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Abstract--In this paper we present a genetic algorithm-based optimization technique for edge detection.
The problem of edge detection is formulated as one of choosing a minimum cost edge configuration. The
edge configurations are viewed as two-dimensional chromosomes with fitness values inversely proportional
to their costs. The design of the crossover and the mutation operators in the context of the two-dimensional
chromosomal representation is described. The knowledge-augmented mutation operator which exploits
knowledge of the local edge structure is shown to result in rapid convergence.The incorporation ofmeta-level
operators and strategies such as the elitism strategy, the engineered conditioning operator and adaptation of
mutation and crossover rates in the context of edge detection are discussed and are shown to improve the
convergence rate. The genetic algorithm with various combinations of meta-level operators is tested on
synthetic and natural images. The performance of the genetic algorithm-based cost minimization technique
is compared both qualitatively and quantitatively with local search-based and simulated annealing-based
cost minimization approaches. The geneticalgorithm-based technique is shown to perform very wellin terms
of robustness to noise, rate of convergence and quality of the final edge image.
Genetic algorithm

Edge detection

Cost minimization

I. INTRODUCTION
Edge detection is an important task in computer
vision. It is the front-end processing stage in object
recognition and image understanding systems. The
accuracy with which this task can be performed is a
crucial factor in determining overall system performance.
Although the ultimate goal of any edge detection task
is to detect edges in a given gray scale image, there are
many ways in which to accomplish this task. Rosenfeld
and Kak, tl) Torre and Poggio t2) and Peli and Mallah t3)
present an excellent overview of this topic.
Most edge detection operators such as the gradient
operator, the Laplacian operator or the Laplacian-ofGaussian operator are very simple. In these operators,
the edge pixels are defined to be those where the
first-order derivative of the pixel intensity values exceeds
a certain threshold or the second-order derivative of
the pixel intensity values undergoes a zero crossing.
The first- and second-order derivatives of the pixel
intensity values are approximated by the appropriate
differences. These operators are only suitable for detecting limited types of edges and are highly susceptible
to noise often resulting in fragmented edges. More
recent edge detection schemes can be classified as
based on optimal filtering,~4-sl residual analysis,tg)
surface fitting,t~0.1 ~ anisotropic diffusiont 12,~3) and sequential contour tracing/x4-16~ In spite of the mathematical sophistication of these techniques, the problem
of finding true edges that correspond to physical
boundaries of an object in an image is still a very

difficult one. One of the reasons is that most of these
edge detection techniques are based on a very restricted
definition of what constitutes an edge and in fact most
of them are based on the assumption that the edges in
the image are step intensity edges. This makes generalization of these techniques to other edge types such as
texture edges or intensity edges with arbitrary profiles
very difficult. Moreover, these aforementioned approaches consider the edge detection problem as one
that is based upon the response of the edge detector at
a single pixel location, i.e. the nature of the edge structure around a given pixel in the edge image is largely
ignored. So although the performance of the edge
detector in terms of signal-to-noise ratio and localization accuracy is optimized at each individual pixel
location, the edge image as a whole could still be
unsatisfactory, i.e. causing the resulting edges to be
thick, fragmented and perceptually non-intuitive.
More recently, Tan et al. ~17'18) and Acton and
Bovik t19) have cast the problem of edge detection as
one of cost minimization. Their work attempts to
overcome the aforementioned shortcomings of existing
edge detection techniques by formulating a definition
of an edge that is general enough to include most edge
types. Their work also improves on existing edge detection techniques by explicitly considering the local
edge structure in the neighborhood of the hypothesized
edge pixels. They define an edge to be a boundary in
an image that separates two regions that have significantly dissimilar characteristics. The cause of the dissimilarity could be due to factors such as the geometry
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of the object, surface reflectance, viewpoint, and illumination. This definition of an edge includes a wide
variety of edge types. They also require that the edges
detected as a result of minimizing the cost function be
thin, continuous, long and most importantly, occupy
an accurately computed location, and partition the
dissimilar regions in the best possible manner.
Tan et al. t~ v~ have implemented a comparative cost
function approach to edge detection. They assign to
an edge image a cost measure which is a function of
the local edge structure described in terms of region
dissimilarity, continuity, fragmentation, and edge thickness. The edge detection algorithm is based on a simple
local search technique (also known as hill climbing or
greedy search). The local search algorithm compares
two edge configurations (edge images) which are different only at one pixel, and selects the better one. The
cost factors are computed by searching a decision tree.
The comparative cost function approach to edge detection based on local search is shown to yield good
results. Tan et al. tl s~ have also implemented a simulated annealing approach to edge detection. Simulated
annealing is a stochastic optimization technique
derived from Monte Carlo methods in statistical
mechanics. (2°'21~ In their simulated annealing algorithm,
each edge image Sk is assigned a cost function g(Sk)
which is to be minimized. A sequence of decreasing
positive numbers, Tk, called a temperature schedule,
represents the manner in which the algorithm is annealed
or cooled towards a global optimum. The simulated
annealing algorithm compares two edge images, but
selects a new edge image stochastically. Given the
current edge image Xk, it generates a candidate edge
image, YR, which is nearly identical to X k except in a
local 3 × 3 window. Yk is selected as the new state X k + 1
with a probability exp (max (F(YR) -- F(Xk), 0.0)/Tk) or
Xk+ l = Xk otherwise. Since an edge configuration is
selected stochastically based on the relative goodness
of one edge image vs another, the simulated annealing
algorithm is less prone to being trapped in an undesired
local optimum. The edge detection technique based on
cost minimization via simulated annealing was also
shown to yield good results. Acton and Bovik ~19~use
a meanfield neural network to determine a minimum
cost edge configuration that provides thin and continuous edge contours while also providing accurate
localization. Anisotropic diffusion is used to provide
localized edge data that partitions dissimilar regions
in the best manner possible. The mean field neural
network is used to optimize a cost function that incorporates criteria such as region dissimilarity, edge continuity and edge thinness. Mean field annealing, which
can be looked upon as a deterministic approximation
to simulated annealing, is used to determine a minimum
cost edge configuration. The combilmtion of anisotropic
diffusion with mean field annealing is shown to yield
good results with fairly low computational burden and
high parameter insensitivity.
In this paper, we present a genetic algorithm-based
cost minimization approach to edge detection. The

genetic algorithm, the conceptual basis of which lies in
Darwin's Theory of Natural Selection (better known as
the survival of the fittest), is a heuristic search/optimization technique for obtaining the best possible solution in a vast solution space. Given certain information
about the problem domain, genetic algorithms focus
on a subset of promising solutions which would eventually lead to convergence to a globally optimal solution.
Genetic algorithms are robust in that they are relatively
unaffected by the presence of spurious local optima in
the solution space. Because of their ability to perform
effective search, genetic algorithms have been successfully applied to problems in different disciplines. This
has lead to a great deal of research in the theoretical
and practical aspects of genetic algorithms. Many
advanced genetic algorithm operators have been
designed for performing effective search of the solution
space and speeding the convergence of solutions. Problem-solving methodologies based on genetic algorithms
have been acknowledged as effective problem solving
tools by many experts in different areas. This motivates
us to consider the genetic algorithm as a candidate
optimization technique that could be used to perform
edge detection via cost minimization.
In this paper, we have proposed and implemented a
genetic algorithm-based cost minimization approach
to edge detection. We have also implemented both
the local search-based and the simulated annealingbased approaches to edge detection, as described in
references (17, 18), and compared their results with those
of the genetic algorithm approach. We have used both
synthetic and natural images to compare the performance of all the three aforementioned cost minimization approaches to edge detection. In this paper, we
present experimental results for two intensity images:
a synthetic checker-board image and a natural computerterminal image acquired using a CCD video camera.
In the case of the synthetic image we compute the Pratt
Figure of Merit for the resulting edge images and use
it as a metric for comparing the performance of the
three edge detection approaches. For the real image,
the Pratt Figure of Merit of the resulting edge image
could not be easily computed. Hence, for the computerterminal image we evaluate and compare the final edge
images by computing their costs using the cost function.
All three algorithms are run on the same set of synthetic
and natural gray scale images which are corrupted
with zero mean, additive Gaussian noise with different
variance levels.
This paper consists of five sections. In Section l, we
have stated and described the problem. In Section 2,
we describe our proposed genetic algorithm-based cost
minimization approach to edge detection. In Section 3,
we briefly describe, for the sake of completeness, the
local search-based and the simulated annealing-based
cost minimization approaches to edge detection. In
Section 4, we discuss and compare the results obtained
by the three different cost minimization approaches to
edge detection. In Section 5, we conclude the paper and
suggest future research directions.

Edge detection technique
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2. G E N E T I C A L G O R I T H M - B A S E D O P T I M I Z A T I O N F O R
EDGE DETECTION

A gray scale image is a two-dimensional array of
pixels G(m, n), 1 < m < m . . . . 1 < n < n . . . . with each
pixel having a gray scale value typically in the range
between 0 and 255 (i.e. 8 bits per pixel). In our case
mmax = nmax= 256. An edge image (or an edge configuration), is a Boolean or binary array of pixels S(m, n),
1 < m < m. . . . 1 < n < ~/max with each pixel having a
value 0 or 1. If S(m, n) = 1 the pixel is an edge pixel and
a non-edge pixel otherwise. In the following subsections, we describe what we mean by the validity of an
edge structure in a local neighborhood of an edge pixel
and also describe the cost function associated with an
edge configuration. Our cost function formulation is
similar to that described in the work of Tan et al. ~17,~s~
but is included here for the sake of completeness. We
also describe our genetic algorithm-based approach
for minimization of the cost function and discuss the
various issues related to our genetic algorithm-based
edge detection technique.
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Fig. 2. Valid three-neighbor edge structures.

X

x

)<

®

X

x®x

>,<

×

Fig. 3. Valid four-neighbor edge structures.

I is a weighted sum of cost factors:

F(S, l) = ~, w,C,(S, l).

2.1. Valid local edge structures

(1)

i

In order to determine the validity of the local edge
structure, we examine each pixel in an edge image and
evaluate the local edge structure in a 3 × 3 window
centered around the pixel. An edge structure is deemed
either valid or invalid based on the criteria described
below:
A valid edge structure falls into one of the following
categories:l ~7~
(1) An edge pixel has none or one other neighboring
edge pixel.
(2) An edge pixel has two other neighboring edge
pixels and the resulting edge structure does not turn
by an angle 0 >~45 ° as shown in Fig. 1.
(3) An edge pixel has three other neighboring edge
pixels and forms one of the eight edge structures shown
in Fig. 2.
(4) An edge pixel has four other neighboring edge
pixels and forms one of the two edge structures shown
in Fig. 3.
All other local edge structures are considered invalid.
2.2. Computation of cost for an edge image
The point cost of an edge image S(m, n) at pixel site
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The total cost F(S) of an edge image S is the sum of
the point costs at each pixel site in the image:

F(S) = y~ F(S, l)
l

= y, y~ w,C,(S, I).
l

12)

i

In particular, if we examine a pair of edge images Si
and Sj which are nearly identical except in the window
W(l) centered around a pixel site l, a comparative cost
function can be defined as follows:

AF(S,,S~,I) = ~ ~. Wk[Ck(S,,l)-- Ck(S;,l)]
W(I)

k

= ~ E ACk(S, , Sj, l)
W(t)

(3)

k

where 0_< Ck_< 1 and wk >__0. The Cks are the cost
factors and the wks are the associated weights. The
window W(l) can be as small as a single pixel I or
as large as a 3 x 3 w i n d o w centered at pixel site I.
If AF(Si, S j, l) < 0, S~ is a better configuration whereas

if AF(S~,Sj, I ) > O, S t is a better configuration. If
AF(Si, S j, l ) = 0 then both configurations are deemed
identical in terms of cost.

@

X
Fig. l. Valid two-neighbor edge structures.
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2.3. Cost factors associated with the cost function
The cost factors in the cost function F(S,I) or the
comparative cost function AF(Si, Sj, l) are computed
by examining the local edge structure of the edge image
about each pixel and also the image data. There are
five cost factors to be considered, tl 7~ These are:
(i) Cost factor Cd(S, l) based on region dissimilarity.
(ii) Cost factor Ct(S, l) based on for edge thickness.
(iii) Cost factor Co(S, l) based on edge curvature.
(iv) Cost factor CI(S, l) based on edge fragmentation.
(v) Cost factor Ce(S, l) based on the number of edge
pixels detected.
Each of these cost factors are elaborated upon in the
following subsections.
2.3.1. Cost factor based on region dissimilarity. In
order that the detected edges partition dissimilar regions
in the image in the best possible manner, a cost measure
based on region dissimilarity Cd(S,I) is assigned to
each pixel. This cost measure is intended to emphasize
edge pixels that constitute the common boundary of
dissimilar regions and simultaneously penalize nonedge pixels. Before we compute Cd(S,I), we carry out
a dissimilarity enhancement of the input image to
obtain an enhanced image D = {O(i, j); 1 < i, j < N}
such that 0 < D(i, j) < 1. The enhanced image D is thus
a collection of pixels wherein each pixel value is proportional to the degree of region dissimilarity that
exists at that pixel site. Values of D(i, j) close to 1
denote pixels at the boundary of dissimilar regions that
could be considered as highly likely candidates for
being classified as edge pixels. Coming up with an
enhanced image entails the following: (a) formulating
well defined regions of interest on either side of the
edge structure and (b) formulating a function that

measures the dissimilarity between the regions of
interest.
The regions of interest are defined with respect to a
set of basis edge structures. In our case we have used
the valid two-neighbor edge structures (Fig. I) to constitute the basis set. A pair of dissimilar regions, R I
and R2, is defined for each edge structure in the basis
set. Figure 4 shows the 12 valid two-neighbor edge
structures that constitute the basis set and the associated regions of interest R1 and R2 on either side of each
edge structure. A function f(R1, R2) that measures the
degree of dissimilarity between the regions R I and R2
is then defined. This measure could be a simple difference of gray level averages in regions R 1 and R 2 or,
depending on the specific application, could be a more
complex measure based on the statistical distribution
or structural properties of the gray level values. In our
case, a simple difference of gray level averages between
the regions was used as the value off(R t, R2).
The enhanced image D(l) is obtained using the
following procedure: t181
(1) All pixels in D(l) are initially set to zero.
(2) At each pixel site l, we perform steps (a) and (b):
(a) We fit each of the edge structures in the basis set
shown in Fig. 4 to the pixel site I. The pixel site l is
chosen to be the center pixel for each fitted edge
structure from the basis set. We then calculate the
difference in average gray level values f(R 1,R2) between
regions R1 and R2 as indicated in Fig. 4 for each fitted
edge structure. The edge structure that results in the
maximum value of f(Rl, R2) is deemed to be the best
fitting edge structure. Note that each edge structure in
the basis set contains exactly,three edge pixels. For the
best fitting edge structure, the sites of the three edge
pixels are denoted as l, 11 and 12 (Fig. 4).

Fig. 4. Regions of interest for valid two-neighbor edge structures.

Edge detection technique
(b) Next, we perform non-maxima suppression by
shifting the location of the best fitting edge structure
in a direction determined by the edge structure. For
vertical, horizontal, and diagonal edge structures, the
shift operation is performed by moving the edge location by one pixel in each of the directions perpendicular
to the edge. For other edge structures, the shift operation is performed by moving the edge location by one
pixel in each of the four directions: up, down, left, and
right as shown in Fig. 5. For each shifted edge structure,
we determine the new regions R1 and R2 and the corresponding value of f(R ~, R2). We consider one of the
following two cases:
(i) If no larger value off(R1, R2) results from shifting
the best fitting edge structure, we set 6 =f(R~,R2)/3
where f(Rt, R2) is computed from the best fitting edge
structure. We increment the value of each of the pixels
D(l), D(ll) and D(12) by 6.
(ii) If the shifting results in a larger value off(R1, RE)
then the pixel values O(l), D(/I) and D(12) are left
unaltered.
(3) We truncate the values of D(l) to a maximum
value of 1 at all sites I.
Step (3) ensures that the final dissimilarity values in
image D(l) lie in the range [0, 1].
The cost factor Ca(S, l) is computed using the enhanced
image D(l) and the edge image S(l). The cost factor
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Ca(S,l) is computed by examining the edge image
S(m, n) in a local 3 x 3 window centered at I. If the pixel
S(l) is an edge pixel, we set Ca(S, l)= 0, else we set
Ca(S, l) = D(l).
2.3.2. Cost factor based on edge thickness. The cost
factor Ct(S, I) based on edge thickness, is assigned to
each pixel location. A thick edge pixel is a pixel the
presence of which causes multiple links between
neighboring (edge) pixels in the edge structure as shown
in Fig. 6. An edge structure in which there exist thick
edge pixels is called a thick edge. The cost factor based
on edge thickness, Ct(S, l) is determined by considering
the pixel at site I in the edge image S(l). If I is a thick
edge pixei, C,(S, l) = l, otherwise, C,(S, l) = 0. This cost
factor is designed to penalize thick edges and favor
thin edges.
2.3.3. Cost factor based on edge curvature. The cost
factor Cc(S,1) based on edge curvature is designed to
penalize kinky edges and favor straight edges. A cost
Co(S, l) is assigned to a non-endpoint edge pixel at site l
in the edge image S (an endpoint is an edge pixel that
has at most one neighboring edge pixel). If there is a
pair of neighboring edge pixels in S connected via the
pixel at site l such that the resulting edge structure
turns by more than 45 °, we set Co(S, l) = 1. If there is
no pair of neighboring edge pixels that causes the
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Fig. 5. Examples of non-maximum suppression.
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(a)

image. The final edge image therefore can be seen to
be one that best satisfies all the constraints imposed by
the cost factors, i.e. it can be looked upon as a problem
in constrained optimization. A decision tree search can
be performed when computing each of the cost factors.
Figure 7 shows a decision tree for determining the cost
factors C k, k E { d , t , c , f , e } at each pixel site I. In Fig. 7,
n denotes the number of neighboring edge pixels for a
pixel site l and 0 the angle associated with a twoneighbor edge structure as described in Section 2.1.
The total cost of an edge image S can be calculated
using equation (1) where wks are the weights associated
with the corresponding cost factor. At this time, the
numerical values for these weights are chosen heuristically. Deriving analytical expressions that relate the
weights Wk to parameters such as signal-to-noise ratio,
however, would be an important and challenging problem. It is recommended ° 7~that wa(S, l) = 2.00, we(S, l) =
1.00, wc(S,l)= {0.25,0.50,0.75}, wy(S,l)= {2.00,3.00,
4.00}, and w,(S, I) = 2w:(S, l) - we(S, I) + wa(S, l) we(S, 1) + 0.01.

(b)

Fig. 6. Examples of thick edges (a) with 5 pixels (b) with
3 pixels.
resulting edge structure to turn by more than 45 °, but
there exists a pair of edge pixels that causes the resulting
edge structure to turn by 45 °, we set Cc(S, I ) = 0.5. If
there is no pair of neighboring edge pixels that causes
the resulting edge structure to turn by more than 0 °
we set C~(S, l) = O.
2.3.4. Cost factor based on edge fragmentation. The
cost factor Cz(S, l), is designed for reducing the fragmentation of the resulting edge structure. If the edge
pixel at site I in the edge image S does not have any
neighboring edge pixel, we set Cy(S, l) = 1. If the edge
pixel at site 1 has only one neighboring edge pixel, we
set Cf(S, l) = 0.5. For all other cases, we set Cf(S, l) = O.

2.4. Genetic algorithms--an overview
Genetic algorithms are a problem solving methodology based on Darwin's theory of evolution. Although
genetic algorithms attempt to emulate the process of
natural evolution, it may not be possible to draw exact
parallels between the genetic algorithm and the process
of natural evolution since the latter may be far too
complex. The work in this paper treats the genetic
algorithm from the standpoint of constrained optimization and hence does not attempt a faithful reproduction of the process of natural or biological evolution.

2.3.5. Cost factor based on number of edoe pixels. The
cost factor Ca(S, I) favors the detection of edge pixels
where f ( R 1, Rz) is non-zero, thus leading to the detection of an excessive number of edge pixels. A cost factor
C~(S, l) is formulated to suppress this tendency. If pixel
I is an edge pixel, we set Q(S, I) = 1 otherwise Q(S, l) = O.
Each of the cost factors can be seen to place different
and often conflicting requirements on the final edge

Site 1

non-edge/~/f~"-"-~edge
-~-

Cd=O, C

//
=1/

n= ~

-..
:2

~

C: = 0
Cc=Ct=O
C/ = 1

Cc=Ct =0
C / = 0.5

n

C~ = 0.5

~C:

=0

"\ "hick

/

~ ~ =

co=0

Cc = C~ = CI = Ct = 0
Ca = D(1)

>3

Ct = 1

Ct = 0

Ct = 1

cc=l

n = No. of Beighboring Pixels
0 = Angle associated with the edge structure
D(l) = Region Dissimilarity Measure
Fig. 7. Decision tree for computing the cost function F(S, l).

Edge detection technique
The two key factors critical to the success of genetic
algorithms are (a) the manner in which the possible
solution to the problem is encoded or represented and
(b) the manner in which the possible solution is evaluated in the context of the problem domain. 12z) In a
genetic algorithm, the possible solutions to a problem
in a certain problem domain are encoded as chromo-

somes.
In most problem domains a chromosome can be
represented by a bit string of ls and 0s as shown in
Fig. 8(a). In the context of edge detection, a chromosome is represented by a two dimensional array of 1s
and 0s as shown in Fig. 8(b). A population of chromosomes, also called the 9ene pool, contains possible solutions to the problem that is being solved. The size of a
population is an important factor that determines the
richness of a gene pool. The larger the size of the
population, the richer the gene pool, and the faster the
prospective solutions will appear in the population.
There are many ways to generate an initial population
of chromosomes. The simplest way is to generate the
chromosomes randomly.
An objective function is used to evaluate the performance of chromosomes in the population. The objective function takes a chromosome as input and
returns a number which is a measure of the chromosome's performance (also referred to as the fitness
value of the chromosome). The fitness value determines
the probability that a given chromosome will survive
into and be selected for reproduction in the succeeding
generation(s).
The choice of the objective function greatly influences the performance of the genetic algorithm. As
pointed out, the objective function determines the
probability that a given chromosome will survive into
and be selected for reproduction in the succeeding
generation(s). Moreover, it is also important to enlarge
the difference between two competitive chromosomes
whose objective function values are very close to each
other. This is a situation that occurs quite often when
the chromosomes in the population have converged to
a certain extent. One such process that adjusts the
relative fitness values of chromosomes in the population
is called normalization. For example, in a normalized
population, the best chromosome would have a score
of 100 whereas the most defective one would have a
score of 0. Consider a population of 6 chromosomes,
each having an objective function (i.e. fitness) value of

100011000011000

(a)

1000000100101
0101010001001
1110001110001
1000110011010
1010100011101
0101010001001
1000000100101
(b)

Fig. 8. Repre~ntation ofchromosomes(a) one-dimensional
(b)two-dimensional.
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Fi = 94, 95, 96, 97, 98, and 99. In such a population, the
objective function values of the chromosomes are very
close, therefore, all the chromosomes will have nearly
the same probability of being selected for the succeeding
generation(s), i.e. 94/X~,Fi, 95/~,Fi, 96/~,F i, 97/XZFi,
98/ZFi, and 99/Y'Fi. We can normalize the objective
function so that the members of such a population can
have objective function values F~ = 0, 20, 40, 60, 80,
and 100, thus enlarging the difference in fitness values
between competitive chromosomes. This ensures that
each chromosome will have a vastly different chance of
selection for the succeeding generations, i.e. O/~,F i,
2 0 / Z F , , 40/~,F~, 60/~_,Fi, 8 0 / ~ F , and 100/•F,.
Alternatively, one can raise the objective function value
to some predefined power for each chromosome. For
example, for a given population of 5 chromosomes,
each having an objective function value ofF~ = 11, 12,
13, 14, and 15, we can raise the fitness value of each
chromosome to the power 2 so that each chromosome
will have a greatly different chance of survival, i.e.
F~/~,F~. However, it must be noted that if a normalization technique is overemphasized, it will lead to the
elimination of alternative genetic material from the
gene pool. This could result in a predominance of a
single strain in the gene pool, thereby causing premature
convergence which should be avoided.
Chromosomes are improved upon in the following
generation using a process which resembles natural
evolution. This process is called reproduction. There
are three basic operations in the reproduction of
chromosomes: selection, crossover and mutation. The
selection operation selects chromosome pairs for mating. One way of implementing the selection operation
is by means of the biased roulette wheel in which each
chromosome in the population has a roulette wheel
slot sized in proportion to its fitness value. 123) During
roulette wheel selection, two mates are selected for
reproduction with probability values in direct proportion to their fitness values. Therefore, fitter chromosomes will contribute, on an average, a greater number
of offsprings in the succeeding generation(s) whereas
the least fit chromosomes will be eliminated in the
selection process.
Crossover is a process by which new chromosomes
are created from existing ones during reproduction.
The crossover operator makes copies of the two mates
selected by the roulette wheel selection operator, chooses
a site (or several sites) randomly or according to certain
prespecified criteria, and exchanges parts of chromosomes (Fig. 9). After crossover, genetic material in the
parent chromosomes is recombined and new (and
hopefully fitter) child chromosomes are created. The
crossover operation is the primary mechanism used by
the genetic algorithm in the exploration of the search
space and is therefore assigned a comparatively high
probability of occurrence.
The mutation operation represents the phenomena
of rare chance in the evolution process. The population
of chromosomes in a genetic algorithm will converge
to a certain extent over a few generations due to
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Fig. 9. Crossover operation (a) one-dimensional crossover, (b) two-dimensional crossover.

effective mate selection and crossover. However, in the
process of doing so, the gene pool may lose some useful
genetic material which may prevent convergence to a
globally optimum solution. The role of the mutation
operator is to introduce new genetic material to the
gene pool, thus preventing the inadvertent loss of useful
genetic material in earlier phases of evolution. In problem domains where the chromosome is represented by
a bit string, the mutation operator could be as simple
as flipping the bit value at a randomly chosen position
in the bit string. In contrast to the crossover operation,
mutation is assigned a relatively low value of probability, thus signifying a relatively infrequently occurring event.
In the context of optimization, mutation prevents a
genetic algorithm from being trapped in an undesired
local optimum. The problem of edge detection and
contour grouping when cast as a constrained optimization problem has been shown to be ill-posed in the
sense of Haddamard by Marroquin et al. ~24~ A constrained optimization problem is considered to be wellposed in the sense of Haddamard if(a) a solution exists,
(b) the solution is unique and (c) the solution is wellbehaved, i.e. varies continuously with the problem
parameters. An ill-posed problem fails to satisfy one

or more of the aforementioned criteria. The problem
of edge detection and contour grouping is shown to be
ill-posed due to the non-convexity of its solution space12'*}
resulting in the presence of several undesired local
optima. It is necessary in this case to use a combinatorial optimization technique that has the capability
to escape from an undesired local optimum. The mutation operator gives the genetic algorithm the capability
to escape from an undesired local optimum.
At the time of writing of this paper, there does not
exist a systematic or analytical means of selecting the
values for the probability of crossover or mutation
operators. In most cases, the crossover and mutation
probabilities are selected heuristically and fine-tuned
over several runs of the genetic algorithm. In our case
we selected the initial crossover and mutation probabilities based on the recommendations of Goldberg ~23)
which were then modified and fine-tuned over several
runs of the genetic algorithm.
The probabilities assigned to crossover and mutation
can also be made to change over the course of evolution.
For example, during the initial stages of evolution when
the population or gene pool contains vastly different
chromosomes, the crossover operator is typically
assigned a higher probability value, whereas the muta-
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tion operator is assigned a relatively lower probability
value. After the chromosomes in the population have
converged to a certain extent, the crossover operation
does not introduce significant genetic changes in the
population and hence the mutation operation becomes
a major source of introduction of new genetic material
in the population. At this stage, we can lower the value
of crossover probability and raise the value of the mutation probability. A genetic algorithm in which genetic
operators are assigned probabilities dynamically is called
an adaptive genetic algorithm. It is to be noted that all
three operations: selection, crossover and mutation are
stochastic and not deterministic. The stochastic nature
of these operations is what prevents the genetic algorithm from being trapped in an undesired local optimum.
A genetic algorithm is implemented as an iterative
program. It starts from an initial population, which in
most cases is generated randomly, and undergoes a
series of iterations, until a stopping criterion is met. A
stopping criterion such as "there is no better chromosome to be found in the most recent several generations" could be used. The stopping criterion is a heuristic since strictly speaking, the evolution process is
unending. A simple genetic algorithm could be described as follows:(23)
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looked upon as a genetic algorithm with a population
of unit size that employs only a mutation operator.
However, simulated annealing has a temperaturecontrolled stochastic local search or hill climbing
mechanism which is implemented using the Metropolis
function. ~2°'2~) The local search or hill climbing
mechanism is conspicuously absent in the genetic
algorithm. The crossover operation is purely stochastic
and can prove potentially disruptive when the population of chromosomes has converged to a certain extent.
The genetic algorithm, however, possesses the ability
to use high quality subsolutions as building blocks for
subsequent solutions which simulated annealing lacks.
At the time of writing of this paper, only simulated
annealing possesses a proof of asymptotic convergence
whereas the genetic algorithm does not. However, the
convergence of simulated annealing entails a logarithmic cooling schedule ~2°~ which is computationally
intensive and hence rarely used in practice. With linear
or geometric annealing schedules, that are often used
in practice, the simulated annealing algorithm shares
with the genetic algorithm, the tendency of premature
convergence to an undesired local optimum.
2.5. The proposed genetic algorithm-based approach

to edge detection
1. An initial population of chromosomes is created
randomly, and each individual is evaluated by the
objective function.
2. Two mates are selected for reproduction with
probabilities in proportion to their fitness values using
roulette wheel selection.
3. Crossover and mutation operators are applied to
the selected mates, and offsprings are generated.
4. Each individual offspring is evaluated by the objective function.
5. Steps 2-4 are repeated until an entirely new
population of chromosomes is generated.
6. The previous population is replaced by the new
population.
7. If the stopping criterion is not met, go to step 2,
otherwise return the best chromosome in the new
population as the solution to the problem.
There are some significant similarities and differences
between the genetic algorithm and simulated annealing.
The genetic algorithm and simulated annealing are
similar in the sense that they are both stochastic optimization techniques with the ability to escape from undesired local optima. Simulated annealing relies on the
principles of generating a stationary Markov chain of
solution states with a Boltzmann distribution at a
given temperature and a suitably chosen annealing
schedule to arrive at a globally optimum solution. The
genetic algorithm, on the other hand, relies on the
diversity of a population of candidate solutions to
arrive at a globally optimum solution via the crossover
and mutation operations. Since, in simulated annealing,
a new candidate solution is generated by perturbing
an existing solution, simulated annealing could be

Our proposed genetic algorithm-based optimization
approach to edge detection consists of two parts: (a)
edge enhancement, which has been described in Section 2.3.1 and (b) application of the genetic algorithm.
In our genetic algorithm approach, the chromosomes
in the population are represented by two-dimensional
binary arrays of ls or 0s. A 1 represents an edge pixel
whereas a 0 represents a non-edge pixel. The chromosomes are an explicit representation of the edge images.
We have chosen a population size of 512 for images of
size of 256 × 256 pixels so that our workstation could
have enough memory for this task without disrupting
other jobs. The initial chromosome population was
generated randomly from the enhanced image. It is
also possible to generate the initial population deterministically by sampling the results of several edge
detectors such as the Sobel edge detector, gradient edge
detector, Laplacian-of-Gaussian edge detector, etc.
However, by choosing the initial population randomly
we remove the possible bias that might result from the
choice of edge detectors, the outputs of which are
sampled. Since the genetic algorithm relies on the
diversity within an existing population to search for a
globally optimum solution, we remark that large
population sizes are especially beneficial for the task
of edge detection because of the obvious need for
richness in the gene pool, resulting primarily from the
large chromosome size and the large magnitude of the
search space. The gene pool in our case contains only
a negligible fraction of the entire search space, i.e. 512
images out of a possible 2 2 5 6 x 2 5 6 = 265536 ~ 2 X
101972s edge configurations. This fact has certain
repercussions on the convergence of the genetic algorithm as will be elaborated upon in Section 4.
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Each chromosome in the population is associated
with a cost obtained by performing a decision tree
search shown in Fig. 7. We calculate the fitness value
of each chromosome based on its relative ranking in
the entire population:

due to stochastic roulette selection, we employ a metalevel elitism strategy which ensures that the best
chromosome in the current generation always survives
into the succeeding generation.

fitness[i] = (cost[worst] - cost[i]) n

2.6.2. Intelligent or knowledge-augmented mutation.
In a traditional genetic algorithm, the mutation operatorjust flips a bit (from 0 to 1 or from 1 to 0) randomly
without the knowledge of the chromosome structure
in the neighborhood of the bit being flipped. In our
approach, mutation is not just for preventing loss of
useful genetic material, rather, mutations are performed
more intelligently by exploiting the local edge structure
so that they will help solutions converge faster. Our
mutation strategies are selected and performed based
on the examination of the local neighborhood in a
3 x 3 window centered at a randomly chosen pixel
location. In particular, for valid two-neighbor local
edge structures, the most frequently encountered valid
local edge structures in an edge image, we define a
mutation complexity which is a weighted sum of the
number ofpixel shifts and pixelflips carried out during
the mutation operation. A pixel flip is an action by
which a pixers label is reversed, i.e. 1 ~ 0, or 0 ~ 1.
A pixel shift is an action by which an edge pixel is
shifted one position in either of the four directions: up,
down, left, or right. A pixel shift is equivalent to two
pixel flips (itself and one of its neighboring pixels). For
a given local edge structure, valid or invalid, there
could be several possible mutation options, each of
which is assigned a probability based on the validity
of the edge structure before and after mutation, the
thickness and the curvature of the edge structure before
mutation, and the mutation complexity if the edge
structure happens to be a valid two-neighbor edge
structure. However, it is very difficult to arrive at an
exact formula, based on which the mutation probabilities could be calculated. Apart from the intuitive
notion of what a valid edge structure is, several heuristic
guidelines are followed in order to determine the probability distribution of the possible mutations. Sample
runs show the following guidelines to be very effective:

(4)

where worst denotes the least fit chromosome found in
the present generation. During the earlier phases of
evolution, we set n = 2. After the solutions converge to
a certain extent, we make n successively l a r g e r - - u p to
n~5.
We perform simple roulette wheel selection to select
mates for reproduction based on the relative fitness
value of each chromosome. During the crossover
process, we randomly select two sites along the
X-dimension, two sites along the Y-dimension, and
perform crossover. The mutation operator flips the
labeling at a pixel location, from 0--, 1 or 1 --*0 with a
prespecified mutation probability. We set the initial
crossover rate to 0.6 and the initial mutation rate to
0.008. If after 15 generations, no better chromosome
can be found, we assume that the present population
contains the best edge image, i.e. the edge image corresponding to the lowest cost.
2.6. Advanced and meta-level genetic algorithm
operators
In addition to the components of a simple genetic
algorithm, we also apply to our optimization scheme
(a) the elitism strategy, ~25)(b) the Engineered Conditionin9 (EC) operator 126) and (c) the Intelligent or Knowledge-augmented Mutation operator. We show that these
meta-level operators help to accelerate the convergence
of the population of solutions to the desired optimum.
We also adapt the basic genetic algorithm parameters
during the course of evolution via dynamic assessment
of the performance of the genetic algorithm.
2.6.1. Elitism strategy in a genetic algorithm. Population replacement in a genetic algorithm resembles the
process of natural evolution in which the older generation is replaced by the newer generation. In the simplest
population replacement scheme, the entire previous
population is replaced by the new generation. The
drawback of such a replacement is that although mates
are selected according to their relative fitness values in
the population, there exists a non-zero probability that
good chromosomes in the current generation may still
not be selected for the succeeding generation. An
elitism strategy ensures that the best chromosome(s) is
one generation survive(s) into the following generation, thus preventing a possible inadvertent loss of
such chromosome(s). Although the elitism strategy
may increase the rate by which a population may be
dominated by a highly fit chromosome or a set of
chromosomes, it appears to improve the overall performance of the genetic algorithm: 25) We show that
this observation is true in our case as well. In order to
prevent the inadvertent loss of the best chromosomes

1. Mutations that result in straight local edge structures are assigned a higher probability.
2. Mutations that result in local edge structures that
turn by' 45 ° are assigned a higher probability than
those that turn by more than 45 °.
3. Resulting valid local edge structures are more
favored than invalid local edge structures.
4. For resulting valid two-neighbor local edge structures, those with higher mutation complexity are
assigned a lower probability, and vice versa.
5. A certain non-zero probability is assigned to a
mutation that would cause the resulting local edge
structure to be an empty 3 x 3 window.
6. A certain non-zero probability is assigned to a
random mutation in a 3 x 3 window.
In guidelines 5 and 6, probabilities are determined
based on the validity of the existing local edge struc-
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tures. If the existing local edge structure is valid, we
assign a lower probability to guidelines 5 and 6 otherwise, the probability is higher. In Figs I0 and 11 we
show mutation strategies for each specific edge structure.
2.6.3. The engineered conditionin 9 operator. In our
genetic algorithm-based optimization approach, we
also employ an Enoineered Conditioning (EC) metalevel operator that works in combination with the
basic genetic algorithm operators. The Engineered
Conditioning (EC) operator is an operator that can be
used for local improvement in the search space, t261
With the application of the EC operator, the best
chromosomes in the population are conditioned so
that they may acquire the strength and the characteristics of stronger neighbors. This is in contrast to conventional genetic algorithms that improve reliability
by exploiting the global nature of the genetic algorithm.
We incorporate the EC operator in our genetic algorithm-based optimization approach with the expectation
that the local improvement capabilities of the EC
operator would result in faster convergence326)
The EC operator represents a greedy or local search
of the solution space. We take the best chromosome
from the population and modify a small portion of it.
This small portion is a 3 x 3 window centered around
a pixel location chosen at random. The modification
is performed stochastically based on the knowledge of
the edge structure in a local neighborhood. This action
is similar to that ofintelligent mutation. The difference
is that in the EC operation, we compare the modified
chromosome with the original and if the conditioned
chromosome is found to be ~better than the original,
we substitute the original with the conditioned chromosome, otherwise we put the original back into the
population. In this sense, the EC operation is deterministic (since it represents a deterministic local or greedy
search) whereas the intelligent mutation operator retains a stochastic flavor. In our case, since the chromosomes are large in size, we condition five percent of
the pixel locations chosen randomly in the best
chromosome (edge image).
2.6.4. Adaptation of basic genetic algorithm operators.
Finally, we employ a mechanism that adjusts the crossover and the mutation rates based on dynamic assessment of the performance of the genetic algorithm.
During the initial stages of evolution, we assign a high
probability value to the crossover operator and a very
low probability value to the mutation operator. After
five generations when the chromosomes in the population converge towards a highly fit chromosome and
there is no better chromosome to be found, we lower
the crossover rate (by 10% of the original value) and
raise the mutation rate (to five-times the original value).
In this case, mutation is the major source, of introduction of new genetic material to the population. After
10 generations when no better chromosome can be
found, we lower the crossover rate (by 10~o of the
original value) and raise the mutation rate once again

(to five-times the original value). After 15 consecutive
generations if there is still no better chromosome to be
found, we assume that the best chromosome in the
present population corresponds to an approximate
global optimum. The rates by which the crossover and
mutation rates were adapted, were chosen empirically
over several runs of the genetic algorithm. At this time,
there does not exist a means of analytically deciding
these adaptation rates.
In addition to the basic genetic algorithm operators,
we have incorporated different combinations of
advanced operators in our genetic algorithm-based
edge detection technique:
1. Elitism strategy.
2. Intelligent or knowledge-augmented mutation.
3. Engineered conditioning.
4. Elitism strategy, intelligent m u t a t i o n , and
engineered conditioning.
5. Integrated genetic algorithm in which elitism
strategy, intelligent mutation, engineered conditioning
and adaptive probabilities for the basic genetic operators (crossover and mutation) are incorporated.
For implementations wherein no elitism strategy is
incorporated, we set the initial crossover probabilities
to 0.6 and the initial mutation probability to 0.008. For
implementations wherein elitism strategy is employed,
we set the initial crossover probability to 0.8 and the
initial mutation probability to 0.02. In implementations
wherein the elitism strategy is used, one can afford to
have a higher probability of crossover and mutation
since the elitism strategy ensures that any good
chromosomes will not be lost in succeeding generations
due to the crossover and mutation operators, t25) The
aforementioned values for the crossover and mutation
probabilities were determined empirically over several
runs of the genetic algorithm.

3. L O C A L SEARCH AND S I M U L A T E D A N N E A L I N G
APPROACHES TO EDGE DETECTION

In this section, for the sake of completeness, we
describe briefly the local search" 7) and simulated annealing" s~ approaches to edge detection.

3.1. Local search-based cost minimization
approach to edge detection
In the local search-based cost minimization approach
to edge detection, the cost factors in the comparative
cost function AF(Si, S j, l) are computed by performing
a decision tree search as shown in Fig. 7. The local
search-based cost minimization approach is an iterative
algorithm in'which a comparative cost function AF(Si,
Sj, l) is used as a criterion for determining the better of
two edge configurations S~ and S~ which are identical
except at one pixel location I. A new edge configuration
is generated from the current edge configuration by
complementing one of the pixels in the current edge
configuration. The pixel site to be complemented may
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be selected either randomly or in a raster scan fashion.
The new edge configuration replaces the current edge
configuration if the former is found to be better (i.e. has
a lower cost value). The algorithm terminates when a
simple stopping criterion is satisfied. The stopping
criterion could be based on the n u m b e r of better configurations found after K iterations, tl 7~ If this n u m b e r
does not exceed a certain minimum, the program is
halted.
3.2. Simulated annealing-based cost minimization
approach to edge detection
The simulated annealing approach to edge detection
is based on a stochastic iterative algorithm consisting
of two phases. The first phase is the edge enhancement
procedure described in Section 2.3.1. The second phase
is the actual simulated annealing procedure. (2°'21)
Starting from an initial edge configuration X o which
can be generated randomly, the simulated annealing
procedure generates a stationary Markov chain of
edge configurations {X k }. A cost function F(Xk),which
is to be minimized, is used to evaluate the edge configuration X k. During the simulated annealing process,
for a given present configuration Xk, the algorithm
stochastically selects a transformation strategy and
generates a candidate configuration Yk based on the
selected transformation strategy. The transformation
strategy is selected from a transformation distribution
R:{ P l, P2, P3, P4, P s } where Pi is the probability of selection of the ith transformation strategy.
The transformation is performed in a 3 × 3 window
centered at pixel site l selected either at r a n d o m or in
a raster scan fashion. In strategy 1, the center pixel at
site l is complemented. In strategy 2, we complement
the center pixel at site l as well as one of the eight
neighboring pixels which is selected randomly. In
strategy 3 and strategy 4, the transformations are performed based on the specific local edge structure ob-
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a logarithmic annealing schedule of the form TR = T1/
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form T k = (1 - at)kT1 where ct is a positive real n u m b e r
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served in the 3 x 3 window (Figs 12 and 13). In strategy
5, we assign values to the pixels in the 3 x 3 window
at random. It is recommended {is) that Pl = 200/1024,
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P5 = 124/1024.
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configuration Yk as the next state X k +1 for the following
iteration is not made deterministically via a straightforward comparison of the cost function values of the
configurations Xk and Yk, but stochastically, based on
a sampling of the Boltzmann distribution via the
Metropolis functionJ 17'18) If configuration Yk has a
cost function value smaller than that of configuration
X k, configuration Ykis selected as configuration X k+ r
If configuration Yk has a cost function value larger
than that of configuration Xk, configuration Yk is selected as Xk+~ with probability p determined by the
Metropolis function p = exp ( - max (AF( Yk, Xk), O)/Tk),
where AF( Yk, Xk) = F( Y k ) - F(Xk).
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we may consider the state to be frozen. Such a state
represents a relatively low-cost edge configuration and
the result in most cases is very satisfactory. For most
practical purposes, when Tk = 0.03, we may assume
that the state is frozen. This is the stopping criterion
for the simulated annealing algorithm in our case. The
cost factors in the cost function F, in the case of the
simulated annealing approach, are computed in a
manner identical to that in the case of the local search
or the genetic algorithm approach.
4. EXPERIMENTAL RESULTS AND COMPARISON OF
DIFFERENT APPROACHES

We have implemented and tested the local searchbased, simulated annealing-based and genetic algorithm-based optimization techniques for edge detection
on synthetic and real intensity images. All three approaches are based on different mathematical models
of constrained optimization; however, they all cast the
edge detection problem as one of minimizing the cost
of an edge image. They use both the image data and
the local edge structure information measured in the
form of edge continuity, edge thinness and region
dissimilarity. Consequently, the edges detected by all
these three approaches are expected to be well localized,
continuous and thin.
In this section, we compare both qualitatively and
quantitatively the results obtained by these three approaches. In this paper we present experimental results
for two intensity images: a synthetic checker-board
image and a real computer-terminal image acquired
using a CCD video camera. In order to test the robustness to noise of each of the edge detection techniques,
we corrupt the checker-board and the computer-terminal images with additive Gaussian noise with zero
mean and variances cr2 = 25 and 100. In the case of the

Fig. 14. A checker-board image, (a) without noise, (b) with
noise of variance a z = 25, (c) with noise of variance a2 = 100.

Edge detection technique
synthetic image we compute the Pratt Figure of Merit
for the resulting edge images and use it as a metric for
comparing the performance of the three edge detection
approaches. For the real image, the Pratt Figure of
Merit could not be easily computed. Hence, for the
computer-terminal image we evaluate and compare
the final edge images by computing their costs using
the cost function. Figure 14(a), (b) and (c) shows the
checker-board image without noise, with noise of variance o 2 = 25 and with noise of variance 0- 2 = 100,
respectively. Figure 15(a), (b) and (c) shows the com-
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puter-terminal image without noise, with noise of variance a 2 = 2 5 and with noise of variance a 2 = 100,
respectively.
In Fig. 16(a), (b) and (c), and Fig. 17(a), (b) and (c),
we show the results of local search-based edge detection
technique on the checker-board image and the computer-terminal image, respectively. In Fig. 18(a), (b)
and (c) and Fig. 19(a), (b) and (c), we show the results
of simulated annealing-based edge detection technique
on the checker-board image and the computer-terminal
image, respectively. In Fig. 20(a), (b) and (c) and
Fig. 2 l(a), (b) and (c), we show the results of the integrated genetic algorithm on the checker-board image and
the computer-terminal image, respectively. Although
we experimented with different combinations of basic,
advanced and meta-level genetic algorithm operators
described in Section 2, the integrated genetic algorithm
was found to be the best.
As mentioned previously, we use the Pratt Figure of
Merit "7) as a performance metric to quantitatively

i
~p

m

Fig. 15. A computer-terminal image, (a) without noise, (b)
with noise of variance a2= 25, (c) with noise of variance
0"2 -- 100.

~

j

Fig. 16. Edge image using local search on the checker-board
image, (a) without noise, (b) with noise of variance a 2 = 25,
tc) with noise of variance o : = 1 0 0 .
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Fig. 18. Edgeimageusingsimulatedannealingon the checkerboard image, (a) without noise, (b) with noise of variance
a 2 = 25, (c) with noise of variance a 2 = 100.

Fig. 17. Edge image using local search on the computerterminal image, (a) without noise, (b) with noise of variance
a 2 = 25, (c) with noise of variance a 2 = 100.
evaluate the edge images in the case of the synthetic
checker-board image. The Pratt Figure of Merit (PFM)
is a number in the range [0, 100] and is a good measure
for evaluating edges in simple gray scale images in
which the edge locations and the edge continuity are
known a priori. The Pratt Figure of Merit is given by:

PFM= 00(±

)

where IM = max (Id, ll), where I~ is the number of ideal

edge points, I d is the number of detected edge points,
6i is the deviation (i.e. distance) of the ith detected edge
point from the ideal edge and ct is a scaling factor. A
higher value for the Pratt Figure of Merit denotes a
better edge image. In the case of the real computerterminal image we use the edge cost as computed using
the cost function as a performance metric. In this case
a lower value for the cost denotes a better edge image.
We plot the performance metric as a function of the
number of iterations of the local search or simulated
annealing algorithm or the number of generations of
the genetic algorithm. This permits us to compare the
convergence rates of each of the various approaches as
well as the quality of final edge image produced by
each approach. We show the performance of the local
search approach, simulated annealing approach,
simple genetic algorithm approach and integrated
genetic algorithm approach which incorporates
advanced and meta-level operators for the synthetic
checker-board image without noise [Fig. 22(a)] and

Edge detection technique
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Fig. 20. Edge image using the integrated genetic algorithm
on the checker-board image, (a) without noise, (b) with noise
of variance a2 = 25, (c) with noise of variance a ~ = 100.

Fig. 19. Edge image using simulated annealing on the computer-terminal image, (a) without noise, (b) with noise of
variance a 2 = 25, (c) with noise of variance a 2 = 100.

with noise of variance 0-2 100 [-Fig. 22(b)] and for
the natural computer-terminal image without noise
[(Fig. 23(a)] and with noise of variance az= 100
[Fig. 23(b)].
On the whole, the simulated annealing algorithm
and the integrated genetic algorithm were found to
work the best on a general class of images. Due to
the rather lengthy annealing schedule, the simulated
annealing algorithm does not converge rapidly. However, since the simulated annealing algorithm generates
=

the candidate states in a stochastic manner, it is less
susceptible to being trapped in an undesired local
minimum. We refer to the transformations (i.e. perturbations) carried out at a single temperature value
in the simulated annealing algorithm as a single iteration. In our case, we have carried out 256 x 256 = 65,536
transformations for a single iteration (i.e. at a single
temperature value). It takes about 40-60 iterations of
the simulated annealing algorithm to get an edge image
in which the contents of the image can be distinguished.
In about 100-150 iterations, the edge image is an ideal
one in which the edges are thin, continuous, and correctly localized.
Among the various combinations of genetic algorithm
operators, the integrated genetic algorithm was found
to perform the best. In our integrated genetic algorithm
approach, we obtain after a few generations an edge
image (corresponding to the best chromosome in the
population) in which the quality of the edges detected
is equivalent to that of the edges obtained after several
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Fig. 21. Edge image using the integrated genetic algorithm
on the computer-terminal image, (a) without noise, (b) with
noise of variance a 2 = 25, (c) with noise of variance a 2 = 100.

iterations of the simulated annealing algorithm. That
is to say, the solutions were seen to approach an approximate global minimum much faster in the integrated genetic algorithm as compared to the simulated
annealing algorithm. The simple genetic algorithm
with crossover and random mutation was found to
perform very poorly in terms of convergence rate
as is evident from the graphs in Fig. 22(a), (b) and
Fig. 23(a), (b). This could be attributed to the fact that
the population of 512 chromosomes represents a neg-

ligible fraction of the search space of 265'536 possible
edge configurations. The population size, in our case,
is inadequate in being able to truly represent the diversity of the underlying search space. Since a simple
genetic algorithm relies on the diversity within the
existing population (i.e. richness in the gene pool) to
search for better solutions, it is not surprising that
the simple genetic algorithm performs so poorly in
the context of our problem. The incorporation of the
knowledge-augmented mutation operator and the metalevel genetic operators discussed in Section 2.6 were
found to be necessary to hasten convergence. Each new
generation of the genetic algorithm involved the application of the selection, crossover and mutation operations,
and in the case of the integrated genetic algorithm, the
application of the meta-level genetic operators as well,
on an existing population of 512 chromosomes (i.e.
edge images). Experimentally, the computational complexity of each new generation of the genetic algorithm
was found to be roughly comparable to a single iteration
of the simulated annealing algorithm with 65,536
transformations per iteration (i.e. for each temperature
value).
The local search algorithm was found to have the
fastest rate of convergence. Each iteration of the local
search algorithm involved 256 x 256 = 65,536 perturbations carried out over the entire image in a fasterscan manner. Each iteration for the local search was
found to be 15-18 times faster than a single iteration
for the simulated annealing algorithm or a single generation of the genetic algorithm. For an ordinary noisefree synthetic checker-board image, an edge image in
which the dominant edges could be distinguished was
obtained in 2 iterations and after 5 iterations, an acceptable edge image was obtained for which the Pratt
Figure of Merit was approximately 92. Between 5 and
10 iterations, the Pratt Figure of Merit was seen to
improve very slightly and after 10 iterations there was
no improvement at all. The maximum Pratt Figure of
Merit obtained for a noisy synthetic checker-bo~/rd
image was 89 for a 2 = 25 and 72 for cr2 = 100. In the
case of the natural computer-terminal image, the local
search algorithm was found to display similar behavior.
It took 2 iterations to get an edge image in which the
dominant edges could be distinguished, (for example,
the contour of computer terminal) and in 5 iterations, a
generally acceptable edge image was obtained. Between
5 and 8 iterations, the cost ofthe edge image was found
to change very little. After 8 iterations, the cost of edge
image was found to be more or less stable. However,
in places where the image data is more complicated or
busy (for example, the rim of computer desk in the
computer terminal image), the local search algorithm
could not distinguish the edges very clearly.
On examining the cost of the resulting edge images,
one can see that the lowest-cost edge image obtained
using the local search algorithm is not as good the
lowest-cost edge images obtained by the other two
techniques. There is a sizable gap in terms of cost (or
the Pratt Figure of Merit) between the lowest-cost edge
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Fig. 22. Quantitative comparison based on the Pratt Figure of Merit for the various edge detection
techniques on the synthetic checker-board image, (a) without noise, (b) with noise of variance ~rz = 100.

image obtained by the local search algorithm and
those obtained by the simulated annealing algorithm
and the integrated genetic algorithm. This could be
attributed to the tendency of the local search algorithm
to get trapped in an undesired local minimum.
In dealing with noisy images, the simulated annealing
algorithm and the integrated genetic algorithm were
found to perform the best. For the synthetic checkerboard image with noise with a 2 = 25, the Pratt Figure
of Merit was as high as 100 and for noise with a 2 = 100,
the Pratt Figure of Merit was over 90 for both simulated
annealing and the integrated genetic algorithm. The
graphs in Fig. 22(a), (b) and 15(a), (b) show the relative
convergence rates in terms of either the Pratt Figure
of Merit (checker-board image) or the cost (computerterminal image) as well as the relative quality of the
final edge images for all the three techniques.

5. C O N C L U S I O N S A N D S U G G E S T I O N S F O R

FUTUREWORK

In this paper, we implemented three different cost
minimization approaches to edge detection. The local
search approach is simple and efficient and in some
sense can be considered a special case of the other two
approaches. However, the local search approach may
not find a globally optimal solution but only one that
is locally optimal. The simulated annealing algorithm
and the integrated genetic algorithm approach were
seen to produce the best results. We intend to extend
our work described in this paper in the following areas:
1. Since most low-level image processing operations
can be performed in parallel and genetic algorithm
operators such as selection, crossover a n d m u t a t i o n are

inherently parallel in nature, we intend to parallelize
our genetic algorithm-based approach to edge detection.
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2. We also intend to design more effective metalevel genetic algorithm operators so that more efficient
search can be performed in the vast solution space.
This paper has already demonstrated how meta-level
genetic algorithm operators help to achieve faster convergence.
3. The chromosome representation used in this
paper is an explicit representation of the edge image.
Though simple and direct, this representation need not
be the most efficient. Alternative (and hopefully better)
representation schemes need to be investigated.
In conclusion, we feel that genetic algorithm-based
optimization techniques have a major role to play in
image processing and computer vision. With the use
of suitable parallel hardware, genetic algorithms can
be used to design robust processing techniques for
most vision applications.

6. S U M M A R Y

In this paper we have presented a genetic algorithmbased cost minimization technique for edge detection.
We have formulated the problem of edge detection as
one of choosing a minimum cost edge configuration.
The edge configurations are viewed as two-dimensional
chromosomes with fitness values inversely proportional to their costs. The design of the crossover and
the mutation operators in the context of the twodimensional chromosomal representation is described.
We have designed a knowledge-augmented mutation
operator which exploits knowledge of the local edge
structure in the edge image. The knowledge-augmented
mutation operator is shown to result in rapid convergence. The incorporation of meta-level operators and
strategies such as the elitism strategy, the engineered
conditioning operator and adaptation of mutation

Edge detection technique
and crossover rates in the context of edge detection are
discussed and are shown to improve the convergence
rate. The genetic algorithm with various combinations
of meta-level operators is tested on synthetic and
natural images. The performance of the genetic algorithm-based cost minimization technique is compared
both qualitatively and quantitatively with local searchbased and simulated annealing-based cost minimization approaches. The genetic algorithm-based technique
is shown to perform very well in terms of robustness
to noise, rate of convergence and quality of the final
edge image.
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