides and
manuals found on their websites. All values and ranges used during
tuning for the parameters were chosen by recommendations from the
authors or by trial and error methods. There is no guarantee that these
rangers contain the optimal values, but it is probable since a lot of time
was spent making sure that the ranges were not too narrow.

All the instances were tuned separately and to lower the tuning time,
thirty instances per problem were selected at random to be used during
tuning. The same instances were used for all algorithms. The choice of
instances to use during tuning affects the final results. Due to the time
constraints in this project there was no time to develop a method to
choose which instances from a set to choose to give the best parameters.

After tuning, all the data were combined to a single set of parameters by
taking the average value for both real and ordinal parameters and the
most frequent for categorical parameters. Because no optimal values
were to be used and the time constraint, this was the only method
considered (it takes 30 hours for CVRP and 70 hours for CVRPTW to
test each parameter configuration). After the tuning the algorithms were
tested, hundred times per instance, on all instances with the parameter
configuration found during tuning and with random parameters. The
random parameters are implemented in such a way, that the algorithm
selects the parameters using a random generator, with current time as
input seed. This means that during the testing phase, using random
parameters for all hundred tests will result in many parameter configu-
rations. The result from the hundred test runs were combined in a table
for the purpose of comparing the different algorithms and the different
tuning methods. Box plots were used to summarise the data in the
tables.
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Implementation of Algorithms

The algorithms are implemented in C++ and depend on POSIX C librar-
ies. It uses the GNU plotutils package and its C++ library libplotter. It is
compiled and tested on Linux 64-bit but should work with Linux 32-bit
as well as other POSIX compatible UNIX variants. For Microsoft Win-
dows and Visual Studio some changes are necessary. For information on
how to compile and run the code on a Linux computer see appendix B.

Ant Colony Optimization

The ACO algorithm was implemented as the MAX-MIN Ant System
(MMAS) described in the literature [6] with some changes. Below is the
main function of the ACO algorithm

Initialize()

while time left
(

ConstructSolutions ()
Statistics ()
UpdatePheromone ()

)

Return Best Solution

Initialize

In the Initialize function all variables are initialized to their start values
and the VRP data is loaded from a file. The nearest neighbour array is
created and it is a two dimensional array with location in the first di-
mension and all its neighbours in the second dimension, starting with
the closest one and the rest in ascending order according to distance.
The number of ants is equal to floor (ants*locations) where ants is a
parameter and locations include the depot and customers. The reason not
to have the number of ants as a parameter is to increase the chance of
finding a parameter that is independent of instance size. The maximum
and the minimum pheromone levels tmax and tmin are calculated by the
formulas (1) and (2).

1.0
tmax = P*(Z;gf)tumers(ddepot,j)*z) (1)

t
tmin = 22 ®
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In the equations above p (rho) is a parameter and daepotj is the distance
from the depot to location j. At the start the pheromone levels are
initiated to tmax.

Construct solutions

The ConstructSolutions function is shown below in pseudo code for the
CVRPTW implementation, the code for CVRP is almost identical only
smaller and it does not use the DecisionRuleFirst and it does not keep
track of time.

For all ants do

(
deliveries <- 0
ant.addLocation (depot)

while deliveries < customers do

(
"distance to depot" <- "distance to depot" + 1

if comming from depot

(

reset all variables to start a new vehicle route

"next location" <- DecisionRuleFirst ()
ant.addLocation ("next location")

)

else

(
if "distance to depot" == 2
enable the depot

"next location" <- DecisionRule ()
ant.addLocation ("next location")

)
"current time" <- NewTime ()

if next location is not depot
deliveries <- deliveries + 1

)
ant.addLocation (depot)

)

In this implementation the depot is marked unvisited after the second
customer has been served. This makes it possible for the vehicles to
return early to the depot. The path from and to the depot is stored in the
pheromone levels. Since this is a symmetrical problem meaning that the
path from i to j has the same pheromone level as path from j to i, it is
therefore necessary for the depot to be blocked until at least two cus-
tomers have been visited, otherwise if the pheromone levels are high
between the depot and the first customer the ants will return straight

10
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back to the depot. The number of visited customers before the depot can
be unblocked, turned out to change the performance, depending on
which value is chosen. A value of two customers works well from some
instances but poorly for others, the best way is to have this as a parame-
ter and let the tuner find an optimal value. This was discovered after the
tuning had begun so it was too late to change.

In DecisionRuleFirst a list of all possible choices is built and one of
them is selected with the probability S given by equation (3).

S =pf * (cll;toi)ﬁ 3)
S =pf * (%?)B 4)
$=pt+ (i) ®

In the equations above p is the pheromone level for i, dt is the due time
for i, d is the distance to i and w is the waiting time for i. a, 3 and € are
parameters.

In DecisionRule a list of all possible choices for the nnsize first neigh-
bours is built. nnsize is a parameter and calculated in the same way as
ants. If the list is not empty, one is chosen with probability S, for CVRP
see equation (4) [6] and equation (5) for CVRPTW. If the list was empty
then it continues to go through the neighbourhood list starting with
where it previously stopped (this saves time and is faster than to restart
searching through all locations). If the list is still empty then the depot is
chosen as the next location otherwise the same equation is used as above
(4 for CVRP, 5 for CVRPTW).

Statistics

The statistics function goes first through all solutions and finds the best
one and stores it as iteration best. Then it checks if it is better than the
best solution found so far. If so then best solution so far is updated and
the min pheromone levels are set to default (same as it was initialized
to). After that, the pheromone flooding variables are updated to regulate
the minimum pheromone levels tmin. See pseudo code bellow.

11



3.1.4

Parameter Tuning Experiments of
Population-based Algorithms 3 Implementation of Algorithms
Mikael Nilsson 2011-02-24

if "iteration best" > "best so far" + "best so far"*gamma
flood count <- flood count - 1

else
flood count <- flood count + 1

if flood count > 5

(
flood count <- 0;
tmin <- tmin + flood

)
else if flood count < -25

(
flood count <- 0;
tmin <- tmax/1000
flood <- flood/2.0

What is happening is that the minimum pheromone levels are raised
slowly when the algorithm gets stuck on local optima. This lets the ants
explore alternative ways further and further away from the best path.
This works in conjunction with the pheromone evaporation which is
lowering the pheromone levels. The static values used here are values
that were proven to work well, they are not parameters because the
pheromone flooding is not part of the original ACO algorithm, and I did
not want to introduce many new parameters because it will require
more tuning time. Gamma is the only parameter used in the flooding
mechanism.

Update pheromone

The following pseudo code describes the UpdatePheromone function

Evaporation ()

if rand() < lambda
DepositPheromone (best so far)
else
DepositPheromone (iteration best)

In the Evaporation step all pheromone levels are updated according to
equation (6)[6].

. '{pi,j *(L=p), ifpij*x (1 =p) > tmin ©)
l'.]

tmins else

In the equations above, P is the pheromone levels between location i and
j. p (rho) is a parameter. There is no code regulating the maximum
pheromone levels because it seems to decrease the performance. The

12
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parameter lambda is used with rand to determine if the iteration best or
the best so far will deposit pheromone. rand() returns a number in the
interval [0.0, 1.0). In DepositPheromone the winner changes the phero-
mone levels on its path according to equation (7) [6].

pij = pi;j + 1/tour_length )

In (7) p is the pheromone levels between location i and j.

Parameters

Parameter Description

alpha Influence of pheromone in decision (3.1.2)

beta Influence of distance or due time in decision (3.1.2)

rho Pheromone evaporation (3.1.4)

gamma Dynamic pheromone flooding (3.1.3)

ants Number of ants as a fraction of the instance size(3.1.1)

nnsize Neighbourhood size as a fraction of the instance size(3.1.2)

lambda Probability of best so far, depositing pheromone (or iteration best) (3.1.4)
omega Influence of due time in decision (3.1.2)

Table 1: Parameters for the ACO algorithm with a short description.
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Genetic Algorithm

The Genetic Algorithm is implemented with a direct genetic
representation of the tour. The parameter psize is the total size of the
population (elite + new generation). The parameter esize controls how
much of the population is going to be reserved for the elite population
which is calculated esize*psize. The esize parameter is calculated to elite
size because it highly depends on psize. To have the elite size directly as
a parameter will make the tuning very difficult because elite size should
never be equal or bigger than the population size. Truncating the value
of the elite size will result in decreasing the tuning performance because
when population size is small many different values of the elite size will
have the same internal value and having a population with only one
new offspring born every generation will result in poor performance.
The reason for the lack of mutation operator is that no operator was
found that can mutate the genome to a slightly different valid tour in a
reasonable time especially for CVRPTW. This has to do with the
problem that CVRPTW has too many constraints to be solved with a
direct genetic representation. It is possible to construct such a function
but no function was found because of the difficulty and the time
constraint on the project. Below is the main function of the GA
algorithm.

Initialize (Population)

while time left

(
FitnessFunction (Population)
Sort (Population)
MatingSelection (Population)
EliteSelection (Population)
Crossover (Population)

)

Return Best Solution

A diagram of how the different steps in the algorithm work and how the
population memory is used is shown in figure 4.
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Figure 4: Diagram over the Genetic Algorithm with population.

N

Initialize

The initialization function creates the initial population with random
generated valid solutions. For each individual solution, the depot is
chosen as the starting point and for each sequential step it chooses
between all the valid choices, if there are no more valid choices left, the
depot is chosen and a new tour begins until all customers have been
served. For the CVRPTW an additional parameter iprob is used for the
stochastic selection process, a value of 0.0 means that when selecting the
next customer it will select the one with the lowest due time (out of the
list of valid choices). A value 1.0 selects the last valid solution in the list.

Fitness function

The genome is a direct representation of the tour so the fitness value is
calculated as the tour length.
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Sorting

Sorting function sorts the population according to fitness value, best
tirst. The sorting algorithm used is Quicksort [11] and instead of moving
the genome data in memory, an array with indexes was used. The index
values can be used both when accessing the genome and the fitness
value.

Mating selection

In the mating selection the number of selected individuals is equal to the
number of children going to be produced (population size — elite size).
The pool which the parent solutions are selected from is equal to the top
individuals in the current sorted population, truncated by the selection
size (parameter ssize); this is the selection protocol.

The following mechanisms can be selected to control how the parents
are selected, truncation, fitness and scale. The truncation selects the best
individuals, if the ssize is smaller than the number of children the modu-
lus operator is used, meaning that the top individuals will be selected
more than once. A fitness mechanism selects individuals with a proba-
bility that is proportional to their fitness value. This means that an
individual can be selected many times. In scale selection all individuals
are selected from the sorted population with the same distance between
them. Example to select 10 out of 100, every 10" will be selected. This
helps to keep the genetic diversity in a population. The parameter
mselection is used to select the mechanism.

Elite Selection

The elite selection is the same as mating selection except that the indi-
vidual solutions being selected go into the elite population and survives
to the next generation unchanged. The truncation (selection protocol) is
made by the parameter essize and the mechanism is selected with eselec-
tion.

In this implementation the selection pressure is regulated by changing
the parameters ssize and essize and the choice of selection mechanism.
The amount of exploration and exploitation can be adjusted through
ssize and essize this is the reason why the mechanisms that can be chosen
favour exploitation. Other mechanisms like tournament and Boltzmann
selection do not work well in this implementation because it will be too
much exploration.
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Crossover

The crossover operator is a modified version of the Edge recombination
operator (ERO) [12]. It builds a child from two parents by building an
edge list and selecting next location out of a list of valid locations.

Parameters

Parameter Description

psize Number of individuals in the entire population (3.2)

esize Elite size (fraction of the population size) (3.2)

ssize Mating selection size (fraction of the population size) (3.2.4)
essize Elite selection size (fraction of the population size) (3.2.5)

mselection | Mating selection mechanism (3.2.4)
eselection | Elite selection mechanism (3.2.5)
iprob Probability of picking the next with the smallest due time (3.2.1)

Table 2: Parameters for the GA algorithm with a short description.

Self-Organizing Map

The self-organizing map algorithm was implemented to make it possible
to tune the SOM part of the GASOM algorithm separately. It can be
used as a standalone algorithm to solve CVRP and CVRP with soft time
windows. The number of neurons in the network is equal to the number
of customers. All customers are used as input locations, the depot is not
used. The coordinates of the locations are then scaled to fit within a
circle with 1.0 in diameter. It is implemented as an elastic ring with a
one dimensional neighbourhood. The algorithm runs for ns iterations,
were ns is a parameter. Below is the main function of the SOM algo-
rithms

While time left

(
SOM NET.Initialize()

For ns times
(

SOM NET.Update ()
)

Fitness (SOM NET.Tour ())
)

Return Best Solution

17



3.3.1

3.3.2

Parameter Tuning Experiments of

Population-based Algorithms 3 Implementation of Algorithms
Mikael Nilsson 2011-02-24
Initialize

All neurons are placed randomly inside a circle with 1.0 in diameter and
learning rate, neighbourhood and elastic force variables are initialized.

Update

A random location is selected and the closest neuron is selected as the
winning neuron. The winning neuron and its neighbours are updated
according to the learning rule equation (8) [13] and figure 2 [13]. The
updated neighbourhood neurons are found within n distance on the
neuron path from the winning neuron.

w i+ 1) =w{)+ O — w@) ]

+ S0 [Fyy () + Wy (D) — 2D | ®)

X (i)
o

0

w i +1)

v*v,-_l(i):

L E#g
e

Wi (1)
Figure 5 : Neuron learning rule

Where wj(i) is the j:th neuron in iteration i. x;(i) is the input location in
iteration i. E(i) is the learning rate in iteration i. g(i) is the elasticity
parameter in iteration i. If is the force exerted on neuron j as a result of
the learning rate. ef is the elastic force exerted on neuron j- The learning
rule is pushing the neuron towards the input location with a magnitude
of the parameter | (learning rate), and towards the centre between its
neighbouring neurons with a magnitude of the parameter e (elastic
force). After all neurons are updated, the learning rate, neighbourhood
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and elastic force are updated according to equations (9), (10) and (11),
which are the simplest decay functions.

1G + 1) = I(Q) * Al 9)
n(i+1) =n(@)*An (10)
e(i+1) =e(i)*Ae (11)

[ is the parameter for learning rate, n is the parameter for neighbour-
hood size and e is the parameter for elastic force. Delta I, Delta n and
Delta e are parameters that control how much to decrease the parame-
ters [, n and e respectably for each iteration.

Tour

The tour function transforms the neuron path into an actual tour. This is
done by selecting the neurons in order on the ring and finding the
closest location and removing it from the location list. When the location
list is empty the order in which the locations were selected is equal to
the indirect tour without the depot.

Fitness

In the fitness function the indirect tour is then transformed into a tour
by increasing all location numbers by one and adding the depot (num-
ber 0) to the beginning, the end and whenever the maximum vehicle
capacity is reached. For the CVRP with soft time windows no penalty is
given for late deliveries. The reason for this is that the SOM learns and
adjusts only to the coordinates of the locations, and it is therefore im-
possible for the SOM to adjust and learn the time windows. This is also
true for the capacity data but it is a lot less constraining. An example is
that a vehicle tour is valid when run in both directions in CVRP but is
less likely to be valid in CVRPTW.
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Parameters

Parameter Description

| Learning rate (3.3.2)

dl Decrease of learning rate per iteration (3.3.2)

n Neighbourhood size (3.3.2)

dn Decrease in neighbourhood size per iteration (3.3.2)

e Elastic force (3.3.2)

de Decrease of elastic force per iteration (3.3.2)

ns Number of iterations to update the network (3.3)

Table 3: Parameters for the SOM algorithm with a short description.

Genetic Algorithm with Self-Organizing Map

The Genetic Algorithm with Self-Organizing Map is implemented with
an indirect genetic representation. The parameter psize is the total size
of the population (elite + new generation). The parameter esize controls
how much of the population is going to be reserved for the elite popula-
tion which is calculated esize*psize. To have the elite size directly as a
parameter will make the tuning very difficult because elite size should
never be equal or bigger than the population size; the same goes for
selection size. Below is the main function of the GASOM algorithm in
pseudo code.

Initialize (Population)

while time left

(
FitnessFunction (Population)
Sort (Population)
MatingSelection (Population)
EliteSelection (Population)
Crossover (Population)
Mutation (Population)

)

Return Best Solution

The Sort (3.2.3), Mating Selection (3.2.4) and Elite Selection (3.2.5) are the
same as for the Genetic Algorithm described in section 3.2.

Initialize

The initialization function creates the initial population (elite + children).
First it uses the Self-Organizing Map algorithm to create solutions for
the amount of time given by the parameter stime (measured in millisec-
onds). The SOM algorithm is explained in section 3.3, all steps except for
the fitness are used here. The rest of the population is filed with random
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solutions. All solutions consist of a permutation of the numbers zero to
the number of customers minus one, the depot is not included.

Fitness function

The genome is an indirect genetic representation of the tour without
depot. A development function is needed to develop each genotype to a
solution. This was implemented inside the fitness function for the rea-
son that the route is only used when calculating the fitness value. Ex-
ample of an indirect tour: in a 9 customer instance, the genetic represen-
tation might look like 137502648 where 0 is customer 1. During the
titness evaluation the genetic representation is converted to the real tour
by increasing all location numbers by one and inserting the depot
(number 0), in the beginning, the end and whenever the vehicles capaci-
ty is reached. For example 137502648 will be transformed to the tour
024861037590 which uses two vehicles. Since there can only be exactly
one tour associated with every genetic representation, it is therefore not
possible to allow early return to the depot in this implementation. After
the genome representation is turned into a valid tour, the fitness value is
calculated as the tour length. For the CVRP with soft time windows a
penalty of 100 is added to the fitness value every time a customer gets a
late delivery. In smaller instances this leads the algorithm to try to find
solution without late deliveries.

Crossover

Two crossover operators can be chosen via the parameter crossover. The
tirst operator is the Partial Mapped Crossover (PMX) [14] and the se-
cond one is an Edge Recombination Operator (ERO) [12]. Both of them
create children with the indirect genome representation.

Mutation

The mutation operator is implemented as a swap mutation that selects
two random genes (locations) and swaps them. This goes on for one
genome as long as rand is less than mprob were mprob is a parameter. In
some cases several mutations will occur, in others no mutations at all.
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Parameters

Parameter

Description

|

dl

n

dn

e

de

ns

stime
psize
esize

ssize
essize
mselection
eselection
mprob
crossover

Learning rate (3.3.2)

Decrease of learning rate per iteration (3.3.2)
Neighbourhood size (3.3.2).

Decrease in neighbourhood size per iteration (3.3.2)

Elastic force (3.3.2)

Decrease of elastic force per iteration (3.3.2)

Number of iterations to update the network (3.3)

Total time in milliseconds to use SOM in the initializer (3.4.1)
Number of individuals in the entire population (3.2)

Elite size (fraction of the population size) (3.2.5)

Mating selection size (fraction of the population size) (3.2.4)
Elite selection size (fraction of the population size) (3.2.5)
Mating selection mechanism (3.2.4)

Elite selection mechanism (3.2.5)

The probability that two genes are swapped (3.4.4)
Crossover operator {PMX, ERO} (3.4.3)

Table 4: Parameters for the GASOM algorithm with a short description.
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Experiments

The experiments were performed in two steps, first the parameter
tuning and then the resulting parameter configuration were tested on a
larger set of instances.

Parameter tuning

When tuning real world instances, it is common not to have the optimal
values at hand, therefore all tuning were done without the use of opti-
mal values. A reasonable time constraint for the tuners was set to two
hours per instance. Due to the limited time, only thirty instances per
problem were selected for tuning. The instances were selected randomly
across the set. When selecting a sub set for tuning it is important to
select a range of different instances. When selecting similar instances the
algorithm will be tuned for solving a special characteristic that exists in
these instances and is not generally present in the problem. This is called
over fitting the parameters values. The result is that the parameter
values work well on the instances they were tuned for but when tested
on other instances the performance improvement will not be the same
(assuming that the other instances do not have the specific characteris-
tics).

This brings the total tuning time to 60 hours per algorithm and problem
and a total of 30 days (720 hours) for all algorithms. Before tuning can
begin, it is necessary to choose an interval for each parameter. If the
interval is too big the tuners may not find good values in time. If it is too
narrow good values might lay outside the interval. The same interval
was used for both tuners to make a fair comparison. ParamILS requires
that all values be explicitly stated which makes it harder to do a fair
comparison, even if they have the same interval. Putting too few values
in the interval might make it impossible for ParamILS to find as good
values as SPOT.
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Parameter intervals

Ant Colony Optimization

Name | Type Region of interest
alpha real [0.1,1.9]

beta real [0.1,5.0]

rho real [0.1,0.59]
gamma | real [0.01, 0.19]

ants real [0.1,0.49]

nnsize | real [0.1, 0.49]
lambda | real [0.5,0.99]

omega | real [0.1,1.5]

Table 5: The p
dations in [6]

arameter ranges were found by following the recommen-
with some trial and error and then expanded little bit

more to be sure that good values are included.

Genetic Algorithm

Name Type Region of interest

psize ordinal [500, 10000]

esize real [0.05, 0.49]

ssize real [0.05, 0.95]

essize real [0.05, 0.95]

mselection | categorical {truncation, scale, fitness}
eselection | categorical {truncation, scale, fitness}
iprob real [0.05, 0.95]

Table 6: The parameter ranges were found by trial and error methods
and in some cases they are close to the valid range.

Self-Organizing Map

Name | Type Region of interest
| real [0.01, 0.99]

dl real [0.9997, 0.9999]
n real [0.01, 0.99]

dn real [0.9997, 0.9999]
e real [0.01, 0.99]

de real [0.9997, 0.9999]
ns ordinal [100, 2000]

Table 7: The parameter ranges were found by trial and error methods.
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Genetic Algorithm with Self-Organizing Map

Name Type Region of interest

| real [0.01, 0.99]

dl real [0.9997, 0.9999]

n real [0.01, 0.99]

dn real [0.9997, 0.9999]

e real [0.01, 0.99]

de real [0.9997, 0.9999]

ns ordinal [100, 2000]

psize ordinal [500, 10000]

esize real [0.05, 0.49]

ssize real [0.05, 0.95]

essize real [0.05, 0.95]

mselection | categorical {truncation, scale, fitness}
eselection | categorical {truncation, scale, fitness}
mprob real [0.01,0.12]

stime ordinal [500, 2000]

crossover | categorical {PMX, ERO}

Table 8: The parameter ranges were found by trial and error methods
and in some cases they are close to the valid range. For the SOM param-
eters, the ranges are the same as for the standalone algorithm.

ParamlILS

ParamILS uses four configuration files. Bash was used to write a script
that creates three of the four files.

for all files in “instances directory”

(
write tuning file // use path to instance file
write training file

write test file

run paramils

)

The fourth file “paramfile” contains the parameters which are the same
for all instances. The following information is written in the tuning file.

e algo, name of the executable algorithm.
e execdir, path to algorithm.

e deterministic = 0, for stochastic algorithms.
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e run_obj = qual, for improving the return value.

e overall_obj=mean, for improving the mean.

e cutoff_time = 15000, run each configuration for 15 sec.
e cutoff_length =0, it’s not used.

e tunerTimeout = 7200000, 2 hours of training.

e paramfile, path to the file containing the parameters.
e outdir, path to the directory to store the output.

e Instance_file, path to the training file.

e Test_instance_file, path to test file.

The training file contains the path to the instance file to be tuned, it is
possible to tune with multiple instance files but since they are in differ-
ent scales and no optimal values were used, it was not possible to tune
with multiple instance files with ParamILS. If qual is used with multiple
instances the tuner will favour the one with bigger scale. The instances
are therefore tuned separately and the result is later combined by taking
the average value for real and ordinal parameters and the most frequent
for categorical. The test file also contains the path to instances and it is
used if validN is set to a bigger number than 0. A value of 10 was used
to see that the tuning was working correctly. It is recommended to use
zero to save time since the testing is run separately on the final parame-
ters.

SPOT

The project configuration is stored in the projectname.conf file. The
example file was used with some changes when it was needed.

e alg.language = “sourceR”
e alg.path=""
e alg.function="name of interface function”

e alg.resultColumn="Y"” #Name of the column of the result

26



Parameter Tuning Experiments of
Population-based Algorithms 4 Experiments
Mikael Nilsson 2011-02-24

alg.seed=1235
spot.seed=125

#spot.fileMode=FALSE #Cannot be used with spotTime should be
commented.

Init.design.func="spotCreateDesignLhs” #Function that creates
the initial search landscape for the model.

Init.design.size=32 # Number of different configurations to be
tested in the initial design.

Init.design.repeats=4 #Number of seeds per configuration to be
tested in the initial design.

seq.merge.func <- mean #Method used to merge results from the
same configuration.

seq.design.size = 200 #Number of points considerd by the pridec-
tion model.

seq.predictionModel.func = “spotPredictTree” # Prediction model
function

io.verbosity=3 #Level of information output from SPOT

s

io.columnSep =

The intervals for the parameters are stored in the projectname.roi “re-
gion of interest” file in the format name min, max value and data type.
The SPOT R implementation has no functionality to restrict the overall
tuning time. The spotTime function was created to extend SPOT func-
tionality. The spotTime is shown below in pseudo code.
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spotTime (spotProject, cutoff time, tuner timeout)
(
Iterations <- floor (tuner timeout/cutoff time)
spot (spotProject.config, "init")

counter <- sum(desfile.repeats)

while (counter <= Iterations)
(
spot (spotProject.config, "run")
if (counter < Iterations)
(
spot (spotProject.config, "seq")
desfile <- readfromfile ("desfile")
if (counter + sum(desfile.repeats) > iterations)
(
new rep <- Iterations - counter
while (new_rep < sum(desfile.repeats))
(
max rep <- max(desfile.repeats)
for(i in 1 to length((desfile.repeats))
(

if (max_rep == desfile.repeats[i])

(
desfile.repeats[i] <- desfile.repeats[i] - 1
break ()

)
)
write to file(desfile)
)

counter <- counter + sum(desfile.repeats)

-

spot (spotProject.config, "rep")
)
In order for SPOT to communicate with an algorithm, an interface has to
be implemented in R or as a shell script. The interface written in R for
the Java example was used as a base and modified to work with each
algorithm. To make things simpler an interface was implemented per
algorithm and problem. The interface file contains the main tuning loop
and it reads and writes the description and result files. The configura-
tion variables for SPOT and parameters are accessed through specific

variables and arrays in R.

To start the tuning with SPOT, an R script was created, that erases the R
workspace, loads the SPOT library, the apd file and starts the spotTime
function.

The time information and the path to the instance file are stored in the
apd file. For tuning over all instances a bash script was created that
creates the apd file and starts the R script in R batch mode and writes
the output to the file spot.run see the simplified pseudo code below.

for all files in “instances directory”

(
write apd file
run spot script in batch mode and write the output to spot.run
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Parameter testing

The parameter testing is done by a bash script that goes through all
instance files in the test directory and starts the algorithm in test mode.
It runs for 15 seconds per test and a total of 100 tests per instance. This
brings the total test time to 900 hours for all algorithms. For a particular
algorithm and problem all instances and tests with parameters are run
with the same parameter configuration, the only difference is the seeds
which are set to the current time measured in seconds. When the tests
are run without parameters (random mode) both seeds and parameters
change for each test. When the algorithms are run in test mode they
return the best route found during run time. The route consists of all
locations including the depot separated by a space. The locations are
expressed as the numbers 0 for the depot and 1 to n for the n locations.
In the instance file the depot is 1 and the locations are marked as 2 to
n+l.

The route is then sent to the input of a test application through pipes.
The test application returns the length of the route and if there are any
errors those are returned as well, otherwise only zeros are returned.
Having the test application as a separate application makes it easier
because no control code is needed in each algorithm and it can be used
with any algorithm that can return a route in the specified format. The
returned errors are the number of times that a location has been visited
more than once, the number of times a location was never visited, the
number of served customers that exceeds the maximum capacity and for
time windows the number of late deliveries.

All 100 tests per instance are saved to a file with the same name as the
instance file plus the extension .res. Then an application is executed that
calculates the statistics of a res file and returns the result which is then
saved in the result file. The statistics consists of the best, worst and
average result. The best result is found by first locating the run with
lowest number of errors and then finding the shortest route. The worst
is the contrary of best (most errors and longest tour). The average solu-
tion is found by taking the average of all 100, and the sum of all errors.
For the best, worst and average result, the errors are only written to file
if there are any.
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Results

The best known solution that is written inside the instance files was not
used because better values were found on the website [3] under Known
Best Results. For some of the “P“ files the value that is inside the in-
stance file seems to be wrong because they are a lot better than the
optimal solutions found on [3]. Since these files were modified it is
likely that the best known values are from the unmodified version. The
best known solution for P-n55-k8 was not found on the web site, the
value was therefore taken from the instance file.

On the website [3] the solutions are all marked as optimal but during the
testing phase better solutions for five of the CVRP instances were found,
see table below.

Instance Old value  New value  Better than old found by New best found by
B-n51-k7 1032 1018 ACO ACO

B-n57-k7 1153 1144 ACO ACO

P-n22-k8 603 590 ACO,GA,GASOM GASOM
P-n50-k8 631 629 ACO ACO

P-n55-k15 | 989 945 ACO,GA,GASOM ACO,GASOM

Table 9: New best known solutions found on the CVRP.

All of the old values are better than or equal to the one in the instance
file except for P-n55-k15 which is 856, this is one of the “P” files men-
tioned before.

For the CVRPTW with 100 customers not all instances have optimal
solutions so the best solutions found by heuristics were used when no
optimal solution was available. Since the algorithms are all heuristics, I
also compared the results from the 100 customer instances with the best
solutions found by heuristics [5] and found better routes for 4 instances,
see table below.

Instance old New Found by

R211.100 892.71  825.34 ACO
RC201.100 | 1406.91 1349.4 ACO

RC202.100 | 1367.09 1273.69 ACO
RC206.100 | 1146.32 1124.58 ACO

Table 10: New best known solutions found by heuristics (CVRPTW).
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The optimal or best value for RC208.50 was not found on [3] [5] and the
best value found by the ACO algorithm was used as best value. The
New values were used during the testing to calculate how close the
values are to best known.

Tuning

The summary of the tuning is presented below. For the complete result
from the ParamlILS tuning see appendix C and appendix D for SPOT.

Ant Colony Optimization (CVRP)

Parameter | ParamiILS SPOT

alpha 1.3 0.9050416
beta 2.8 3.0377406
rho 0.38 0.3144569
ants 0.28 0.3415097
nnsize 0.27 0.3218858
gamma 0.1 0.0846017
lambda 0.83 0.7231308

Table 11: Parameter values found during tuning by ParamILS and SPOT
for the ACO algorithm on the CVRP.

Ant Colony Optimization (CVRPTW)

Parameter | ParamiILS SPOT

alpha 1 1.0152411
beta 2.2 2.4311202
rho 0.33 0.3611328
ants 0.27 0.3239884
nnsize 0.26 0.2672712
gamma 0.09 0.1082300
lambda 0.74 0.7687527
omega 0.72 0.7425062

Table 12: Parameter values found during tuning by ParamILS and SPOT
for the ACO algorithm on the CVRPTW.
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Genetic Algorithm (CVRP)

Parameter | ParamILS  SPOT

psize 2683 3088

esize 0.29 0.2579807
ssize 0.21 0.1121837
essize 0.67 0.6619188

mselection | truncation truncation
eselection | truncation truncation

Table 13: Parameter values found during tuning by ParamILS and SPOT
for the GA algorithm on the CVRP.

Genetic Algorithm (CVRPTW)

Parameter | ParamiILS  SPOT
psize 6650 5885

esize 0.31 0.2878678
ssize 0.31 0.2988887
essize 0.41 0.466907
iprob 0.24 0.3135721
mselection | scale truncation
eselection | truncation truncation

Table 14: Parameter values found during tuning by ParamILS and SPOT
for the GA algorithm on the CVRPTW.

Self-Organizing Map (CVRP)

Parameter | ParamILS  SPOT

| 0.47 0.4540319
dl 0.9998 0.9998147
n 0.4 0.3499946
dn 0.99979 0.9997911
e 0.62 0.7029989
de 0.9998 0.9998037
ns 697 1161

Table 15: Parameter values found during tuning by ParamILS and SPOT
for the SOM algorithm on the CVRP.
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Self-Organizing Map (CVRPTW)

Parameter | ParamILS SPOT

| 0.47 0.5118934
dl 0.99982  0.9997875
n 0.51 0.4486145
dn 0.99978 0.9997918
e 0.59 0.6424974
de 0.99982  0.9998005
ns 505 717

Table 16: Parameter values found during tuning by ParamILS and SPOT
for the SOM algorithm on the CVRPTW.

Genetic Algorithm with Self-Organizing Map (CVRP)

Parameter | ParamiILS  SPOT

| 0.47 0.4540319
dl 0.9998 0.9998147
n 04 0.3499946
dn 0.99979 0.9997911
e 0.62 0.7029989
de 0.9998 0.9998037
ns 697 1161

psize 5833 6154

esize 0.26 0.2566108
ssize 0.34 0.3944158
essize 0.62 0.4881922
mselection | scale Scale
eselection | truncation truncation
mprob 0.05 0.0773393
stime 1133 1081
crossover ERO ERO

Table 17: Parameter values found during tuning by ParamILS and SPOT
for the GASOM algorithm on the CVRP.
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Genetic Algorithm with Self-Organizing Map (CVRPTW)

Parameter | ParamiILS  SPOT

| 0.47 0.5118934
dl 0.99982 0.9997875
n 0.51 0.4486145
dn 0.99978 0.9997918
e 0.59 0.6424974
de 0.99982 0.9998005
ns 505 717

psize 5783 6047

esize 0.25 0.1998149
ssize 0.41 0.4185128
essize 0.56 0.5092027
mselection | truncation Scale
eselection | truncation truncation
mprob 0.05 0.088059
stime 1250 1178
crossover PMX PMX

Table 18: Parameter values found during tuning by ParamILS and SPOT

for the GASOM algorithm on the CVRPTW.

Testing

The values for each instance are calculated as “new value” = “best
known value” / “tour length”. A value of 1 is equal to best known and a
value of 2.0 is equal to a tour that is twice as long as the best known
solution. The information is presented in box plots, for a description on

box plots see figure 3 or for more information [15].
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largest

Worstvalue @——7—— .
observation

-4—upper quartile—

-+——median

-4—lower quartile—

smallest
Best value —_— - L
observation

Figure 6 : Box plot description.

For the tables with the test data see appendix E for CVRP and appendix
F for CVRPTW.

CVRP

Three graphs per algorithm show best, worst and average result. In the
best values graph the best value out of 100 runs per instance is used. In
the worst values, graph the worst value out of 100 runs per instance is
used. In the average values, graph the average value out of all 100 runs
per instance is used. The average value is useful because it gives an
estimation of what you can expect out of one run. The best value is good
to know if you have time to run the algorithm several times. On a sys-
tem that can only run the algorithm once, the worst and average values
are of interest because it is more important to have good “worst” values
than an algorithm that returns worst values often and occasionally
optimal good results. The best box is the one which has all markers at
the lowest level and this box is marked in grey. The one marked Par-
amlLS and SPOT uses the parameters obtained by the tuners and Ran-
dom uses random parameters instead.
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Ant Colony Optimization
During testing the random parameters was tested with pheromone
flooding mechanism turned on and off to give an approximate idea of
how this mechanism affects the result.

ACO CVRP (best values)

gL L _

ParamiLS " spOT " Random (flooding on) j Random (flooding off)
Figure 7: Best values of the 100 runs on all 74 CVRP instances with ACO. ParamILS and
SPOT uses the parameters obtained by the tuner. Random does not use parameters.

ACO CVRP (worst values)

| == — 1 -

T
ParamiLS SPOT Random (flooding on) Random (flooding off)

Figure 8: Worst values of the 100 runs on all 74 CVRP instances with ACO. ParamILS
and SPOT uses the parameters obtained by the tuner. Random does not use parameters.
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ACO CVRP (average values)

- |

ParamiLs i SPOT i Random (flooding on) ! Random (flooding off)

Figure 9: Average values from the 100 runs on all 74 CVRP instances with ACO.
ParamILS and SPOT uses the parameters obtained by the tuner. Random does not use
parameters.

Genetic Algorithm

GA CVRP (best values)

N — —

ParamILS SPOT Random

Figure 10: Best values of the 100 runs on all 74 CVRP instances with GA. ParamILS and
SPOT uses the parameters obtained by the tuner. Random does not use parameters.

GA CVRP (worst values)

1 I I
ParamiLS SPOT Random

Figure 11: Worst values of the 100 runs on all 74 CVRP instances with GA. ParamILS and
SPOT uses the parameters obtained by the tuner. Random does not use parameters.
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GA CVRP (average values)

. ‘ — 1

ParamiLS SPOT Random

Figure 12: Average values from the 100 runs on all 74 CVRP instances with GA.
ParamILS and SPOT uses the parameters obtained by the tuner. Random does not use
parameters.

Genetic Algorithm with Self-Organizing Map

GASOM CVRP (best values)

| [ — — —

ParamILS SPOT Random

Figure 13: Best values of the 100 runs on all 74 CVRP instances with GASOM. ParamILS

and SPOT uses the parameters obtained by the tuner. Random does not use parameters.

GASOM CVRP (worst values)

| = !

ParamiLS SPOT Random

Figure 14: Worst values of the 100 runs on all 74 CVRP instances with GA. ParamILS and
SPOT uses the parameters obtained by the tuner. Random does not use parameters.
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GASOM CVRP (average values)

114

1] 1 - o

ParamILS SPOT Random
Figure 15: Average values from the 100 runs on all 74 CVRP instances with GASOM.
ParamlILS and SPOT uses the parameters obtained by the tuner. Random does not use
parameters.

Self-Organizing Map (initializer)

SOM Initializer for CVRP (average values)

T

T 1

ParamiLS SPOT Random Parameters Random Initalizer
Figure 16: Average values from the 100 runs on all 74 CVRP instances with the SOM

initializer. ParamILS and SPOT uses the parameters obtained by the tuner. Random
Parametrs uses SOM and random initializer creates random solutions.
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Algorithms

CVRP Algorithms (best values)

14

——

—

—L

ACO Random

GA SPOT

GASOM Random

Figure 17: Best values of the 100 runs on all 74 CVRP instances with all algorithms.

CVRP Algorithms (worst values)

14

—

1

ACO SPOT

GA ParamiLS

GASOM SPOT

Figure 18: Worst values of the 100 runs on all 74 CVRP instances with all algorithms.

CVRP Algorithms (Average values)

—

L

—

ACO SPOT

GA SPOT

GASOM ParamiILS

Figure 19: Average values from the 100 runs on all 74 CVRP instances with all

algorithms.
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Number of optimal solution (CVRP) tuned parameters

ACO GA GASOM

Figure 20: Number of instances solved optimaly (out of 74) during
the 100 runs with the tuned parameters.

Number of optimal solution (CVRP) random parameters

ACO GA GASOM

Figure 21: Number of instances solved optimaly (out of 74) during
the 100 runs with random parameters.

Test results on the tuned and untuned instances

Test runs on the instances used during tuning compared with the other
instances. The purpose with this is to see if the choice of instances used
during tuning was good and if the parameters are over fitted. Random
is used to see the difference in difficulty in the two sets. This is then
used in conjunction with parameters result from the two sets in order to
determine if the parameters are over fitted or not as a result of selection
choice.
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ACO CVRP (average values)

loseal

T T
ParamiLS (tuning) ParamiLS (new) SPOT (tuning) SPOT (new) Random (tuning) Random (new)

Figure 22: Test runs on the instances used during tuning and the new instances.

ACO CVRP (average values)

0.0% T
ParamiLS (tuning) ParamiLS (new) SPOT (tuning) SPOT (new) Random (tuning) Random (new)

Figure 23: Test runs on the instances used during tuning and the new instances.

52.2 CVRPTW
Only the average values are presented here and one graph per instance
size (25, 50 and 100 customers) for ACO and GA, the best and average is
in the tables in appendix F. For the GASOM only the best values were
used since the main goal is to find solutions with the smallest number of
late deliveries.
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Ant Colony Optimization

ACO CVRPTW(25) (average values)

134 — —

I I —

ParamiLS SPOT Random
Figure 24: Average values from the 100 runs on all 56 CVRPTW instances (with 25
customers) with ACO. ParamILS and SPOT uses the parameters obtained by the tuner.
Random does not use parameters.

ACO CVRPTW(50) (average values)

N N -

ParamILS SPOT Random
Figure 25: Average values from the 100 runs on all 56 CVRPTW instances (with 50
customers) with ACO. ParamILS and SPOT uses the parameters obtained by the tuner.
Random does not use parameters.

ACO CVRPTW(100) (average values)

1 JE JE

ParamiLS SPOT Random

Figure 26: Average values from the 100 runs on all 56 CVRPTW instances (with 100
customers) with ACO. ParamILS and SPOT uses the parameters obtained by the tuner.
Random does not use parameters.
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ACO CVRPTW(100) (best values compared with Heuristics Best)

1151

1.1

1.05

. L N

ParamiLS spoT Random

Figure 27: Best values of the 100 runs on all 56 CVRPTW instances (with 100 customers)
with ACO. ParamILS and SPOT uses the parameters obtained by the tuner. Random
does not use parameters. The heuristics best from the Solomons website was used

insted of optimal values.

Genetic Algorithm

GA CVRPTW(25) (average values)

L L —

ParamlILS SPOT Random
Figure 28: Average values from the 100 runs on all 56 CVRPTW instances (with 25
customers) with GA. ParamILS and SPOT uses the parameters obtained by the tuner.
Random does not use parameters.

GA CVRPTW(50) (average values)

ParamILS SPOT Random

Figure 29: Average values from the 100 runs on all 56 CVRPTW instances (with 50
customers) with GA. ParamILS and SPOT uses the parameters obtained by the tuner.
Random does not use parameters.
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GA CVRPTW(100) (average values)

3.5

ParamiLS SPOT Random

Figure 30: Average values from the 100 runs on all 56 CVRPTW instances (with 100
customers) with GA. ParamILS and SPOT uses the parameters obtained by the tuner.
Random does not use parameters.

Genetic Algorithm with Self-Organizing Map

GASOM CVRPSTW(25) (best fitness values)

1 I ] ]

ParamiLS SPOT Random

Figure 31: Best value of the 100 runs on all 56 CVRPTW instances (with 25 customers)
with GASOM. ParamILS and SPOT uses the parameters obtained by the tuner. Random
does not use parameters.

GASOM CVRPSTW(25) (late deliveries)

ParamILS SPOT Random

Figure 32: Smallest number of late deliveries of the 100 runs on all 56 CVRPTW
instances (with 25 customers) with GASOM. ParamILS and SPOT uses the parameters
obtained by the tuner. Random does not use parameters.
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GASOM CVRPSTW(50) (best fitness values)

ParamiLS SPOT Random

Figure 33: Best value of the 100 runs on all 56 CVRPTW instances (with 50 customers)
with GASOM. ParamILS and SPOT uses the parameters obtained by the tuner. Random
does not use parameters.

GASOM CVRPSTW(50) (late deliveries)

40

30

gL 1 |

ParamiLS SPOT Random
Figure 34: Smallest number of late deliveries of the 100 runs on all 56 CVRPTW

instances (with 50 customers) with GASOM. ParamILS and SPOT uses the parameters
obtained by the tuner. Random does not use parameters.

GASOM CVRPSTW(100) (best fitness values)

1

ParamiLS SPOT Random
Figure 35: Best value of the 100 runs on all 56 CVRPTW instances (with 100 customers)

with GASOM. ParamILS and SPOT uses the parameters obtained by the tuner. Random
does not use parameters.
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GASOM CVRPSTW(100) (late deliveries)

60

40

301

04 JE

ParamiLS SPOT

Random

Figure 36: Smallest number of late deliveries of the 100 runs on all 56 CVRPTW
instances (with 100 customers) with GASOM. ParamILS and SPOT uses the parameters
obtained by the tuner. Random does not use parameters.

Number of instances with no late deliveries

0

25 Costumers 50 Costumers

100 Costumers

Figure 37: Number of instances with no late deliveries out of 56 per costumer

size.
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Algorithms

CVRPTW(25) (average values)

. 1

ACO GA

Figure 38: Average values from the 100 runs on all 56 CVRPTW instances with 25
customers on all algorithms.

CVRPTW(50) (average values)

— L

ACO GA

Figure 39: Average values from the 100 runs on all 56 CVRPTW instances with 50
customers on all algorithms.

CVRPTW(100) (average values)

3.5

——

ACO GA

Figure 40: Average values from the 100 runs on all 56 CVRPTW instances with 100
customers on all algorithms.
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Test results on the tuned and untuned instances

Test runs on the instances used during tuning compared with the other
instances. The purpose with this is to see if the choice of instances used
during tuning was good and if the parameters are over fitted. Random
is used to see the difference in difficulty in the two sets. This is then
used in conjunction with parameters result from the two sets in order to
determine if the parameters are over fitted or not as a result of selection
choice.

ACO CVRPTW(25) (average values)

134 T— -

T T T T L

T T T
ParamiLS (tuning) ParamiILS (new) SPOT (tuning) SPOT (new) Random (tuned) Random (new)

Figure 41: Test runs on the instances used during tuning and the new instances.

ACO CVRPTW(25) (average values)
10.0%

8.0% +

6.0%

4.0%

2.0%

0.0%

ParamiLS (tuning)  ParamiLS (new) | SPOT(tuning)  SPOT(new) ' Random (tuned) = Random (new)

Figure 42: Test runs on the instances used during tuning and the new instances.
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ACO CVRPTW(50) (average values)
134
124
114
11 1 1 1
ParamiLS (tuning) ! ParamiILS (new) ! SPOT (tuning) ! SPOT (new) Random (turned) Random (new)
Figure 43: Test runs on the instances used during tuning and the new instances.
ACO CVRPTW(50) (average values)
14.0%
12.0% -
10.0% -
8.0% -
6.0%
4.0% -
2.0%
0.0% T T
ParamiLS (tuning) ParamiLS (new) SPOT (tuning) SPOT (new) Random (turned) Random (new)
Figure 44: Test runs on the instances used during tuning and the new instances.
ACO CVRPTW(100) (average values)
1.6
1.5
1.4 -
134
1.2
114
] T 1 -
ParamiLS (tuned) ParamiLS (new) SPOT (tuned) ! SPOT (new) Random (tuned) Random (new)

Figure 45: Test runs on the instances used during tuning and the new instances.
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ACO CVRPTW(100) (average values)
35.0%

30.0% -

25.0% +

20.0%

15.0%

10.0%

5.0%

0.0%

T T T T T
ParamiLS (tuned) ParamiLS (new) SPOT (tuned) SPOT (new) Random (tuned) Random (new)

Figure 46: Test runs on the instances used during tuning and the new instances.
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Discussion

First the algorithms are compared against each other for the CVRP and
then CVRPTW. Then the tuners and tuning results are compared against
each other and discussed.

Algorithms

All algorithms performed well on several instances. The ACO and
GASOM perform well on all instances. The GA does not perform as well
on all instances. One of the reasons for this that it lacks a mutation
operator and therefore needs a bigger population size and since it is
very slow it also needs a lot longer time, especially on larger problems
(figure 17 — 21). Although a vital piece is missing from the algorithm it
still manages to improve its performance when tuned, and return valid
solutions. This demonstrates the difficulty of finding implementation
bugs in these algorithms. In some cases the algorithm functions without
errors even though its performance is degraded because of bugs in the
system. For the instances with around 100 customers the GA algorithm
goes through a fraction of the iterations that the GASOM algorithm goes
through during the same time.

CVRP

When comparing the results for the CVRP problem (figure 17 — 21), the
performance of the algorithms are in the following order starting with
best first.

1. Ant Colony Optimization
2. Genetic Algorithm with Self-Organizing Map.
3. Genetic Algorithm

The ACO has better best values, worst values and average values for the
whole set of instances than the other algorithms. The GASOM actually
returns the best known value more often than any other algorithm when
parameters are used.
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When using random parameters the ACO returns most optimal
solutions. In both cases the maximum number of solutions found was 21
(for ACO random and GASOM with parameters). Although both
algorithms found 21 optimal solutions not all of them are the same. A
total of 33 Instances out of 74 were solved optimally with all three
algorithms (better or equal to the optimal results found on the website
[3]). The fact that the algorithms perform well is shown in the five best
new values that were discovered (table 9). Since the old values were
supposed to be optimal, it is possible that the website [3] is not up to
date and not very well maintained.

CVRPTW

When comparing the results for the CVRPTW problem (figure 31-40),
the performance of the algorithms are in the following order starting
with best first.

1. Ant Colony Optimization
2. Genetic Algorithm
3. Genetic Algorithm with Self-Organizing Map.

The GASOM was implemented for soft time windows. When assigning
a high penalty it was able to return solutions with no late deliveries but
when the number of customer increases, the number of solutions found
with no late deliveries decreases (figure 31 - 37). Keep in mind that the
box plots for the GASOM use best fitness values instead of average
length of the routes. When comparing the GASOM to the GA the GA is
the best choice because it returned solutions with no late deliveries and
in most cases with shorter routes even though it is missing the mutation
operator. For the 25 customer instances the performance of all three
algorithms are acceptable but for the 100 customer instances only the
ACO delivers good results (figure 38, 40, 31, 32, 35, 36, 37). The GA is
too slow and only suitable for smaller problems which is noticeable as
customer size increases, the performance decreases (figure 38-40).
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The ACO discovered four new best solutions found by a heuristic, this
shows that it performs well (table 10). None of the new values were
optimal and the information from [5] seems to be accurate but the
heuristic best has not been updated since 2002. Since the computers
have advanced since 2002 both in performance and memory capacity,
comparing the results against algorithms running on these old machines
is not really fair.

Tuning

In this study none of the tuners is a clear winner, but the average and
worst results from the tuned parameters are better than using random
parameters. When considering the best value returned during 100 runs,
using random parameters seems to be working better than tuned ones.
If an answer is needed fast and the software can only make one (or a
few) runs then tuned parameters are the best method. When trying to
solve a problem optimally or near optimally running it for a very long
time with random parameters seems to be a better choice. Keep in mind
that a very long time is needed because of the degree of randomness
involved. It might be a good idea to run a mix of both to be on the safe
side.

The parameters returned by the tuners are in some cases a lot better
than the final parameters; this is because they are over-tuned for that
particular instance and not for the problem in general. The choice of the
instances used during tuning will therefore affect the performance of the
final parameters. When looking at the box plots for the ACO on the
CVRP (figures 22, 23) the following conclusions can be drawn:

e The choice of instances used during tuning have the same effect
on both tuners.

e The chosen instances are harder to solve than the rest (random

plot).

e The tuned parameters improve the solution from the instances
used during tuning, slightly more than the other instances.

When looking at the box plots for ACO on the CVRPTW (figures 41 - 46)
the following conclusions can be drawn:

e The choice of instances used during tuning have the same effect
on both tuners.
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e The chosen instances with 25 customers are easier to solve than
the other instances (random plot).

e The tuned parameters solve the chosen instances better than the
other instances even though they are easier to solve, this sug-
gests that the parameters are over-tuned (25 customers).

e The 50 customer instances used during tuning have approximate
the same level of difficulty as the rest and the tuners seem to im-
prove both sets equally.

e The 100 customer instances used during tuning are easier to
solve than the rest, the tuning improves both sets.

The tuners return one value per parameter but there might be several
values that can be used to obtain an almost identical result. The problem
with tuning the instance separate and taking the average value for the
final parameters is that several parameters have relations with other
parameters. For some parameters like the nearest neighbour size in
ACO, it might be better to choose the maximum instead of the average,
because this parameter truncates the list of choices. If the nearest neigh-
bour size is too small it will be impossible to find some solutions.

ACO

For the CVRP problem the parameters returned by SPOT are slightly
better than the ones from ParamlILS (figure 7 - 9). On the CVRPTW,
ParamlLS is slightly better than SPOT (figure 24 - 26). When looking for
optimal values the random parameters are better (during 100 runs
almost twice as many were found). The random parameters were tested
with and without the dynamic flooding mechanism. The performance
was better in all cases with dynamic flooding on (figure 7 — 9). The
reason not to test this with parameters is that it would require re-tuning
since the original parameters are tuned with the mechanism on.

When looking at the box plots for the CVRPTW where the instances
used during tuning are compared with the other instances (figures 41 -
46), it is clear that the algorithm with this parameter configuration is not
size independent. The parameters are more effective on the 50 customer
problem than on the 25 customer problem even though they share the
same 25 first customers. There can be many reasons for this, one of them
is that the ants parameter is implemented with the assumption that the
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number of ants should increases linearly with problem size this might
not be true. The best way to determine how the number of ants should
increase with problem size is to plot the sizes and good values for tuned
parameters and try to find a mathematical model that fits.

GA

Due to the missing mutation operator this algorithm is more sensitive to
parameter changes; this can be seen in the best value plots (figure 10).
This is the only algorithm where the best values are not found by using
random parameters. On the CVRP, SPOT is better than ParamILS on
best and average values. On the CVPTW, SPOT is slightly better on the
average values for the 50 and 100 customer instances.

GASOM

On the CVRP, random parameters is a better choice for the best values,
parameters from SPOT have better worst values and parameters from
ParamILS have better average values. When looking at the SOM initial-
izer random parameters are better when considering the average value
(this is the only algorithm where random values are better on average).
Using random parameters instead of tuning the SOM part might in-
crease the performance for the GASOM. On the CVRPTW the random
parameters are better on the 25 customer problem, and SPOT is better
on the 50 and 100 customer instances.

Tuners

When setting up the environment ParamlILS is faster and easier to use
than SPOT. SPOT needs an interface but it is more flexible and can be
made to work with algorithms that require input and output in a special
format. Both SPOT and ParamlILS cannot handle all three types of pa-
rameters (ordinal, real, and categorical). SPOT cannot handle categorical
parameters and requires that they are converted in the interface (even
ordinal parameters need to be converted stored as real). ParamlILS treats
all parameters as categorical or ordinal (depending on the order that the
parameters are given). The ideal tuner should support all three.
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Future work

Here are some ideas that were not tested because of the time constraint.

ACO

The performance of the ACO algorithm (Min-Max Ant System) can be
improved by implementing it for a parallel architecture like a GPU in
OpenCL or CUDA. This works better for the ACO algorithm than the
other algorithms used in this study. The reason for this is that it does not
require a lot of synchronization between processes, but the algorithmic
steps have to be executed in order. The only common memory that the
algorithm reads and writes to is the pheromone data block. Only one ant
deposits pheromone and because a valid solution only visits a customer
once, the pheromone on the tracks can be updated simultaneously. The
same goes for the evaporation. To do this a simple reduction algorithm
can be used instead of synchronised calls. When running synchronised
calls the code will run more serialised and the speed gain will be less on
a parallel processor. This does not mean that the algorithm will be better
in any way when running with the same parameters it will only get to
the same local optima faster. In order to improve the performance all
ants can be slightly different meaning that their parameters are slightly
mutated. One can go even further and use a Genetic Algorithm to
control the reproduction of the ants (this is a lot harder to do in parallel).
Another idea is to skip the parameters and have the algorithm
dynamically changing the values depending on the current state. This is
a lot harder to get working and requires a lot longer research and
development time.

Genetic Algorithm

To improve the performance for the CVRPTW a better genetic represen-
tation is needed. Both the indirect and direct presented in this paper are
more suitable for the CVRP. The two problems are different and require
different approaches; it is not enough to just extend the code from CVRP
to CVRPTW.
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Parameter tuning

If the optimal values are known to the instances the tuners can be run in
meta-mode and be tuned over all instances at once. This is likely to
improve the quality of the final parameters. To save a lot of time a
common interface for the tuners should be developed that can handle
both in- and output.

The tuners could be modified to output all the tested parameter
configurations, in order of quality, starting with the best one. With this
data from all the instances it is possible to choose a better parameter
configuration than taking the average value of each parameter.
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Appendix A: CVRPTW file format

The CVRPTW file format is an extension of the TSPLIB95 . To support
the time windows and service time the following changes was made to
CVREP file format.

The type was changed to CVRPTW.

The Demand section was extended to include start and end of the time
window and service time.

The complete CVRPTW file,

NAME : NAME

TYPE : CVRPTW

DIMENSION : Customers + Depot

EDGE WEIGHT TYPE : EUC 2D

CAPACITY : Maximum Vehicle Capacity
NODE_COORD_SECTION

;iécation number, x coordinate, y coordinate>

béMAND_SECTION

;iécation number, demand, start time window, end time window, service time>
bﬁéOT_SECTION

<Depot location number>

-1
EOF
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Appendix B: Compiling and running
the code on a Linux system.

Libraries

To installing the libraries and compilers on debian/Ubuntu run the
following command with root-access.

apt-get install build-essential g++ plotutils libplot-dev

For other Linux systems see the documentation for the package manag-
er.

Compile
To build (compile) the code use make followed by the application name
or all se bellow.

make {all, aco, ga, som, gasom, rand, testsum, tourValidator}

Tuning

The tuning can be started with
./run_tuning.bash <algorithm> <problem> <tuner>

Algorithm : {aco, ga, gasom, som}
Problem : {cvrp, cvrptw}
Tuner : {paramils, spot}

example :
./run_tuning.bash aco cvrp spot

The parameters of the tuning for ACO with ParamILS can be located in

training/cvrp/aco/paramils/
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Tests

The test can be started with

./run_test.bash <algorithm> <problem> <input>

Algorithm : {aco, ga, gasom, som, rand}
Problem : {cvrp, cvrptw}
Input : {paramils, spot, rand}

Example :
./run_tuning.bash aco cvrp spot

The data to run the test for ACO on the CVRP problem can be located
test/cvrp/aco/paramils

Running the algorithms
To start the ACO algorithm

./acocvrp <instance name> <cutoff time> <parametersl> <-r run mode (Optional)>
./acocvrptw <instance name> <cutoff time> <parameters2> <-r run mode (Optional)>

parametersl : {alpha, beta, rho, ants, gamma, lamdba, nnsize}
parameters2 : {alpha, beta, rho, ants, gamma, lamdba, nnsize, omega}

-r {ParamILS, SPOT, Rand}
When using ParamILS and SPOT the input is different see scripts or code. When
using Rand no parameters is used.

example :
./acocvrp instances/cvrp/test/A-n32-k5.vrp 15000 -ants 0.28 -nnsize 0.27 -alpha
1.3 -beta 2.8 -gamma 0.10 -lambda 0.83 -rho 0.38

To start the GA algorithm

./gacvrp <instance name> <cutoff time> <parametersl> <-r run mode (Optional)>
./gacvrptw <instance name> <cutoff time> <parameters2> <-r run mode (Optional)>

parametersl : {psize, esize, ssize, essize, mselection, eselection}
parametersl : {psize, esize, ssize, essize, mselection, eselection, iprob}

-r {ParamILS, SPOT, Rand, Test}
When using ParamILS and SPOT the input is different see scripts or code. When
using Rand no parameters is used.

example :

./gacvrp instances/cvrp/test/A-n32-k5.vrp 15000 -psize 2683 -esize 0.29 -ssize
0.21 -essize 0.67 -mselection truncation -eselection truncation
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To start the GASOM algorithm

./gasomcvrp <instance name> <cutoff time> <parameters> <-r run mode (Optional)>
./gasomcvrptw <instance name> <cutoff time> <parameters> <-r run mode (Option-
al)>

parameters : {psize, esize, ssize, essize, mselection, eselection, crossover,
mprob, 1, dl, n, dn, e, de, stime, ns}

-r {ParamILS, SPOT, Rand, Test}
When using ParamILS and SPOT the input is different see scripts or code. When
using Rand no parameters is used.

example

./gasomcvrp instances/cvrp/test/A-n32-k5.vrp 15000 -1 0.47 -1d 0.99980 -n 0.40 -
dn 0.99979 -e 0.62 -de 0.99980 -ns 697 -psize 5833 -esize 0.26 -ssize 0.34 -
essize 0.62 -mselection scale -eselection truncation -mprob 0.05 -stime 1133 -
crossover ERO
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Appendix C: ParamliLS tuning
results.

Ant Colony Optimization (CVRP)

Instance
A-n33-k5.vrp
A-n36-k5.vrp
A-n44-k6.vrp
A-n45-k7.vrp
A-n48-k7.vrp
A-n55-k9.vrp
A-n60-k9.vrp
A-n62-k8.vrp
A-n63-k10.vrp
A-n64-k9.vrp
A-n65-k9.vrp
A-n69-k9.vrp
A-n80-k10.vrp
B-n39-k5.vrp
B-n50-k7.vrp
B-n52-k7.vrp
B-n56-k7.vrp
B-n57-k9.vrp
B-n67-k10.vrp
B-n68-k9.vrp
B-n78-k10.vrp
P-n55-k7.vrp
P-n55-k10.vrp
P-n55-k15.vrp
P-n60-k10.vrp
P-n60-k15.vrp
P-n65-k10.vrp
P-n76-k4.vrp
P-n76-k5.vrp
P-n101-k4.vrp

Average

alpha

0,6
1,6
1,3
1,3
1,6
1,2
1,4
1,8
1,6
1,6
1,4
1,3
1,6
1,3
1,4

0,5
19
1,3

1,5
1,3
1,9
1,5
1,4
0,7
1,4
1,6

1,3

beta rho
1 0,47
39 0,25
2 0,31
2 0,45
32 0,25
2,1 015
24 041
42 0,58
2 0,44
39 025
39 025
2 0,31
39 048
2 0,31
1,3 047
2,4 0,4
04 045
04 0,39
1,9 031
2,5 0,4
2,4 045
24 034
3,8 046
2 0,26
4,7 0,4
38 046
42 045
1,9 0,2
5 0,47
49 047
28 0,38
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ants
0,26
0,29
0,36
0,21
0,29
0,27
0,39
0,38
0,29
0,29
0,28
0,36
0,29
0,36
0,42
0,15
0,38
0,44
0,2
0,15
0,15
0,15
0,37
0,18
0,15
0,37
0,26
0,15
0,42
0,1

0,28

nnsize

0,22
0,34
0,21
0,28
0,15
0,21
0,16
0,36
0,34
0,36
0,48
0,28
0,34
0,28
0,41
0,2

0,22
0,13
0,26
0,3

0,42
0,2

0,17
0,28
0,2

0,17
0,16
0,23
0,41
0,34

0,27

gamma

0,16
0,13
0,16
0,16
0,13
0,08
0,09
0,12
0,09
0,15
0,08
0,11
0,09
0,16
0,06
0,09
0,03
0,05
0,08
0,09
0,09
0,09
0,14
0,05
0,09
0,07
0,09
0,09
0,06
0,09

0,10

lambda

0,9
0,9
0,9
0,84
0,9
0,8
0,88
0,97
0,8
0,9
0,8
0,84
0,82
0,9
0,9
0,9
0,88
0,62
0,68
0,9
0,9
0,88
0,86
0,52
0,9
0,62
0,96
0,58
0,84
0,82

0,83
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Ant Colony Optimization (CVRPTW)

Instance alpha beta rho ants nnsize gamma lambda omega
€101.100.vrp 1,5 35 035 025 0,28 0,11 0,58 0,7
C102.50.vrp 0,6 1 044 012 0,22 0,16 0,86 0,6
€105.25.vrp 0,3 1,3 0,17 0,29 0,27 0,02 0,72 1,5
C106.50.vrp 1 2,4 09 0,15 0,2 0,09 0,9 0,5
€107.25.vrp 0,3 1,3 0,17 0,29 0,27 0,02 0,72 1,5
C108.100.vrp 1 2,4 04 0,15 0,2 0,09 0,9 0,5
€202.50.vrp 0,6 1 044 026 022 0,16 0,86 0,6
C205.25.vrp 0,3 1,3 017 029 0,27 0,02 0,72 1,5
C206.50.vrp 1 2,4 04 0,15 0,2 0,09 0,9 0,5
C207.25.vrp 1,5 07 035 025 0,28 0,11 0,58 0,7
R101.100.vrp 1,5 45 056 032 0,28 0,04 0,84 0,8
R102.50.vrp 1 3,2 04 038 047 0,09 0,92 0,2
R105.25.vrp 0,3 46 015 047 0,46 0,07 0,64 0,8
R106.50.vrp 0,7 2 044 0,13 0,27 0,12 0,5 0,1
R107.25.vrp 0,6 1 0,44 0,43 0,33 0,02 0,52 0,8
R108.100.vrp 1,8 38 054 041 013 0,14 0,82 0,9
R202.50.vrp 0,7 1,7 0,13 0,13 0,33 0,12 0,74 0,1
R205.25.vrp 1,8 1,9 035 025 0,26 0,11 0,58 0,8
R206.50.vrp 1 2,4 04 0,15 0,2 0,09 0,9 0,5
R207.25.vrp 1,8 1 0,24 0,26 0,26 0,18 0,86 0,8
RC101.100.vrp 1,5 33 035 025 0,25 0,07 0,58 0,7
RC102.50.vrp 1,5 26 034 025 0,28 0,11 0,58 0,8
RC105.25.vrp 0,3 1,3 0,17 0,29 0,27 0,02 0,72 0,7
RC106.50.vrp 1 3,5 01 025 0,28 0,11 0,58 0,8
RC107.25.vrp 1,5 35 035 025 0,28 0,11 0,58 0,7
RC108.100.vrp 1,5 35 035 028 0,28 0,11 0,58 0,8
RC202.50.vrp 1 08 011 0,25 0,2 0,09 0,9 0,5
RC205.25.vrp 0,3 1,3 017 029 0,27 0,02 0,72 0,7
RC206.50.vrp 1 2 01 045 0,14 0,09 0,9 0,8
RC207.25.vrp 0,6 1 044 0,26 0,22 0,16 0,86 0,6
Average 1,0 22 033 027 0,26 0,09 0,74 0,7
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Genetic Algorithm (CVRP)

Instance psize  esize ssize essize mselection eselection
A-n33-k5.vrp 7000 0,09 0,2 0,7 truncation  truncation
A-n36-k5.vrp 8000 0,23 0,65 0,45 truncation  truncation
A-n44-k6.vrp 10000 0,45 0,2 0,75 truncation  truncation
A-n45-k7.vrp 4000 0,49 0,2 0,75 scale truncation
A-n48-k7.vrp 1000 0,49 0,5 0,75 scale truncation
A-n55-k9.vrp 4000 0,27 0,1 0,35 truncation  truncation
A-n60-k9.vrp 500 0,43 0,45 0,9 truncation  truncation
A-n62-k8.vrp 1000 0,11 0,15 0,3 fitness truncation
A-n63-k10.vrp 500 0,23 0,2 0,3 scale truncation
A-n64-k9.vrp 1000 0,41 0,2 0,9 truncation  truncation
A-n65-k9.vrp 2000 0,15 0,05 0,25 truncation fitness
A-n69-k9.vrp 500 0,29 0,2 0,65 truncation  truncation
A-n80-k10.vrp 6000 0,45 0,1 0,3 truncation scale
B-n39-k5.vrp 6000 0,23 0,05 0,9 fitness truncation
B-n50-k7.vrp 7000 0,23 0,05 0,9 scale truncation
B-n52-k7.vrp 1000 0,37 0,4 0,9 truncation  truncation
B-n56-k7.vrp 2000 0,13 0,15 0,9 fitness truncation
B-n57-k9.vrp 1000 0,25 0,15 0,9 truncation  truncation
B-n67-k10.vrp 1000 0,19 0,05 0,65 truncation  truncation
B-n68-k9.vrp 1000 0,13 0,1 0,15 truncation  truncation
B-n78-k10.vrp 500 0,11 0,1 0,15 scale truncation
P-n55-k7.vrp 4000 0,25 0,1 0,85 truncation  truncation
P-n55-k10.vrp 1000 0,45 0,45 0,7 scale truncation
P-n55-k15.vrp 1000 0,41 0,2 0,9 truncation  truncation
P-n60-k10.vrp 1000 0,35 0,3 0,9 truncation truncation
P-n60-k15.vrp 3000 0,05 0,05 0,9 truncation  truncation
P-n65-k10.vrp 500 0,39 0,35 0,8 truncation truncation
P-n76-k4.vrp 3000 0,21 0,1 0,75 truncation  truncation
P-n76-k5.vrp 1000 0,45 0,3 0,7 scale truncation
P-n101-k4.vrp 1000 0,43 0,25 0,9 truncation  truncation
Average 2683 0,29 0,21 0,67

truncation 66,7% 93,3%
scale 23,3% 3,3%
fitness 10,0% 3,3%
Final 2683 0,29 0,21 0,67 truncation  truncation
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Genetic Algorithm (CVRPTW)

Instance psize esize ssize essize iprob mselection eselection

C101.100.vrp 7000 0,45 0,15 0,2 0,05 truncation scale
C102.50.vrp 10000 0,23 0,05 0,2 0,05 scale truncation
C105.25.vrp 7000 0,45 0,3 0,2 0,2 truncation scale
C106.50.vrp 3000 0,09 0,25 0,15 0,1 fitness truncation
C107.25.vrp 8000 0,15 0,3 0,7 0,35 truncation fitness
C108.100.vrp 500 0,23 0,15 0,3 0,3 scale scale
C202.50.vrp 8000 0,41 0,2 0,3 0,3 scale truncation
C205.25.vrp 7000 0,45 0,3 0,2 0,35 truncation scale
C206.50.vrp 7000 0,19 0,5 0,15 0,1 truncation fitness
C207.25.vrp 8000 0,45 0,05 0,7 0,75 truncation fitness
R101.100.vrp 8000 0,47 0,9 0,15 0,05 truncation scale
R102.50.vrp 10000 0,35 0,45 0,05 0,05 scale fitness
R105.25.vrp 8000 0,31 0,25 0,2 0,55 truncation scale
R106.50.vrp 1000 0,41 0,05 0,75 0,25 scale truncation
R107.25.vrp 7000 0,45 0,45 0,9 0,35 truncation scale
R108.100.vrp 1000 0,49 0,05 0,65 0,15 truncation scale
R202.50.vrp 7000 0,23 0,2 0,5 0,6 scale truncation
R205.25.vrp 8000 0,09 0,2 0,75 0,15 scale truncation
R206.50.vrp 7000 0,07 0,15 0,75 0,5 scale truncation
R207.25.vrp 9000 0,35 0,25 0,9 0,1 scale truncation
RC101.100.vrp 8000 0,45 0,05 0,1 0,05 truncation fitness
RC102.50.vrp 8000 0,39 0,2 0,25 0,05 truncation fitness
RC105.25.vrp 8000 0,35 0,9 0,25 0,15 scale scale
RC106.50.vrp 7000 0,07 0,15 0,75 0,5 scale truncation
RC107.25.vrp 2000 0,21 0,65 0,8 0,3 scale truncation
RC108.100.vrp 2000 0,49 0,05 0,65 0,25 scale fitness
RC202.50.vrp 7000 0,39 0,55 0,25 0,1 truncation fitness
RC205.25.vrp 8000 0,21 0,7 0,15 0,05 scale truncation
RC206.50.vrp 8000 0,23 0,05 0,3 0,3 scale truncation
RC207.25.vrp 10000 0,23 0,75 0,15 0,1 scale truncation
Average 6650 0,31 0,31 041 0,24

truncation 43,3% 43,3%
scale 53,3% 30,0%
fitness 3,3% 26,7%
Final 6650 0,31 0,31 0,41 0,24  scale truncation
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Self-Organizing Map (CVRP)

Instance | di n dn e de ns
A-n33-k5.vrp 0,49 099978 0,42 0,99975 0,35 0,99981 200
A-n36-k5.vrp 043 099983 031 099972 051 099985 200
A-n44-k7.vrp 0,33 09998 0,31 0,99982 0,55 0,99988 300
A-n45-k7.vrp 048 09997 0,18 099973 065 0,999 1000
A-n48-k7.vrp 0,5 099974 0,24 0,9998 0,61 0,9997 500
A-n55-k9.vrp 037 099972 044 099988 054 099973 400
A-n60-k9.vrp 0,43 099972 0,27 0,9997 0,77 0,99984 1500
A-n62-k8.vrp 04 09998 029 099983 058 099988 2000
An63-k1Ovrp 03 099977 0,19 099975 0,88 09999 1000
A-n64-k9.vrp 057 09998 026 09998 0,6 09999 1000
A-n65-k9.vrp 043 099973 038 09997 0,77 0,99986 1500
A-n69-k9.vrp 037 099983 025 099986 042 099979 1000
A-n80k1Ovrp 0,48 099972 0,28 099989 049 0,99973 500
B-n39-k5.vrp 07 09999 063 09997 036 099976 750
B-n50-k7.vrp 08 099983 096 099981 045 09997 750
B-n52-k7.vrp 0,6 099987 059 099984 0,72 099981 200
B-nS6-k7.vrp 04 099978 0,78 099981 0,61 09998 100
B-n57-k9.vrp 063 09998 0,83 099988 04 099973 400
Bn67-kl0.vrp 0,61 099987 0,72 099987 0,65 099981 200
B-n68-k9.vrp 0,65 099972 0,76 099989 0,66 099973 400
Bn78-kl0.vrp 027 099979 052 099981 0,69 099986 400
P-n55-k7.vrp 047 099972 03 099983 05 099975 400
PnS5-ki0.vrp 0,38 099979 03 099971 0,86 099981 500
PnsSkiSwrp 045 099977 036 099984 05 099971 200
Pn60-k10.vrp 045 09999 018 09997 0,82 0,9998 2000
Pn6OKISvrp 044 09998 024 09998 091 099975 500
Pn65-k10.vrp 0,39 09999 023 099983 0,74 099988 300
P-n76-kd.vrp 041 09999 027 099971 063 099973 1500
P-n76-k5.vrp 045 09999 0,19 099976 064 099971 1000
Pni0l-kdvrp 035 099987 046 099978 0,67 099981 200
Average 0,47 0,99980 0,40 0,99979 0,62 099980 697

0,99980
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Self-Organizing Map (CVRPTW)

Instance | di n dn e de ns
€101.100.vrp 0,36 0,99988 0,61 0,99982 0,47 0,99988 200
€102.50.vrp 049 099979 0,85 099972 0,5 099986 300
C105.25.vrp 0,49 0,99978 0,7 0,99978 0,76 0,9998 100
€106.50.vrp 049 099979 0,85 099972 0,5 099986 300
C107.25.vrp 0,49 0,99978 0,7 0,99978 0,76 0,9998 100
€108.100.vrp 036 099988 061 099982 047 099988 200
€202.50.vrp 0,35 0,99983 0,25 0,9998 0,42 0,9999 1000
€205.25.vrp 046 099979 035 099985 051 099986 300
€206.50.vrp 035 099983 025 099986 042 0,999 1000
€207.25.vrp 046 099979 035 099985 051 099986 300
R101.100.vrp 05 099988 0,23 099972 0,86 099979 1500
R102.50.vrp 053 09998 0,19 099981 0,6 099986 1000
R105.25.vrp 042 099989 0,28 099972 056 0,99983 200
R106.50.vrp 053 09998 0,19 099981 0,6 099986 1000
R107.25.vrp 042 099989 0,28 099972 056 0,99983 200
R108.100.vrp 052 099988 034 099972 047 099979 750
R202.50.vrp 048 099974 029 099974 0,54 0,99979 1500
R205.25.vrp 032 09999 028 099981 058 099986 300
R206.50.vrp 048 099974 029 099971 054 0,99979 1500
R207.25.vrp 031 09999 028 099981 058 099986 300
RCI0L100wrp 0,36 0,99975 0,48 099982 0,67 099971 500
RC102.50.vrp 052 099972 0,86 099989 075 099973 400
RC105.25.vrp 052 09999 081 09997 078 099975 100
RC106.50.vrp 052 099972 0,86 099989 075 099973 400
RC107.25.vrp 052 09999 081 09997 078 099975 100
RC108.100vrp 0,36 099975 0,48 099982 067 099971 500
RC202.50.vrp 052 099981 093 09997 0,75 099988 300
RC205.25.vrp 07 09999 05 09997 058 099979 300
RC206.50.vrp 0,61 099981 0,98 099989 022 099988 200
RC207.25.vrp 07 09999 05 09997 058 099979 300
Average 0,47 099982 0,51 099978 0,559 099982 505
Final 0,47 099982 051 099978 0,59 099982 505
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Parameter Tuning Experiments of Appendix C: ParamILS tuning
Population-based Algorithms results.
Mikael Nilsson 2011-02-24

Genetic Algorithm with Self-Organizing Map (CVRP)

Instance ssize essize mselection eselection stime crossover
A-n33-k5.vrp 7000 0,23 0,2 0,3 scale truncation 0,03 1000 ERO
A-n36-k5.vrp 7000 0,23 0,2 0,8 scale truncation 0,03 1000 ERO
A-n44-k6.vrp 3000 0,49 0,85 0,6 fitness truncation 0,05 1000 ERO
A-n45-k7.vrp 7000 0,23 0,2 0,3 scale truncation 0,04 1000 ERO
A-n48-k7.vrp 3000 0,23 0,65 0,8 fitness truncation 0,04 1000 ERO
A-n55-k9.vrp 4000 0,23 0,45 0,3 scale truncation 0,03 1000 ERO
A-n60-k9.vrp 3000 0,23 0,3 0,8 fitness truncation 0,12 1000 ERO
A-n62-k8.vrp 7000 0,11 0,1 0,75 scale truncation 0,05 1000 ERO
A-n63-k10.vrp 4000 0,23 0,2 0,75 scale truncation 0,05 500 ERO
A-n64-k9.vrp 3000 0,27 0,25 0,3 fitness truncation 0,09 1000 ERO
A-n65-k9.vrp 7000 0,33 0,15 0,4 fitness truncation 0,05 1500 ERO
A-n69-k9.vrp 10000 0,47 0,3 0,65 truncation fitness 0,07 1000 PMX
A-n80-k10.vrp 6000 0,17 0,8 0,4 scale scale 0,04 1500 PMX
B-n39-k5.vrp 5000 0,33 0,15 0,7 truncation  truncation 0,05 1500 PMX
B-n50-k7.vrp 7000 0,21 0,15 0,3 scale truncation 0,05 1000 ERO
B-n52-k7.vrp 7000 0,25 0,05 0,95 scale truncation 0,03 1000 ERO
B-n56-k7.vrp 10000 0,21 0,8 0,4 scale scale 0,05 2000 PMX
B-n57-k9.vrp 9000 0,43 0,05 0,55 scale truncation 0,03 1000 ERO
B-n67-k10.vrp 6000 0,19 0,8 0,55 scale scale 0,04 2000 PMX
B-n68-k9.vrp 1000 0,45 0,65 0,9 scale truncation 0,05 500 ERO
B-n78-k10.vrp 6000 0,19 0,25 0,65 scale scale 0,05 2000 PMX
P-n55-k7.vrp 5000 0,27 0,2 0,8 scale truncation 0,03 1000 ERO
P-n55-k10.vrp 5000 0,15 0,2 0,8 scale truncation 0,03 1000 ERO
P-n55-k15.vrp 3000 0,23 0,65 0,8 fitness truncation 0,01 500 ERO
P-n60-k10.vrp 9000 0,29 0,15 0,65 truncation fitness 0,11 1500 ERO
P-n60-k15.vrp 7000 0,09 0,1 0,95 scale truncation 0,05 1000 ERO
P-n65-k10.vrp 7000 0,23 0,05 0,8 scale truncation 0,02 1000 ERO
P-n76-k4.vrp 2000 0,23 0,2 0,3 scale truncation 0,03 500 ERO
P-n76-k5.vrp 10000 0,25 0,6 0,75 truncation fitness 0,04 1500 PMX
P-n101-k4.vrp 5000 0,37 0,55 0,7 scale fitness 0,09 1500 PMX
Average 5833 0,26 034 0,62 0,05 1133

truncation 13,3% 73,3%

scale 66,7% 13,3%

fitness 20,0% 13,3%

PMX 26,7%
ERO 73,3%

Final 5833 0,26 0,34 0,62 scale truncation 0,05 1133 ERO

Som parameters | = 0.47 dl =0.99980 n = 0.40 dn = 0.99979 e = 0.62 de = 0.99980 ns = 697
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Parameter Tuning Experiments of Appendix C: ParamILS tuning
Population-based Algorithms results.
Mikael Nilsson 2011-02-24

Genetic Algorithm with Self-Organizing Map (CVRPTW)

Instance esize ssize essize mselection eselection mprob stime crossover
C101.100.vrp 9000 0,23 0,15 0,5 truncation truncation 0,05 1500 PMX
C102.50.vrp 7000 0,07 0,25 0,3 truncation fitness 0,06 1000 PMX
C105.25.vrp 10000 0,15 0,45 0,65 truncation fitness 0,03 1500 PMX
C106.50.vrp 9000 0,25 0,85 0,65 truncation  truncation 0,05 1500 PMX
C107.25.vrp 6000 0,39 0,2 0,6 fitness truncation 0,01 1000 ERO
C108.100.vrp 5000 0,17 0,15 0,35 truncation  truncation 0,05 1500 PMX
C202.50.vrp 9000 0,39 0,15 0,1 truncation fitness 0,04 1500 PMX
C205.25.vrp 3000 0,23 0,65 0,45 fitness truncation 0,01 1000 ERO
C206.50.vrp 500 0,25 0,65 0,6 scale truncation 0,03 500 ERO
C207.25.vrp 1000 0,23 0,65 0,6 fitness truncation 0,05 1000 ERO
R101.100.vrp 5000 0,11 0,15 0,4 truncation truncation 0,09 1500 PMX
R102.50.vrp 10000 0,25 0,6 0,75 truncation  truncation 0,04 1500 PMX
R105.25.vrp 6000 0,39 0,25 0,55 truncation truncation 0,03 500 PMX
R106.50.vrp 8000 0,45 0,65 0,8 scale truncation 0,01 1500 PMX
R107.25.vrp 3000 0,23 0,85 0,6 fitness truncation 0,01 500 ERO
R108.100.vrp 5000 0,17 0,15 0,35 truncation  truncation 0,05 2000 PMX
R202.50.vrp 10000 0,45 0,65 0,5 scale truncation 0,01 1500 PMX
R205.25.vrp 2000 0,09 0,65 0,7 fitness truncation 0,08 1000 ERO
R206.50.vrp 5000 0,37 0,55 0,55 truncation fitness 0,11 2000 PMX
R207.25.vrp 7000 0,23 0,2 0,45 scale truncation 0,03 1000 ERO
RC101.100.vrp 5000 0,31 0,15 0,8 truncation truncation 0,09 1500 PMX
RC102.50.vrp 8000 0,27 0,85 0,75 scale truncation 0,04 1500 PMX
RC105.25.vrp 6000 0,05 0,2 0,8 scale truncation 0,05 1000 ERO
RC106.50.vrp 9000 0,21 0,4 0,5 scale truncation 0,12 1500 PMX
RC107.25.vrp 6000 0,39 0,55 0,55 truncation truncation 0,03 2000 ERO
RC108.100.vrp 6000 0,19 0,15 0,4 truncation  truncation 0,05 1500 PMX
RC202.50.vrp 1000 0,23 0,3 0,9 scale truncation 0,04 500 ERO
RC205.25.vrp 2000 0,23 0,65 0,85 fitness truncation 0,05 1000 ERO
RC206.50.vrp 3000 0,15 0,05 0,6 fitness fitness 0,01 1000 ERO
RC207.25.vrp 7000 0,23 0,2 0,3 scale truncation 0,05 1000 ERO
Average 5783 0,25 041 0,56 0,05 1250

truncation 46,7% 83,3%

scale 30,0% 0,0%

fitness 23,3% 16,7%

PMX 56,7%
fitness 43,3%

Final 5783 0,25 0,41 0,56 truncation  truncation 0,05 1250 PMX

Som parameters | =0.47 Id =0.99982 n = 0.51 dn = 0.99978 e = 0.59 de = 0.99982 ns = 505
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Parameter Tuning Experiments of
Population-based Algorithms Appendix D: SPOT tuning result.
Mikael Nilsson 2011-02-24

Appendix D: SPOT tuning result.

Ant Colony Optimization (CVRP)

Instance alpha beta rho ants nnsize gamma lambda

A-n33-k5.vrp 0,3261741 2,46989 0,1341335  0,398701  0,3691072  0,1510765  0,8660481
A-n36-k5.vrp 1,253716 2,77217 0,2096315  0,332883  0,2824834  0,1118328  0,9192502
A-n44-k6.vrp 0,3624206  2,619989  0,5344546 0,4583959 0,3359128  0,1349133 0,969838
A-n45-k7.vrp 1,675359 3,418463  0,3835737 0,2962111 0,4668895 0,09668259 0,8221925
A-n48-k7.vrp 0,5659839  2,877206  0,4999769 0,1497908 0,2897351  0,1416871  0,6119353
A-n55-k9.vrp 0,3206009  3,908332 0,184482  0,4838372 0,4421268 0,08038029 0,8873277
A-n60-k9.vrp 1,775339 2,288586  0,1482509  0,334453  0,1762158  0,1147156 0,96983

A-n62-k8.vrp 0,4041518  3,895269  0,2024299 0,4156281 0,4733367  0,0991941  0,5046787
A-n63-k10.vrp 1,66612 2,072393  0,3853416 0,4421276 0,2537911 0,04933249  0,7410972
A-n64-k9.vrp 0,6924175  1,290772  0,3446819  0,413262  0,1901977  0,0961852 0,503602
A-n65-k9.vrp 0,5646344  2,884865  0,4915519 0,1791382 0,3821096 0,03395628 0,7370273
A-n69-k9.vrp 1,870673 2,647975 0,233704  0,4155742 0,1050362  0,0988928  0,6367657

A-n80-k10.vrp 0,8611422  2,727257  0,3142053 0,3274528 0,4142396 0,03950856  0,576388

B-n39-k5.vrp 0,559907 2,379899  0,5507415 0,3859949  0,422344 0,0964313  0,7447771
B-n50-k7.vrp 0,8611422  2,727257  0,3142053 0,3274528 0,4142396 0,03950856  0,576388
B-n52-k7.vrp 1,273636 2,073949  0,2221228 0,3466743 0,4289457 0,05127088 0,5984711
B-n56-k7.vrp 1,814084 1,136344  0,3390507 0,3948959 0,2976745 0,05140436 0,6829965
B-n57-k9.vrp 0,9633117  4,419359 0,5187736 0,3997087 0,4851531 0,06448179 0,6703385
B-n67-k10.vrp 1,270962 2,006518  0,4760728 0,1650219 0,2255534 0,06082419 0,8466687
B-n68-k9.vrp 1,448089 3,418677  0,5334008 0,1991153 0,3867453 0,08854341  0,987602
B-n78-k10.vrp 1,283755 1,907552  0,1147641 0,3957383  0,145587 0,1108292 0,642585
P-n55-k7.vrp 0,7124808  4,684417  0,2230617 0,4162953  0,400389  0,04862139 0,6478094

P-n55-k10.vrp 0,4453297  3,797649  0,2217749 0,4622423 0,3143106 0,07548355 0,6616389
P-n55-k15.vrp 0,6550796  3,402648  0,3705267 0,2378142 0,2256908 0,09207983  0,6297923
P-n60-k10.vrp 0,3206009  3,908332 0,184482  0,4838372 0,4421268 0,08038029 0,8873277
P-n60-k15.vrp 0,9856323  4,606936  0,3790536 0,2637397  0,483997 0,0438213  0,6479744
P-n65-k10.vrp 0,4334721  3,663045 0,1047018 0,3538291 0,2116316  0,0648973  0,8347367
P-n76-k4.vrp 0,6515048  3,290111  0,1257835 0,2834398 0,2148565  0,1249335  0,6871237
P-n76-k5.vrp 0,4820243  4,546248  0,5629892  0,198598  0,1612912 0,07124883 0,5145887
P-n101-k4.vrp 0,6515048  3,290111  0,1257835 0,2834398 0,2148565  0,1249335  0,6871237

Average 0,9050416  3,0377406 0,3144569 0,3415097 0,3218858  0,0846017  0,7231308

0,9050416 3,0377406 0,3144569 0,3415097 0,3218858  0,0846017  0,7231308
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Population-based Algorithms Appendix D: SPOT tuning result.
Mikael Nilsson 2011-02-24

Ant Colony Optimization (CVRPTW)

Instance alpha beta rho ants nnsize gamma lambda omega

C101.100.vrp 0,4058486 4,408839 0,3235456 0,3041899 0,1390467 0,06122138 0,9446733 0,5371735
C102.50.vrp 1,885512 1,016061  0,3473395 0,3441737 0,1696307 0,106447 0,7129326  0,9757091
C105.25.vrp 0,6039434 2,102158 0,2584147  0,3706295 0,372908 0,1583232 0,93389 1,038862
C106.50.vrp 0,4058486  4,408839  0,3235456 0,3041899 0,1390467 0,06122138 0,9446733 0,5371735
C107.25.vrp 0,6039434 2,102158 0,2584147  0,3706295 0,372908 0,1583232 0,93389 1,038862
€108.100.vrp 1,03135 1,861564  0,5722453  0,414837 0,1280113  0,1285166  0,8846414 1,20276

C202.50.vrp 0,4058486 4,408839 0,3235456 0,3041899 0,1390467 0,06122138 0,9446733 0,5371735
C205.25.vrp 1,631853 1,5953 0,4072706 0,4536685 0,3881066  0,1555109  0,5752637 0,4104193
C206.50.vrp 1,056792 1,778402  0,2914008 0,3600096 0,2116048 0,05453285 0,5926161 0,4779849
C207.25.vrp 0,5109551 0,2948389 0,4831945 0,2712567 0,2958031  0,1478167  0,5916667  1,191226
R101.100.vrp 1,082486 4,013317 0,1150249  0,2252332  0,3281277 0,1034467 0,6227633  0,8212996
R102.50.vrp 0,8318838  2,537905 0,5874696 0,4473905 0,4532311 0,06793281 0,6633172 0,2026104
R105.25.vrp 0,7485736  3,861128  0,5212054 0,3411469 0,3145077  0,1029373  0,9630713  1,388593
R106.50.vrp 0,7839066  3,028636  0,1788195 0,2499674 0,2028207 0,05481365 0,7462851  0,843632
R107.25.vrp 1,616625 1,113927  0,5436616 0,2827754 0,3186895  0,1896821  0,8691592  0,4265753
R108.100.vrp 1,417921 3,589841 0,1783668 0,158393  0,1991365 0,04021792 0,7197542  1,260053
R202.50.vrp 0,984342 1,645467  0,5808879 0,4572635 0,2919021 0,07027373 0,8601668 0,7641936
R205.25.vrp 1,369043 3,407718  0,2024874 0,1627554 0,3330647 0,1193888  0,7795514 0,3165456
R206.50.vrp 0,8474632  0,7229417 0,1704792 0,2604826  0,1663602  0,1732073  0,5267148 0,3720612
R207.25.vrp 0,9936875 0,434106  0,4837355 0,329409 0,3115528 0,1726359  0,5229939 0,2169733

RC101.100.vrp 1,082486 4,013317 0,1150249  0,2252332  0,3281277 0,1034467 0,6227633  0,8212996

RC102.50.vrp 1,312193 3,062652  0,5832793 0,4621032 0,2479255  0,1236518  0,7360521 0,8067558
RC105.25.vrp 0,1972787 1,034041 0,376279  0,3106383  0,3037027 0,1297588  0,8438462 1,041099
RC106.50.vrp 1,267397 3,970913  0,5114975 0,4412609 0,4853421 0,04538409 0,6158648 1,067598
RC107.25.vrp 0,7485736 3,861128  0,5212054 0,3411469 0,3145077  0,1029373  0,9630713 1,388593

RC108.100.vrp 1,403216 4,59915 0,1649077 0,2488878 0,2312475 0,05842637 0,5121366 0,8195655

RC202.50.vrp 1,099664 0,772189  0,3313198 0,2059928 0,1547617  0,1826504 0,696005 0,1165968
RC205.25.vrp 1,616625 1,113927  0,5436616  0,2827754 0,3186895 0,1896821  0,8691592  0,4265753
RC206.50.vrp 1,396001 1,569433  0,1878124 0,3918607 0,1564104  0,0955359  0,9253858 0,7411879
RC207.25.vrp 1,115971 0,6048717 0,3479408  0,397161 0,2019147 0,02775458 0,9455997 0,4860331
Average 1,0152411  2,4311202 0,3611328 0,3239884 0,2672712  0,1082300  0,7687527 0,7425062

1,0152411 2,4311202 0,3611328 0,3239884 0,2672712  0,1082300  0,7687527 0,7425062
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Appendix D: SPOT tuning result.

Mikael Nilsson 2011-02-24
Genetic Algorithm (CVRP)

Instance psize esize ssize essize mselection  eselection
A-n33-k5.vrp 7383 0,09121518 0,1164507 0,7646805 fitness truncation
A-n36-k5.vrp 7379 0,386858 0,5063145 0,4875375  truncation  truncation
A-n44-k6.vrp 5161 0,4665302 0,2550457 0,7888057 scale truncation
A-n45-k7.vrp 7270 0,05829233 0,0570887 0,7179009 scale truncation
A-n48-k7.vrp 3448 0,1489367 0,1474705 0,3558368 truncation truncation
A-n55-k9.vrp 1733 0,4003098 0,1845612 0,5403864  truncation  truncation
A-n60-k9.vrp 2109 0,09408758 0,07774028 0,642451 truncation truncation
A-n62-k8.vrp 2109 0,09408758 0,07774028 0,642451 truncation  truncation
A-n63-k10.vrp 2061 0,2895507 0,1088623 0,5204122  truncation  truncation
A-n64-k9.vrp 3717 0,2083582 0,05606253 0,3454399  truncation scale
A-n65-k9.vrp 1421 0,2120724 0,07962872  0,3317173 scale truncation
A-n69-k9.vrp 1421 0,2120724 0,07962872 0,3317173 scale truncation
A-n80-k10.vrp 1164 0,2742459 0,07812639 0,9416074  truncation  truncation
B-n39-k5.vrp 6919 0,2911339 0,08698604 0,3348211 fitness truncation
B-n50-k7.vrp 3606  0,4093211  0,05965265  0,8096942 fitness truncation
B-n52-k7.vrp 7535 0,3592304 0,06321192 0,8405223 fitness truncation
B-n56-k7.vrp 3528 0,3305897 0,112 0,5372674 scale truncation
B-n57-k9.vrp 1164 0,2742459 0,07812639 0,9416074  truncation truncation
B-n67-k10.vrp 1200 0,3626099 0,08491036 0,9019898 scale truncation
B-n68-k9.vrp 1164 0,2742459 0,07812639 0,9416074  truncation truncation
B-n78-k10.vrp 1200 0,3626099 0,08491036  0,9019898 scale truncation
P-n55-k7.vrp 3501 0,1337537 0,1833915 0,840682 fitness truncation
P-n55-k10.vrp 2347 0,1006876 0,08224028 0,736951 truncation truncation
P-n55-k15.vrp 1991 0,3833444 0,05181166 0,7705336  truncation truncation
P-n60-k10.vrp 1940 0,05435507 0,09768861  0,9039623 scale truncation
P-n60-k15.vrp 2109 0,09408758 0,07774028 0,642451 truncation  truncation
P-n65-k10.vrp 2194 0,3748932 0,06343138 0,4107474 scale truncation
P-n76-k4.vrp 1210 0,4614697 0,218632 0,6665144 fitness truncation
P-n76-k5.vrp 2314 0,4559769 0,06730617 0,619141 fitness scale
P-n101-k4.vrp 2355  0,0802497  0,05062494 0,6461382 scale fitness
Average 3088  0,2579807 0,1121837  0,6619188
truncation 43,3% 90,0%
scale 33,3% 6,7%
fitness 23,3% 3,3%

0,2579807

0,1121837

75

0,6619188

truncation

truncation
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Population-based Algorithms Appendix D: SPOT tuning result.
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Genetic Algorithm (CVRPTW)

Instance psize esize ssize essize iprob mselection  eselection
C101.100.vrp 8439 0,2763675  0,06454277 0,2501326  0,06421965 scale fitness
C102.50.vrp 5772 0,399963  0,06953465 0,8979717 0,5407634  scale truncation
C105.25.vrp 5437 0,4118035 0,3629821 0,3218283 0,1828982 fitness truncation
C106.50.vrp 1479 0,2769718 0,2565801 0,2749632 0,196827 fitness scale
C107.25.vrp 6680 0,2211975 0,740746 0,2000504 0,3397387  scale scale
€108.100.vrp 8816 0,2907547  0,09075678 0,6435558 0,2130953 fitness fitness
C202.50.vrp 5437 0,4118035 0,3629821 0,3218283 0,1828982 fitness truncation
C205.25.vrp 5437 0,4118035 0,3629821 0,3218283 0,1828982 fitness truncation
C206.50.vrp 5300 0,3415871 0,2303342 0,6096645 0,1452297  truncation  truncation
C207.25.vrp 8664 0,3501248 0,5574518 0,2818753 0,8615774  scale scale
R101.100.vrp 6767 0,4276414 0,4244836 0,2918939 0,0521152  scale scale
R102.50.vrp 1241 0,3030837  0,08038098 0,3387594 0,212072  truncation  scale
R105.25.vrp 9781 0,2233016 0,4241253 0,180714 0,6241024  truncation fitness
R106.50.vrp 1664 0,407697  0,05445777 0,8795886 0,7118887 fitness truncation
R107.25.vrp 6367 0,1164509 0,5435297 0,8140196 0,5066506  truncation  truncation
R108.100.vrp 1067 0,3091606 0,0503232 0,627405 0,1263301 truncation  truncation
R202.50.vrp 6211 0,3420768 0,1974604 0,6039172 0,515863  truncation truncation
R205.25.vrp 8850 0,1186179 0,5210391 0,07113469 0,306232  truncation  scale
R206.50.vrp 8851 0,2520786 0,1604406 0,6192679 0,4201814  scale truncation
R207.25.vrp 9199 0,3338924 0,2441392 0,1265786  0,05936552 fitness scale
RC101.100.vrp 9320 0,4061713 0,1741533 0,856281  0,05459197  scale truncation
RC102.50.vrp 2001 0,2498424 0,1273155 0,793615 0,1042596 truncation  truncation
RC105.25.vrp 6293 0,1375002 0,3295131 0,4807233 0,1068257 fitness truncation
RC106.50.vrp 2260 0,3699469 0,0586359 0,6312595 0,3076115 truncation  fitness
RC107.25.vrp 6680 0,2211975 0,740746 0,2000504 0,3397387  scale scale

RC108.100.vrp 1432 0,1196039  0,05988194 0,8717447 0,1284975 truncation  truncation

RC202.50.vrp 4811 0,4227203 0,3885061 0,3360812 0,4410561  scale scale
RC205.25.vrp 5699 0,2064386 0,865563 0,2510292 0,6776778  truncation truncation
RC206.50.vrp 7882  0,09102556  0,05585057 0,8457407 0,3775727  truncation scale
RC207.25.vrp 8706 0,1852089 0,3672224  0,06370902 0,424386 scale fitness
Average 5885 0,2878678 0,2988887 0,4669070 0,3135721

truncation 40,0% 50,0%
scale 33,3% 33,3%
fitness 26,7% 16,7%

0,2878678 0,2988887 0,4669070 0,3135721  truncation truncation
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Self-Organizing Map (CVRP)

Instance | dl n dn e de ns

A-n33-k5.vrp 0,3544079 0,9998696 0,3300401 0,9997372 0,8349761 0,9997254 212
A-n36-k5.vrp 0,5140453  0,9998065 0,2320333 0,9998121 0,5204167 0,9998174 704
A-nd4-k6.vrp 0,4229705 0,9998921 0,140969 0,9997634  0,9562726 0,9997074 1607
A-n45-k7.vrp 0,4854465 0,9998255 0,3071743 0,9997942 0,3737553  0,999774 504
A-n48-k7.vrp 0,4005389 0,999705 0,2872977 0,9997338  0,4954629 0,9997764 968
A-n55-k9.vrp 0,4623494 0,9998894 0,2859051 0,9997454 0,8226331  0,999814 1507
A-n60-k9.vrp 0,3434618 0,9998861 0,2561234 0,9998612 0,7648235 0,999743 663
A-n62-k8.vrp 0,2687226  0,9998899  0,3214853  0,999735 0,725404  0,9998329 1972
A-n63-k10.vrp 0,4623494  0,9998894  0,2859051 0,9997454 0,8226331  0,999814 1507
A-n64-k9.vrp 0,5710905 0,9997703 0,2187518 0,9997796 0,8947938  0,999855 1502
A-n65-k9.vrp 0,334152  0,9998976  0,2862527 0,9998815 0,6508818 0,9997237 1823
A-n69-k9.vrp 0,6606255 0,9997224 0,2057544 0,9997335 0,7865432  0,999857 1893
A-n80-k10.vrp 0,6129358 0,9998542  0,2304364 0,9997363 0,6803126 0,9998453 1977
B-n39-k5.vrp 0,1455502  0,9998397 0,3990434 0,9997968 0,6017371  0,999708 155
B-n50-k7.vrp 0,8869594 0,9998045 0,8124743  0,999858  0,1442461 0,9997096 358
B-n52-k7.vrp 0,5313541 0,9997337  0,740197  0,9997932 0,3938428 0,99976 155
B-n56-k7.vrp 0,3299263  0,999855  0,6503331  0,999896  0,9388592  0,999872 158
B-n57-k9.vrp 0,4330217 0,9998171 0,535646  0,9997923  0,810738  0,9998894 222
B-n67-k10.vrp 0,2513391 0,9997339  0,9589624 0,9997278 0,9572455 0,9998178 132
B-n68-k9.vrp 0,3299263  0,999855  0,6503331  0,999896  0,9388592  0,999872 158
B-n78-k10.vrp 0,5650003 0,9998911 0,7434651 0,9997207 0,4334619  0,999789 702
P-n55-k7.vrp 0,5450999 0,9997015 0,1402625 0,9998489 0,7025094 0,9998325 1969
P-n55-k10.vrp 0,3675726  0,9997908 0,1658015 0,9998437  0,8085654 0,9998965 1513
P-n55-k15.vrp 0,4113808 0,9997568 0,1481374 0,9998372 0,6946874 0,9997837 1967
P-n60-k10.vrp 0,5479461 0,9997614 0,2398061 0,9997324  0,5202294 0,9998368 1878
P-n60-k15.vrp 0,4831781  0,999811  0,1567553  0,999875  0,8667758 0,9997772 1832
P-n65-k10.vrp 0,5065499 0,9997109 0,1844558 0,9998158 0,7258186  0,999818 1342
P-n76-k4.vrp 0,460912  0,9998829 0,1953622 0,9997624 0,6194592 0,9997852 1877
P-n76-k5.vrp 0,460912  0,9998829 0,1953622 0,9997624 0,6194592 0,9997852 1877
P-n101-k4.vrp 0,4712327 0,9997155 0,1953121 0,9997158 0,9845633 0,9998923 1701

Average 0,4540319 0,9998147 0,3499946 0,9997911 0,7029989 0,9998037 1161

0,4540319 0,9998147 0,3499946 0,9997911 0,7029989 0,9998037
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Self-Organizing Map (CVRPTW)

Instance | dl n dn e de ns

C101.100.vrp 0,4243996 0,9998072 0,4384106 0,9998166 0,7996276  0,9997328 396
C102.50.vrp 0,2631339  0,9998722 0,3774369 0,9998431 0,7962343 0,9998171 134
C105.25.vrp 0,5313541  0,9997337 0,740197 0,9997932  0,3938428 0,99976 155
C106.50.vrp 0,3299263  0,999855 0,6503331 0,999896  0,9388592  0,999872 158
C107.25.vrp 0,5313541  0,9997337 0,740197 0,9997932  0,3938428 0,99976 155
€108.100.vrp 0,4243996 0,9998072 0,4384106 0,9998166 0,7996276 0,9997328 396
C202.50.vrp 0,3868545 0,9997087 0,3375427 0,9998258 0,651918 0,9997739 452
C205.25.vrp 0,4822122 0,9998071 0,3685083 0,9997153 0,5910099 0,9997905 164
C206.50.vrp 0,3868545 0,9997087 0,3375427 0,9998258  0,651918  0,9997739 452
C207.25.vrp 0,4822122 0,9998071 0,3685083 0,9997153 0,5910099 0,9997905 164
R101.100.vrp 0,5624712  0,999892  0,1779791 0,9997783  0,7750832  0,999782 1981
R102.50.vrp 0,5251462 0,9998725 0,2294706  0,999802  0,6261318 0,9998733 1638
R105.25.vrp 0,5299038  0,999751  0,2113628 0,9998824  0,5835651 0,9998075 672
R106.50.vrp 0,4521487 0,9998604 0,1770474 0,9998118 0,8245622  0,999728 1981
R107.25.vrp 0,5299038  0,999751  0,2113628 0,9998824  0,5835651 0,9998075 672
R108.100.vrp 0,5624712  0,999892  0,1779791 0,9997783 0,7750832  0,999782 1981
R202.50.vrp 0,4521487 0,9998604 0,1770474 0,9998118 0,8245622  0,999728 1981
R205.25.vrp 0,3667821 0,9997924 0,1569064 0,9997732 0,8048582 0,9998981 377
R206.50.vrp 0,4521487 0,9998604 0,1770474 0,9998118 0,8245622  0,999728 1981
R207.25.vrp 0,3667821 0,9997924 0,1569064 0,9997732 0,8048582 0,9998981 377
RC101.100.vrp 0,8300262  0,999711 0,304985 0,999749  0,4688122 0,9998645 1984
RC102.50.vrp 0,5313541 0,9997337  0,740197  0,9997932  0,3938428 0,99976 155
RC105.25.vrp 0,8885916 0,9997323 0,5802312 0,9998092 0,5743787  0,999808 171
RC106.50.vrp 0,5313541 0,9997337  0,740197  0,9997932  0,3938428 0,99976 155
RC107.25.vrp 0,639201 0,999727  0,5892578 0,9997045 0,5649853 0,9998137 114
RC108.100.vrp 0,8300262  0,999711 0,304985 0,999749  0,4688122 0,9998645 1984
RC202.50.vrp 0,3305133  0,9997666 0,9026694 0,9997295 0,6989204  0,999769 237
RC205.25.vrp 0,7013075 0,9997887 0,8715232 0,9997752 0,4888428 0,9998857 105
RC206.50.vrp 0,3305133  0,9997666 0,9026694 0,9997295 0,6989204  0,999769 237
RC207.25.vrp 0,7013075 0,9997887 0,8715232 0,9997752 0,4888428 0,9998857 105
Average 0,5118934 0,9997875 0,4486145 0,9997918 0,6424974 0,9998005 717

0,5118934 0,9997875 0,4486145 0,9997918 0,6424974 0,9998005
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Population-based Algorithms Appendix D: SPOT tuning result.
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Genetic Algorithm with Self-Organizing Map (CVRP)

Instance essize mselection eselection stime crossover
A-n33-k5.vrp 9636 0,2363717 0,4385716 0,6116748 scale truncation 0,1105593 1539 ERO
A-n36-k5.vrp 1999  0,1017822 0,8347894 0,7593349 fitness truncation  0,1036017 772 ERO
A-n44-k6.vrp 6584 0,1295002 0,4624746 0,8615983 scale truncation 0,1184123 904 ERO
A-n45-k7.vrp 2044  0,3127769 0,6987493 0,6867002 fitness truncation  0,1177928 1373 ERO
A-n48-k7.vrp 6870 0,3951043 0,2310088 0,3933703 scale scale 0,06699244 1032 ERO
A-n55-k9.vrp 7129  0,1691532 0,1611921 0,2356203 scale truncation  0,09608479 537 ERO
A-n60-k9.vrp 5773 0,1928441 0,7817884 0,08681192  truncation  truncation 0,08701069 1840 ERO
A-n62-k8.vrp 1286  0,3019271 0,5990939 0,6902586  truncation  truncation  0,1130087 1913 ERO
A-n63-k10.vrp 3727  0,4207462  0,09189062  0,4594899 scale scale 0,05484003 530 ERO
A-n64-k9.vrp 6377  0,2218851 0,1314592 0,5300762 scale truncation  0,1061821 1035 ERO
A-n65-k9.vrp 4042 0,3391517 0,1784791 0,4735 fitness truncation 0,1173877 783 ERO
A-n69-k9.vrp 2511  0,2713842 0,2603908 0,2705545 fitness scale 0,02232563 752 ERO
A-n80-k10.vrp 6183  0,0840911 0,94855 0,09601486 scale fitness 0,1080448 863 PMX
B-n39-k5.vrp 2364 0,09691663  0,3842942 0,0778408 scale truncation  0,09502585 1096 ERO
B-n50-k7.vrp 9887  0,1562795 0,1786109 0,9082506 scale truncation  0,04389454 556 ERO
B-n52-k7.vrp 8669  0,4783873 0,8435778 0,1791547 scale scale 0,08828752 1819 ERO
B-n56-k7.vrp 2137  0,4804571 0,7880948 0,565693 truncation  truncation  0,03495818 892 ERO
B-n57-k9.vrp 9205  0,1351217 0,565545 0,339754 scale truncation  0,1013585 1897 PMX
B-n67-k10.vrp 9704  0,3173856 0,7279703 0,7566094 scale scale 0,06649658 1364 PMX
B-n68-k9.vrp 7432  0,4327152  0,06847458  0,4813987 fitness scale 0,06464694 1991 ERO
B-n78-k10.vrp 8696  0,1676358 0,5811749 0,5007702 fitness truncation  0,1020529 1332 PMX
P-n55-k7.vrp 6377  0,2218851 0,1314592 0,5300762 scale truncation  0,1061821 1035 ERO
P-n55-k10.vrp 7860  0,3751959 0,1419833 0,6699784  truncation scale 0,06447709 620 ERO
P-n55-k15.vrp 9887  0,1562795 0,1786109 0,9082506 scale truncation  0,04389454 556 ERO
P-n60-k10.vrp 7860  0,3751959 0,1419833 0,6699784  truncation scale 0,06447709 620 ERO
P-n60-k15.vrp 3690  0,2968782 0,3272431 0,3042425  truncation scale 0,01223508 1685 ERO
P-n65-k10.vrp 7860  0,3751959 0,1419833 0,6699784  truncation scale 0,06447709 620 ERO
P-n76-k4.vrp 5119  0,1383288 0,1426963 0,2481003 fitness truncation  0,01478715 692 ERO
P-n76-k5.vrp 5119  0,1383288 0,1426963 0,2481003 fitness truncation  0,01478715 692 ERO
P-n101-k4.vrp 8599  0,1794186 0,5276388 0,4325848 scale fitness 0,1158976 1090 PMX
Average 6154  0,2566108 0,3944158 0,4881922 0,0773393 1081

truncation 23,3% 60,0%

scale 50,0% 33,3%

fitness 26,7% 6,7%

PMX 16,7%
ERO 83,3%

Final 6154 0,2566108 0,3944158 0,4881922 scale truncation 0,0773393 ERO

Som parameters [=0.4540319 d1=0.9998147 n=0.3499946 dn=0.9997911 e=0.7029989 de=0.9998037 ns=1161

79



Parameter Tuning Experiments of
Population-based Algorithms Appendix D: SPOT tuning result.
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Genetic Algorithm with Self-Organizing Map (CVRPTW)

Instance essize mselection  eselection stime  crossover
C101.100.vrp 1845 0,1870307 0,5973142 0,2031998 fitness truncation 0,1002068 1772 PMX
C102.50.vrp 9989  0,0990326 0,4118708  0,3063729 scale truncation  0,04454163 1527 PMX
C105.25.vrp 8084 0,1438015 0,2404619 0,5427705 truncation  truncation 0,094101 1463 PMX
C106.50.vrp 8599 0,1794186  0,5276388  0,4325848 scale fitness 0,1158976 1090 PMX
C107.25.vrp 8973 0,480537 0,4191392 0,8756135 scale truncation  0,06099161 1762 PMX
€108.100.vrp 4703 0,09277513  0,2444247  0,5315289 fitness scale 0,04604447 991 PMX
C202.50.vrp 9068 0,3499899 0,104441 0,3138115 truncation fitness 0,0650404 1386 PMX
C205.25.vrp 3279 0,05850993 0,4278278  0,8274517 fitness truncation  0,06182415 1065 ERO
C206.50.vrp 9137  0,3236419  0,2575959  0,0753121 scale scale 0,1198911 1302 PMX
C207.25.vrp 1999 0,1017822  0,8347894  0,7593349 fitness truncation  0,1036017 772 ERO
R101.100.vrp 3379  0,1459941  0,3919592  0,4739754 scale scale 0,09124341 1472 PMX
R102.50.vrp 8599 0,1794186  0,5276388  0,4325848 scale fitness 0,1158976 1090 PMX
R105.25.vrp 8121 0,155774 0,5063473  0,2814256 scale truncation  0,01863417 566 ERO
R106.50.vrp 9649 0,07708245 0,4032589  0,3377465 scale scale 0,05329929 1929 PMX
R107.25.vrp 6584  0,1295002  0,4624746  0,8615983 scale truncation  0,1184123 904 ERO
R108.100.vrp 2425 0,1991451  0,2372966  0,2507633  truncation scale 0,0914212 881 PMX
R202.50.vrp 9137  0,3236419  0,2575959  0,0753121 scale scale 0,1198911 1302 PMX
R205.25.vrp 3422 0,2981162  0,2248291  0,5622934 scale fitness 0,07188895 552 ERO
R206.50.vrp 4816  0,3773365  0,1257031  0,4311591 fitness truncation  0,07216114 1908 PMX
R207.25.vrp 6584  0,1295002 0,4624746  0,8615983 scale truncation  0,1184123 904 ERO
RC101.100.vrp 3379  0,1459941  0,3919592  0,4739754 scale scale 0,09124341 1472 PMX
RC102.50.vrp 9205 0,1351217 0,565545 0,339754 scale truncation  0,1013585 1897 PMX
RC105.25.vrp 1999 0,1017822  0,8347894  0,7593349 fitness truncation  0,1036017 772 ERO
RC106.50.vrp 9381 0,1428527 0,5342901 0,9471405 truncation scale 0,05189386 1279 PMX
RC107.25.vrp 6584  0,1295002  0,4624746  0,8615983 scale fitness 0,1184123 904 ERO

RC108.100.vrp 5389 0,4173452  0,1642182  0,6274564 fitness truncation  0,05588952 1355 PMX

RC202.50.vrp 6230 0,2806942 0,3038543  0,09445198  truncation fitness 0,1098756 591 PMX

RC205.25.vrp 1999 0,1017822 0,8347894 0,7593349 fitness truncation 0,1036017 772 ERO

RC206.50.vrp 3719 0,1684268 0,5935459 0,1327301 truncation  truncation 0,1179876 553 ERO

RC207.25.vrp 5130 0,3389182 0,2048351 0,8438672 fitness scale 0,1045044 1116 ERO

Average 6047 0,1998149 0,4185128 0,5092027 0,0880590 1178

truncation 20,0% 50,0%

scale 50,0% 30,0%

fitness 30,0% 20,0%

PMX 63,3%
ERO 36,7%

Final 6047 0,1998149 0,4185128 0,5092027 scale truncation 0,0880590 1178

Som parameters | = 0.5118934 dl = 0.9997875 n = 0.4486145 dn = 0.9997918 e = 0.6424974 de = 0.9998005 ns = 717
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Appendix E: CVRP test results

O = Optimal value, P = ParamILS, S = SPOT, R = Random, RF = Random
with Flooding, RNF = Random with No Flooding.

Best values per instance out of 100 runs.

ACO GA GASOM

instance (0] P S RF RNF P S R P S R

A-n32-k5 784 789 788 784 784 802 803 801 805 803 805
A-n33-k5 661 665 665 661 661 661 661 661 661 661 661
A-n33-k6 742 745 742 743 742 753 757 763 742 742 742
A-n34-k5 778 786 786 785 786 797 797 800 778 778 778
A-n36-k5 799 799 799 799 799 820 820 820 799 799 799
A-n37-k5 669 676 675 671 670 697 684 700 673 671 672
A-n37-k6 949 956 953 950 953 953 954 960 953 955 953
A-n38-k5 730 736 736 731 732 738 736 758 730 730 730
A-n39-k5 822 827 828 826 831 842 842 843 822 822 822
A-n39-k6 831 831 831 831 835 832 832 837 832 831 831
A-n44-k6 937 944 938 938 948 949 944 979 957 957 937
A-n45-k6 944 955 955 953 961 962 962 968 948 958 948
A-n45-k7 1146 1154 1160 1154 1153 1171 1173 1189 1150 1150 1156
A-n46-k7 914 914 914 914 914 926 927 942 922 925 917
A-n48-k7 1073 1074 1079 1073 1084 1102 1101 1110 1089 1096 1096
A-n53-k7 1010 1011 1011 1011 1032 1052 1054 1062 1020 1028 1018
A-n54-k7 1167 1188 1193 1194 1198 1231 1225 1245 1188 1190 1178
A-n55-k9 1073 1079 1084 1082 1080 1115 1110 1124 1075 1076 1075
A-n60-k9 1354 1373 1367 1378 1385 1590 1497 1576 1396 1407 1391
A-n61-k9 1034 1042 1042 1045 1052 1291 1124 1131 1064 1063 1062
A-n62-k8 1288 1296 1294 1297 1315 1542 1409 1416 1329 1334 1332
A-n63-k10 1314 1321 1321 1324 1328 1580 1425 1469 1353 1365 1340
A-n63-k9 1616 1629 1634 1630 1641 1917 1861 1885 1668 1678 1667
A-n64-k9 1401 1427 1430 1432 1452 1517 1477 1566 1434 1440 1443
A-n65-k9 1174 1186 1192 1192 1192 1441 1329 1373 1183 1207 1190
A-n69-k9 1159 1185 1188 1175 1205 1525 1362 1407 1221 1240 1184
A-n80-k10 1763 1778 1805 1824 1797 2669 2395 2645 1966 1975 1860
B-n31-k5 672 675 673 672 672 698 689 697 672 672 672
B-n34-k5 788 788 788 788 788 826 822 828 788 788 788
B-n35-k5 955 959 975 958 958 966 966 966 955 955 957
B-n38-k6 805 811 822 806 807 819 818 823 805 805 805
B-n39-k5 549 549 549 549 549 605 581 595 552 554 553
B-n41-k6 829 844 845 829 829 831 832 840 829 829 830
B-n43-k6 742 742 742 742 742 744 744 749 743 743 743
B-n44-k7 909 918 916 916 916 916 918 933 912 917 918
B-n45-k5 751 761 760 759 762 773 766 785 758 758 756
B-n45-k6 678 684 681 681 681 689 689 689 689 688 678
B-n50-k7 741 756 743 741 741 769 774 799 752 756 746
B-n50-k8 1312 1339 1336 1334 1342 1352 1349 1382 1331 1336 1321
B-n51-k7 1018 1038 1034 1020 1018 1039 1039 1044 1023 1034 1022
B-n52-k7 747 749 749 748 749 764 766 787 764 768 750
B-n56-k7 707 718 721 713 716 734 730 744 732 738 722
B-n57-k7 1144 1146 1148 1145 1144 1182 1174 1219 1177 1183 1161
B-n57-k9 1598 1646 1649 1606 1627 1733 1685 1708 1647 1647 1626
B-n63-k10 1496 1498 1507 1501 1500 1796 1751 1844 1564 1565 1565
B-n64-k9 861 888 891 881 887 955 938 961 889 917 875
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ACO GA GASOM
instance 0 P S RF RNF P S R P S R

B-n66-k9 1316 1332 1330 1331 1333 1415 1406 1456 1377 1379 1332
B-n67-k10 1032 1033 1034 1033 1035 1265 1201 1293 1108 1118 1092

B-n68-k9 1272 1278 1278 1277 1279 1501 1427 1470 1304 1311 1302
B-n78-k10 1221 1227 1226 1226 1226 1814 1678 1654 1317 1341 1248
P-n101-k4 681 692 683 694 701 1077 999 853 857 894 733
P-n16-k8 450 450 450 450 450 450 450 450 450 450 450
P-n19-k2 212 215 215 212 212 212 212 212 212 212 212
P-n20-k2 216 218 218 216 216 216 216 216 216 216 216
P-n21-k2 211 218 214 211 211 216 217 216 211 211 211
P-n22-k2 216 221 219 216 216 216 216 216 216 216 216
P-n22-k8 590 614 592 591 591 592 596 591 590 590 590
P-n23-k8 529 539 539 537 536 529 529 529 529 529 529
P-n40-k5 458 458 458 458 458 466 466 466 458 458 463
P-n45-k5 510 510 510 510 511 519 519 519 510 510 511
P-n50-k10 696 705 706 706 709 703 703 714 703 703 706
P-n50-k7 554 559 556 559 558 557 559 570 559 560 561
P-n50-k8 629 629 631 629 633 643 642 663 636 638 640
P-n51-k10 741 743 749 745 755 747 748 759 742 745 745
P-n55-k10 694 699 697 699 699 713 707 732 707 708 707
P-n55-k15 945 948 948 949 951 966 959 981 945 946 951
P-n55-k7 568 574 577 576 578 571 573 593 579 580 581
P-n55-k8 576 577 577 583 577 591 589 609 585 586 583

P-n60-k10 744 749 755 759 768 782 772 814 759 779 771
P-n60-k15 968 984 985 975 981 1081 1019 1018 978 991 973
P-n65-k10 792 799 805 812 814 931 848 876 818 841 807

P-n70-k10 827 840 840 845 848 1131 1024 1035 884 908 846
P-n76-k4 593 598 598 598 599 629 613 685 653 668 614
P-n76-k5 627 640 636 643 641 727 683 710 684 708 668
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Worst values per instance out of 100 runs.

instance

A-n32-k5 784 789 789 867 1005 827 835 2061 820 1080 1357
A-n33-k5 661 715 699 767 851 723 704 1461 668 664 1190
A-n33-k6 742 805 773 836 1018 786 784 1593 744 745 1032
A-n34-k5 778 819 819 903 966 883 840 1335 791 791 1093
A-n36-k5 799 875 853 947 1045 894 896 1820 1045 1009 1906
A-n37-k5 669 725 743 871 1014 745 765 1776 697 1116 1393
A-n37-k6 949 1009 986 1121 1175 1050 1048 2061 1470 1540 1433
A-n38-k5 730 782 789 955 1055 805 822 1703 876 738 1183
A-n39-k5 822 876 873 998 1108 903 904 1805 1292 1270 1506
A-n39-k6 831 882 874 987 1274 933 951 2154 857 855 1413
A-nd4-ké 937 1004 1003 1161 1382 1016 1017 2184 1259 1345 1426
A-n45-k6 944 1016 1006 1278 1416 1057 1623 2748 1277 984 2419
A-n45-k7 1146 1188 1194 1457 1465 1551 1662 2185 1585 1568 1815
A-nd6-k7 914 995 1007 1048 1202 1539 1359 2311 1203 1246 2065
A-n48-k7 1073 1157 1149 1372 1422 1328 1935 2636 1324 1452 1876
A-n53-k7 1010 1105 1097 1347 1618 1483 1921 2757 1590 1689 1838
A-n54-k7 1167 1252 1269 1601 1586 1718 2033 2864 1701 1790 2983
A-n55-k9 1073 1153 1144 1524 1592 1704 1751 2740 1656 1592 2088
A-n60-k9 1354 1509 1488 1952 2064 2057 2299 3457 2068 2015 2381
A-n61-k9 1034 1108 1104 1531 1720 2083 2170 2531 1319 1294 2101
A-n62-k8 1288 1407 1395 1688 1930 2721 2364 3196 2043 1840 2639

A-n63-k10 1314 1433 1426 1980 1876 2295 2325 3453 1780 1849 2105

A-n63-k9 1616 1804 1789 2298 2254 2955 2769 3753 2141 2188 3068
A-n64-k9 1401 1542 1532 2060 1962 2410 2391 3390 1774 1783 3714
A-n65-k9 1174 1287 1258 1665 2233 2414 2251 3728 1912 1740 2468
A-n69-k9 1159 1300 1265 1794 1883 2490 2420 3390 1703 1958 1794

A-n80-k10 1763 2066 1959 2441 2478 3543 3759 4333 2760 2811 3977

B-n31-k5 672 680 677 689 739 712 713 1351 675 673 850
B-n34-k5 788 841 806 843 922 843 850 1467 790 791 1286
B-n35-k5 955 968 985 1014 1174 997 1016 2078 1282 1166 1360
B-n38-k6 805 842 853 883 942 846 855 1355 810 970 1052
B-n39-k5 549 573 567 601 761 661 651 1210 974 865 1386
B-n41-k6 829 858 856 978 1099 858 874 1847 1363 1371 1312
B-n43-k6 742 759 758 805 925 802 1111 1826 881 749 1264
B-n44-k7 909 919 918 1050 1127 1445 1521 2131 1109 1327 1595
B-n45-k5 751 793 790 818 962 807 812 1938 1141 1094 1374
B-n45-k6 678 702 708 805 833 714 743 1720 1114 993 1079
B-n50-k7 741 772 778 1127 1083 1293 1317 2028 1056 1172 1197
B-n50-k8 1312 1370 1379 1471 1595 1985 1770 2219 1801 1720 1940
B-n51-k7 1018 1061 1065 1267 1369 1081 1810 3092 1673 1646 2906
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instance

B-n52-k7 747 771 764 865 907 1450 878 2858 980 1301 1752
B-n56-k7 707 752 756 882 976 1284 1050 2104 1143 1048 2950
B-n57-k7 1144 1159 1164 1327 1383 1856 1900 3706 1937 1962 2262
B-n57-k9 1598 1727 1745 1850 1834 2360 2340 3600 1901 2008 3070

B-n63-k10 1496 1599 1561 1787 1950 2584 2685 3667 2039 2244 2119
B-n64-k9 861 923 926 1197 1318 1542 1497 3001 1710 1418 1442
B-n66-k9 1316 1416 1385 1556 1881 2010 2052 2833 1856 1941 2150
B-n67-k10 1032 1068 1074 1286 1404 1934 2215 3362 1599 1671 3456
B-n68-k9 1272 1327 1316 1662 1692 2489 2665 3481 1911 2042 3889
B-n78-k10 1221 1347 1356 1683 1692 2902 2934 4227 1991 2005 3528

P-n101-k4 681 774 755 1677 1721 1617 1544 2950 1320 1325 2926
P-n16-k8 450 450 450 463 514 518 502 522 549 564 572
P-n19-k2 212 215 215 240 264 218 218 283 365 215 322
P-n20-k2 216 218 218 234 290 217 217 239 515 216 343
P-n21-k2 211 219 221 232 301 218 219 340 320 307 348
P-n22-k2 216 223 221 234 301 217 217 260 216 357 315
P-n22-k8 590 629 592 657 687 600 600 932 780 770 952
P-n23-k8 529 542 545 589 583 674 686 715 667 650 686
P-n40-k5 458 492 493 645 743 508 504 980 569 471 832
P-n45-k5 510 547 545 732 938 544 548 1454 681 705 702
P-n50-k10 696 751 748 1039 990 1008 739 1525 918 907 1077
P-n50-k7 554 607 599 838 1035 861 619 1577 779 750 1581
P-n50-k8 629 671 661 929 1004 922 1150 1519 765 821 1039
P-n51-k10 741 797 788 1060 1116 1221 1124 1829 1063 960 1188
P-n55-k10 694 739 739 1002 1101 959 1064 1678 919 917 928
P-n55-k15 945 998 980 1283 1314 1254 1395 1790 1209 1161 1290
P-n55-k7 568 613 606 1020 930 937 632 1524 765 906 1102
P-n55-k8 576 629 624 905 1130 627 915 1619 856 820 947
P-n60-k10 744 815 802 1236 1316 1169 1124 1818 1082 1117 1987
P-n60-k15 968 1060 1033 1387 1445 1519 1627 2065 1317 1294 1730
P-n65-k10 792 872 876 1286 1379 1401 1396 2071 1122 1268 1719
P-n70-k10 827 911 907 1381 1487 1730 1559 2216 1164 1233 1447
P-n76-k4 593 656 672 1017 1121 1070 999 1964 983 1099 1780
P-n76-k5 627 717 701 1264 1351 1203 1362 1917 1070 1110 1905
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Average value for 100 runs per instance.

instance

A-n32-k5 784 789 789 791 824 812 814 902 813 819 840
A-n33-k5 661 672 680 684 714 676 676 755 663 663 709
A-n33-k6 742 756 749 761 797 770 770 854 742 742 776
A-n34-k5 778 798 800 808 845 820 820 897 780 781 825
A-n36-k5 799 811 807 828 862 838 839 935 805 809 878
A-n37-k5 669 688 689 700 739 707 709 851 686 688 741

A-n37-k6 949 970 968 977 1016 993 1000 1164 981 987 1013
A-n38-k5 730 741 740 753 799 764 766 946 734 732 778
A-n39-k5 822 847 847 865 916 857 861 1014 840 832 912
A-n39-k6 831 848 853 861 913 864 877 1115 839 840 897
A-n44-k6 937 962 957 972 1021 983 983 1216 970 968 1019
A-n45-k6 944 974 974 994 1058 994 1007 1291 979 974 1049
A-n45-k7 1146 1164 1167 1187 1225 1209 1217 1470 1186 1181 1233
A-n46-k7 914 932 929 955 1012 966 956 1245 932 939 1042
A-n48-k7 1073 1108 1106 1128 1184 1138 1150 1549 1112 1123 1213
A-n53-k7 1010 1047 1049 1082 1147 1102 1127 1627 1069 1103 1168
A-n54-k7 1167 1209 1211 1250 1298 1282 1283 1739 1224 1247 1319
A-n55-k9 1073 1106 1103 1132 1195 1171 1161 1712 1135 1142 1204
A-n60-k9 1354 1420 1418 1458 1514 1719 1648 2170 1472 1455 1545
A-n61-k9 1034 1061 1063 1099 1163 1427 1317 1841 1084 1090 1183
A-n62-k8 1288 1338 1334 1378 1449 1729 1610 2178 1362 1393 1484
A-n63-k10 1314 1357 1355 1414 1461 1730 1647 2274 1420 1438 1514
A-n63-k9 1616 1687 1681 1755 1799 2130 2064 2609 1787 1771 1867
A-n64-k9 1401 1478 1475 1515 1575 1730 1635 2299 1473 1491 1594
A-n65-k9 1174 1218 1213 1267 1358 1680 1552 2217 1310 1294 1387
A-n69-k9 1159 1225 1222 1294 1374 1787 1719 2335 1302 1347 1347
A-n80-k10 1763 1876 1875 1989 2035 2830 2798 3328 2098 2112 2133

B-n31-k5 672 677 674 676 681 706 706 723 672 672 691
B-n34-k5 788 793 790 796 809 831 832 884 789 789 821
B-n35-k5 955 961 978 973 984 969 971 1094 965 961 998
B-n38-k6 805 819 836 825 840 831 831 944 808 811 838
B-n39-k5 549 561 556 562 580 630 627 696 571 574 616
B-n41-k6 829 848 847 850 866 847 847 943 863 857 877
B-n43-k6 742 747 747 752 771 762 769 915 748 745 800
B-n44-k7 909 918 918 924 951 940 953 1172 926 943 979
B-n45-k5 751 773 766 777 803 790 792 958 769 778 825
B-n45-k6 678 695 696 707 727 697 700 789 712 724 752
B-n50-k7 741 760 759 770 792 818 815 1140 782 794 823

B-n50-k8 1312 1353 1353 1375 1384 1401 1375 1572 1378 1367 1394
B-n51-k7 1018 1046 1051 1046 1079 1049 1069 1465 1056 1067 1121
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instance

B-n52-k7 747 760 756 760
B-n56-k7 707 728 733 747
B-n57-k7 1144 1151 1153 1163
B-n57-k9 1598 1680 1695 1689
B-n63-k10 1496 1526 1528 1551
B-n64-k9 861 908 910 922
B-n66-k9 1316 1362 1352 1384
B-n67-k10 1032 1052 1056 1073
B-n68-k9 1272 1288 1289 1323
B-n78-k10 1221 1277 1270 1308
P-n101-k4 681 725 716 813
P-n16-k8 450 450 450 453
P-n19-k2 212 215 215 217
P-n20-k2 216 218 218 219
P-n21-k2 211 218 214 218
P-n22-k2 216 221 219 222
P-n22-k8 590 615 592 600
P-n23-k8 529 541 542 542
P-n40-k5 458 468 467 481
P-n45-k5 510 523 520 535
P-n50-k10 696 722 722 745
P-n50-k7 554 575 573 593
P-n50-k8 629 645 644 665
P-n51-k10 741 766 763 788
P-n55-k10 694 713 711 744
P-n55-k15 945 963 959 992
P-n55-k7 568 590 590 609
P-n55-k8 576 598 597 623
P-n60-k10 744 778 779 827
P-n60-k15 968 1009 1009 1053
P-n65-k10 792 835 830 892
P-n70-k10 827 872 866 926
P-n76-k4 593 628 627 676
P-n76-k5 627 670 666 714

774

766
1179
1701
1585

950
1424
1098
1347
1340

876

460

225

227

225

230

612

549

513

576

771

633

696

829

777
1024

649

661

863
1082

928

982

729

770

86

829 797 1144 781 810 860
761 758 1094 764 769 827
1240 1243 1712 1223 1228 1303
1825 1795 2180 1673 1682 1724
1906 1873 2387 1636 1621 1672
1064 1008 1548 948 972 985
1504 1487 1961 1431 1445 1462
1412 1363 1801 1157 1174 1220
1681 1635 2223 1364 1391 1513
2074 2036 2574 1398 1415 1478
1171 1152 1741 972 1003 967
451 451 455 456 459 458
213 213 214 216 212 220
217 217 217 219 216 225
217 217 220 213 212 220
216 216 218 216 217 224
599 599 602 599 596 603
532 535 546 539 534 539
478 478 570 463 462 514
528 530 650 514 518 562
724 719 969 734 734 769
587 583 801 575 576 625
673 673 897 648 657 689
782 768 1048 770 765 817
743 746 1046 730 733 756
1003 999 1272 963 966 1016
614 609 825 595 599 659
613 624 909 608 615 654
874 849 1172 805 817 854
1172 1150 1434 1035 1036 1071
1051 1001 1414 875 890 932
1223 1172 1522 937 957 986
771 701 1080 709 735 785
898 847 1235 746 777 812
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Appendix F: CVRPTW test results

O = Optimal value, HB = Heuristic Best, P = ParamILS, S = SPOT, R =
Random, 1d = late deliveries.

Ant Colony Optimization

ACO Average

Instance P

C101.25 191,3 198,599 198,599 191,814 198,599 198,599 247,346 198,599 198,599 206,316
C102.25 190,3 192,887 195,857 190,738 197,472 197,472 260,371 197,074 197,428 214,644
C103.25 190,3 193,142 193,142 190,738 196,665 197,893 235,246 196,308 196,626 211,137
C104.25 186,9 191,668 192,019 187,449 196,338 198,261 237,157 194,43 195,213 207,235
C105.25 191,3 195,145 195,145 191,814 195,145 195,145 247,346 195,145 195,145 207
C106.25 191,3 195,145 195,145 191,814 195,145 195,145 279,39 195,145 195,145 208,395
C107.25 191,3 195,145 195,145 191,814 195,145 195,145 233,509 195,145 195,145 207,134
C108.25 191,3 195,145 195,145 191,814 195,145 195,145 233,098 195,145 195,145 202,345
C109.25 191,3 193,142 193,142 191,814 193,142 193,142 228,978 193,142 193,142 199,814
C201.25 214,7 239,051 239,051 215,543 239,051 243,612 310,863 239,051 239,097 247,843
C202.25 214,7 236,117 236,117 215,543 258,868 258,868 327,653 246,654 249,252 252,797
C203.25 214,7 226,796 228,485 215,543 263,711 262,021 295,36 242,742 240,273 245,565
C204.25 213,1 214,779 214,779 214,779 256,973 235,723 270,096 221,648 223,609 232,666
C205.25 214,7 216,391 216,391 215,543 216,391 216,391 310,863 216,391 216,391 240,986
C206.25 214,7 216,391 216,391 215,543 216,391 219,951 305,683 216,391 216,427 234,18
C207.25 214,5 216,391 216,391 215,336 220,623 220,623 283,543 216,433 216,6 233,545
C208.25 214,5 216,391 216,391 215,374 216,391 216,391 288,147 216,391 216,391 229,077
R101.25 617,1 618,33 618,33 618,33 618,33 618,33 659,42 618,33 618,33 629,467
R102.25 547,1 557,081 558,239 556,032 578,774 578,769 596,672 566,166 568,091 573,942
R103.25 454,6 461,556 470,683 455,698 505,796 499,669 525,163 478,46 479,468 489,02
R104.25 416,9 417,961 417,961 417,961 452,889 451,071 497,576 431,714 433,672 449,58
R105.25 530,5 575,782 573,013 551,821 580,356 578,044 599,301 577,931 577,903 564,982
R106.25 465,4 504,124 504,124 466,48 511,11 511,11 557,137 505,386 505,124 504,95
R107.25 424,3 437,671 437,671 425,269 479,386 472,454 501,703 446,637 445,55 459,744
R108.25 397,3 398,295 398,295 398,295 431,239 415,296 497,926 400,867 399,502 417,015
R109.25 441,3 442,625 442,625 442,625 442,625 442,625 533,548 442,625 442,625 451,258
R110.25 444,1 445,177 445,177 445,177 451,349 448,246 566,578 445997 445,861 450,707
R111.25 428,8 436,976 436,976 431,118 449,037 449,037 511,27 444,222 443,241 455,06
R112.25 393 394,101 394,101 394,101 408,396 408,818 509,109 397,982 397,714 405,619
R201.25 463,3 499,08 499,08 474,254 514,463 512,443 655,92 504,902 506,065 517,078
R202.25 410,5 424,582 429,559 418,05 467,382 464,496 599,708 442,962 443,299 470,097
R203.25 391,4 412,622 412,622 392,325 454,069 452,908 541,987 434,128 437,052 446,517
R204.25 355 365,041 368,67 360,082 396,058 403,078 452,92 378,793 379,602 390,003
R205.25 393 395,817 395,817 394,062 410,25 410,25 491,03 403,367 404,754 423,411
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R206.25 374,4 375,483 375,483 376,863 427,236 412,893 484,852 383,955 383,694 403,58
R207.25 3616 367,845 367,845 362,635 4084 404,802 452,836 387,605 388,79 399,497
R208.25 328,2 332,013 332,013 331,29 372,53 385,918 389,795 340,191 340,669 346,944
R209.25 3707 37617 37617 371,562 394774 390,151 438213 378,433 377,609 389,677
R210.25 404,6 423,619 428,229 414,45 449,254 445,747 521,045 431,55 430,839 446,009
R211.25 3506 353,755 353,755 351,911 369,592 369,502 409,112 358,376 357,836 364,768
RC101.25 461,1 530,359 530,359 462,156 534,023 534,023 625,992 530,562 530,635 505,325

RC102.25 351,8 450,923 450,923 352,744 468,412 468,412 508,023 457,928 457,866 426,206
RC103.25 332,8 336,361 336,361 333,919 343,842 342,304 47585 337,892 338,384 371,413
RC104.25 306,6 308,392 308,467 307,889 325,955 324,733 433,093 314,939 31531 334,138
RC105.25 411,3 471,002 471,002 412,377 506,725 483,497 559,588 475,458 474,607 473,746
RC106.25 345,5 352,728 352,728 346,505 354,576 354,576 444,35 353,173 353,259 376,092
RC107.25 298,3 298,95 298,95 298,95 298,95 298,95 373,716 298,95 298,95 314,564
RC108.25 294,5 294,994 294,994 294,994 294,994 296,831 362,358 294,994 295,173 297,168

RC201.25 360,2 393,856 393,856 361,241 481,52 492,33 641,031 415,298 415,347 429,823
RC202.25 338 340,334 340,334 339,574 407,08 412,247 546,037 345,394 350,064 392,836
RC203.25 326,9 331,744 334,204 328,443 388,203 377,987 447,542 351,259 350,509 359,639

RC204.25 299,7 301,234 303,071 300,235 311,095 311,095 396,699 305,462 305,836 319,947

RC205.25 338 341,703 341,703 338,929 425,847 398,16 521,022 345,405 345,638 391,774
RC206.25 324 330,918 330,918 325,104 330,918 330,918 481,639 330,918 330,918 359,08

RC207.25 298,3 302,836 302,836 298,95 316,172 315,138 381,664 308,322 309,805 321,491
RC208.25 269,1 270,214 269,877 269,566 278,155 276,09 291,135 272 271,979 274,03

C101.50 362,4 363,247 363,247 363,247 363,247 363,247 401,654 363,247 363,247 365,882
C102.50 361,4 362,171 363,247 362,171 363,247 363,247 677,56 363,225 363,247 379,591
C103.50 361,4 370,875 369,199 369,985 462,374 444,39 642,484 387,164 390,9 417,349
C104.50 358 363,662 364,841 359,959 448,669 419,092 590,986 375,961 377,879 395,703
C105.50 362,4 363,247 363,247 363,247 363,247 363,247 476,14 363,247 363,247 367,484
C106.50 362,4 363,247 363,247 363,247 363,247 363,247 662,06 363,247 363,247 370,906
C107.50 362,4 363,247 363,247 363,247 363,247 363,247 556,715 363,247 363,247 370,236
C108.50 362,4 363,247 363,247 363,247 363,247 363,247 593,03 363,247 363,247 369,082
C109.50 362,4 363,247 363,247 363,247 363,247 363,247 482,818 363,247 363,247 368,938
C201.50 360,2 361,797 361,797 361,797 365,356 365,356 656,395 361,833 361,833 384,409
C202.50 360,2 361,797 361,797 361,797 412,904 422,505 627,792 376,682 383,725 387,304
C203.50 359,8 368,658 370,798 365,356 431,714 429,264 674,803 393,72 394,57 410,584
C204.50 350,1 363,891 369,762 352,566 439,185 438,702 502,305 386,141 386,287 397,392
C205.50 359,8 361,797 361,797 361,413 398,096 365,356 551,95 362,559 361,833 374,415
C206.50 359,8 361,413 361,413 361,413 398,096 401,541 763,854 362,903 364,8 380,399
C207.50 359,6 361,207 361,244 361,207 397,506 401,372 507,81 369,752 383,341 382,137
C208.50 350,5 361,797 361,797 352,292 395,448 395,448 678,275 368,074 375,042 375,843
R101.50 1044 1048,56  1049,5 1048,04 1073,68 1113,95 1444,28 1056,55 1058,2 1088,99
R102.50 909 941,49 947,309 941,327 1019,6 1009,07 1363,08 970,337 977,546 1005,72
R103.50 7729 794,422 804,762 805,272 892,001 882,088 1124,47 836,285 842,455 875,696
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R104.50 625,4 655,319 663,759 671,834 733,036 751,818 939,112 682,826 691,7 732,285
R10550 8993 920,455 920455 914,311 990,325 984,189 1251,69 941,533 947,05 976,641
R106.50 793 825,761 820,991 831,652 891,384 917,597 1167,8 859,918 866,291 901,854
R107.50 71,1 724,646 742,17 759,063 833,136 833,115 112011 779,24 786,549 826,432
R108.50 617,7 637,396 624,914 632,672 697,841 694,858 1079,52 663,101 663,675 704,946
R109.50 7868 794,383 795256 795635 866995 854,676 1229,62 815169 818,82 859,674
R110.50 697 713,273 717,37 723,474 790,606 811,559 1081,36 755,596 762,081 799,73
RI1150 7072 72841 724575 747,955 828,178 836,378 1197,23 776015 77933 829,992
R112.50 630,2 640,572 640,572 640,572 703,06 720,974 1080,27 667,669 668,894 709,86
R201.50  791,9 811,123 815776 796203 869,076 896,613 1240,53 837,481 849,61 923,142
R202.50 698,5 750,796 752,645 747,657 827,804 839,028 1209,44 782,936 789,98 847,036
R203.50 6053 666,669 673,115 670,171 791,051 792,819 1112,26 706,837 721,223 766,192
R204.50 506,4 528,106 522,809 522,94 611,046 616,662 836,545 565,809 574,913 599,898
R205.50 6901 713,724 721,736 718,777 785149 795713 1080,20 745,681 758284 801,221
R206.50 632,4 651,57 673,351 659,325 752,397 786,867 920,242 701,012 711,046 733,74
R207.50 584,6 594,689 604751 605,556 705781 709,716 1074,82 644,403 651,64 686,959
R208.50 487,7 510,694 500,639 500,74 563,227 599,468 868,324 531,886 533,961 556,638
R209.50 6006 619,196 633536 631,503 712,171 710,798 942,401 664,003 670,727 705,325
R210.50 645,6 678,883 685,659 684,319 766,607 770,764 1098,08 717,751 725,869 768,162
R211.50 5355 556308 572,835 556,206 632,469 627,964 940,068 589,223 590,67 621,426
RC101.50 944 958,934 960,299 951,507 985,271 1000,3 1480,74 965,373 970,183 1003,75

RC102.50 822,5 827,794 830,868 833,227 923,538 928,029 1411,59 860,68 860,426 926,616
RC103.50 710,9 731,27 728,597 729,07 835,295 844,063 1206,71 777,383 784,507 837,077
RC104.50 545,8 552,875 554,803 548,259 637,216 649,168 864,532 603,06 602,102 625,986
RC105.50 855,3 877,116 880,633 878,002 986,992 993,008 1265,17 944,553 951,85 976,38

RC106.50 723,2 724,653 725,855 726,388 825,658 823,888 1114,52 759,003 758,412 827,37

RC107.50 642,7 645,582 645,128 646,983 717,727 684,132 995,484 660,162 655,612 706,063
RC108.50 598,1 600,233 600,233 600,233 655,924 634,187 925,659 614,54 611,751 635,696
RC201.50 684,8 687,615 688,26 686,702 800,827 811,893 1349,84 709,096 718,374 851,75

RC202.50 613,6 648,644 674,22 620,049 837,156 837,697 1178,95 742,553 759,905 805,558
RC203.50 555,3 630,384 647,966 580,299 761,116 799,002 991,728 692,517 704,555 720,384
RC204.50 444,2 461,527 464,109 454,171 577,788 576,892 784,421 501,825 501,664 525,191
RC205.50 630,2 647,251 654,072 637,011 799,628 806,856 1372,72 711,41 727,649 782,71

RC206.50 610 625,603 631,755 612,865 720,296 727,67 1020,43 655,144 667,489 700,965
RC207.50 558,6 576,321 570,189 572,668 640,121 655,199 1097,27 594,499 600,173 644,586
RC208.50 492,233 492,233 494,75 490,164 523,802 529,53 877,369 502,404 502,772 514,969
C101.100 827,3 828,937 828,937 828,937 828,937 828,937 2540,13 828,937 828,937 890,511
C102.100 827,3 829,698 831,714 834,951 922,084 1021,01 2514,96 850,777 857,108 1002,35
C103.100 826,3 897,831 897,072 904,586 1190,82 1206,75 2456,48 1029,22 1051,17 1220,15
C104.100 822,9 855,329 914,708 916,189 1149,93 1121,38 2126,16 997,408 1012,36 1153,17
C105.100 827,3 828,937 828,937 828,937 828,937 828,937 2675,84 828,937 828,937 930,654
C106.100 827,3 828,937 828,937 828,937 836,392 836,392 2441,74 829,441 830,182 917,147
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C107.100 827,3 828,937 828,937 828,937 829,379 828,937 2759,44 828,946 828,937 913,035
C108.100 827,3 828,937 828,937 828,937 846,453 845,058 2328,71 829,98 829,309 961,101
C109.100 827,3 828,937 828,937 828,937 854,414 851,258 2212,77 836,453 832,991 958,315
C201.100 589,1 591,557 591,557 591,557 591,557 591,557 2573,02 591,557 591,557 674,954
C202.100 589,1 591,557 591,557 591,557 617,539 619,359 2362,13 592,992 593,382 737,307
C203.100 588,7 591,557 594,733 594,733 799,381 946,853 2074,52 648,079 652,211 830,08
C204.100 588,1 733,647 698,045 657,308 955,175 998,376 2114,04 824,867 831,127 942,006
C205.100 586,4 588,876 588,876 588,876 588,876 588,876 209592 588,876 588,876 661,745
C206.100 586 588,493 588,493 588,493 589,725 588,876 1980,47 588,582 588,516 662,271
C207.100 585,8 588,286 588,286 588,286 593,308 589,62 1887,97 588,758 588,51 684,259
C208.100 585,8 588,493 588,493 588,493 605,784 605,784 1573,69 588,879 588,887 650,697
R101.100 1637,7 1683,18 1680,59 1679,14 1820,89 1816,21 2871,12 1749,97 1741,26 1898,4
R102.100 1466,6 1585,17 1568,57 1540,78 1781,05 1801,91 2675,37 1667,07 1658,94 1823,88
R103.100 1208,7 1355,46  1397,05 1356,5 1586,02 1599,86 2492,06 1476,44 1493,11 1596,81
R104.100 971,5 1161,74 1168,07 1177,86 1399,52 1405,85 2101,21 1280,01 1284,4 1375,72
R105.100 1355,3 1476,6 1432,21 1431,46 1632,41 1651,48 2582,7 1549,72  1536,65 1662,75
R106.100 1234,6 1366,5 1375,54 1363,37 1601,4 1554,94 2534,94 1476,06 1473,44 1613,07
R107.100 1064,6 1241,99 1216,98 1222,96 1473,38 1445,23 2251,02 1335,8 1338,59  1453,42
R108.100 960,88 1106,25 1137,28 1074,98 1322,37 1328,12 2262,49 1213,53 1226,38 1306,13
R109.100 1146,9 1331,96 1289,1 1265,46 1537,92 1482,78 2215,01 1415,51 1400,46 1503,28
R110.100 1068 1235,32 1267,23 1201,69 1456,29 1459,57 2055,81 1344,04 1357,03 1447,53
R111.100 1048,7 1234,68 1236,32 1229,1 1467,86  1451,77 2174,79 1346,34 1350,7 1459,68
R112.100 982,14 1095,74 1149,94 1068,68 1315,86 1296,57 2059,66 1212,34 1219,8 1288,19
R201.100 1143,2 1326,44 1338,99 1297,9 1531,37 1583,73 2317,09 1432,26 1456,53 1582,49
R202.100 1191,7 1250,02  1305,97 1238,96 1478,5 1487,21  2130,98 1367,1 1401,68 1479,14
R203.100 939,54 1122,48 1135,25 1092,95 1328,41 1345,57 2045,32 1224,65 1269,63 1356,07
R204.100 825,52 882,882 889,473 869,68 1083,66 1079,16 1861,52 963,588 984,229 1092,11
R205.100 994,42 1124,92 1147,51 1076,61 1300,86 1341,24 2079,63 1196,92 1234,51 1320,35
R206.100 906,14 1048,93 1070,31 1024,79 1259,11 1266,23 1913,64 1151 1185,61  1242,57
R207.100 893,33 950,199 968,153 928,132 1169,16 1191,47 1905,26 1064,38 1087,73 1180,17
R208.100 726,75 835,128 818,501 791,633 997,29 984,776  1905,5 889,4 897,304 981,725
R209.100 909,16 1007,14 1023,54 981,588 1179,08 1214,88 1961,7 1084,08 1115,11 1198,26
R210.100 939,34 1103,35 1123,54 1003,21 1315,19 1323,83 1937,77 1195,04 1236,08 1290,97
R211.100 873,58 876,194 873,58 825,34 1028,08 1071,46 1816,19 950,943 967,751 1048,92
RC101.100 1619,8 1727,52 1718,22 1703,08 1959,49 1927,89 3007,64 1835,14 1814,92 1947,24
RC102.100 1457,4 1609,88 1594,46 1546,17 1918,08 1869,9 2942,63 1718,2 1730,4 1880,7
RC103.100 1258 1407,29 1448,48 1446,38 1712,46 1738,99 2746,72 1567,09 1585,36 1703
RC104.100 1135,48 1301,96 1298,59 1293,76 1571,46 1542,49 2473,82 1424,09 1435,79 1543,45
RC105.100 1513,7 1690,69 1715,12 1672,72 1962,83 1946,4 3087,88 1825,88 1825,91 1949,28
RC106.100 1424,73  1512,29 1530,48 1433,18 1750,99 1718,24 2864,17 1625,12 1613,73 1747,7
RC107.100 1207,8 1364,76  1383,21 1357,43 1658,66 1637,1 2734,53 1528,09 1516,48 1651,66
RC108.100 1114,2 1308,52 1318,83 1266,46 1543,67 1535,74 2279,69 1413,1 1430,73  1509,18
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RC201.100 1261,8 1393,68 1414,42 1349,4 1729,24 1720,49 2989 1543,41 1586,01 1722,47
RC202.100 1092,3 1310,17 1340,83 1273,69 1661,34 1617,06 2536,85 1425,18 1484,19 1605,25
RC203.100 1049,62 1156,69 1152,38 1095,2 1396,14 1478,11 2474,76 1265,41 1306,29 1399,19
RC204.100 798,41 926,476 939,825 872,412 1106,67 1109,16 2112,91 100544 1025,02 1131,61
RC205.100 1154 1346,6 1376,54 1305,22 1685,44 1740,16 2570,23 1514,97 1563,49 1673,19
RC206.100 1146,32 1164,91 1206,62 1124,58 1404,77 1497,28 2489,37 1288,08 1326,68 1445,62
RC207.100 1061,14 1093,41 1135,06 1096,09 1404,05 1419,54 2158,87 1221,15 1269,67 1375,79
RC208.100 828,14 859,983 897,575 839,407 1087,46 1121,42 2156,34 975,335 999,42 1106,02

Ant Colony Optimization compared with heuristic best

ACO ACO

Instance Instance

C101.100 828,94 828,937 828,937 828,937 R112.100 982,14 1095,74 1149,94 1068,68
€102.100 828,94 829,698 831,714 834,951 R201.100 1252,37 1326,44 1338,99 1297,9
C103.100 828,06 897,831 897,072 904,586 R202.100 1191,7 1250,02 1305,97 1238,96
C104.100 824,78 855,329 914,708 916,189 R203.100 939,54 1122,48 1135,25 1092,95
C105.100 828,94 828,937 828,937 828,937 R204.100 825,52 882,882 889,473 869,68
C106.100 828,94 828,937 828,937 828,937 R205.100 994,42 1124,92 1147,51 1076,61
C107.100 828,94 828,937 828,937 828,937 R206.100 906,14 1048,93 1070,31 1024,79
€108.100 828,94 828,937 828,937 828,937 R207.100 893,33 950,199 968,153 928,132
€109.100 828,94 828,937 828,937 828,937 R208.100 726,75 835,128 818,501 791,633
€201.100 591,56 591,557 591,557 591,557 R209.100 909,16 1007,14 1023,54 981,588
C202.100 591,56 591,557 591,557 591,557 R210.100 939,34 1103,35 1123,54 1003,21
€203.100 591,17 591,557 594,733 594,733 R211.100 825,34 876,194 873,58 825,34
C204.100 590,6 733,647 698,045 657,308 RC101.100 1619,8 1727,52 1718,22 1703,08
€205.100 588,88 588,876 588,876 588,876 RC102.100 1457,4 1609,88 1594,46 1546,17
C206.100 588,49 588,493 588,493 588,493 RC103.100 1258 1407,29 1448,48 1446,38
€207.100 588,29 588,286 588,286 588,286 RC104.100 1135,48 1301,96 1298,59 1293,76
C208.100 588,32 588,493 588,493 588,493 RC105.100 1513,7 1690,69 1715,12 1672,72

R101.100 1645,79 1683,18 1680,59 1679,14 RC106.100 1424,73  1512,29 1530,48 1433,18

R102.100 1486,12  1585,17 1568,57 1540,78 RC107.100 1207,8 1364,76 1383,21 1357,43
R103.100 1292,68 1355,46 1397,05 1356,5 RC108.100 1114,2 1308,52 1318,83 1266,46
R104.100 1007,24 1161,74 1168,07 1177,86 RC201.100 1349,4 1393,68 1414,42 1349,4

R105.100 1377,11 1476,6 1432,21 1431,46 RC202.100 1273,69 1310,17 1340,83 1273,69
R106.100 1251,98 1366,5 1375,54 1363,37 RC203.100 1049,62 1156,69 1152,38 1095,2
R107.100 1104,66 1241,99 1216,98 1222,96 RC204.100 798,41 926,476 939,825 872,412
R108.100 960,88 1106,25 1137,28 1074,98 RC205.100 1297,19 1346,6 1376,54 1305,22
R109.100 1194,73  1331,96 1289,1 1265,46 RC206.100 1124,58 1164,91 1206,62 1124,58
R110.100 1118,59 1235,32 1267,23 1201,69 RC207.100 1061,14 1093,41 1135,06 1096,09
R111.100 1096,72 1234,68 1236,32 1229,1 RC208.100 828,14 859,983 897,575 839,407
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C101.25 191,3 191,814 191,814 191,814 191,814 211,814 514,597 191,814 192,414 242,824
C102.25 190,3 206,777 206,777 206,777 208,837 208,837 538,878 208,362 207,283 240,618
C103.25 190,3 195,19 195,19 195,19 213,19 213,19 491,693 206,186 207,798 235,825
C104.25 186,9 189,423 187,449 187,449 219,476 224,164 325,106 199,297 202,435 227,275
C105.25 191,3 191,814 191,814 191,814 191,814 191,814 542,297 191,814 191,814 225,894
C106.25 191,3 191,814 191,814 191,814 195,145 215,145 576,325 193,48 196,013 237,153
C107.25 191,3 221,637 221,637 221,637 222,163 222,163 517,68 221,942 222,042 243,433
C108.25 191,3 199,138 199,138 199,138 202,017 222,521 447,686 199,413 204,29 231,163
C109.25 191,3 206,253 206,253 205,89 218,155 218,155 430,144 211,583 210,857 236,771
C201.25 214,7 215,543 215,543 215,543 215,543 215,543 274,682 215,543 215,543 218,782
C202.25 214,7 248,075 246,251 244,228 256,301 281,273 392,211 250,068 254,959 283,98
C203.25 214,7 223,773 223,773 225,198 232,707 414,732 433,816 224,808 238,05 289,999
C204.25 213,1 237,19 235,777 237,153 244,404 252,704 434,081 243,445 243,932 288,392
C205.25 214,7 215,543 215,543 215,543 215,543 215,543 253,493 215,543 215,543 218,939
C206.25 214,7 224,625 224,625 224,625 224,625 224,625 259,763 224,625 224,625 226,027
C207.25 214,5 224,625 224,625 224,419 224,625 224,625 312,136 224,625 224,625 225,897
C208.25 214,5 215,543 215,543 215,543 215,543 222,891 249,536 215,543 216,645 225,138
R101.25 617,1 618,33 618,33 618,33 800,537 742,939 893,662 621,797 619,67 656,256
R102.25 547,1 575,367 572,757 571,533 855,493 704,131 880,54 589,483 581,609 619,801
R103.25 454,6 479,155 479,155 475,611 660,811 492,516 675,715 493,576 490,941 516,992
R104.25 416,9 440,961 441,97 440,961 447,344 447,344 793,59 445,034 445,075 488,224
R105.25 530,5 531,539 531,539 531,539 531,804 713,893 892,071 531,78 533,593 575,295
R106.25 465,4 499,285 495,942 499,285 626,572 759,189 775,707 510,7 514,621 540,004
R107.25 424,3 440,301 444,087 443,538 463,124 463,124 623,445 447,67 451,411 480,322
R108.25 397,3 431,915 431,475 436,433 447,508 442,758 725,21 437,881 437,966 474,776
R109.25 441,3 442,625 442,625 442,625 456,017 456,017 629,155 443,137 443,216 477,466
R110.25 444,1 455,687 455,687 445,803 455,837 455,837 761,114 455,819 455,789 489,225
R111.25 428,8 448,588 448,588 435,555 472,635 583,329 704,291 464,442 464,8 497,933
R112.25 393 402,848 400,605 402,848 402,848 404,761 768,948 402,848 403,229 433,317
R201.25 463,3 515,583 504,733 498,27 548,591 592,338 852,983 537,601 540,298 550,697
R202.25 410,5 478,556 480,023 466,75 518,02 514,453 787,055 496,054 494,264 515,13
R203.25 391,4 442,265 442,265 450,138 458,367 490,335 660,146 453,406 454,848 548,172
R204.25 355 415,017 422,983 404,513 445,044 451,644 694,459 435,983 437,656 509,842
R205.25 393 428,826 428,826 428,826 442,215 443,751 644,301 437,09 436,903 456,56
R206.25 374,4 421,804 421,804 422,992 536,54 437,54 525894 436,12 431,473 441,911
R207.25 361,6 396,57 394,234 397,919 411,928 422,044 629,372 403,688 406,599 469,981
R208.25 328,2 341,26 348,062 342,915 376,061 403,102 646,788 356,467 365,154 460,024
R209.25 370,7 416,041 417,644 413,783 433,527 438,19 572,376 426,903 427,771 437,756
R210.25 404,6 437,243 434,651 437,243 437,287 437,287 806,899 437,283 437,257 468,487
R211.25 350,6 384,006 385,145 386,204 409,684 410,159 698,88 394,789 395,431 413,065
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RC101.25 461,1 462,156 462,156 462,156 803,867 549,169 794,899 471,509 465,147 485,173
RC102.25 3518 357,569 357,569 352,788 363569 363,569 659,022 361,394 360,568 377,233
RC103.25 332,8 339,55 339,55 337,518 339,55 339,747 681,328 339,55 339,552 364,951
RC10425 3066 313,194 309330 313,104 323144 322,871 465188 319,744 318716 335587
RC105.25 411,3 419,577 422,74 420,025 758,212 823,214 744,238 442,624 460,432 497,319
RC106.25 3455 348305 350,60 347,917 593,263 608,385 603,813 356841 357,249 368,797
RC107.25 298,3 301,265 299,498 299,498 443,297 321,927 640,929 314,381 306,249 326,282
RC108.25 2945 297,38 295437 295437 297,38 297,38 505558 297,38 296523 316,916
RC201.25 360,2 387,816 387,816 387,816 396,417 405,661 516,593 393,245 392,854 421,487
RC202.25 338 399,745 393,084 391,837 44585 453,722 799,977 422,535 429,76 443,099
RC203.25 326,9 359,979 364,576 360,575 389,948 393,908 534,169 373,934 377,613 413,738
RC20425 2997 331,741 331,804 328,423 340329 351,759 478969  332,7 334551 375,507
RC205.25 338 373,411 374,389 370,084 396,666 396,666 884,661 385,107 386,932 410,244
RC206.25 324 406961 402,464 407,91 430,893 431,605 586,806 415067 418,736 433,302
RC207.25 298,3 395,661 405,416 389,615 416,077 417,811 581,533 406,201 407,555 419,266
RC20825 2691 331,074 330631 331,074 348715 352,635  560,7 336,804 343,429 372,836
C101.50 362,4 370,032 363,247 363,247 911,307 938,033 1375,78 472,183 434,431 695,246
€102.50 361,4 448347 440,556 432,293 101188 1047,95 133902 519,769 498,164 727,364
C103.50 361,4 453,645 447,595 449,15 1023,43 965,142 1334,97 548,028 507,581 732,232
€104.50 358 436936 421,23 390,671 898,286 824,121 116217 491,175 459,083 558,99
C105.50 362,4 399,547 370,032 363,247 1027,63 976,505 1572,35 499,208 471,234 781,778
€106.50 362,4 366578 363,247 365823 104888 879946 157534 469,559 421,293 68589
€107.50 362,4 400,775 399,547 363,247 1087,17 957,395 141366 508,297 459,496 718,443
€108.50 362,4 437,105 412,375 369,958 115609 901568 142976 616,473 482,667 734,299
€109.50 362,4 465019 420,178 384355 125724 10731 1310,19 64873 589,262 703,39
€201.50 3602 361,797 374,119 361,797 374,119 374119 15184 373,451 374,119 502,428
€202.50 360,2 467,013 456,768 465307 682,697 49829 1337,58 484,415 482,362 559,568
€203.50 350,8 467,578 465997 457,889 76685 727,726 12866 508,904 499,45 626,652
€204.50 350,1 495336 450,183 450,401 916,177 1004,64 1087,69 549,185 573,837 612,372
€205.50 350,8 361,413 378,794 361,797 378,794 382,354 127422 377,51 378,865 488,839
€206.50 359,8 376,092 379394 375129 649,897 734,598 1037,03 4031 403904 526,902
€207.50 3506 392652 393,393 390,262 844,103 797,07 901,402 427,255 417,038 489,168
€208.50 350,5 37445 381,806 368,44 687,704 573,292 758067 399,68 391,022 462,707
R101.50 1044 121491 126958 119305 18889 1870,78 181595 135801 139409 141303
R102.50 909 1142,27 1125,47 1079,12 1723,5 1875,83 1800,07 1280,28 1262,31 1291,08
R103.50 7729 991,097 964,165 934688 160332 157835 165317 113171 1067,91 1162,61
R104.50 6254 830,706 802,705 735956 1351 127822 1463,69 923,101 886,046 1032,05
R105.50 899,3 1082,21 11012 1011,85 169679 1671,02 183219 123475 123472 124627
R106.50 793 976677 954,616 909,94 162462 152133 16243 1096,07 107447 1143,48
R107.50 71,1 922,494 908,953 860,149 143739 14661 165259 102842 100818 109875
R108.50 617,7 782,175 755891 719326 1171 123596 140189 843,506 852,927 948,734
R109.50 7868 10003 980,707 918234 146627 1527,92 152971 109392 106193 112383
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R110.50 697 928,381 924,353 845,089 1500,4 1416,45 153595 1021,64 1038,01 1059,71
R111.50 7072 936009 958,706 901,363 141754 143531 154737 10519 105279 110983
R112.50 630,2 834,953 836,353 720,287 1300,4 1304,76 1448,04 926,521 918,835 954,531
R201.50 791,9 962,149 931,134 907,586 143139 137944 16731 10716 101812 1170,73
R202.50 698,5 810,479 807,409 811,132 1193,75 1026,53 1541,13 879,414 829,545 1026,59
R203.50 6053 776,822 773,67 799,416 106809 1064,88 151743 809,79 805608 979,729
R204.50 506,4 574,059 634,344 591,783 710,995 718,756 1099,49 652,362 673,542 767,929
R205.50 690,1 842,31 822,516 832,107 125783 922,585 166398 920,416 852,292 1006,56
R206.50 632,4 726,357 727,044 728,751 758,571 783,857 1468,56 736,951 736,526 886,271
R207.50 584,6 691,551 683,181 692,333 732,758 739,55 148878 701,243 705498 873,903
R208.50 487,7 558,971 561,79 576,31 783,44 892,006 1093,35 594,245 604,096 753,922
R209.50 6006 790,764 777,111 765513 126465 106693 157697 893,204 830,518 10243
R210.50 6456 764,122 777,782 796,536 1278,77 821,77 1501,49 806,39 799,8  1007,8
R211.50 5355 708,867 669,881 703575 112896 110813 1521,03 827,973 744,662 917,815
RC101.50 944 1038,19 1023,38 1026,66 2084,53 2064,22 1906,15 1163,77 1165,22 1196,56
RC10250 8225 930,531 907,851 900,798 1787,74 174938 2170,66 103235 1033,77 112577
RC103.50 710,9 861,94 861,655 839,805 1560,05 1841,42 2068,26 975,974 983,766 1084,96
RC10450 5458 618937 594274 580,833 132438 1262,86 137541 731 704,188 826,607
RC105.50 855,3 1030,36 1020,56 964,519 1939,01 1936,71 1802,16 1162,99 1162,59 1159,68
RC106.50 7232 824,389 812,666 753,344 1522,72 164912 1787,28 962,887 921,716 100855
RC107.50 642,7 751,551 739,127 718,429 1463,01 1474,93 1435,75 869,293 847,19 904,391
RC10850 5981 730,685 722,074 694976 13061 140829 1532,73 80LA467 811,284 917,607
RC20150 6848 812,53 802,05 796,161 1071,77 132143 2099,87 875188 858,044 107514
RC20250 6136 844,383 839973 788,504 1429,63 118547 1913,88 910,605 888,897 1046,82
RC203.50 5553 737,521 736236 696508 827,814 998,445 1781,97 776,906 779,433 928,369
RC20450 4442 496,388 569,528 514,642 1001,56 707,278 1347,31 552,396 681,205 716,029
RC205.50 6302 766,354 759,496 764,765 1132,63 112878 2317,72 815861 804352 113097
RC206.50 610 758503 716,929 716867 144586 155861 18913 857,024 817,454 1032,35
RC207.50 558,6 766,149 741,42 759,446 1470,92 1231,18 1868,61 873,26 810,817 973,832

RC208.50 492,233 615,694 604,677 625,35 1049,73 657,514 2002,21 634,683 623,51 946,372

C101.100 827,3 1857,93 1911 1583,44 2166,38 2349,67 3934,39 2032,34 2176,91 2642,78
C102.100 827,3 1832,14 1888,24 1869,28 2159,93 2184 3725,45 2016,77 2071,82 2493,56
C103.100 826,3 1762,34 1740,38 1797,34 1974,87 1925,45 3600,18 1908,33 1856,64 2070,28
C104.100 822,9 1540,48 1499,2 1419,95 1765,06 1671,66 3131,71 1690,48 1596,92 1794,1
C105.100 827,3 2075,76 2165,44 2018,44 2360,67 2452,8 3742,54 2238,94 2320,5 2622,28
C106.100 827,3 2020,71 2063,77 2058,65 2308,74 2361,68 3773,89 2190,86 2248,46 2614,62
C107.100 827,3 2118,66 2218,64 1944,41 2447,03 2509,34 3928,89 2324,1 2384,93 2638,31
C108.100 827,3 1934,01 2054,61 2070,13 2287,47 2331,32 3709,89 2185,04 2204,36 2440,68
C109.100 827,3 1806,19 1690,88 1894,55 2067,29 2060,05 3643,91 1951,18 1942,96 2275,42
C201.100 589,1 1701,23 1674 661,808 3188,89 3135,77 3796,78 2130,21 2149,91 2121,91
C202.100 589,1 1834,67 1911,29 1075,4 2112,57 3244,71 3368,57 1995,9 2073,53 2267,06
C203.100 588,7 1702,2 1719,01 1741,8 1902,3 1888,11 3325,65 1822,65 1824,43 2037,44
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C204.100 588,1 1732,08 1618,95 1198,95 2560,17 1834,28 3071,95 1831,25 1774,09 1952,13
205100 5864 137737 147512 759,281 28683 277147 3112,05 1752,48 185141 184354
C206.100 586 1520,16 1505,59 759,783 3317,83 2784,67 3060,35 1865,67 1877,5 1808,71
€207.100 5858 15246 149508 727,573 281095 300997 2883,26 191957 191514 18307
€208.100 585,8 1408,82 1397,11 705,336  2386,3 2683,42 264888 1603,65 1663,1  1660,6
RI0L100 16377 2422 249125 224709 331881 2672,98 356691 254433 260172 27744

R102.100 1466,6 2385,21 2407,31 2240,28 3138,2 3360,99 3268,04 2475,73 2517,67 2632,32
R103.100 1208,7 2264,47 2254,17 2157,04 3063,09 3082,28 3117,58 2652,65 2618,12 2558,61
R104.100 971,5 2041,99 1996,72 1711,91 2772,17 2927  2845,89 2414,3  2340,29 2296,69
R105.100 1355,3 2297,29 2318,35 2161,32 3091,24 3268,45 3371,3 2448,03 2596,98 2602,41
R106.100 1234,6  2191,32 2205 2098,18 2982,78 3080,42 3100,58 2368,48 2490,81 2494,79
R107.100 1064,6 2164,57 2118,63 1904,06 3190,01 3025,7 3023,68 2583,01 2509,31 2384,22
R108.100 960,88 1977,92 1903,19 1556,67 2829,22 2725,77 2912,03 2364,84 2255,65 2269,16

R109.100 1146,9 2106,75 2074,16 1934 3022,27 3104 2873,95 2460,55 234224 2343,2
R110.100 1068 2061,43 2050,87 1877,19 2870,48 3070,41 2904,92 2407,95 2395,67 2362,51
R111.100 1048,7 2136,07 2062 1865,67 2998,06 2856,3 2931,61 2447,63 2381,34 2371,36

R112.100 982,14 1879,55 1840,81 1632,31 2540,33 2567,07 2875,13 2202,9 2156,49 2138,65
R201.100 1143,2 2244,08 2178,55 1868,68 3050,24 3076,94 3299,34 2614,91 2497,29 2545,75
R202.100 1191,7 2124,44 2027,75 1556,86 2941,47 2943,96 3174,87 2483,95 2355,85 2394,47
R203.100 939,54 2050,22 1927,5 1372,88 2636,76 2621,92 2933,28 2354,38 2245,61 2283,65
R204.100 825,52 1781,81 1618,01 1004,32 2444,63 2301,97 2611,32 2095,67 1963,4 1871,45
R205.100 994,42 2106,04 1990,49 1577,38 2865,37 2870,62 3050,87 2411,17 2380,25 2447,38
R206.100 906,14 1986,22 1851,9 1368 2628,9 2932,53 3159,88 2314,12 2211,83 2221,94
R207.100 893,33 1937,11 1812,26 1352,41 2618,03 2476,57 3023,52 2289,42 2094,21 2168,71
R208.100 726,75 1716,37 1556,95 999,811 2332,15 2166,2 2936,31 2027,54 1858,86 1971,1
R209.100 909,16  2048,99 2001,53 1626,07 2807,08 2776,35 300539 2412,58 2270,59 2347,8
R210.100 939,34 2087,46 2022,85 1385,33 3031,71 2890,54 3074,28 2475,08 2387,24 2426,58
R211.100 873,58 1948,47 1831,56 1452,54 2639,86 2526,72 2908,55 2272,88 2133,99 2228,86
RC101.100 1619,8 2492,14 2560,48 2426,62 3600,24 3984,7 3861,25 2651,54 2729,98 2955,38
RC102.100 1457,4 2497,13 2520,9 2427 3682,18 3737,08 3714,69 2718,34 2963,91 2967,42
RC103.100 1258 2399,8 2384,24 2300,83 3550,71 3619,7 3612,54 2741,65 2751,54 2797,14
RC104.100 1135,48 2148,74 2050,24 1879,05 3198,85 3136,92 3377,02 2593,85 2506,67 2502,37
RC105.100 1513,7 2545,86 2560,04 2435,47 3492,37 3802,64 3934,6 2670,95 2781,97 2969,77
RC106.100 1424,73 2327,7 2310,15 2261,01 3380,13 3350,66 3350,94 2571,22 2688,57 2639,01
RC107.100 1207,8 2271,98 2223,51 2170,51 3355,59 3280,3 3522,72 2591,65 2600,76 2579,28
RC108.100 1114,2 2127,48 2081,95 1892,41 3188,8 2992,28 3267,28 2491,88 2387,88 2428,67
RC201.100 1261,8 2679,46 264555 1862,94 3841,5 3790,79 3933,43 3158,61 3123,2 3078,47
RC202.100 1092,3 2557,43 2482,35 2006,78 3739,36 3746,02 3894,09 3004,51 2969,32 2831,57
RC203.100 1049,62 2219,45 2141,68 1664,29 3523,59 3060,94 3505,34 2676,33 2516,3 2616,34
RC204.100 798,41 1942,21 1808,18 1501,48 2910,75 2976,16 3683,74 2315,7 2252,26 2287,01
RC205.100 1154 2707,37 2601,21  2239,37 3839,2 397595 3965,68 3098,76 3046,78 3032,85
RC206.100 1146,32 2492,69 244536 1911,61 3579,61 3448,4 3821,19 2973,68 2811,17 287232
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GA Average

Instance P

RC207.100 1061,14 2394,8 2343,52 2055,97 3511,87 3617,66 3801,15 2844,37 2736,93 2818,96
RC208.100 828,14 2239,33 2122,07 1483,66 3288,28 3047,49 3713,07 2674,94 2566,97 2590,86

Genetic Algorithm with Self-Organizing Map (CVRPTW)

GASOM GASOM

Instance Instance

C101.25 191,3 239,719 O 260,171 O 213,382 1 R112.50 630,2 590,726 15 609,061 15 579,849 17
C102.25 190,3 206,935 O 208,837 0 216,495 O R201.50 791,9 713,839 29 733,075 29 740,753 31
C103.25 190,3 206,935 O 204,492 O 206,681 O R202.50 698,5 701,146 19 722,874 18 717,862 20
C104.25 186,9 199,227 O 199,227 0 202,519 0 R203.50 605,3 664,981 14 676,344 14 758,794 14
C105.25 191,3 228,432 O 228,432 O 238,748 O R204.50 506,4 526,254 6 630,932 5 541,239 6
C106.25 191,3 262,623 O 224,414 1 274,46 0 R205.50 690,1 707,685 23 704,539 22 769,854 22
C107.25 191,3 225,868 O 225,868 O 228,432 O R206.50 632,4 667,665 14 669,666 15 739,322 14
C108.25 191,3 221,017 O 221,017 O 221,017 O R207.50 584,6 634,134 10 647,572 9 771,387 11
C109.25 191,3 206,057 O 220,181 O 206,057 O R208.50 487,7 560,993 4 551,484 4 585,652 4
C201.25 214,7 217,953 5 256,839 6 298,649 1 R209.50 600,6 653,455 18 768,367 18 745,863 17
C202.25 214,7 242,52 0 244,731 O 223,31 0 R210.50 645,6 717,787 17 744,265 16 755,008 16
C203.25 214,7 228,839 0 223,31 0 223,31 0 R211.50 535,5 652,135 11 620,905 11 642,465 13
C204.25 213,1 216,162 O 223,352 O 216,368 O RC101.50 944 701,619 14 765,67 12 703,631 14
C205.25 214,7 264,004 3 249,339 3 297,453 0 RC102.50 822,5 732,127 6 649,416 7 705,174 6
C206.25 214,7 245,159 2 233,66 2 287,837 0 RC103.50 710,9 599,326 2 595,999 2 595,999 2
C207.25 2145 278936 1 245,159 2 274984 0 RC104.50 545,8 547,277 0 547,153 0 547,919 O
C208.25 214,5 233,66 2 230,006 O 229,837 0 RC105.50 855,3 802,064 5 706,93 5 665,567 7
R101.25 617,1 375,014 18 362,601 18 362,601 18 RC106.50 723,2 632,819 4 694,087 4 769,913 5
R102.25 547,1 423,967 13 423,967 13 486,179 12 RC107.50 642,7 632,854 2 584,864 2 683,692 2
R103.25 454,6 433,467 11 436,163 11 395,541 11 RC108.50 598,1 533,01 1 662,48 0 647,336 O

R104.25 416,9 431,041 9 401,5 9 405,728 9 RC201.50 684,8 570,888 33 649,692 32 804,755 29
R105.25 530,5 413,559 15 407,721 15 411,15 14 RC202.50 613,6 693,827 20 705,796 20 675,235 22
R106.25 465,4 471,693 11 467,369 11 459,863 11 RC203.50 555,3 549,827 13 573,844 13 588,287 15
R107.25 424,3 406,889 10 406,889 10 469,183 9 RC204.50 444,2 437,41 6 520,507 5 469,65 6

R108.25 397,3 401,421 9 393,137 9 383,139 9 RC205.50 630,2 672,695 26 674,351 26 816,451 25
R109.25 441,3 374,597 13 384,627 13 403,821 12 RC206.50 610 622,993 26 648,181 26 667,291 26
R110.25 444,1 393,521 11 383,981 11 383,981 11 RC207.50 558,6 639,448 19 637,319 19 618,462 19
R111.25 428,8 390,05 11 390,05 11 400,414 11 RC208.50 492,2 532,464 15 506,395 15 514,9 14
R112.25 393 386,157 9 376,885 9 403,667 9 C101.100 827,3 1174,61 23 1233,07 22 1257,15 20
R201.25 463,3 541,305 4 534,888 5 562,028 3 C102.100 827,3 1184,88 13 1272,98 10 1354,52 14
R202.25 410,5 571,13 1 554,093 1 571,847 1 C103.100 826,3 1421,8 0 1376,45 3 1441,6 3

R203.25 391,4 469,44 1 469,361 1 489,413 C104.100 822,9 1054,3 0 112496 O 1202,2 0

R204.25 355 399,878 0 397,429 O 392,356 C105.100 827,3 1153,13 17 1324,27 20 1180,63 20

» o B

R205.25 393 481,653 1 481,653 1 469,181 C106.100 827,3 1162,29 17 1185,2 16 107595 19
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R206.25 374,4 433,529 0 429,557 O 438,32 0 C107.100 827,3 1358,11 14 1474,09 10 1318,12 18
R207.25 361,6 404,691 O 411,642 O 398,476 0 C108.100 827,3 1260,39 7 117521 9 1305 11
R208.25 328,2 331,29 0 331,29 0 329,334 0 C109.100 827,3 1194,69 2 113795 2 1559,83 4

R209.25 370,7 436,356 0 438,525 0 418,253 0 C201.100 589,1 983,763 28 1089,74 28 1123,02 37
R210.25 404,6 554,199 O 577,236 O 555,771 0 C202.100 589,1 913,162 18 988,61 16 1116,67 23
R211.25 3506 373,349 O 371,95 0 361,687 0O C203.100 588,7 754,612 10 768,739 9 1006,45 13
RC101.25 461,1 361,269 2 353,609 3 370,241 2 C204.100 588,1 753,365 6 853,611 3 989,956 8

RC102.25 351,8 345,197 1 345,78 1 345324 1 C205.100 586,4 960,194 19 883,464 20 1092,67 28
RC103.25 332,8 334,184 O 334,38 0 334,38 0 C206.100 586 910,672 15 870,355 14 957,895 23
RC104.25 306,6 307,139 O 309,524 0 307,139 0 C207.100 585,8 903,655 6 883,702 12 840,615 17
RC105.25 411,3 349,307 2 353,277 1 353,277 1 C208.100 585,8 981,383 12 972,097 10 813,718 14
RC106.25 3455 346,505 0 346,505 O 346,505 0 R101.100 1637,7 1252,77 58 1348,97 57 1333,49 61
RC107.25 298,3 298,95 0 298,95 0 298,95 0 R102.100 1466,6 1389,88 42 1250,92 46 1521,99 50
RC108.25 2945 294994 0 294994 0 294994 0 R103.100 1208,7 1337,99 33 1352,78 36 1298,37 37
RC201.25 360,2 367,69 8 452,501 6 455,465 6 R104.100 971,5 1148,17 26 1135,62 25 1174,19 26
RC202.25 338 357,121 5 357,121 5 383,36 2 R105.100 1355,3 1279,51 48 1273,36 48 1416,32 47
RC203.25 326,9 432,93 0 434,716 O 435,49 0 R106.100 1234,6 1308,04 37 1386,47 35 1347,36 40
RC204.25 299,7 327,326 O 327326 0 327326 0 R107.100 1064,6 1223,27 30 1219,56 30 1202,68 29
RC205.25 338 390,734 6 516,7 3 542,708 2 R108.100 960,88 1176,84 22 1107,72 21 1152,39 25
RC206.25 324 421,312 3 434,83 3 482,022 0 R109.100 1146,9 1341,46 38 1247,75 37 1249,54 41
RC207.25 298,3 467,558 1 399,629 2 399,214 1 R110.100 1068 1200,83 34 1261,64 32 1311,44 34
RC208.25 269,1 313,738 0 316,277 O 309,851 O R111.100 1048,7 1244,61 30 1303,9 28 1272,63 31
C101.50 362,4 444,664 7 552,675 5 547,457 7 R112.100 982,14 1112,86 26 1219,75 24 1221,16 28
C102.50 361,4 511,388 1 476,535 1 487,802 2 R201.100 1143,2 1207,24 56 1348,69 54 1226,01 57
C103.50 361,4 438,445 O 424,076 0O 490,075 O R202.100 1191,7 1229,66 35 1166,15 35 1190,54 42
C104.50 358 402,48 0 404,556 0 405,391 O R203.100 939,54 1278,32 25 1102,66 24 1138,77 25
C105.50 362,4 544,889 4 510,585 3 452,631 4 R204.100 825,52 1033,23 11 990,371 11 1008,08 15
C106.50 362,4 522,923 4 494,929 4 493,375 7 R205.100 994,42 1333,32 39 1267,69 38 1374,08 41
C107.50 362,4 595,361 2 550,006 2 578,682 3 R206.100 906,14 1166,62 24 1153,88 23 1212,65 28
C108.50 362,4 479,815 O 517,555 1 566,372 3 R207.100 893,33 1090,42 16 975,844 17 990,966 19
C109.50 362,4 461,016 O 475,595 0 515,898 0 R208.100 726,75 1061,04 8 980,308 9 936,867 10
C201.50 360,2 527,913 14 572,302 9 558,029 13 R209.100 909,16 1303,63 32 1430,46 33 1165,47 29
C202.50 360,2 559,371 6 493,383 4 547,51 6 R210.100 939,34 1108,86 27 1366,74 26 1171,12 30
C203.50 359,8 456,095 2 452,676 2 483,785 4 R211.100 873,58 1072,59 19 1119,62 18 1086,13 22
C204.50 350,1 413,757 O 436,208 O 486,797 0 RC101.100 1619,8 1567,03 45 1669,69 41 1643,99 47
C205.50 359,8 547,206 9 503,905 4 463,996 8 RC102.100 1457,4 1504 30 1586,68 32 1571,81 34
C206.50 359,8 467,078 4 480,144 5 430,577 5 RC103.100 1258 1406,95 23 1479,02 21 1449,47 25
C207.50 359,6 481,157 3 543,404 4 415,482 5 RC104.100 1135,48 1302,25 13 1333,85 13 1376,85 15
C208.50 350,5 470,586 4 445,172 4 432,151 4 RC105.100 1513,7 1554,77 33 1652,71 33 1515,05 41
R101.50 1044 682,688 33 679,217 33 696,888 33 RC106.100 1424,73 1413,91 31 1755,66 28 1546,65 31

R102.50 909 735,57 24 758915 24 780,093 26 RC107.100 1207,8 1433,03 23 14915 21 1449,15 21
R103.50 7729 702,297 20 679,124 20 669,128 20 RC108.100 1114,2 1367,01 16 1400,36 16 1348,21 20
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R104.50 6254 691,577 13 655,296 13 715,643 15 RC201.100 1261,8 1415,7 58 1178,5 58 1538,43 54
R105.50 899,3 755,372 27 704,164 27 711,251 27 RC202.100 1092,3 1368,95 41 148221 39 1656,02 45
R106.50 793 712,595 20 713,047 20 750,503 21 RC203.100 1049,62 1319,58 27 13721 28 1226,3 30
R107.50 711,1 697,48 18 659,911 17 758,966 18 RC204.100 798,41 996,394 12 942,689 12 1237,05 14
R108.50 617,7 609,629 13 611,478 13 661,276 14 RC205.100 1154 1386,89 49 1321,96 50 1398,13 53
R109.50 786,8 636,237 22 669,237 22 787,872 23 RC206.100 1146,32 1313,41 48 1312,53 45 1215,86 48
R110.50 697 629,151 19 615,109 20 605,597 20 RC207.100 1061,14 1201,1 36 1341,84 35 1515,75 39
R111.50 707,2 642,026 18 683,62 17 743,743 18 RC208.100 828,14 1123,31 25 1089,07 24 1154,31 27
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