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Abstract. This paper describes an experience that combines Genetic
Algorithms and Tabu Search as a mechanism for correcting lanes in
DNA images obtained through Random Ampliﬁed Polymorphism DNA
(RAPD) technique. RAPDs images are aﬀected by various factors; among
these factors, the noise and distortion that impact the quality of images,
and subsequently, accuracy in interpreting the data. This work proposes
a hybrid method that uses genetic algorithms, for dealing with the highly
combinatorial feature of this problem, and tabu search, for dealing with
local optimum. The results obtained by using them in this particular
problem show an improvement in both, ﬁtness of individuals and execution time.

1

Introduction

Randomly Ampliﬁed Polymorphism DNA (RAPDs) [11] is a type of molecular
marker which has been used in verifying genetic identity. During the past few
years RAPDs have been used for studying philogenetic relationships [1,10], gene
mapping [5], trait-associated markers [9], and genetic linkage mapping [2]. This
technique has been used as support for many agricultural, forest and animal
breeding programs [6].
In Figure 1, a photograph of a RAPD reaction is shown. In this case, 12
samples were loaded of which lanes 1 and 14 correspond to the molecular weight
standards. In this case, four diﬀerent genotypes of Eucalyptus globulus were
studied, including three identical copies of each (known as ramets). If the ramets
are identical, then quite similar band patterns should be expected when analyzed
by the same primer. However, this is not always the case, due to, for example,
mislabeling of samples.
The RAPD technique consists of amplifying random sequences of the genomic
DNA by using primers, which are commonly 10 bp (base pairs) in length. This
process is carried out by polymerase chain reaction (PCR) and generates a typical pattern for a single sample and diﬀerent primers. The PCR products are
separated in an agarose gel, under an electric ﬁeld which allows smaller fragments of the PCR products to migrate faster, while larger ones much slower.
The gel is stained with a dye (typically ethidium bromide) and photographed
for further data analysis. One way of analyzing the picture obtained is simply
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by comparing visually the diﬀerent bands obtained for each sample. However,
this can be a tedious process when various samples with diﬀerent primer combinations have to be analyzed. At the same time, since, in this case, the presence
or absence of bands is to be scored, sometimes the band assessment can be very
subjective and there is no reliable threshold level, since the intensities of the
bands are aﬀected by several factors (i.e staining, gel quality, PCR reaction,
DNA quality, etc.).
During the process of generating the RAPD image, many physical-chemical
factors aﬀect the electrophoresis producing diﬀerent kinds of noise, rotations,
deformations and other abnormal distortions in the image. The eﬀect of this
problem is, unfortunately, propagated through the diﬀerent stages in the posterior analysis, including visualization, background extraction, band detection,
and clustering, can lead to erroneous biological conclusions. Thus, eﬃcient image
processing techniques will, on the other hand, have a positive impact on those
biological conclusions.
Typical errors consider rotation in lanes, that is the problem we try to solve.
This is the ﬁrst step; once lanes are corrected, i.e., the complete image shows a
minimum slope for each lane, it will be necessary to work in band correction, a
diﬃcult problem due to the nature of distortions, diﬀerent to lane distortion. The
second step, band correction, can be carried out in an analogous way; however,
it is beyond the scope of this paper.
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Fig. 1. A sample RAPD image with two reference lanes, and 12 lanes representing four
ramets

The basis for this work is the experience described in [7], in which genetic algorithms are used to deal with a population of potential solutions, where solutions
are intended as the best templates. A template is a set of lines representing lanes
and therefore, the best template is one in which lines match closely to lanes in
the original image. This work oﬀered good solutions, although execution time is
greater that expected. The other problem this approach presents, is the presence
of local minimum.
The aim of this work is to correct distortions in lanes, by using genetic algorithms hybridized with Tabu Search. This allows a comparison of two strategies:
the ﬁrst one, already mentioned, that considers single genetic algorithms, and
the second one, that uses genetic algorithms and Tabu Search as collaboration
mechanisms.
This article is structured as follows; the ﬁrst section is made up of the present
introduction; the second section describes the speciﬁc problem to be faced; the
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third section is devoted to genetic algorithms and tabu search considerations,
while the fourth section shows the results we obtained with our approach, and
the ﬁnal section shows the conclusions of the work.

2

The Proposed Approach

The problem addressed in this paper can be formally stated as follows.
Consider an image (matrix) A = {aij }, i = 1, . . . , n and j = 1, . . . , m, where
aij ∈ Z + , and A is a RAPD image. Usually, aij is in the range [0..255] in a grey
scale image, and we use a aij to refer to an element A(x, y), where x and y are
the pixel coordinates.
To deal with lane distortions, a set of templates is used. These templates are
randomly created images with diﬀerent distortion degrees, having lines that are
in a one-to-one correspondence with lanes in the original RAPD image. A good
template is the one that reﬂects in a more precise degree the distortions that the
RAPD image under consideration has.
The template we consider is a matrix L (lanes) where L = {lij }, i = 1, . . . , n
and j = 1 . . . , m, lij = 0 or lij = 1 (a binary image), with 1 meaning that
lij belongs to a line and 0 otherwise. A procedure described in [8] is used to
approximately detect the initial position of the lanes. In doing so, the generation
of matrix L is limited to those regions that correspond to lanes in matrix A.
Due to the rotation of the lanes, it is necessary to consider diﬀerent alternate
conﬁgurations. If we are dealing with an image with 12 lanes, and if for each lane
we consider 14 possible rotations, we are considering 1214 diﬀerent conﬁgurations
to evaluate. This causes a combinatorial explosion, which justiﬁes the use of
genetic algorithms.
Genetic algorithms allow to manage a large number of templates, and those
that are similar to the original image are chosen. Thus, it is necessary to seek for
an objective function that reﬂects this similarity in a precise way. This function
is used as a measure for the quality for the selected template.
When the lane correction procedure is applied, templates contain straight
lines. Diﬀerent templates will show diﬀerent slopes for each line, as shown in
Figure 2. A template contains non-intersecting vertical lines, which are not necessarily parallel.
Results obtained in a previous work are promising but not really good. In
considering this, we decided to hybridize the solving strategy by adding a Tabu

Fig. 2. A sample template for lane correction
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Search component. Tabu Search is a mathematical optimization method belonging to the class of local search techniques. Tabu search enhances the performance
of a local search method by using memory structures: once a potential solution
has been determined, it is marked as ”taboo” so that the algorithm does not
visit that possibility repeatedly.

3

Genetic Algorithms and Tabu Search

Genetic algorithms (GA) are a particular class of evolutionary algorithms, used
for ﬁnding optimal or good solutions by examining only a small fraction of the
possible space of solutions. GAs are inspired by Darwin’s theory about evolution.
The basic concept of GAs is designed to simulate processes in natural system
necessary for evolution, speciﬁcally those that follow the principles of survival of
the ﬁttest. As such they represent an intelligent exploitation of a random search
within a deﬁned search space to solve a problem.
The structure of a genetic algorithm consists of a simple iterative procedure on
a population of genetically diﬀerent individuals. The phenotypes are evaluated
according to a predeﬁned ﬁtness function, the genotypes of the best individuals
are copied several times and modiﬁed by genetic operators, and the newly obtained genotypes are inserted in the population in place of the old ones. This
procedure is continued until a good enough solution is found [3].
In this work, the templates are the chromosomes, lines in a template are the
genes, and a line having a particular slope represents the value (allele) that a
gene has.
A good ﬁtness means that a particular template (matrix L) ﬁts better to the
original RAPD image (matrix A). To evaluate a template, images corresponding
to matrices A and L are put together, and a sum of intensities is obtained by
considering neighborhood pixels within a range and for each line. This range is
determined in this work considering the width of the brightest part of the lane.
The aim of this is to gain precision in the ﬁtness function. If a line in the template
coincides with a lane, a higher value of the sum is obtained. In contrast, if they
do not coincide, the value is lower than in the ﬁrst case, because we are adding
background pixel intensities (values close to zero).
Another issue added is that, the value obtained in the evaluation of each line
is stored as part of the gene. In this way, the sum of intensities of pixels is only
done when a new line is created; and this occurs in mutation and in tabu search.
As a consequence of this issue, the execution time is reduced considerably compared to previous experiments.
Genetic operators: Diﬀerent genetic operators were considered for this work.
These genetic operators are brieﬂy described below:
– Selection. Selection is accomplished by using the roulette wheel mechanism
[3]. It means that individuals with a best ﬁtness value will have a higher
probability to be chosen as parents.
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– Cross-over. Cross-over is used to exchange genetic material, allowing part of
the genetic information of one individual to be combined with part of the
genetic information of a diﬀerent individual. For example, if we have two
templates each containing r + s lines, after cross-over, the generated children
result in: children 1 will have the ﬁrst r lines that correspond to template 1,
and the following s lines that correspond to template 2. For children 2, the
process is slightly diﬀerent, in which the order the templates are considered
is modiﬁed.
– Mutation. By using this genetic operator, a slight variation is introduced
into the population so that a new genetic material is created. In this work,
mutation is accomplished by randomly replacing, with a low probability, a
particular line in a template.
Tabu search (TS) is a meta-heuristic that guides a local heuristic search procedure to explore the solution space beyond local optimality. The local procedure
is a search that uses an operation called move to deﬁne the neighborhood of any
given solution. One of the main components of TS is its use of adaptive memory,
which creates a more ﬂexible search behavior. In a few words, this procedure
iteratively moves from a solution x to a solution x in the neighborhood of x,
until some stopping criterion has been satisﬁed. In order to explore regions of
the search space that would be left unexplored by the local search procedure,
tabu search modiﬁes the neighborhood structure of each solution as the search
progresses [4].
A solution is a template representing a RAPD image, let us say the x solution;
then to move from a solution x to a solution x means that the template is
modiﬁed. To modify a template we have chosen two possibilities: the ﬁrst one
is the change in the value of the slope for one or more lines in the template,
i.e., a rotation movement; the second one is a shifting movement, the line is
moved to the left or to the right, without changing the value of the slope for
that line. In other words, if we call xinf and xsup the bottom and top points in
a line respectively, a rotation movement is realized by changing these points to
xinf − δ and xsup + δ (or changing to xinf + δ and xsup − δ). In an analogous
way, the shifting movement is accomplished by changing the original points to
xinf + δ and xsup + δ (changing to minus if the movement is towards the opposite
side of the image). Figure 3 illustrates the rotation movement and the shifting
movement. The values allowed in both, shifting and rotation movements, are
gradually diminished to avoid dramatic changes in the quality of the solutions.
To avoid repeated movements during a certain bounded period of time, TS
stores each movement in a temporal memory, which is called tabu list. Each
element in the tabu list contains one lane and its corresponding movement.
A particular lane in the list may occur more than once, but the associated
movement needs to be diﬀerent. In this work, the size of the tabu list is bounded
by the number of lanes in the particular image under treatment.
When it is not possible to ﬁnd a better solution in the neighborhood of x,
it is used the, so-called, aspiration criterion, which allows to search in the tabu
list for a movement that improves the current state x. If that movement doesn’t
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Fig. 3. The schema for rotating a line, and the schema for shifting a line

exist, then a movement with a higher residence time in the tabu list is chosen
and, in this particular case, the inverse corresponding movement is applied to x;
i.e., it is used to implement a backtracking strategy.
As previously mentioned, in spite of good results obtained by using genetic
algorithms, the problem of local optimum is always present. By taking into account this issue, we decided to hybridize the procedure, that is to say to combine
genetic algorithms with another strategy, in this speciﬁc work with tabu search,
to let potential solutions avoid those local optimum points. The hybridization
procedure considers the following strategy: the main objective of this process is
to gradually improve individuals belonging to the population the genetic algorithm is working with. When the ﬁtness measured during a certain number of
iterations accomplished by the genetic algorithm doesn’t vary; a reduced number of individuals is selected from current population. One of them is the best
individual of the population, while the others are randomly selected. Each one
of these individuals acts as an input for triggering a tabu search procedure.
Once the tabu search process is ﬁnished, the resulting individuals are reinserted into the genetic population, and the process continues with the genetic
algorithm procedure, as before. The complete process is repeated several times
depending on the quality of the genetic population and the stopping process
condition. The latter is speciﬁed as a time condition (number of iterations) or
as a speciﬁc ﬁtness value.

4

Results

For testing, it is necessary to provide a set of images that consider most of the
problematic situations: diﬀerent slope in lanes, diﬀerent bright, noise in images,
missing lanes, and diﬀerent number of lanes. According to this criteria, 13 images
were chosen to carry out the ﬁnal tests.
Parameters are variables that maintain a ﬁxed value during a particular processing. While they cannot be deﬁned a priori, they have to be experimentally
determined. We carried out diﬀerent tests for both, the genetic algorithm and
the hybrid algorithm processing.
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Table 1. Parameters for testing

Parameter
Value(s)
Population Size
150
Num. Generations
2000
Cross-over %
70
Mutation %
2
Elitism %
10
Seed Value
10 diﬀerent values

Parameter
Value(s)
Population Size
20, 50
Num. Generations
2000
Cross-over %
70, 60
Mutation %
2
Elitism %
10
Seed Value
10 diﬀerent values
Triggering Cond. 30 generations
Num. Iterations
30
Tabu List Size
Number of lanes

The set of parameters used for the genetic algorithm approach is summarized
in the left part of Table 1; and the set of parameters used for the hybrid approach
(genetic algorithm plus tabu search), is summarized in the right part of the table.
Figure 4 illustrates ﬁtness improvement for 13 testing images.
The elements that have an important inﬂuence on the execution time, are the
number of lanes the image has, the population size and the mutation probability.
The execution time for the hybrid algorithm approach, is higher than the genetic approach, because in this case, each movement implies to evaluate one or
more lines for each new template created in the neighborhood. This is one of the
reasons why we reduced the population size during tests. An increasing population size needs a larger execution time. A reduced number of tests considering a
higher number for the population size didn’t produce better results.
As shown in Figure 4, in all cases, the hybrid algorithm produced a better
ﬁtness than the genetic algorithm. In most of the test cases, considering the two
diﬀerent population sizes, the values obtained are similar.
If we consider the evolution of ﬁtness, for early generations (below 300 genetic
generations), the genetic algorithm oﬀers better results that those obtained by
using the hybrid algorithm. This is likely due to the bigger population size. For a
medium evolution period (between 300 and 500 genetic generations) the ﬁtness
values for the hybrid algorithm increase dramatically. In this particular group,
ﬁtness is similar in both, the genetic algorithm and the hybrid algorithm. When

Fig. 4. Fitness improvement for diﬀerent images

Genetic Algorithms and Tabu Search for Correcting Lanes in DNA Images

151

we consider a higher number of genetic generations (more that 500), values are
clearly better when using the hybrid algorithm. On the other hand, as expected,
the hybrid approach is much more time consuming than the genetic algorithm
approach. Figure 5 shows the evolution while processing a particular image, the
upper part (a) shows the original RAPD image, the middle part (b) shows the
best individual, and the bottom part (c) shows the corrected image.

5

Analysis

The number of lanes and the population size, impact the execution time because
of the increasing amount of data that needs to be processed. The mutation
probability inﬂuence is related to the fact that the evaluation function evaluates
a line each time a new line is created, the typical action when mutation is
accomplished. In absence of mutation, each line keeps its evaluation while it is
not modiﬁed.
The facts that the hybrid algorithm produced a better ﬁtness and the similarity of results in spite of changing the population size, allow us to infer that
the hybrid algorithm possibly reached an optimum value. For a particular image, the value obtained for the corresponding ﬁtness is the same for the diﬀerent
population sizes and for the diﬀerent seeds used for the random values that the
genetic algorithm employs.
It is possible to say that when dealing with RAPD images, the hybrid algorithm works better than the genetic algorithm. One fact to remark is that this
is true for both, large population sizes and small population sizes. This can be
explained by considering that the hybrid approach acts from two diﬀerent points

Fig. 5. The evolution in lane correction: a) the original image, b) the best individual,
c) the corrected image
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of view. From the ﬁrst one, the genetic algorithm point of view acts as a global
search process, while from the second point of view, tabu search acts as a local
search process. Combining these two strategies leads to better results.
One hypothesis that can explain this fact is that the single genetic approach is
good enough, and that there is no space for signiﬁcant improvements concerning
ﬁtness. Despite the fact that the values of ﬁtness have minor diﬀerences between
both strategies (single and hybridized genetic algorithm), these diﬀerences are
important for human experts, because they provide more reliability to their
genetic conclusions.
The population size seems not to be important in terms of results. However
there is a diﬀerence; a larger population size implies a higher genetic algorithm
inﬂuence; on the contrary, a smaller population size reveals that the tabu search
steps have a greater inﬂuence on the results. This is because the larger populations present a higher genetic variability, and genetic operations, consequently,
possibly produce higher quality oﬀsprings; while little size populations depend on
tabu search movements quality to improve individuals, which tend to converge
to local minimum values.

6

Conclusions

Experiments show that by using genetic algorithms and tabu search the ﬁnal
ﬁtness value is slightly improved.
Another issue to remark is that the best performance for the hybrid algorithm
is obtained after considering 500 genetic iterations. We believe that the reason
behind this behavior is that at the beginning, the genetic algorithm can improve
the population due to genetic operations, and so, the tabu search is not triggered
until a local stability population is reached.
Results are slightly better with the hybrid approach, but it is necessary to
pay a cost; that is the increasing execution time; in fact, the hybrid approach
that considers 50 individuals takes an execution time similar to the single genetic
approach that considers 150 individuals.
Some future work directions are mentioned in the following: the implemented
solution depends strongly on a correct lane boundary detection. So, it is necessary to have a better lane detection method, probably automated. Currently,
multilevel thresholding is being considered for band detection, but it could be
appropriate for that purpose, as well. To increase the degree of parallelism when
dealing with tabu search and to increase the population size are some pending
issues that need to be taken into account.
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