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Abstract— Genetic algorithms (GA) are one of the most
successful techniques in solving combinatorial optimization
problems. Its general character has enabled its application to
different types of problems: vehicle routing, planning,
scheduling, etc... This article shows that thereis controversy in
the basic structure of the algorithm steps when it is applied at
routing problems. Specifically in this paper we show that the
crossover (CX) offers no advantage in the optimization process.
To solve such problems, the most important steps are mutation
and selection of individuals. These two steps are what help to
analyze the solution space exhaustively and give GA
optimization capability. To prove our hypothesis we will
analyze the results obtained by applying different blind
crossover operators to solve multiple instances of the TSP
(Travelling Salesman Problem).
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|. INTRODUCTION

Since its proposal in the '70s, genetic algorithi@#\)
have become one of the most successful meta-hiesrist
solving combinatorial optimization problems. Ovée tlast
decades GAs have been the focus of a large number
papers and books [1, 2] and it has been appliea wide
range of fields, for example, transport [3], softwva
engineering [4] or industry [5].

A meta-heuristic is a technique designed to optnmaz
problem by iteratively trying to improve one or raor
solutions. Meta-heuristics do not use any infororanf the
problem to get better results and they can explerg large
spaces of solutions. This last point is what défarates a
meta-heuristic from a heuristic. A heuristic usgecific
information of the problem to increase its capaaitfy
optimization. It explores less the space of sohgiand

even though its practical use for solving compleabpems
was shown by De Jong [8] and Goldberg [9]. The posfe
the GA is given by its robustness and its capaoity
adaptability to a wide variety of problems of diffat areas.

The aim of this paper is to demonstrate the iniefficy of
one of the central steps of the GA in the capaocity
optimizing of the algorithm. This step is the cmgs (CX),
and to prove our hypothesis, we will perform aneripent
in which we compare the results and times obtabnedsing
the same GA but with different CX, with the reswdtstained
by an evolutionary algorithm which performs no CKape
and focus its execution only in the process of tmraand
selection of survivors.

The structure of this paper is as follows. In thkofving
section we introduce shortly the way of operatibthe GA.
Next, we give a brief introduction of the problehat we
choose to carry out our experiment, Travelling Salen
Problem (TSP) and we give some reasons for itsiefec
Then, we will explain our hypothesis. Next we vdéscribe
the experiment and we will show the tests phase fivlih
this paper with the conclusions of the study amthér work.

° Il. GENETICALGORITHMS

The GA is aimed to solve combinatorial optimization
problems, and as we explain in the introductiortriés to
find a good solution basing on the evolution arel gknetic
of natural species. The GA is widely known by theestific
community, for this reason we will not extend o it
introduction. With the intention of completing imfoation,
we will only explain schematically the conventional
implementation of a GA. For more detailed inforroati
about the GA, lot of sources can be found in ttezdiure [2,
9, 10].

intensifies the search in areas considered masieisting.

Algorithm 1 execution process of a GA

Genetic algorithms are based on the genetic prockss
living organisms and in the law of the evolutionspfecies,
proposed by Darwin [6]. In the real world, over gmtions,
populations evolve according to natural selectiomd a
survival of the strongest specimens. The GA wapgsed in

an attempt to imitate this natural process. Theicbas’' }

principles of this technique were proposed by Hulld7],

1: Build the initial population

2: Wiile (Termnation Criterion not reached){
3: Select parents fromthe popul ation;
:  Crossover with the parents sel ected;
5: Mut ati on process;
6: Selection of survivors;

8: Return the best individual of the popul ation;




The traveling salesman problem, or TSP [11], is ohe
the most famous and widely studied problems through
history in operations research and computer sciembe
TSP can be defined on a complete directed g@&aph(V, A)
where V = {vy, Vi,..., Vi} is the set of vertices which
represents the clients of the system, and = {(v;, vj): v, v,

THE TRAVELING SALESMAN PROBLEM TSP

€ V, i # j} is the set of arcs which represents the

interconnection between clients. Each arc hastartie cost
dj associated, which is at a known distance magixrhe
TSP objective is to find a route that visits eacltd &very
customer once and that minimizes the total distarsseled.

A. Formulation
The problem can be formulated as follows [12]:

Minimize dyj x5 (€Y
(ij)€A

Subject to
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Being x;;a binary variable which is 1 if the af@j} is
used in the solution. Furthermord, is the set of the

customers of the system anil; is the distance between the

which can be easily found in a variety of studfesexample
[16], and more recently [17].

IV. HYPOTHESIS

This article aims to demonstrate the hypothesi$ W&
propose:

“Crossover phase of the genetic algorithms is not
efficient for the search process and the capadity o
optimization of the technique when it is applied to
routing problems using path encoding”.

For it, we should first explain a factor that mag b
controversial if we not mention it.

To test the ability of optimization of a meta-hatid to
solve any combinatorial optimization problem, it
appropriate to use neutral operators throughout
implementation of it. In other words, as we said tle
introduction, operators that use characteristics té
problem and optimize by themselves have to be adbid

As an example of this we can mention the initidlaa
process of the GA. The most appropriate way to @rine
quality of optimization of a meta-heuristic is teeua random
initialization process, instead of using initialize
functions, such as those proposed by Solomon if7 198].
If we use any of these initialization functionsg thdividuals
will pass through an optimization process before th
execution of the GA generations. Therefore, we may
know exactly what the capacity of optimization ofreta-
heuristic is when we obtain the final results thajives. In
this case, we could say that we are implementihguaistic,
because we use specific information of the problem.

In this way, extrapolating this fact to the CX phathe
most suitable form to demonstrate that this phase i

is
the

nodesi andj. The objective function, (1), is the sum of allinefficient is using neutral crossover functionshich only

the arcs in the solution used, or what is the sésrihe total
distance of the route. This objective function hasbe
minimized. Constraints (2) and (3) indicate thatheaode
has to be visited and abandoned only once, whittie(4)

take care of generating individuals that meet thestraints
of the problem and not optimize by themselves.

This is why the operators like the Very Greedy Gover
(VGX) [19] obtain better results than other neutrpérators.

guarantees the absence of sub-tours and indidadésatly The vGX is an operator for the TSP that uses tstadées
subset of node& has to be abandoned at least 1 time. Thﬁetween cities to generate the children resultimgnf the

restriction is vital, because it avoids the presearfccycles.

B. Reasons of choosing the TSP

The TSP has been extensively studied throughotdrizis
and has been treated with a multitude of diffeteahniques.
It has a great scientific interest and today isdusea large
number of studies [13-15]. In this article we usis problem
not to demonstrate that the GA is a good alteradtivsolve
the TSP, something already proven. We do it to destnate
our hypothesis, which we will explain in the nexcson.
Therefore, we have used this problem because teib
known, and it is simple to implement and understand
addition, it is easily replicable, so that any readf this
article can prove this same experiment, eithemhieck their
results or to try to verify the same hypothesis Witih other
CX. Another advantage of using the TSP as a proliebe
treated is that there are a lot of CX for solvihig tproblem,

crossing. Is logical to think that using this ogerathe GA
will get good results for the TSP, as the VGX makgdself

a small optimization on the resulting individualswe use
this kind of functions, we have to say that we are
implementing heuristics, instead of meta-heurisfldws, we
will use 100% neutral functions in CX, initializati and
mutation phases in our experiments.

Another reason why the use of the CX functionsas n
beneficial is the complexity of creating combinastoof
individuals that satisfy the constraints of thelgemn. This
occurs especially in problems with strict restaos, like the
Vehicle Routing Problem with Time Windows [20]. The
are many studies that after creating the childreinguthe
CX, use a process to "fix" the resulting infeasibtdutions
[21]. These processes of arrangement can be biehebat
they increase the complexity and time of executiérthe



technique. Moreover, they undermine the philosophthe Each table shows the results obtained by a specific
CX functions, since the children resulting are twatural" algorithm, and each of the tests differs in theetyf CX

combinations of their parents. used. The first four experiments show different @#h
different CX, all with a crossover and mutation lpability
V.EXPERIMENTS AND ANALYSIS OF RESULTS of 100%, which means that all individuals perform a

For the experiments, a conventional GA has beed,us&rossover and a mutation every generation. Inxperément
introduced earlier in this article. The initial pdation is © & GA without any CX was used, utilizing only thetation
generated 100% randomly. The parents and survivisinction, also with a probability of 100%. This tiaable will
selection criterias are 100% elitist for all expesnts Serve to make an accurate comparison with whichmile
(meaning that best individuals, based on theirefimvalue, draw the conclusions to be discussed in the netiose The
have the priority to be selected), with the exaeptof the different tables explain its features in its ovtfeti

experiment 7, which uses a 50% elitist-random sworvi TABLE I.
criterion.  Solutions are encoded using the PathEXPERIMENT 1. GA WITH THE FUNCTIONOX AND 2-OPT MUTATION
Representation [22]. As a mutation function, thedely Instance | Avg. S.dev. Bestr. Worstr. Time
known 2-opt has been used [23]. This function hasnb Oliver30 | 425.3 9.86 420 448 0.55
widely used in many studies along history [24, 2B% Eilon50 | 442.9 7.43 430 454 2.52
explained above, there are a large number of CXabpes EilS1 448.3 8.69 437 463 276
tor the TSP. in th K of Larraf | 122 Berlin52 | 7945.2 262.71 7596 8476 2.86
or the , in the work o arrafiaga et al [22]aasge St70 709.4 13.53 687 729 85
number of them are collected. In this study we fose CX Eilon75 578.2 5.37 571 590 9.5
functions, three of them have been widely usedesiite Eil76 581.5 12.39 565 598 15.35
creation, for that reason have been selected forstidy. gggigg ggggg-; iig;‘; gggi ;iggg 22"12
. . . . .4
These functions are Order Crossover (OX) [10], Medi KroC100 | 218501 4655 21280 22797 26.93
Order Crossover (MOX) [26] and Order Based Crossove |Eil101 683.7 10.45 665 698 30.21
(OBX) [27]. Finally, the last operator used is artjalar Pr107 46676.5  1406.5 45083 49167 37.56
case of the traditional crossover, in which the point is Pri24 1608526 1288.63 59302 62877 5019
made always in the middle of the path. We haveedait TaBLE II.
Half Crossover, and it could be explained as foflow EXPERIMENT 2. GA WITH THE FUNCTIONMOX AND 2-OPT MUTATION
Half Crossover (HX): As we said, in this crossover, a cut is [Instance | Avg. S.dev. Bestr. Worstr. Time
made in the central position of the parents. Fange: Oliver30 4235 5.97 420 437 0.63
P=(1234|5678) Eilon50 445.9 7.94 433 456 2.28
- Eil51 450.3 6.62 440 461 2.45
, _M =(2468[7531) , ) Berlin52 80624 1684 7782 8327 2.6
Tht_e or(_jer of cities that are to the Ie_ft of thetiogt point St70 721.4 1773 705 757 6.85
remains in the corresponding order in the offsprile Eilon75 582.0 5.85 572 593 9.34
remaining cities are added in the same positionfthand in Eil76 585.5 14.98 568 623 9.57
KroAl100 | 224453 687.87 21555 23580  24.86
the oth'er parent. Thus, the result of the proceaddwbe as KIOBLOO | 235095 87801 22604 25017  24.96
follows: KroCl00 | 221464 3413 21362 22518  25.75
P=(1234]|6875) Eil101 692.9 11.18 681 722 26.54
M=(2468|1357) Pr107 46076.5 10435 44960 48511  34.97
Continuing with the characteristics of GA, for tdbts we Priz4 613990 1263.7 59397 63362 42.16
used a population of 48 individuals, and the nunifethe TABLE Il

generation of each execution is proportional to thdexPERIMENT3.GA WITH THE FUNCTIONOBX AND 2-OPT MUTATION
neighborhood of the mutation function.

Instance Avg. S. dev. Bestr. Worstr. Time
A. Results Oliver30 426.1 8.57 420 446 0.49
) ) Eilon50 445.4 5.87 438 455 1.64
The following tables show the results obtained ey GA Eil51 448.7 7.12 437 458 1.70
in the different experiments made. Those tests were|Berlin52 8027.6 267.1 7542 8435 1.76
performed on an Intel Core i5 — 2410 laptop, WitB2GHz St70 718.5 23.98 690 765 4.62
and a RAM of 4 GB. For each run we display the Itota Eilon75 °79.6 16.74 562 610 6.12
' play Eil76 5775 873 557 585 6.37
average, the worst and the best of the resultsraataand KroA100 | 22690.0 473.76 21790 23291  15.42
the standard deviation. We also show the averagthef KroB100 | 23548.0 577.06 22833 24521  15.47
execution time, in seconds. The number of execstion Efﬁgioo 582;%)0-0 522-78 512659 623;933 1%‘5;4
. . . | . . .09
each instance is 50. Instances were obtameql fremr sP Pr107 466822 110501 45486 48688  23.19
Benchmark TSPLIB [28]. The name of each instance d&a Pri24 61282.6 1832.66 59657 65115 36.00

number that displays the number of nodes it has.



TABLE IV.

EXPERIMENT 4. GA WITH THE FUNCTIONHX AND 2-OPT MUTATION

Instance Avg. S. dev. Bestr. Worstr. Time
Oliver30 427.2 8.99 420 449 04
Eilon50 451.3 7.42 443 467 1.74
Eil51 451.1 8.57 442 465 1.52
Berlin52 7988.4 251.72 7542 8399 1.59
St70 714.2 12.03 598 739 5.02
Eilon75 575.9 7.62 567 595 6.85
Eil76 584.6 14.59 565 611 6.22
KroA100 22195.8 381.69 21675 23060 18.9¢4
KroB100 23366.6 533.15 22675 24194 20.92
KroC100 21995.8 593.22 20977 22941 19.94
Eil101 696.0 12.35 679 723 21.12
Pri10o7 46866.9 964.11 45945 49173 28.9
Pri124 61002.2 1361.5 59868 63560 48.35
TABLE V.

EXPERIMENT5. GA WITHOUT CX, BUT WITH 2-OPT MUTATION

Pri07  |46676.5 46076.5 46682.2 46866.9 45584.0
(2.39%) (1.08%) (2.40%) (2.81%)
Pri24  |60852.6 61399.0 61282.6 61002.2 61040.8
(0.89%) (0.70%) (0.24%) (0.31%)
These tests have been performed comparing an

evolutionary algorithm without CX and with a proliai of
mutation of 100%, with 4 different versions of GAwhich
the probability of crossover and mutation is 10086w, to
extend the tests, we will show the results fromegxpent 6,
in which we used a GA with crossover probability9Rs,
mutation probability of 5%, and a 100% elitist Suad
selection criterion. For this experiment the OX ahdpt
functions are used, the first for the crossoverstare second
for the mutations. After this, we show another expent
with the same GA, but instead using a 100% el#istival
criterion, a 50% elitist-random criterion is used.

TaABLE VILI.

Instance | Avg. S.dev.  Bestr. Worstr. Time Exp. 6. GA WITH THE FUNCTIONOX 90%AND 2-OPT MUTATION 5%.
Oliver30 423.1 2.81 420 428 0.1

Eilon50 448.0 8.00 435 460 0.3 Instance Avg. S. dev. Bestr. Worstr. Time
Eil51 449.1 7.49 438 462 0.29 Oliver30 428.4 8.03 420 443 0.62
Berlin52 8023.5 357.31 7542 8412 0.31 Eilon50 456.2 8.89 442 471 1.68
St70 712.6 13.98 700 742 0.65 Eil51 459.6 19.25 443 500 1.52
Eilon75 583.4 13.49 563 605 0.79 Berlin52 7912.8 227.81 7604 8355 1.75
Eil76 577.4 8.37 565 591 0.84 St70 738.2 22.00 718 788 4.86
KroA100 21856.9 309.93 21400 22432  1.89 Eilon75 590.4 12.83 569 612 6.58
KroB100 23194.6 304.66 22722 23717  1.91 Eil76 606.1 18.77 582 639 6.86
KroC100 21680.2  447.95 20933 22319 1.8 KroA100 22366.1 512.87 21671 23186  16.86
Eil101 689.8 14.83 670 714 1.92 KroB100 232525 487.89 22592 23992  18.15
Pr107 45584.0 802.83 44678 46840  2.12 KroC100 22077.9 851.97 21177 23498  17.84
Pri24 61040.8 1389.97 59199 63886  3.64 Eil101 726.9 26.27 702 785 18.84

. . ) Pr107 47220.4 12256 45059 49101 25.34
To facilitate the comparison between different | p1o4 50414.4 69415 40178 64487  40.73
experiments, the next table shows the averagesodf ef the TABLE VI

tests. The best mean of each instance is boldeile e
other values have a percentage of the deviatioardaty

this best average:

TABLE VI.

COMPARISON BETWEEN THE AVERAGES OF THE EXPERIMENTS

Instance [Exp.1 EXxp.:z Exp. ¢ Exp. 4 Exp. 5
Oliver30 [425.3 423.5 426.1 427.2 423.1
(0.51%) (0.09%) (0.70%) (0.96%)

Eilon50 [442.9 445.9 445.4 451.3 448.0

(0.67%) (0.56%) (1.89%) (1.15%)
Eil51 448.3 450.3 448.7 451.1 449.1
(0.44%) (0.08%) (0.62%) (0.17%)
Berlin52 (79452 8062.4 8027.6 7988.4 8023.5
(1.47%) (1.03%) (0.54%) (0.98%)
St70 709.4 721.4 718.5 714.2 712.6
(1.69%) (1.28%) (0.67%) (0.45%)
Eilon75 [578.2 582.0 579.6 575.9 583.4
(0.39%) (1.05%) (0.64%) (1.30%)
Eil76 581.5 585.5 577.5 584.6 577.4
(0.71%) (1.40%) (0.01%) (1.24%)
KroA100 (22265.7 22445.3 22690.0 22195.8 21856.9
(1.87%) (2.69%) (3.81%) (1.55%)
KroB100 [23602.9 23599.5 23548.0 23366.6 23194.6
(1.76%) (1.74%) (1.52%) (0.74%)
KroC100 (21850.1 22146.4 22710.0 21995.8 21680.2
(0.78%  (2.15%) (4.74%) (1.45%)
Eil101 683.7 692.9 683.0 696.0 689.8
(0.10%) (1.44%) (1.90%) (0.99%)

Exp. 7. GAWITH FUNCTIONOX WITH A 90%OF PROBABILITY, 2-OPT
MUTATION WITH 5% AND 50%ELITIST-RANDOM SURVIVOR FUNCTION

Instance Avg. S. dev. Bestr. Worstr. Time
Oliver30 427.0 12.94 420 453 0.62
Eilon50 457.0 11.58 439 476 1.83
Eil51 451.7 14.79 437 484 1.75
Berlin52 7843.6 229.64 7542 8135 1.58
St70 720.6 17.00 690 753 5.12
Eilon75 586.6 15.88 572 620 6.47
Eil76 588.2 11.14 573 605 7.12
KroA100 22316.7 614.86 21469 23379 17.5¢4
KroB100 23026.5 500.14 22306 23983 17.21
KroC100 21591.2 72496 21000 23320 17.38
Eil101 708.4 12.19 684 727 19.15
Pr107 46481 1332.4 44526 59625 24.37
Pr124 60428.3 911.87 59597 62387 39.91

As we have done before, below we show a table

comparing the results of the last experiments vilie
experiment in which only the mutation was used.iAthe
table 6, the best average is bolded and the otilees show

the deviati

on.

TABLE IX.
COMPARISON BETWEEN AVERAGES OF THE EXPERIMENTS, 7 AND 5.

Instance |Exp. 6 Exp. 7 Exp.5
Oliver30 | 428.4 427.0 4231
(1.25%)  (0.92%)




Eilon50 | 456.2 457.0 4480
(1.83%)  (2.00%)

Eil51 459.6 4517 4491
(2.33%)  (0.60%)
Berlin52 | 7912.8 78436 80235

(0.88%) (2.29%)
St70 738.2 720.6 7126
(3.60%)  (1.12%)
Eilon75 | 590.4 586.6 583.4
(1.19%)  (0.54%)

Eil76 606.1 588.2 577.4
(4.97%)  (1.87%)
KroA100 | 22366.1 22316.7 21856.9
(2.32%)  (2.10%)
KroB100 | 232525 230265 23194.6

(0.98%) (0.73%)

KroC100 | 22077.9 215912  21680.2

(2.25%) (0.41%)

Eil101 726.9 708.4 689.8
(5.37%)  (2.69%)

Pri07 472204 46481  45584.0
(3.58%)  (1.96%)

Priz2a 504144 604283 61040.8

(1.70%)  (2.73%)

B. Analysis of the results and conclusions

Viewing the results presented
conclusions that can be drawn are clear. In the four
tables the results obtained by the GA with the edéht
functions of CX are shown, being all results vemyilar to
each other. This way, we cannot be able to conalodedly

Looking at the results, we can draw the following
conclusions, which support our hypothesis:

« Conclusion 1. The use of CX functions do not give any
improvement to the process of optimizing of a GAing
the other functions (mutation and selection of sams)
which provide the ability of optimization to the GA

« Conclusion 2: Using this kind of functions increases
considerably the execution time. Furthermore, as th
number of nodes grows, the time rises exponentidlys
last point can be seen by comparing the time itaimes
as KroAl100, KroB100 or Prl24. This is especially
important for real-time applications, where the ait®n
time becomes decisive.

These two statements can lead to a new reasonaig th
supports our theory

« Concluson 3: The crossover phase increases the
complexity of the GA algorithm without providing y@n
visible improvement.

Conclusions 2 and 3 can be obtained easily, sihee t

in these tables tHBOre steps a meta-heuristic has, more time needs fo

execution and more complex is to design and devep
the other hand, conclusion 1 can be based on devera
arguments. The main purpose of the CX functiongois

obtain new individuals making combinations of the

which one gets better results and which is the ehett Characteristics of the individuals of the populatioAs
Regarding the execution times, HX, MOX and OX abtai&Xplained before, to test the ability of optimizing meta-

very similar times, while OBX requires less effad its
executions. Introducing the experiment 5 we can tba¢
using a GA without crossover the results are aslgsothose
obtained using any of the CX previously used, olitgi in
some cases better results than the other 4 algwitbespite
this, if we look at the percentages of the deviaiof the
means, the vast majority is less than 2%, andyaateeds
the 2.5%, so that the differences between thenmimanal.
This means that no algorithm offers any improventbaat
makes it better than the rest. In addition, regardhe run
times, these are much lower in the experiment & thahe
other experiments. This difference is not very cedble in
problems with few nodes, as Oliver30. But when ribees
increases, the differences become larger, reacling
increase between 800% and 1000% respect the tifrthe o

heuristic neutral functions must be used, otherwibe
optimization capability may lie in these functioi$us, it is
logical to think that the CX can hardly meet itegtt, since
it is very improbable that the resulting offspriingm neutral
crosses improve their parents. It is for this reagwmt the
main utility of CX might be to increase the capiypibf the
search process of the algorithm. The use of this lof
functions or mechanisms can be very beneficialafoneta-
heuristic, as can be seen in other techniques sagch
simulated annealing [30], which uses a cooling esscto
allow this type of jumps inside the space of solui or the
tabu search [31], with the mechanisms of memomedium
and long term. Despite this, the use of this typ&unctions
must not be excessive, since the jumps in theisalspace
are beneficial only in determined times, for exaanphen a

experiment 5, in instances of 100 or more nodess THocal optima is reached.

happens because the routing problems are classifiddP-
Hard problems [29].

After the first 5 experiments, two new experimeats
shown, which use a version of GA with more conwaml
mutation and crossover probabilities, and in whidferent
functions are used for the survivors selection. fidsellts of
these new experiments lead to the same conclusi®rike
above, there is no perceptible improvement in thsults

In GA, mutations can handle this type of suddenpsinm
the solution space. In addition the mutation cao ahake
small jumps on the solution space, which are varsitive
for the optimization process. This fact can free @A of
using CX functions and it can reduce its runningeti
achieving similar results, as we can see in thiesaghown

With all this, we can say that our hypothesis hasnb
verified, providing evidence to certify it, and argents that

obtained by these GA and the results obtained ey t§uPport it. Finally, as a last conclusion we coeftter the

evolutionary algorithm of experiment 5.

next reasoning which is supported by the resulbsvahin the
experiments.



« Conclusion 4: The most efficient way to implement an

evolutionary algorithm to solve routing problem®asing
it only on the functions of mutation and selectioh
survivors.

Despite this, the idea of combining characterisfiecnore
than one individual of the population could be ukefif
these mechanisms were used in very specific momeeg
could be beneficial to the process of exploratidntte
solution space. For this, the way of using thesectians
would need to radically be changed, and the phibgoof
the meta-heuristic should change regarding the GAs
future work, we will design and
population-based meta-heuristic focused on locatcées,
which uses specific CX functions only in exceptiocases,
when we certain that it benefits the process ofvkcr the
space of solutions.
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