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Abstract—In this paper, we present the use of the discriminant
analysis to select evolutionary algorithms that better solve instances
of the vehicle routing problem with time windows. We use indicators
as independent variables to obtain the classification criteria, and the
best algorithm from the generic genetic algorithm (GA), random
search (RS), steady-state genetic algorithm (SSGA), and sexual
genetic algorithm (SXGA) as the dependent variable for the
classification. The discriminant classification was trained with classic
instances of the vehicle routing problem with time windows obtained
from the Solomon benchmark. We obtained a classification of the
discriminant analysis of 66.7%.
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1. INTRODUCTION

HE discriminant analysis [1], [2] is a multivariate

statistical technique whose purpose is to analyse if
significant differences between groups of objects with respect
to a set of variables measured on such explaining exist in what
sense procedures of systematic classification of new
observations of origin not known in one of the analysed
groups occur and provide. The Linear Discriminant Analysis
(LDA) was introduced by Fisher [3] as a statistical procedure
for the classification. LDA is concerned with classification
problems where the dependent variable is categorical (nominal
or ordinal) and the independent variables are metric. The
objective of LDA is to construct a discriminant function that
yields different scores when computed with data from
different output classes. The classification is the most common
task inside of generic inductive learning; in addition, it is a
function of predictive learning that inside classifies a data of
diverse classes [4].

In this paper, we propose to use the classification as a
function of predictive learning in evolutionary algorithms. An
evolutionary algorithm [5] consists:

1. Evolutionary strategies (ESs) were created and developed
by Rechenberg [6] and his co-workers. ESs use real-
coding of design parameters since they model the organic

Jorge A. Ruiz-Vanoye, Jr is with the Universidad Autonoma del Estado de
Hidalgo, México, CO 42780 MX (phone: 01-771-717-2000 ext5509; e-mail:
jorge@ruizvanoye.com).

Ocotlan Diaz-Parra, Alejandro Fuentes-Penna, Daniel Velez Diaz, and
Edith Olaco Garcia are with the Universidad Autéonoma del Estado de
Hidalgo, Meéxico, CO 42780 MX (e-mail: ocotlan@diazparra.net,
alexfpl0@hotmail.com, dvelez@uaeh.edu.mx, Edith.olaco@hotmail.com).

evolution at the level of individual’s phenotypes. ESs
depends on deterministic selection and mutation for its
evolution. ESs use strategic parameters such as on-line
self-adaptation of mutability parameters.

2. Evolutionary programming is one of the four major
evolutionary algorithm paradigms. It was first used by
Fogel [7] in order to use simulated evolution as a learning
process aiming to generate artificial intelligence. Fogel
used finite state machines as predictors and evolved them.
Currently, evolutionary programming is a wide
evolutionary computing dialect with no fixed structure or
(representation), in contrast with some of the other
dialects. It is becoming harder to distinguish from ESs.
Some of its original variants are quite similar to the later
genetic programming, except that the program structure is
fixed and its numerical parameters are allowed to evolve.
Its main variation operator is mutation, members of the
population are viewed as part of a specific species rather
than members of the same species therefore each parent
generates an offspring, using a survivor selection.

3. GA is a search technique used in computing to find exact
or approximate solutions to optimization and search
problems. GAs are categorized as global search heuristics.
GAs are a particular class of evolutionary algorithms
(EAs) that use techniques inspired by evolutionary
biology such as inheritance, mutation, selection, and
crossover (also called recombination).

4. Genetic Programming (GP) is an EA-based methodology
inspired by biological evolution to find computer
programs that perform a user-defined task. It is a
specialization of GA where each individual is a computer
program. Therefore, it is a machine learning technique
used to optimize a population of computer programs
according to a fitness landscape determined by a
program's ability to perform a given computational task.
The first statement of "tree-based" GP (that is, procedural
languages organized in tree-based structures and operated
on by suitably defined GA-operators) was given by
Cramer [8]. This work was later greatly expanded by
Koza [9], a main proponent of a GP who has pioneered
the application of GP in various complex optimization
and search problems.

In this paper, our interest is the GAs. Gas, originally
developed by Holland [10], are heuristic adaptive that simulate
processes of optimization with the natural evolution of genes
in an organism population (vertical gene transfer or VGT).
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The VGT is the transfer of genetic material to offspring, or the
inheritance of genes by subsequent generations, is an essential
basis of the evolutionary process. The most common form of
gene transfer for higher organisms is sexual reproduction. In
the case of higher plants, genetic information is passed along
to the next generation by pollination. This is called a vertical
gene transfer. The VGT occurs when an organism receives
genetic material from its ancestor, e.g. its parent or a species
from which it evolved [11].

GA initializes randomly population of problem solutions.
The GA evaluates each one of the solutions (assign him score
or fitness according to solution feasible that finds). The GA
chooses of the population (the one that has a greater score).
The GA applies of crossover operator and mutation operators
for different solutions from the selected population, to create a
new population.

The theory of the computational complexity is the part of
the theory of the computation that studies the resources
required during the calculation to solve a problem [12]. The
resources commonly studied are the time (execution number
of an algorithm to solve a problem) and the space (amount of
resources to solve a problem).

A combinatorial optimization problem is either a
minimization problem or a maximization problem and consists
of three parts: a) a set of instances, b) candidate solutions for
each instance, c) a solution value [13]. The combinatorial
optimization problem that was used in this paper is the
Vehicle Routing Problem with Time Windows or VRPTW
(NP-hard problem) used in an intelligent system for transport.

VRP is a combinatorial optimization problem complex [13],
[14]. It is considered naturally like a central problem in the
areas of transportation, logistics and distribution. In some
sectors of the industry, the transportation means a high
percentage of value added to products. For that reason, the use
of computational methods on the transportation offers good
results, the savings go from a 5% to 20% in the total of costs,
as Toth & Vigo report [14]. The VRP has diverse variants of
the problem, one of them is the VRPTW (Vehicle Routing
Problem with Time Windows), consists basically of
diminishing the costs of subject transportation to restrictions
of time of each route and capacity on the basis of the demand
of each client [14]. Equations (1)-(11) represent the VRPTW
Model:
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where: 0 = The zero represent the deposit at the beginning of
the route, A = the set formed by ordered pairs (i, j), @ = the
time window limit in a node, b = the time window limit in a
node, C = Capacity of vehicle, ¢ = cost of service, d =
demand, E = beginning time window in the deposit, i = origin
node, j = destiny node, K = the fleet of vehicles, k = vehicle, L
= the time window limit in the deposit, M = a very big positive
number, N = the set of nodes, n+1 = the deposit when the
route has already been realized, S = Service time, t = the time
of arrival to the following node, W = the beginning of the
service time in the node, X = the execution of an operation,
i € A"(j)= an origin i together with a destiny j with direction
of j directly to i, j e A"(i)= a destiny j together with an origin
i with direction of i to j. Solomon [15] mentions that in the
problem Vehicle Routing Problem with Time Windows
(VRPTW) exists classifications of type C for instances
clustered, type RC for instances Random and Clustered, Type
R for Random instances and in addition the instance is
determining by the number of clients or CN.

An individual is the set of genes grouped in chromosomes;
an individual in VRPTW (Fig. 1) is a formed route of sub-
routes (chromosomes), each sub-route is formed by nodes
(gene).

4 GENE

N < o |
9 CHROMOSOMES

1T 1]
12 3 4 56 7 801 1 12 13

Fig. 1 Individual in VRPTW

In this paper, we propose the use discriminant analysis as a
function of predictive learning to select as it is the best
algorithm than it solves instances of an Intelligent
Transportation Systems. At the moment the computer science
systems exist to provide solutions to some problems of
transportation, so is the case of the calls Intelligent
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Transportation Systems or ITS [16], by means ITS is
constructed to an itinerary of routes solution. ITS serves as
support for the citizen and public institutions in the attempt to
search for the industry of the transport the minimization of
costs for their sustainability. Nevertheless, the ITS is not
easily adaptable to the specific circumstances of each
company, since each company of transport has different needs
for transportation. By such reason the efforts realized by the
scientific community to find specific solutions to real
problems difficult to solve as it is the Vehicle Routing
Problem with time windows.

In the experimentation to verify the hypothesis of this
investigation we used the discriminant analysis as a function
of predictive learning to select EAs (in an intelligent
transportation system) that better solves instances of transport
problem (or the vehicle routing problem with time windows)
that means for Best Route Choice.

II. RELATED WORKS

In the area of the data mining, Fink [17] developed a
technique of algorithm selection for decision problems, which
is based on the estimation of the gain of the algorithm,

obtained by the statistical analysis of its performances. The
investigation group that develops to the project METAL,
proposed a method to select the algorithm for a set of related
cases. They identify the set of old cases that she shows
characteristics more similar to those of the new set. The
algorithmic performance of the old cases is known and used to
predict the best algorithm for the new set of cases.

Cruz [18] proposed a methodology, based on automatic
learning systematically to develop mathematical models of the
algorithmic performance. The proposal of Cruz consists of
characterizing the performance of a set of heuristic algorithms
applied to the solution of NP-hard problems, by means of the
formation of algorithms domination regions.

The work of Soares & Brazdil [19] has made important
advances in the use of the characterization of the cases, to
integrate groups of similar cases. But, for a different case that
it does not belong to a predefined class of cases, the prediction
of algorithm performance will not be able to be made. The
GAs to solve problems VRPTW were used pioneering by
Blanton & Wainwright [20] and Thangiah [21]. Table I shows
the related works more important for this investigation.

TABLEI
RELATED WORKS

Research Modelled of characteristics of a problem Discriminant Analysis Prediction Selection Evolutionary Algorithms VRPTW

Blanton
Thangiah
Tshang
Hoos
Fink
Soares
Cruz
This

<2 2 2

\/
\/

2 2 2 2 2 2

III. DISCRIMINANT ANALYSIS AS A FUNCTION OF PREDICTIVE
LEARNING TO SELECT EAS IN INTELLIGENT TRANSPORTATION
SYSTEM

The methodology shown in Fig. 2 uses to verify the
hypothesis of this investigation, the methodology consists of:
1) sampling of VRPTW instances, 2) measurement of
indicators, and 3) experimentation (discriminant analysis,
algorithm results, and best algorithm).

In the phase of the sampling, we used the instances of
Solomon [15] for 25 and 100 nodes. The instance parameters
of the VRPTW are in Table II. Where: VN = Vehicle Number,
C = Capacity of the Vehicle, CN = Customer Number, XCO =
X Coord., YCO =Y Coord., D = Demand of client, RT =
Ready time, DT = Due date, ST = Service Time.

In the problem exist additional parameters: the value 1 for
small time window and small vehicle capacity, 2 big time
window and big vehicle capacity, in addition to C = clustered
data, R = random data, RC = random and clustered data.

1. Sampling : i 3. Experimentation | -
i | oA Algorithms| — " Agoninms !

Solomon i from L Resulls
Instances i | Heuristic Lab - —

I

/ Pradiction i

Discriminant
e
mw'h I'\?Sulti_ _j
P Soloman :
Yy rreseseran F Instances !
2. Measurement for prediction_ ;
of indicators —_ :

Fig. 2 Methodology used in the investigation

TABLE I
FORMAT OF VRPTW INSTANCES
VN C
CN  XCO YCO D RT DT ST
0 Xo Yo do RT, DT, ST,

100 XIUU Y100 dlUU RT]OU DTI()() STIUO

The indicators are mathematical formulations with which it
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looks for to reflect a certain situation. The indicators are useful
for several aims: management evaluating, to identify
improvement opportunities, adapting the objectives and
strategies to the reality, to make preventive measures on time,
to communicate ideas, thoughts and values of a summarized
way. The characteristics of the indicators, serves an intention,
has been designed considering this intention and the user
characteristics or problem; it is useful and non-subjective (it
allows to obtain the same result when the obtaining of the
indicator is made by different observers in analogous
circumstances), it is specific (applicable only to the situation
in question), it is valid (it measures what it is tried to
measure), it is consisting of the course of the time, it is
precise, it is transparent (easily understood and interpreted by
the users). Exist diverse indicators of other areas as they can
be macroeconomic indicators, population indicators, and
statistical indicators, to mention some. An indicator is a
relation between quantitative variables or qualitative that
allows observing the situation and the tendencies of changes
generated in the object or observed phenomenon, in relation to
objectives, and impacts.

The objective of the indicators proposed for VRPTW is to
allow being base appropriately to select by means of machine
learning an algorithm that better solves an instance of the
VRPTW and that is representative, trustworthy and excellent.

The IAREA indicator (12) is based on a position method of
the known descriptive statistic like median is applied to three
instances parameters of the problem Xcoord, Ycoord, and
Demand. Where: IAREA = the proposed indicator 1, X = X
Coord., Y =Y Coord., D = Demand, CN = Customer Number.

IAREA=((MEDIAN(X;:Xcn)*MEDIAN(Y:Yox'MEDIAN(D;:Dew)  (12)
*CN)/100

The justification to unite parameters of VRPTW with
different units was proposed by Michie et al. [22]: to
transform the attributes usually by applying a monotonic
transformation of the power law type. Monotonic
transformations do not affect the machine learning methods.

We propose the ISIZE indicator (13) as size as the instance
of the problem that was previously only based on the value of
customer number (CN). Where: ISIZE = the proposed
indicator 2, R = at the restrictions of the data on the basis of
the value 1 for big time window and small vehicle capacity, 2
big time window and big vehicle capacity, A = at the
randomness of the data with A =1 for data type C, A =2 for
data type RC, A =3 for data R type:

ISIZE= CN*R*A (13)

The ITIME Indicator (14) applies to the three time
parameters (RT, DT, ST) of the problem instance. Where
ITIME = the proposed indicator 3, RT = Ready time, DT = due
date, ST = service time:

ITIME=((MEDIAN(RT,:RT,)+MEDIAN(DT;:DT,)+MEDIAN(ST;:S  (14)
Tn))*CN)/100

IV. EXPERIMENTATION AND RESULTS

In the experimentation was used a computer Acer
TravelMate 2330LC Intel Celeron, 1.5 GHz, 512 MB of RAM
memory, 80 GB hard disk, 15.0" XGA. We used the
algorithms: the generic GA, RS, SSGA, SXGA [20]-[24].

A simple GA works as follows [5]:

1. Start with a randomly generated population of n I-bit
chromosomes (candidate solutions to a problem).

2. Calculate the fitness f (x) of each chromosome X in the
population.

3. Repeat the following steps until n offspring have been
created:

a. Select a pair of parent chromosomes from the current
population, the probability of selection being an
increasing function of fitness. Selection is done "with
replacement," meaning that the same chromosome can be
selected more than once to become a parent.

b. With probability cp (the "crossover probability" or
"crossover rate"), crossover the pair at a randomly chosen
point (chosen with uniform probability) to form two
offspring. If no crossover takes place, form two offspring
that are exact copies of their respective parents.

c. Mutate the two offspring at each locus with probability
pm (the mutation probability or mutation rate), and place
the resulting chromosomes in the new population. If n is
odd, one new population member can be discarded at
random.

4. Replace the current population with the new population.

5. Go to step 2.

Each iteration of this process is called a generation. A GA is
typically iterated for anywhere from 50 to 500 or more
generations. The entire set of generations is called a run. At
the end of a run there are often one or more highly fit
chromosomes in the population. Since randomness plays a
large role in each run, two runs with different random-number
seeds will generally produce different detailed behaviours. GA
researchers often report statistics (such as the best fitness
found in a run and the generation at which the individual with
that better fitness was discovered) averaged over many
different runs of the GA on the same problem. A most often
requires a fitness function that assigns a score (fitness) to each
chromosome in the current population, the fitness of a
chromosome depends on how well that chromosome solves
the problem at hand.

SSGA [23] is that replace a large proportion of the
population are called generational and those replacing a single
solution or only a few. A pseudocode for a typical steady-state
algorithm is shown.

1. Calculate the Population, Population (M).

2. While the stopping criterion is not satisfied do

2.a. P1, P2<& ParentsSelection(Population)

2.b. O1<Crossover (P1,P1)

2.c. O2<Mutation(O1)

2.d. R€SolutionOutSelection(Population)

2.e. Replace(O2,R)

3. End while

The function Population (M) generates M random solutions.
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The two selection methods need to be more specified. Many
selection methods are available for choosing both individuals
to reproduce and also for surviving at the end of every
iteration. The same parents can be chosen several times to
reproduce. The selection methods use fitness values associated
with each solution to compare the solutions. This is a steady-
state algorithm; a crossover can be applied in every generation
because a large part of the population will always be preserved
in the next generation. Other operators can also be applied
after or instead of Mutation. The Replace function replaces
individual R in the population with the offspring O2 in order
to keep the size of the population constant. Of course, it is not
wise to replace the best individual in the population.

SSGA consists of the selection of parent chromosomes for
reproduction, in the case of GA, is done using only one
selection strategy. When considering the model of sexual
selection in the area of population genetics it gets obvious that
the process of choosing mating partners in natural populations
is different for male and female individuals. Inspired by the
idea of male vigor and female choice, Lis and Eiben [25] have
proposed Sexual GA that utilizes two different selection
strategies for the selection of two parents required for the
crossover. The first type of selection scheme utilizes random
selection and another selection strategy uses roulette wheel
selection for the selection of two parents. The rest of the
process is similar to that of GA.

The main idea of the RS algorithm is to generate an initial
solution with moderate quality. Then, according to some
predefined neighbourhood, the algorithm probabilistically
selects and tests whether a nearby solution in the search space
is better or not. If the new solution is better, the algorithm
adopts it and starts searching in the new neighbourhood;
otherwise, the algorithm selects another solution point. The
algorithm stops after a specified number of search steps have
elapsed or the solution does not improve after a fixed number
of steps. The solution quality of a neighbourhood search
technique relies heavily on the construction of the solution
neighbourhood. The pseudo-code for the RS algorithm is the
following:

. Initialize.

. Evaluate.

. Save as best solution.

. Repeat the following for a number of iterations or rounds.

. Create random solution.

. Evaluate.

. Save if the solution is better.

End.

In GA algorithm we used the values: generations = 1000,
population size = 100, mutation rate = 0.05, replacement
strategy = elitism, crossover rate = 1, n-elitism = 1, selection
operator = roulette, tournament group size = 2, crossover
operator = OPX. In RS algorithm we used the values: rounds
=1000. In SSGA algorithm we used the values: individuals =
1000, population size = 100, mutation rate = 0.05,
replacement operator = worst, selection operator = roulette,
tournament group size = 2, crossover operator = OPX,
mutation operator = random swap. In the SXGA algorithm we

(IR Ir-NEV RN VORI S R

used the values: generations = 1000, population size = 100,
mutation rate = 0.05, male selection operator = roulette,
female selection operator = roulette, tournament group size =
2, crossover operator = OPX, mutation operator = random
swap.

The VRPTW instances were obtained from Solomon [15]
benchmark and to be used with the HeuristicLab software
[26]. The HeuristicLab Optimization framework is for
developing and testing optimization methods, parameters and
applying these on a multitude of problems (Asymmetric
Traveling Salesman Problem, GA-Based Machine Learning,
Generic Genetic Programming, Genetic Regression, Job Shop
Scheduling Problem, Multi-Processor Scheduling Problem,
Rotor Machine Analysis Problem, Satisfiability Problem, 2-
Dimensional Real-Valued Test Functions, N-Dimensional
Real-Valued Test Functions, Vehicle Routing Problem). The
project was started in 2002 and has evolved to a stable and
productive optimization platform, it contains the algorithms:
Ant Colony Optimization, Standard Evolution Strategy,
Generic Genetic Algorithm, Parallel Genetic Algorithm
(Island Model), Particle Swarm Optimization, Ra RS,
Simulated Annealing, Segregative Genetic Algorithm,
Standard Genetic Algorithm, Standard Genetic Algorithm for
Machine Learning, Scatter Search, SSGA, Standard Tabu
Search, and SXGA. The input parameters for the software
were given random in the options: overload penalty, tardiness
penalty, route-time penalty, travel time excess penalty, and
distance penalty. In addition, we used the technique of
discriminant analysis contained in SPSS [27] software.

The results are given based on the algorithm runtime on the
given instance and the theoretical ratio (TR), which means
how so close it was the solution that is reported in computer
science Literature (15). Where optimal know = the best
reported optimal solution, NV = Number of optimal vehicles
reported, Sol = founded solution, NVSol = number of found
vehicles:

TRatio = (Sol/NVsol) - (OptimalKnow /NV) (15)

In Table III are the obtained results of GA and SSGA
algorithms with the VRPTW instances contained in
HeuristicLab software.

TABLE III

OBTAINED RESULTS OF THE GA AND SSGA ALGORITHMS

Instances Optimal Vehicles _. aA . SSGA
Time TR Time TR

cl101.100  827.3 10 25:46.7 1391 00:54.6 24.38
c102.100 8273 10 20:49.2 27.08 00:11.0 38.99
€201.100  589.1 3 46:56.7 0.81 00:23.3  0.81
€202.100  589.1 3 43:19.6 32.63 00:21.5 14.52
r101.100  1637.7 20 20:59.9 1.53  00:09.8 4.6784
r102.100  1466.6 18 17:41.7 6.17  00:09.9 10.37
rc101.100  1619.8 15 17:31.1 479  00:00.1 8.85
rc102.100 14574 14 18:36.6 476 00:10.3 16.28
rc201.100  1261.8 35:02.5 75.82  00:19.8 134.90

rc202.100  1092.3 39:49.2 76.74  00:19.7  96.60
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For each instance was determined the list of algorithms that
better solve it, defined the following evaluation criteria of
algorithms: the run time divided between the obtained
theoretical ratio (TR), and the smaller value is the algorithm
champion with better performance for the instance. In Table
IV are the obtained results of SXGA and RS algorithms with
the VRPTW instances contained in HeuristicLab software.

In order to obtain the second criterion of algorithms
classification, we used two indicators (IAREA and ITIME)
which they were used like independent variables, and the
number of the best algorithm like dependent variable. In Table
VII are with the results of the discriminant analysis with the
training instances, showing 57.1% of the original group
classified correctly.

TABLE IV TABLE VII

OBTAINED RESULTS OF THE SXGA AND RS ALGORITHMS OBTAINED RESULTS OF DISCRIMINANT ANALYSIS 2
Instances Optimal Vehicles TimiXGATR TimeRS R Group Origin Preg;:ted (S;;gg) Megl)?él:hlp RS  TOTAL
c101.100 8273 10 20:540 6.87 00:01.2 121.78 GA 7 ! 3 0 13
c102.100 8273 10 19:27.6 1468 00:002 11576 SSGA 2 ! 0 0 3
201100 589.1 3 37:49.6 081 00:01.3 820 SXGA ! 0 4 0 5
101100 16377 20 17:372 237  00:01.2 7175 RS 0 0 0 0 0
r102.100 1466.6 18 22:259  5.68 00:01.3 77.93
1c101.100 1619.8 15 18:12.4 136 00:002 95.45 In order to obtain the third criterion of algorithms
1¢102.100 1457.4 14 17:190 1144 00:013 90.21 classification, we used three indicators (IAREA, ISIZE, ITIME)
rc201.100 1261.8 9 32:55.5 105.14 00:03.3 9031 that was used like independent variables, and the number of
rc202.100 1092.3 8 34:19.1 7590 00:01.2  91.57 the best algorithm like dependent variable was used. In Tables

Table V shows the list of better algorithms for the sampling
instances (obtains of Tables IIl and IV), as well as the
calculation of the indicators proposed in each one of the
instances. The values in Table IV were used like input values
of the discriminant analysis.

TABLE V
OBTAINED RESULTS FROM THE INDICATORS OF THE PROBLEM INSTANCES

Instances CN ISIZE IAREA ITIME Best Algorithm

¢101.100 100 100  100.00 981.00 SXGA (3)
¢102.100 100 100  100.00  956.00 SXGA (3)
c201.100 100 200  100.00  981.00 GA (1)
€202.100 100 50 95.00 3231.00 SSGA (2)
r101.100 100 75 79.00  205.00 GA (1)
r102.100 100 300  79.00  220.00 SXGA (3)
rc101.100 100 200  98.00 214.00 GA (1)
rc102.100 100 50 98.00  231.00 GA (1)
rc201.100 100 400  98.00  831.00 GA (1)
rc202.100 100 400  98.00  907.00 SXGA (3)

In order to obtain first criterion of algorithms classification,
we used two indicators (CN and ISIZE) which they were used
like independent variables, and the number of the best
algorithm like dependent variable. The discriminant
classification was trained with classic instances of VRPTW. In
Table VI are the results of the discriminant analysis with the
training instances (Tables III and IV), showing 38.1 % of the
original group classified correctly.

TABLE VI
OBTAINED RESULTS OF DISCRIMINANT ANALYSIS 1

Grou; Predicted Grou i
Origilr)l GA SSG/E MelSn)l()éthlp RS~ TOTAL

GA 2 7 4 0 13
SSGA 1 2 0 0 3
SXGA 0 1 4 0 5

RS 0 0 0 0 0

VIII and IX are with the results of the discriminant analysis
with the training instances, showing 66.7 % of the original
group classified correctly.

TABLE VIII
OBTAINED RESULTS OF DISCRIMINANT ANALYSIS 3
Group Predicted Group Membership
Origin GA SSGA SXGA RS TOTAL
GA 9 1 3 0 13
SSGA 2 1 0 0 3
SXGA 1 0 4 0 5
RS 0 0 0 0 0
TABLE IX
OBTAINED RESULTS OF THE DISCRIMINANT ANALYSIS FUNCTIONS
Functions Wilks Lambda Chi-square
Function 1 .590 8.977
Function 2 .866 2.446
TABLE X

EXAMPLE OF INSTANCES WITH ITS CHARACTERISTICS AND THE BEST
ALGORITHM PREDICTED

| CN ISIZE IAREA ITIME  Best Algorithm predicted

c105.25 25 25 2825 232.12 GA (1)
¢105.100 100 100 100.00  983.00 SXGA (3)
1210.25 25 150 19.25 23425 GA (1)
r210.100 100 600 79.00  945.00 SXGA (3)
rc208.25 25 100 20.00  217.37 GA (1)
rc208.100 100 400 98.00  841.00 SXGA (3)

If the functions are effective for the sample of VRPTW
training instances, the percentage of the new observations
classified correctly is an indicator of the effectiveness of the
discriminant functions. In order to validate the effectiveness of
the discriminant classification other instances of problem
VRPTW were considered. Table X represents a fraction of the
instances where is the result of the proposed indicators and the
prediction of the best algorithm than solves the given instance.
The prediction of the obtained classification of the
discriminant analysis was of 66.7 %.

571



International Journal of Information, Control and Computer Sciences
ISSN: 2517-9942
Vol:10, No:3, 2016

V.CONCLUSIONS

In this paper we demonstrated like true the hypothesis of the
investigation, affirming that if the use of the discriminant
analysis is possible as a function of predictive learning to
select as it is the best EA than it solves an instance of an
intelligent system for transport problem. The prediction of the
obtained classification of the discriminant analysis was of 66.7
%. In this paper we proposed the use of discriminant functions
that allow selecting among a set of EAs, the best one to solve
a given situation.

As future works set out to improve the percentage of
prediction, with the creation of new indicators to improve the
performance of the algorithm selection.
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