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Abstract

The localization of objects of interest in a scene is one of the major
problems facing the computer vision module. Genetic algorithms are a
search technique for dealing with a very large search space, such as the
one encountered in image segmentation. This work describes a technique
for using genetic algorithms for object localization in a complex scene.
A brief review of genetic algorithms is given, followed by the speci cs
of using a genetic algorithm for this image segmentation application.
The results from several experiments show that this approach is a viable
method for image segmentation.
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1 Introduction
In order to provide machines the ability to interact in complex, real-world
environments, sensory data must be presented to the machine [13]. One such
module dealing with sensory input is the visual data processing module, also
known as the computer vision module. A central task of this computer vision
module is to recognize objects from images of the environment [34].
One of the major problems facing the computer vision module is the localization of objects of interest. For a navigation system, this may involve
the localization of landmarks or threats; for a robotic system, this may mean
the discovery of objects to manipulate; for an object recognition system, this
will include nding objects in the input image to attempt to recognize. An
object recognition system may be functioning in a world where the objects
being sought are known and well-de ned, but their relative position and size
in the images being received from the sensor are not. In addition, the images
being presented to the recognition system may well be cluttered with other,
irrelevant objects that the system properly wishes to ignore.
Finding the objects of interest is often called segmenting the image. This
segmentation is not necessarily an easier problem than recognition itself [34],
and many e orts have been made to produce a robust image segmentation system with varying amounts of success. For example, thresholding is a common
technique in image segmentation. This technique uses an image function
(
b0 iff (x; y ) < t
ft(x; y ) =
b1 iff (x; y )  t
to determine whether an image pixel belongs in the background or foreground
class [30]. If t is constant throughout the image, the technique is called global
thresholding; if the image is divided into several subimages and a di erent t
is used on each subimage, the method is called local thresholding. The following is a brief treatment of various reported thresholding techniques for image
segmentation.
The p-tile method [9] assumes that images consist of dark objects on light
backgrounds. The percentage p of the object in the image is known; t is
chosen so that at least (100 ? p)% of the pixels fall into the \foreground"
category. Images which have disjoint object and background sets will have
a bimodal histogram; a technique called the mode method [23] nds t in the
valley of the histogram. But since these valleys may not be found, the histogram concavity [28] method de nes the threshold at the concavities of the
gray-level histograms. For this method, the gray-level histogram is considered
as a two-dimensional object; the convex hull of this \object" is computed, and
the concavities of the histogram are found by looking at the di erence between
this convex hull and the actual histogram. Ostu's method [22] uses discriminant analysis to partition the pixels into background and foreground classes.
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Several entropic methods have been proposed [24] [25] [16] [15], in which an
optimal threshold is computed by applying the principles of information theory. Moment-preserving methods (e.g., [32]) seek to keep the moments of the
images constant.
These types of global thresholding methods depend solely on the rst-order
gray level statistics of the images. Other methods work with second-order graylevel statistics (e.g., [14] [18] [8]), relaxation methods (e.g., [29] [36] [3]), and
combinations of threshold operators (e.g., [2] [35]).
Often, however, the global thresholding techniques prove to be insucient
for many types of images. For these, local thresholding methods (e.g., [6] [7]
[21] [10] [27]) or a multi-thresholding method (e.g., [5] [33] [19]) have been
proposed.
Genetic Algorithms have also recently been making their way into the computer vision literature. To date, GAs have been used for parameter tuning
(e.g., [17] [1] [4]) and feature extraction [31]; the actual image processing tasks
have been performed using other methods.
This work proposes the use of genetic algorithms to locate an object of
interest in a complex scene. As such, the complete segmentation problem is
given to the genetic algorithm to solve.
Before the approach is laid out, a brief review of genetic algorithms is
given. Some issues that arose during the experimentation are then addressed,
and results are given to show the functionality of this type of approach. Finally,
some concluding remarks are given.

2 Brief Review of Genetic Algorithms
This section gives a brief overview of genetic algorithm fundamentals. Goldberg [11] gives a wonderful introduction to genetic algorithms, and the reader
is referred to this source for further information.
A genetic algorithm is an optimization technique that operates on a population of individual solutions. Each individual solution, also called a string in the
population, represents a proposed solution to the problem being solved. The
theories of natural selection are applied to this population, and subsequent
generations of the population are obtained by applying selection, reproduction, and mutation operators (among possible others) to the population. With
these operators, the population of solutions is gently pushed towards a good{
and hopefully the optimum{solution to the problem.
The GA designer provides a tness function to evaluate the tness of each
individual solution; this tness function is used to propagate \good" individuals into the next generation. Some set of these t individuals are chosen for
a crossover operation, which recombines the strings of the parents into new
children, trying to build up healthier strings in the process. The mutation
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operator randomly alters some element of an individual in order to further
enhance the population.
Crossover is the name given to a simple reproduction operation because of
the way that the parent strings are recombined. Usually one or two common
points in a pair of parents are chosen at random. For a one-point crossover, the
portion of the parent strings to the right of the crossover point can be called
the crossover area; for a two-point crossover, the area between the points is
the crossover area. One child is formed by taking the crossover area from one
parent and the non-crossover area from the other parent{\crossing-over" the
parent strings. The other child is formed by reversing the process. The theory
behind doing this operation is called the schema theorem [11]; short, low-order
portions of strings contributing to t individuals are thus created.
There are several issues of paramount importance in the design of a genetic
algorithm. First and foremost, the tness function of the system must be designed appropriately to select good individuals, since it is the only window
that the population has to the outside world. Furthermore, the representation of the strings making up the population of individuals must be selected
with great care. The way that strings recombine and are propagated into the
next generation is inherently linked to the way they are represented and interpreted. Finally, the selection of appropriate genetic operators for the system
is fundamental to obtaining a good solution in a reasonable time.

3 Approach
The system introduced in this work proceeds in two phases: a training phase
and a testing phase. The training phase has a set of labeled images, each containing a single object of interest such that the object shown in the image has
a standard size, position, and orientation. The image dimensions for identical
objects in the training set of images is also xed. During the training phase, a
simple \object mean" image is generated. Each pixel in the object mean image
represents the average pixel value of all the training images for that object at
that pixel position.
The test phase has a set of arbitrary images. During the test phase, no
constraints on the input images are made; instead, a subimage is extracted
from the test image and projected to the standard image dimensions used for
each object of interest during the training phase. A simple image distance
is computed between the normalized subimage extracted from the test image
and the learned object mean images. The subimage with the smallest distance
from a particular object mean is taken to be the best subimage to be fed to the
object recognition system. This subimage extraction and size normalization
will handle di erences in scale and position in the test images.
Occlusion can be handled by choosing a set of vertices within the subimage
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being extracted, drawing a polygon connecting these vertices, and masking the
exterior of the polygon. Alternatively, the subimage extraction could be done
using a set of vertices of a polygon directly, but then the size and position of
the polygon in the standard-sized image would have to be determined. Implementation was more straightforward using a polygon within an extracted
rectangle.

3.1 Genetic Algorithm Parameters

The task of locating a particular object of interest in a complex scene is quite
simple when cast in the framework of genetic algorithms. The brute-force
method for nding an object in a scene is to examine all positions and sizes,
with varying degrees of occlusion of the objects, to determine whether the extracted subimage matches a rough notion of what is being sought. This method
is immediately dismissed as far to computationally expensive to achieve. The
use of the genetic algorithm methodology, however, can raise the brute-force
setup to an elegant solution to this complex problem. Since the genetic algorithm approach does well in very large search spaces by working only with a
sample of the available population, the computational limitation of the bruteforce method using full search space enumeration does not apply. So the
parameters of the brute-force method for object localization are examined in
order to formulate this problem in terms applicable to genetic algorithms.
Let (ux; uy ) and (bx; by ) represent the upper left and lower right corner of
the object of interest, respectively. Also let p1; p2; : : : ; pn be a list of n vertex
points of the n-sided polygon mask. Then for an input image whose dimensions
are h  w,
ux 2 [0; w]
uy 2 [0; h]:
Once the point (ux; uy ) has been determined,
bx 2 (ux; w]
by 2 (uy ; h] :
When (ux; uy ); (bx; by ) have been speci ed, the subimage to be extracted of
dimensions hs = by ? uy  ws = bx ? ux has been determined. Then the points
of the occlusion mask, pi = (pi;x; pi;y ); i = 1; 2; : : : ; n, must satisfy
pi;x 2 [0; ws ]
pi;y 2 [0; hs ] :
4

The coordinates of the relevant points can be encoded as a bit string of
numbers, where b can hold the larger of (h; w), concatenated together.
However, analysis done by Punch et al. [26] on a similar encoding problem
showed that little change occurred during crossover with such a representation,
resulting in slower evolution to an optimal tness value. Their approach was
to provide a \relative encoding" of the coordinates found on the strings, where
the rst coordinate on the string is an absolute position and all the following
coordinates are relative o sets from the previous point on the string. That
way, crossover at a particular point in the string will result in a repositioning
of all the points found after the crossover position, giving a much larger change
in the overall tness. Their recommendations for relative encoding were used
for encoding the coordinates.
The evaluation function in this system extracts the coordinates from the bit
string, performs the subimage extraction and polygon masking, and computes
a distance measure from the object mean of the current object of interest. The
distance measure between the test image x and the object mean  is given by
b-bit

1 (x

d(x; ) = e? 2

?)T (x?)


where x;  are treated as vectors in row-raster fashion and  is some userspeci ed system parameter to allow for the di erences among pixel gray-level
values. d(x; ) always falls in the range of [0; 1], and is maximized when the
distance between the test image x and the object mean under consideration 
is minimized.
A penalty function for illegal point combinations will ensure that these
invalid solutions receive little weight in the population of possible strings. The
penalty function is addressed in section 4.1.2.

4 Experiments
The experiments were performed using the Genetic Algorithm Optimized for
Portability and Parallelism (GALOPPS) system developed at the Michigan
State University Intelligent Systems Laboratory. This system is available via
the world-wide web at http://isl.cps.msu.edu/GA/ [12].

4.1 Veri cation of the method

The rst set of experiments centered around the veri cation of the proposed
method. The training image set consisted of a single, hand-segmented image
of a face as shown in gure 1(b). For the test phase, the original image was
given to the genetic algorithm to segment. During this technique veri cation
5

(a) Original image

(b) Hand-segmented face (c) GA-segmented face
for training
image

Figure 1: Experiment 1, original image, hand-segmented object of interest
for the training phase, and the GA-segmented image found during the test
phase. The GA-segmented image was found after only 229 generations with a
population size of 100.
stage, several important issues were identi ed and addressed, including various representations, di erent evaluation function parameters, and pertinent
penalty functions.

4.1.1 Representations

The original design of this system had each chromosome laid out as shown in
gure 2. Each eld was fully used; the Class eld indicated to which class
mean the extracted subimage should be compared.
Several problems were uncovered in the use of this representation and interpretation. First, the training set of images had a particular aspect ratio for the
bits
Meaning
Interpretation

0-7
8-15 16-23 24-39 40-56
57-end
Class
UL x UL y BR x BR y Polygon list
Class mean
-Position
o sets
o sets
to test [0-255] [-128, 128]
[-128, 128]
[-128, 128]
x; y

x; y

x; y

Figure 2: Layout of chromosomes in original design. Here, UL is the upper-left
corner of the bounding box, and BR is the bottom-right corner. Each polygon
list entry consists of two 8-bit points for the x and y coordinate of the point,
respectively.
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x : y dimensions.

When allowing all four of (ULx; ULy ); (BRx; BRy ) to evolve
on the chromosome, mostly useless subimages were generated. Though any
sized subimage could be warped to the dimensions given in the training set,
such subimages do not appear similar to the learned class mean image unless
the aspect ratios for these images match. So a penalty function was generated
to penalize those individuals for whom the aspect ratio was incorrect; nearly
every chromosome had a sti penalty applied to it, and the results were of
little use. Additionally, laying the chromosome out in this manner results in
much more work than is required if the aspect ratio of the training set is to be
honored. For the training set, the aspect ratio is given by
h
a= t;
wt

where ht and wt are the height and width of the training images, respectively.
Then in the test phase, for a given (ULx ; ULy ) and BRx, an appropriate BRy
can be computed by BRy = a(BRx ? ULx) + ULy . Thus the complexity of the
problem is reduced without loss of generality.
Another problem encountered was that many of the bounding box points
represented in a population did not intersect the original image being segmented at all. This was due to the fact that the original image did not necessarily have dimensions conforming to the powers of 2, as the elds of the
chromosomes were interpreted. Thus, many of the values in the elds were
useless and required unnecessary extra work to lter out.
These and other problems were addressed with the improved chromosome
layout shown in gure 3. The values were extracted from the chromosomes
bits
Meaning
Interpretation

0-7
8-15 16-23 24-39
40-end
Class
UL x UL y BR x
Polygon list
Class mean
-o set from o set
o sets
to test [0-numclasses] image center [0, 128] [0, Sub Width] or
[-128, 128]
[0, Sub Height]
x; y

x

x; y

Figure 3: Improved layout of chromosomes.
using the minimumnumber of bits in each eld; the remaining bits were treated
as padding bits.

4.1.2 Penalty and Evaluation Functions

Because the representation used allows for some invalid combinations of parameters, a penalty function was used to reduce the contributions of these
invalid combinations without losing their primordial material likely to help
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form better individuals in future generations. A myriad of penalty functions
were attempted, but the following one provided acceptable results without
completely throwing out the invalid chromosomes. For every eld of the chromosome, once the proper number of bits to be use was ascertained, a check was
made to determine whether the extracted eld lay outside its valid range. As
the elds are extracted, a penalty value is maintained to indicate the penalty
that a particular chromosome is given. This penalty value is incremented by
the square of the distance from a valid eld value as the value is extracted
from the chromosome. For the case of the Class mean eld, when an invalid
eld value was encountered, the class used for comparison was taken modulo
the number of classes available. For the coordinate values, the nearest valid
value was taken as the value to use when the chromosome held an invalid value
in the eld.
So the evaluation function took the following form:
?)T (x?)

1 (x

d(x; ) = 1 + e? 2





?2 

? 1 ? epenalty

This function always gives a value in the range [0; 2].

4.1.3 Results of the Method Veri cation Experiments

The results of running the genetic algorithm are given in gure 1(c). A population size of 100 was used for a maximum of 1000 generations; only about 300
generations proved to be useful, however. Figure 4 (a) shows the convergence
measures for this experiment. The parameters for this experiment are shown
in gure 5.
The nal coordinates found by the genetic algorithm were only one pixel different from the hand-segmented image. The relatively low evaluation function
measures were due to the di erence in resolution between the hand-segmented
image and the image used by the genetic algorithm. The training image came
from an image resolution of 240  328 scaled to 88  64 pixels; the one used
by the genetic algorithm came from an image resolution of 14  55 scaled to
88  64 pixels. So one pixel in the image used by the genetic algorithm represented the average pixel value from a block of approximately 4  4 pixels in
the original class mean image.

4.2 Method Generalization Experiment

Following the success of the technique veri cation experiment, the genetic
algorithm was tested on a slightly more dicult problem. For this experiment,
a tile of ten distinct faces was created as the image for the genetic algorithm
to segment, using the same training set as was used in experiment 1.
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(a) Experiment 1: method veri cation
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(b) Experiment 2: method generalization
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(c) Experiment 3: natural scene experiment

Figure 4: Convergence graphs for the raw tness of the best individual for
each generation.
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0.60
0.0625
32 bits
Scale 2.0
Population size 100
Maximum generations 1000
c
m

P

P

l

Figure 5: Parameters used for experiment 1. Pc is the probability for crossover;
Pm is the probability for mutation; l is the length of the chromosome; Scale is
the scaling factor used for the ratio of the best : mean individual. The mutation
rate was set so that on average, two bits will be ipped per individual in each
generation.
The resulting segmentation and the GA parameters used are shown in gure 6. The convergence measures for this experiment are shown in gure 4 (b).

0.60
0.0625
32 bits
Scale 1.5
Pop. size 1000
Max gens 1000
c
Pm
P

l

(a) Best segmentation found.

(b) Parameters used for this
experiment.

Figure 6: Face tile segmentation using the Genetic Algorithm.
Though a face di erent from the one trained was found as the best solution, a
valid segmentation of this image for future recognition tasks was achieved.

4.3 Natural scene experiment

This experiment allowed the genetic algorithm operate on a natural scene to
try to locate a face in a crowd. The crowd image and the segmentation found
by the genetic algorithm are shown in gure 7. The convergence measures for
this crowd segmentation are shown in gure 4 (c). As this experiment shows,
the genetic algorithm is capable of nding a valid segmentation in a complex,
natural scene.
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0.60
0.0625
44 bits
Scale 1.5
Pop. size 1000
Max gens 750
c
m

P

P

l

(a) Best segmentation found by the GA.

(b) Parameters used for this
experiment.

Figure 7: Crowd segmentation using the Genetic Algorithm.

5 Conclusions and Future Work
This work proposes a technique for image segmentation using genetic algorithms on the images directly. The experiments show that the genetic algorithm performs well in nding areas of interest even in a complex, real-world
scene. Genetic Algorithms are adaptive to their environment, and as such this
type of a method is appealing to the vision community who must often work
in a changing environment.
In order for the described procedure to be more generally applicable, however, several improvements should be considered. Grey coding the elds would
greatly improve the mutation operation by ensuring that ipping a bit only
changes a eld's value by one value. The way this system was implemented, a
bit changed could cause a large change in the value. DeJong-style crowding [11]
could be used to nd multiple objects of interest in an image. Since there may
be many objects in a natural scene, this segmentation into multiple objects is
necessary to make the technique useful for real-world images. Finally, if the
class mean being considered is already on the chromosome, object recognition
could be combined with this segmentation step so that the segmentation that
best matches the object mean speci ed on the chromosome would not only
indicate a segmentation for possible further veri cation, but also an indication
of the object class.
Timing improvements could be made by utilizing the implicit parallelization of multiple independent generations evolving at the same time [20]. Different areas of the search space are explored in each of these populations; oc11

casional swapping of individuals among populations could be done to improve
diversity and gently push all the populations to a global maximum.
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