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ABSTRACT

The paper focuses on the efficiency of local search in a Hybrid
evolutionary agorithm (HEA), with application to optimization
problem frequently encountered in eectronic imaging.
Although HEA can significantly improve the overal
performance of evolutionary search, the direct usage of methods
of local optimization gives rise to a few performance problems
including a noticeable additional cost of fitness evaluations
attributed to local search; an excessive waste of computational
resources on a particular chromosome that is later discarded by
the globa search; and a possible convergence to a sub-optimal
solution when the actud distance from the global optimum is
not sufficiently small for the local search to successfully
descend to the minimum point. Computational performance of
local search can be potentialy improved by applying the
following techniques: using direct search that can Dbetter
accommodate shape irregularities of fitness function; adding
randomness and periodicaly re-positioning the search, thus
preventing it from converging to a sub-optimal point; creating a
tree-like structure for each local neighborhood that keeps track
of the explored search space; using cyclic vs. complete local
search, thus cutting down the excessve cost attributed to
discarded chromosomes; incorporating image response anaysis
and providing the algorithm with a means of deriving problem-
specific knowledge that speeds up the solution. A two-phase
cyclic local search is proposed that incorporates these
techniques. A series of computational experiments with 2-
dimensiona grayscale images provide experimental support for
the proposed approach and show that computationa
performance of local search in imaging optimization with HEA
can be significantly improved.

Keywords: Hybrid Evolutionary Algorithm, Local Search,
Stochastic Methods, Optimization Problem, Electronic Imaging.

1. INTRODUCTION

Electronic imaging is one of the indispensable areas of research
and development in modern science and technology. Three
important tasks frequently encountered in electronic imaging —
image registration, object recognition, and content-based image
retrieval — can be stated in the form of an inverse optimization
problem. Essentially, all three seemingly different tasks attempt
to map an image Img; of an object or a scene onto an image
Imgy of another (eg., larger) scene. Since Img; or Img, are
typically subject to some transformation A, e.g., perspective or
affine, the actual problem reduces to finding a vector of
parameters that define the transformation A. If F is a measure of
the difference between the images during the mapping, then the
optimization problem can be stated as follows. A feasible vector
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V* of parameters has to be found that minimizes the difference
F between the images Img; and Imgj, so that

F(V) > F(Vv*), foral V#V*, or V* =argmin (F(A)). (1

The choice of the image difference measure F is dictated by the
nature of the problem that one attempts to solve. Color palette
and color digribution, image texture, and noticeable features
like lines and corners, etc. can be used to define F. In the area of
a grayscal e imagery, measures based on the distribution of pixel
gray values are frequently used to evaluate the difference
between images. In this paper, the squared difference of the
pixd values of the two images is utilized as a convenient
measure of the difference F, duetoits fairly high robustness and
tolerance to noise:
229X, ¥) = go (% y))*

F=2 RE ’ (2
where gy(X,y") and go(xy) are the pixel gray values of the
images Img; and Imgo, respectively, and Q is the area of their
overlap [1].

In real world imaging applications, the optimization problem
stated in Equations (1) and (2) is by no means atrivial task. The
image difference F is usualy a highly nonlinear function that
does not have a closed andytical form; it has to be computed
numerically for every trial parameter vector V. The images can
represent complex multi-object scenes, cluttered, noisy, and
significantly distorted by the transformation A, which makes the
stated optimization problem a highly nonlinear, global, and
multimodal, i.e., having an unknown number of local minima.
Stochastic optimization methods have proved to be efficient
approach to solving these types of problems [2]. In particular,
evolutionary algorithms (EAs) are well suited for complex
multi-dimensional and multi-modal, nonlinear real world
problems [3] —[6].

Many researchers applied EAs to solving electronic imaging
problems, including image registration [7] — [10], semantic
scene interpretation [11] — [13], and feature selection [14] —
[16]. Mgjority of the research utilizes different variants of the
classcal model of EAs, whereas a number of more efficient
models have been developed over the last decade. One of the
advanced models, a Hybrid evolutionary algorithm (HEA)
incorporates traditiond methods of local optimization into the
global evolutionary search [17], [18].

This paper focuses on exploring some techniques that can
potentidly improve the computational performance of local
search in HEA, with application to imaging optimization
problem stated in Equations (1) and (2). Without loss of
generdity, 2-dimensional (2-D) grayscale images subject to a
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patial  affine transformation A are considered. The
transformation A may include image trandations DX and DY,
rotation 8, and generaly non-isotropic scaling factors SX and
SY. A transformed vector p' = {xy}' of the origind
coordinates p = {x,y} " of apixel P e Img; can be computed as

p'=Ap) =SRp+T, ©)

where the matrices S R, and T represent scaling, rotation, and
trandation, respectively. For the purpose of optimization, the
transformation A in Equation (3) can also be written in the form
of a combination of global transformation defining the location
of the object in the scene (i.e., the rigid body transformation),
and local transformation defining the deformation (i.e, the
digtortion) of the object, as follows:

A(p) =LG p+ Gy, 4

where L is a local transformation caused by the matrix S of a
non-isotropic scaling, G; is a part of a global transformation G
resulted from the object rotation defined by the matrix R, and G,
is a part of the globa transformation G resulted from the
trandations along the x- and y-axis defined by the matrix T. As
one can see from Equation (4), the transformation A is non-
separable, i.e, the optimization search has to be conducted
simultaneoudly in both global G and local L parameter spaces.

The paper is organized as follows. Section 2 discusses some
problems associated with the use of local search in HEA, and
proposes their potential solutions. Section 3 detals the
implementation of a particular two-phase cyclic model of local
search. Section 4 outlines the concept of image local response
and its use for improving the performance of local search.
Section 5 presents the results of computational experiments with
2-D grayscal e images utilizing the proposed techniques. Section
6 summarizes the findings presented in the paper.

2.PROBLEMSAND POTENTIAL SOLUTIONSFOR
IMPROVING THE PERFORMANCE OF LOCAL
SEARCH IN AHYBRID EVOLUTIONARY
ALGORITHM

Evolutionary algorithms (EAS) belong to the category of global
optimization methods. The dgorithms are based on observations
of physical processesthat occur in nature; they attempt to mimic
the real physical processes in the artificid computationa
environment [19] - [22]. Following the ana ogy with the living
organisms, the algorithms use the term chromosome to denote a
single candidate solution (i.e., the sought parameter vector V) to
an optimization problem. The agorithms work concurrently
with the population of contending chromosomes. The quality of
each chromosome is evaluated via its fithess corresponding to
the objective function of the optimization problem. In this
paper, the difference F between the images plays the role of the
objective function of the optimization problem stated in
Equations (1) and (2). The agorithms work in an iterative
manner producing the next population (i.e., generation, in the
evolutionary terminology) of chromosomes from the current
popul ation using various genetic operators, the most common of
which are selection, crossover, and mutation.

Being fairly general and versatile, the classical random model of
EAs frequently exhibits slow convergence in solving many
practical problems. In order to improve the EAs performance,
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hybridization with other computational methods is needed. One
of the efficient directions is a Hybrid evolutionary agorithm.
The latter augments the classical model of EAs with traditiona
methods of local search and optimization [17], [18]. The idea
behind HEA is relatively simple, abeit, very fruitful. The local
neighborhoods near the best chromosomes found by the global
evolutionary search are further explored in a greater detail, in an
attempt to find better individuals. The idea of the loca
improvement of the solution findsits theoretical support, e.g., in
the concept of Lamarckian evolution. The latter states that the
individud’'s improvement achieved during the process of
learning affects the individud’s genetic structure, and can be
mapped back to the genetic structure of the entire population
[18].

Although the hybrid model can significantly improve the overall
performance of EAs, the direct usage of local search in HEA
gives rise to a few efficiency problems. The first problem is
related to the noticesble overall cost of the additiona
evaluations of the fitness function F attributed to local search.
In a typical imaging application, the lion's share of the
computational cost of HEA belongs to the fitness evaluations.
Every evaluation includes a transformation of the image
according to Equation (3), a pixd-wise comparison of the
images, and an evauation of the difference F between the
images according to Equation (2). The cost of the fitness
evaluation grows as the size of the images increases.

Another problem is related to the fact that in genera case, the
function F is multimodal, i.e, it can have severa local optimum
solutions. The agorithm can not guarantee that any of the best
chromosomes produced at any intermediate step of the global
evolutionary search is located in the close proximity to the
global  minimum point. Consequently, the additiona
computationa resources spent on exploring the chromosome’'s
neighborhood will be wasted if the chromosome happened to
belong to one of the local minima: the targeted chromosome can
be replaced with some other, a better individual, at a later stage
of the global search.

The third problem is associated with the actua distance from
the closely investigated chromosome to the global optimum
point. The distance might not be sufficiently small for the local
search to successfully take off and descend to the optimum. The
higher the dimensionality of the search space, the more likely
the local search converges to a sub-optimal solution defined by
those components of the parameter vector V that are located
farther away from their optimal values.

This paper ivestigates the following means by which the
aforementioned problems associated with local search in HEA
can be potentialy defied:

e Using direct, as opposed to gradient-based methods of local
search,

e Adding randomness to the rigorously defined framework of
achosen local procedure,

e Engaging bookkeeping operations similar to those used in
Tabu search,

e Engaging repetitive and partid, rather than complete local
search,

e Providing problem-specific knowledge, in the form of
response analysis.
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Potential candidates for a local search procedure in HEA have
to be evaluated on the basis of two main criteria: robustness and
performance. Robustness shows how readily the algorithm can
accommodate itself to various irregularities of the shape of the
objective function. It also determines how close to the optimum
solution the starting point of the search has to reside, in order
for the algorithm to successfully descend to the optimum.
Performance defines the quality of the final solution found with
the dgorithm, and computational cost at which this quality has
been achieved.

There are two main categories of the traditional methods of
local optimization that can be potentialy utilized in HEA [23]:

e Gradient-based methods engaging the derivatives of the
objective function,

e Direct search methods solely based on computing the values
of the objective function.

Methods belonging to the first group are most commonly used
in hybrid models, largely due to the fact that their properties and
performance are well studied and understood by the
mathematical community. Relatively simple Steepest descend
algorithm, and more sophigticated Conjugate gradient method
(CGM) are among the popular choices in this category. Since
these methods heavily rely on the accurate computation of the
function derivatives, they pose certain, often severe demands on
the shape and smoothness of the objective function and its
derivatives. Optimization problems encountered in rea world
imaging applications can not guarantee that these demands can
be sdtisfied. Fitness function F describing the difference
between images has inherently random nature, can be non-
convex, and can exhibit shape singularities. Both the function
and its derivatives have to be computed numericdly, the latter
using one of the known finite difference schemes.

Direct search methods have not received the same amount of
atention as their gradient-based counterparts, largely due to
theoretical problems encountered by mathematicians who
attempted to lay a coherent theoretical foundation for these
methods. Only recently, direct search has seen a reviva of
interest, in light of the latest theoretical findings [24]. Among
the optimization practitioners, however, these methods
remained popular, because of their relatively low computational
demands, high reliability, and often satisfactory final results.
One of the popular choices of direct search has been the
Downhill smplex method (DSM) [23], [25]. The method is an
iterative procedure that maintains a non-degenerate (N+1) —
dimensiona simplex in the N — dimensiona search space. The
vertices of the smplex form a set of approximations to the
parameter vector V and the objective function F. On each
iteration, the agorithm attempts to move the worst vertex to a
better location, so the value of the function at this vertex
decreases. The simplex continuously changes its shape and
moves in the parameter space, until it converges to a minimum
point. The DSM search does not require additional function
eval uations associated with computing partial derivetives of the
function F, and is highly tolerant to shape irregularities of the
latter, which makes it an ideal candidate for using in imaging
optimization with HEA.

Occasionally, the DSM search can converge to a sub-optimal
solution, in which case it is recommended to re-define the
intermediate location of the smplex [26]. The addition of the
local random search to the rigorously defined DSM procedure
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can help re-position the smplex a a specified intermediate step
in the most advantageous manner, and thus prevent it from
faling into a sub-optimal point. Randomness, however,
introduces a disturbance into the otherwise ordered and
unambiguous simplex movement. Some of the points of the
search space that have aready been visited by the smplex can
be re-vidited, as the result of the added randomness. Moreover,
the simplex movement can even dip into a repetitive loop over
the same region. Monitoring the search space and keeping track
of the locations aready visited by the simplex becomes an
important issue that requires the employment of an additiona
mechanism. Such mechanism can be borrowed from one of the
popular heurigtic methods, Tabu search [27].

The next section of the paper gives a detailed description of a
local search procedure that implements the directions outlined
in this section, in order to defy the problems associated with the
usage of local search in a Hybrid evolutionary agorithm, with
application to imaging optimization problem stated in Equations
(1) and (2).

3. TWO-PHASE CYCLIC LOCAL SEARCH IN A
HYBRID EVOLUTIONARY ALGORITHM

In order to increase the computational efficiency of local search
in HEA, a two-phase cyclic procedure based on DSM and
random search was designed that works in the following way.
The algorithm maintains a variable-length global list Lg of the
fittest, i.e, having the lowest fitness values F chromosomes.
The local neighborhood of each chromosome V, in the ligt is
explored in a grester detail, in an attempt to find a better
individual. Firstly, a random search is performed with the radius
of the locality rp(t) surrounding Vy, and the number of candidate
neighbors ny(t), computed as linear functions of time t. The
qualified neighbors are selected using the uniform probability
distribution inside the N-dimensional hyper-parallelepiped built
around Vi as a center, where N is the dimensiondlity of the
search space. Figure 1 illustrates the mechanism of random
local search on a sample 2-D model, where n neighbors of the
current chromosome V| are drawn at random from the
expanding neighborhood.

Current chromosome V5

O
O
ol
7
[ o<

Local neighborhood

Figure 1. A sample 2-D model of the random search in the
expanding neighborhood of the targeted chromosome V.

Once a preset time threshold t = Tryp has passed, the algorithm
switches from the random search to the Downhill simplex
method. The latter performs only a specified number n. of
complete cycles of the iterative local search each time it is
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called by the global procedure. During one complete cycle, the
initial smplex shrinks, and all its vertices change their location,
thus decreasing their respective function values. After a second
preset time threshold t = 7psy has passed, the local procedure
switches from DSM back to the random search. At specified
intervals t = Tgy, the simplex is re-positioned, as described
bel ow.

The search procedure keeps track of the neighbors selected
during the random search by building a binary tree with the
chromosome Vy as the initial root. Once the specified number of
neighbors has been evaluated, the tree is rotated to theright. An
individua V; with the lowest value of the fitness function F;
replaces the current chromosome V,, and becomes a new root of
the tree. When the procedure switches back to DSM, it chooses
the chromosome V; as the first vertex of the initial simplex. The
other N vertices of the simplex are picked from the right brunch
of the tree; these vertices have the next N lowest values of the
fitness function. The selection technique ensures that the best-
known simplex in the local neighborhood is formed as the
starting point for the re-positioned DSM search. Figure 2
illustrates the mechanism that keeps track of the chromosomes
located in the neighborhood of the current chromosome V. The
boxes represent the visited chromosomes in the neighborhood;
they are labeled in accordance with their respective fitness
values. The left-most leaf of the tree corresponds to a
chromosome with the best value of F that is to replace the
targeted chromosome V, during the next cycle of the search.

Current chromoesome

Worst neighbor

Best neighbor Rotation

Figure 2. A sample binary tree of the neighborhood around the
current chromosome V.

The proposed agorithm of a two-phase cyclic local search that
alternates the random and the DSM search is summarized in
Figure 3. The procedure helps defy the efficiency problems
related to the usage of local search in HEA described in the
previous section of the paper. The cyclic implementation of the
DSM search reduces the potential waste of the computationa
resources spent by DSM, in the case where Vi is replaced by the
global search with a fitter candidate |ocated outside the current
neighborhood. In addition, aternating the random and the DSM
search around the individud V, re-defines the initid
configuration of the simplex, thus helping prevent it from
converging to a sub-optima point. Further reduction of the
overall cost of fitness evduations associated with the local
DSM search can be achieved using problem-specific
knowledge, in the form of a peculiar image transformation,
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image local response, which is described in the next section of
the paper.

Timer is initialized: £= 1.

v

y(f) chromosomes are picked at random from the ¥ neighborhood
of the radius #,(¢), and their fitness values are evaluated.

v

If a better individual V* is found, it replaces the current
chromosome Vin the list Lg: V=",

no
B <>
yes

n, cycles of the DSM search are performed in the V' neighborhood.
If a better individual V' is found, it replaces the current
chromosome Vin the list Lg: V=",

If = Tow,re-| mo
initialize the 4w
simplex.

yes

Stop local search.

Figure 3. Flow chart of the two-phase cyclic local search
procedure.

4.IMAGE LOCAL RESPONSE IN THE LOCAL DSM
SEARCH

One of the strong points of EAs is their ability to deal with
complex real world problems without any a priori provided
problem-specific knowledge. On the flip side, however, the
generaity of EAs can make them less efficient, in comparison
with ad hoc methods that extensively rely on problem-specific
knowledge, when the latter is available. Luckily, the flexibility
of EAs alows for the problem specifics to be incorporated into
the generd evolutionary framework. There are two principa
ways of such incorporation:

e Providing the dgorithm with the specific data about the
problem,

e Providing the agorithm with a fairly general method that
can autonomously obtain needed information and seamlessly
integrate it into the evolutionary search.

Since the first approach leads to the apparent loss of the
algorithm’'s generality, and in most cases requires human
intervention, the second approach looks more desirable. This
approach is used in the paper; it is rooted in the general idess of
sengitivity analysis, and implemented in the form of image local
response.

The concept of image local response has a fairly simple
underlying idea [28]. Since the statement of the optimization
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problem in Equations (1) and (2) looks for a parameter vector V
defining the unknown transformation A, it seems logical to
explore the response of the image to this type of transformation.
This task can be accomplished by mapping the transformed
image Img™ into its origind verson Img, with the small
transformation vector V,. Thus, image local response R» at a
point P is defined as the vaue of the difference F between the
transformed Img” and the original Img versions of the same
image, where the transformation A, at the point P is smdl, i.e.
the components of the parameter vector V, have sufficiently
small unit values. It can be shown that there is no need to
compute the response Rp over the entire image, since Ry rapidly
decreases, as the distance from the point P increases. It suffices
to compute the response Rs over a small pixel area wp near P,
chosen as a response area. For convenience and without |oss of
generdlity, a square with a side r, considered as a radius of wp,
can be chosen as the response area associated with the point P.

In order to build the response matrix Mg, for the entire image
Img, the local response R is computed for every point P of the
image as follows:

1) Partia transformations A,, n = 1,...,N, are gpplied to the
response area wp near the point P, such that each
transformation A,, corresponds to a unit variation of one of
the N parameters (e.g., DX, DY, 6, &c.).

2) For each partid transformation A, the difference F,
between the pixel values of the initiad @p and the
transformed wp' areas is computed according to Equation
(2), where Q = wp.

3) The value of the response Rs at the point P is computed as
the averaged sum of al N differences F,.

From the agorithmic point of view, the operation of computing
local response is similar to the operation of image filtering.
Very much like filtering, computing local response aso
produces a new output image Imgg, which serves as the
graphica representation of the image response matrix Mg. Like
filtering, computing local response is dso a neighborhood
operation, in which the value of any given pixel P in the output
image Imgr is determined by the means of applying the
described procedure to the values of the pixels in the local
neighborhood wp of the pixel P in the input image (i.e., the
original image Img).

It can be shown that image local response Ry has the following
important properties:

1) Astheradiusr of the response area wp increases, the value
of the response Rp rapidly decreases; it is bounded by the
term O(1/r).

2) For any two points P and Q that have smilar pixel
digtributions over the corresponding response areas, the
difference between their respective responses R and Ry is
fairly small.

3) When the pixel values in the response area near P
significantly vary (e.g., near the object edgesin the image),
the value of the response Rp correspondingly increases.

The first property assures that the value of the local response Rp
computed over asmall area of the image can be used as a fairly
good approximation to the response R, computed over the
entire image. But the value of R, in turn, corresponds to the
value of the fitness function F computed for a smal
transformation A, of the image Img. Since Ing itself constitutes
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the optimum solution to the problem of mapping the
transformed verson Img” into its origina version under the
small transformation A, the local response R» can be used as a
fairly good approximation to the fitness function F computed at
apoint P in the vicinity of the optimum solution.

The second and the third properties indicate that the values of
local response reflect the degree of smoothness of the fitness
function F in the vicinity of the optimum solution. When F is
fairly smooth, the digtribution of the response values is
relatively flat. On the contrary, any noticeable variation of F
will cause the corresponding significant variation of the
response va ues.

The aforementioned properties of image local response make it
an efficient technique for reducing the overall computationa
cost of the fitness evaluations associated with the local DSM
search. The drawback of the regular algorithm is that the step at
which the simplex moves or changes its shape does not depend
on the absolute values of the objective function (i.e., fitness
function in HEA) at the vertices, nor does it depend on the
differences between these values. The convergence of the
simplex to the optimum solution is controlled only by the
ranking order of its vertices, and by the values of four DSM
coefficients - o, o, s, a, - that define reflection, expansion,
contraction, and shrinkage of the smplex, respectively. The
commonly used values of the coefficients are fixed, which
makes the simplex move on a smooth landscape in the same
way as on a rough landscape formed by the fitness function, as
long asits vertices are aligned in the same ranking order.

The convergence of the simplex to the optimum can be
adaptively controlled in such a way that the simplex will move
at its regular rate on a relatively smooth fitness landscape, and
will slow down on a rough landscape. Such control, however,
would require additional fitness evaluations within the area
covered by the simplex. The computational cost associated with
the additional evaluations can outweigh the relative gain
obtained from the adaptation. This is where image loca
response comes to the rescue: it provides a fairly good
approximation to the fitness function F in the vicinity of the
optimum solution, while evaluating F only over a small
response area. Response Re can sense the properties of the
fitness landscape at a point P in the area covered by the DSM
simplex, without the overhead of the expensive computation of
the entire fitness function F at the specified point.

Following the above reasoning, image local response is utilized
to control the length of the vector & = { o1, o, as, o4} of the
DSM coefficients. When the fitness landscape in the locality is
sufficiently smooth, the distribution of the response values is
nearly flat, and the components of the vector o take on their
common fixed values. However, when fitness function
significantly varies, the correspondingly changing response
causes the contraction of the vector a.. The new vector o/ of the
coefficients can be found using the following expression [29]:

o :T(a) = Dan, )
where = {a’, &, o5, o4} is the vector of the modified
DSM coefficients, and Dpq is a diagonal matrix of the response

coefficients Cpg associated with image points P and Q, and
computed as follows:
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Cpo =(1-In(Rp /Ry)) . (6)

Experiments presented in the next section of the paper provide
necessary support for using image local response as a means by
which the computational cost of fitness evaluations during the
local DSM search can be reduced.

5. COMPUTATIONAL EXPERIMENTS

In order to evaluate the efficiency of the proposed approach to
local search in a Hybrid evolutionary agorithm, computational
experiments were conducted on different test sets of 2-D
grayscale images. Each test set includes images of an object and
a scene. The object represents a part of the scene that undergoes
partial affine transformation A, and has to be mapped back onto
the scene.

Figure 4. Reference image (Ieft), transformed noisy test image
(center), and result of their correct mapping (right).
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Figure 5. Performance of the classical (top) and the hybrid
(bottom) mode! of evolutionary algorithms.

The purpose of the first group of experiments is to show the
effect of the local neighborhood search on the overall
performance of evolutionary algorithm. The test set of two
256x256 — pixel synthetic images computed according to
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formulae givenin [1] isshown in Figure 4. The second image in
the set is subject to therigid body transformation defined by the
a priori known trandations DX and DY, and rotation 8; it hasto
be mapped onto the first image of the set. Firgtly, the classica
model of EAs was run using the conventional random genetic
operators of crossover, mutation, and sdection. Then the
classical procedure was augmented with a simple version of a
gradient descent local search, to form a hybrid model. During
each iteration of the global evolutionary search, local search
procedure is applied to every chromosome V in the current
population in the following manner. A total of six neighbors are
drawn at random from the local neighborhood of V| having a
radius of three units dong each component of the parameter
vector. If a neighbor is found with a better (i.e., smaler) value
of the fitness function F, it replaces the targeted chromosome V
in the current population, and a gorithm continues the search.

As one can see from the sample results presented in Figure 5,
local search significantly improves the overal performance of
the agorithm, and helps find a better vaue of the fitness
function F* = 0.0581 in just 18 iterations, as opposed to the
value F* = 0.0620 in 54 iterations of the classical EA. The best
value found with the hybrid model is F* = 0.0387, at the
iteration 39.

Figure 6. Two sets of test images: a truck set (top row), and a
wing set (bottom row). In each set an object (left column) has to
be mapped onto a scene (right column).

In the second group of experiments, a study is conducted to
compare two customarily used local optimization techniques -
the Conjugate gradient method and the Downhill simplex
method — on the basis of their robustness and performance. Both
methods were implemented as described in [23]. Experimental
sets of two 286x286 — pixel images of a truck [28] and two
290x290 — pixel images of an aircraft wing [30], [31] are shown
in Figure 6. In both sets, the object is subject to similarity
transformation in the 4-dimensiona parameter space defined by
trandations DX and DY, rotation 6, and isotropic scaling S In
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the case of CGM, the first-order forward finite difference
scheme is used to compute the gradient F' of the fitness
function F, with respect to each component of the parameter
vector V. In five consecutive runs of CGM, the starting point of
the search is placed at the distance of 1%, 3%, 6%, 8%, and 9%
from the optimum solution, respectively. In the first run of
DSM, thefive vertices of theinitial simplex are evenly placed at
the distance of 7% - 11% from the optimum solution. In the
second run of DSM, the vertices of the initiad simplex are placed
around the optimum solution at the equal radius of 10%.
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Figure 7. Fitness function F along the y-axis near the optimum
solution for atruck (top), and for awing (bottom).

Figure 7 shows sample graphs of the fitness function F aong
the y-axis in the vicinity of the optimum solution, for both
objects. In the case of the truck, the function is convex and
sufficiently smooth for evaluating the gradients. The shape of F
becomes closer to parabolic, as the value of the trandation DY
approaches the optimum point. Based on these geometric
properties of the function, one can expect that the derivative-
based CGM would exhibit good performance. On the contrary,
the fitness function of the wing is significantly non-convex.
Only if the point is very near the optimum sol ution, the shape of
F becomes close to parabolic. Consequently, one can expect
that CGM could perform well only if the starting point of the
search would be very close to the optimum.

The reaults of the computational experiments presented in
Tables 1 and 2 support the preliminary arguments. As expected,
CGM shows reasonable stability for the truck object, within the
tested range of 1% - 9% of the placement of the starting point.
The quality of the final solution degrades as the distance
increases: the computed minimum fitness value grows from F*
= 0.00398 at the 1% distance, to F* = 0.00812 at the 9%
distance. In the case of the wing, the performance of CGM
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quickly deteriorates, as the starting point moves away from the
optimum: the computed minimum value of the fitness function
increases from F* = 0.00599 at the 1% distance, to F* =
0.01604 at the 3% distance. The agorithm breaks down and
quickly diverges beyond the 3% distance range.

Truck Wing

1% (3% | 9% [1% | 3% | 9%
Fitness(x10°) [ 398 | 412 | 812 | 599 | 1604 | fail
Iterations 58 101 | 119 | 60 40 fail
Evaluations:
Function 91 132 | 168 | 78 49 fail
Derivative 61 106 | 125 | 63 42 fail
Total 152 | 238 (333 | 141 | 91 fail
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Table 1. Performance of CGM at the initia distances 1%, 3%,
and 9% from the optimum sol ution.

Truck Wing

7% - 10% 7% - 10%

11% 11%
Fitness (x10°) 391 338 253 308
Iterations 40 137 42 127
Evaluations:
Function 46 148 50 139
Derivative - - - -
Total 46 148 50 139

Table 2. Performance of DSM at the initia distance range 7% -
11%, and at theradia distance 10% from the optimum sol ution.

Figure 8. Results of the successful mapping of objects onto
original scenesfor atruck (left), and for awing (right).

The Downhill ssmplex method is not sengitive to the shape of
the fitness function, whether convex or non-convex; it displays
noticeabl e robustness in both the truck and the wing cases. The
algorithm provides good final results when the initial simplex
vertices evenly placed at the 7% - 11% distance, and when the
vertices are initialy placed around the optimum value at the
10% distance. The performance characteristics of DSM are
significantly superior to that of CGM. The computed minimum
values for the truck, F* = 0.00391 and F* = 0.00338, at the 7%
- 11% and the 10% distance range, respectively, are even better
than the value F* = 0.00398 at the 1% distance obtained with
CGM. For the wing object, DSM finds very good optimum
values F* = 0.00253 and F* = 0.00308 during both runs,
whereas CGM fails to obtain any result beyond the 3% initia
distance from the optimum. Moreover, the number of function
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evaluations with DSM in al considered cases is significantly
smaller than the total number of function evaluations obtained
with CGM, eg., 46 at the range 7% - 11%, againgt 333 a the
distance 9%, for the truck object. The correct mapping between
the test images found with DSM is shown in Figure 8.

The results of this group of experiments are clearly in favor of
using direct search methods, particularly the Downhill simplex
method, over gradient-based methods like CGM, as the former
can effectively deal with nonlinear, non-convex, numerically
computed fithess functions that routindy arise in real world
imaging applications.

In the third group of experiments, a modified local search with
the proposed two-phase (random / DSM) cyclic procedure is
compared with the regular DSM procedure described in [23].
The same test set of awing shown in Figure 6 is used, with the
initia placement of the simplex vertices evenly within the 7% -
11% range from the optimum solution. The results presented in
Table 3 show a 32% reduction (from 50 to 34) of the totd
number of fitness evaluations, when the modified algorithm is
used. The optimum value F* = 0.00216 found by the modified
version is even dlightly better than the value F* = 0.00253
found by the regular DSM. These results indicate that the
proposed two-phase modification of the local procedure that
includes cyclic random re-evaluation of the simplex vertices,
alongside with maintaining the record of the visited points in
the smplex neighborhood can speed up the overall convergence
of local search while retaining the high quality of the computed
optimum values.

Regular DSM M odification
Fitness (x10°) | 253 216
Cycles 8 4
Evaluations 50 34

Table 3. Performance characteristics of theregular DSM, and its
two-phase cyclic modification.

The purpose of the last group of experiments is to show how
utilizing image local response can improve the performance of
the local DSM search. The test set includes a 256x256 — pixe
image of a scene, and a236x179 — pixel image of a transformed
object [30], [31]. The object is subject to a partia affine
transformation A defined by the a priori known 5-dimensiona
parameter vector V = {DX, DY, 6, SX, SY}. The transformation
Aincludes therigid body movement and alocal distortion of the
object caused by the different values of the scaling factors SX #
SY. Figure 9 presents the images of the scene and the object, as
well asthe image of the object local response.

A series of 100 runs for the test set is performed, where for each
run the vertices of theinitid DSM simplex are placed a random
in the vicinity of the optimum solution in the following manner.
The value of each component of the vector V for each of the six
vertices is independently drawn at random, with uniform
probability from the (£10%) range of the corresponding domain
centered at the component’s optimum value. For example, the
trandation DX for a 256x256 - pixd image has a domain range
of 0 — 255. Correspondingly, the value of DX for the image is
drawn at random, with uniform probability from the interval
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(40.0 £ 25.5), i.e., from the interval (14.5, 65.5), where DX =
40.0 corresponds to the optimum val ue of the component DX.

Figure 9. Test image of the origina scene (left); the transformed
object (top, right); and the object local response (bottom, right).

The series of 100 runs is performed for the regular (i.e,
constant) values of the DSM coefficients, and for the modified
(i.e, variable) DSM coefficients. The latter are computed
according to Equations (5) and (6), using image local response
as a means to adaptively control the values of the coefficients.
The computed mean values of the search parameters for the test
set over all runs are shown in Table 4. The regular algorithm is
able to find dmost exact parameter values, with the maximum
relative error of 1.85%. The optimum values of the search
parameters obtained with the modified version of the algorithm
are dmost identical (within the round-off error) to the values
obtained with the regular verson. The number of fithess
evaluations for the regular and for the modified versions of
DSM is presented in Table 5 and Figure 10. As one can see, the
fixed values of the DSM coefficients require the most function
evaluations, while the use of the response coefficients in the
local DSM search results in a significant reduction of over 43%
of the number of evaluations. This result clearly indicates that
the proposed modified version of the agorithm utilizing the
variable coefficients to control the search can improve the
algorithm performance, in comparison with the regular version
of DSM.

DX DY (4 SX SY
Regular 40.3 | 160.3 1.58 2.0 15
M odified 40.3 | 160.3 1.58 2.0 15
Exact 40 160 | 1571 2.0 15

Table 4. Mean values of the search parameters computed with
the regular, and with the modified versions of DSM.

Evaluations Reduction Minimum

rate, % fitness
Regular 51 - 0.00235
M odified 29 43.1 0.00257

Table 5. Number of fitness evaluations (mean value), reduction
rate, and minimum fitness values computed for the regular, and
for the modified versions of DSM.
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Figure 10. Number of fitness evaluations over 100 runs, for the
regular, and for the modified versions of the DSM search.

6. CONCLUSIONS

The paper focuses on efficiency of local search in a Hybrid
evolutionary algorithm, with application to optimization
problem encountered in electronic imaging. Although the hybrid
model can significantly improve the overall performance of
evolutionary search, the direct usage of methods of local
optimization as simple plug-ins gives rise to a few performance
problems. One of the problems is related to a noticeable cost of
additional evaluations of fitness function attributed to local
search. Another problem stems from the fact that in red world
imagery, fitness function commonly has an unknown number of
local minima, in which case the computationa resources spent
on exploring the local neighborhood of a particular chromosome
will be wasted if the chromosome happened to belong to one of
such local minima The third problem is associated with the
actual distance from the investigated chromosome to the global
optimum solution: the distance might not be sufficiently small
for the local search to successfully take off and descend to the
minimum point.

Computational performance of local search can be potentially
improved by applying the following techniques:

e Using direct vs. gradient-based methods, in order to
accommodate shape irregularities of fitness function arising in
real world imaging applications,

e Adding randomness to a chosen local procedure and
periodically re-positioning the search, in order to prevent its
convergence to a sub-optima solution,

e Creating a tree-like structure of local neighborhoods, and
engaging memory bookkeeping operations, in order to keep
track of the used search space,

e Using cyclic vs. complete local search, in order to cut down
on excessive computational cost of local operations, when a
chromosome is discarded at alater stage of the global search,

e Incorporating image response andysis, in order to provide
the agorithm with a means by which it can autonomously
derive problem-specific knowledge and speed up the solution.

A procedure of atwo-phase cyclic local search is proposed that
incorporates the aforementioned techniques, and improves the
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computational performance of local search in imaging
optimization with HEA. The agorithm maintains a global list of
the fittest chromosomes whose neighborhoods are subject to
local search. A random search is performed in the neighborhood
of each chromosome in the list, with the radius of the
neighborhood and the number of the selected neighbors
computed as linear functions of time. During the second phase,
local search is refined using the Downhill simplex method. To
reduce a potential waste of computationd resources, DSM
performs only a specified number of complete cycles during
each call. At regular time intervals, local search switches from
DSM back to the random search. Periodic alternating the
random and the DSM search continues until either the DSM
search successfully terminates, or the chromosome is replaced
with afitter one found by the global evolutionary search.

Engaging image local response helps further reduce the tota
computational cost of the additiona fitness evaluations
attributed to the local DSM search. Image local response defines
a contraction transformation applied to the vector of the DSM
coefficients, in order to adaptively control the shape and the
movement of the simplex. The transformation adjusts the length
of the vector and, correspondingly, the step size of the simplex
movement to the properties of the local fithess landscape.

A series of computational experiments with 2-D grayscale
images provide support for the proposed approach. A noticeable
reduction of computational cost results from incorporating the
techniques described in the paper into the global evolutionary
procedure. Moreover, the quality of the fina solution does not
degrade, in comparison with conventional methods.
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