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Abstract 

IMPROVING THE PERFORMANCE OF EVOLUTIONARY ALGORITHMS IN 

IMAGING OPTIMIZATION 

By 

Igor V. Maslov 

 

Advisor: Professor Izidor Gertner 

 

This research applies Evolutionary algorithms (EAs) to the task of finding a proper 

mapping between geometrically distorted images, which arises in applications like image 

registration and object recognition. The task is formulated as an imaging optimization 

problem of minimizing the difference between the images. The objective of the research 

is to improve the computational performance of EAs in imaging optimization, by 

developing a fairly general approach based on a broader hybridization of EAs with the 

following techniques. 

• Augmenting EAs with local optimization technique, in the form of a two-phase 

(random/direct) cyclic search procedure reducing the excessive computational 

cost of local search. 

• Utilizing a frontal algorithm of forming new population assuring its diversity, and 

restoring the fair and effective usage of the search space disrupted by evolutionary 

operators. 
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• Utilizing Image local response which directly extracts the main shape features; 

reduces the computational cost of fitness evaluation; and provides an efficient 

image model for adaptive local search, reduction of parameter space, and multi-

sensor image fusion.  

• Introducing an advanced image model which reduces the amount of processed 

information, and includes the following steps: computing Image response, 

building response histogram, decomposing image into sections, decomposing 

sections into quadtrees, and defining the main shape feature, a hull. 

• Representing the sought image mapping as a piece-wise affine transformation 

allowing for significant mutual distortion of the compared images, so that 

different image sections have their respective local affine transformations. 

• Organizing image sections in a tree-structure which is processed in a hierarchical 

top-to-bottom manner, with local transformations of parental sections serving as 

initial approximations for local transformations of the offspring. 

• Utilizing multiple aligned populations aimed at increasing the coherence and 

robustness of the mapping during simultaneous processing of multiple views. 

• Utilizing multi-objective optimization, where different fitness functions are 

processed at the different computational stages, thus increasing the confidence of 

the search. 

• Implementing optimization search as two consecutive passes. During the first 

pass, global optimization seeks for a proper mapping of the image hull. During 

the second pass, the hull transformation is used as an initial solution for the final 

piece-wise optimization. 
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Chapter 1: Introduction 

1.1. The Main Objectives of Research and Organization of the Thesis 

Computerized processing of visual information obtained in traditional optical, thermal, or 

electronic form is an essential part of many scientific, technical, industrial, military, and 

other real­world applications. Large group of computerized visual applications including 

remote sensing and photogrammetry, industrial control, medical imaging, computer and 

robotic vision, multi­sensor fusion, and security and defense have to deal, in one way or 

another, with the problem of automated or semi­automated mapping between different 

images of the same object or a scene, when images might distorted by some geometrical 

transformation(s). A plethora of computer­aided models, methods, and algorithms have 

been developed ranging from rather general approaches like correlation, mutual 

information, and artificial neural networks, to numerous ad­hoc methods and techniques 

designed for a particular type of imagery, or specific transformation. However, 

continually growing complexity of imaging problems and necessity to deal with 

continuously changing dynamic and uncertain information put higher demands on the 

existing systems of processing visual information, and expose their limitations and 

frequent inefficiency, in terms of both, the processing time, and the ability to solve large­ 

scale problems. 

Facing the growing challenges of the real­world imaging applications, researchers turn 

their attention to new methods that are capable of autonomous adjustment and self­ 

adaptation to the volatile inputs and tasks. One of the powerful and versatile among such
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methods is a family of Evolutionary algorithms (EAs) – heuristic­based global search and 

optimization methods that have found their way into almost every area of real­world 

applications. Make a note that throughout this work, the term Evolutionary algorithm(s) 

is used in its broad sense, as a reference to the multiplicity of methods and algorithms, 

originally based on the principles of natural evolution. The algorithms have three 

principal advantages over other computational methods: 

•  EAs use inherently parallel processing of information; 

•  EAs are efficient in conducting global search in a large multi­dimensional 

parameter space; 

•  EAs are highly tolerant to non­linearity, non­continuity, and irregularity of the 

objective function. 

In order to use Evolutionary algorithms, the original problem of image mapping has to be 

reformulated as an optimization problem. The term imaging optimization in this thesis 

refers to the broad problem of the mapping (i.e., geometrical transformation) of different 

and possibly distorted images of the same object or scene onto a common reference 

system, formulated as an optimization problem of minimizing the difference between the 

images subject to the mapping. Such problem is an essential part of many practical 

imaging applications, e.g., image registration, object and target recognition, pattern 

recognition, scene interpretation, multi­sensor fusion, and content­based image retrieval. 

Analysis of the state­of­the­art in the Evolutionary algorithms, on the one hand, and its 

comparison with the range of the practical imaging optimization problems solved with
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EAs, on the other hand, shows significant gap between the two. While the current status 

in the EAs theory and methodology includes a broad variety of advanced models and 

techniques, the majority of the practical imaging applications use the basic, classical 

models of the main representatives from the EAs family. The classical EAs have proven 

inefficient in many practical applications, including some of the problems related to 

image processing. However, the implementation of advanced methods that go beyond the 

classical models requires an in­depth understanding of the morphological development of 

Evolutionary algorithms, as well as a fairly comprehensive analysis of their recent trends 

and advances. 

Challenges in solving complex real­world imaging optimization problems, and the 

shortcomings of the EAs models currently used to solve these problems, suggest the 

overall objective of this research: it attempts to analyze the potential use of modern 

advances in Evolutionary computations for solving practical problems encountered in 

imaging optimization. In particular, the research attempts to achieve the following 

objectives: 

•  develop and analyze a range of models, algorithms, and techniques implementing 

advanced concepts of Evolutionary algorithms, which can improve their 

computational performance in imaging optimization; 

•  design a fairly general approach based on a broader hybridization of EAs with a 

range of other advanced models, algorithms, and techniques, for solving a larger 

spectrum of imaging optimization problems.
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Although the strong emphasis of this research is on the practical aspects of the EAs 

implementation, including specific and detailed models, algorithms, and techniques, the 

practical aspects are discussed from the perspective of the development of a unified 

platform for solving a variety of imaging optimization problems, rather than from the 

standpoint of the details of a particular application, e.g., image registration, or object 

recognition. This approach emphasizes the generality of the developed models, 

algorithms, and techniques, across different applications of imaging optimization. 

With respect to the stated objectives of the research, the organization of this work is as 

follows. The rest of the introductory Chapter 1 gives the statement of the imaging 

optimization problem, together with a brief comparative overview of three candidate 

methods for solving the stated problem – Simulated annealing, Tabu search, and 

Evolutionary algorithms. 

Chapter 2 provides a brief overview of computational methods commonly used in various 

imaging optimization applications, such as image registration, object recognition, and 

content­based image retrieval. In particular, correlation techniques, mutual information, 

cross entropy, iterative closest point algorithm, and artificial neural networks are 

discussed. 

Chapter 3 gives a detailed insight into morphological development and the state­of­the­ 

art in Evolutionary algorithms, including both theoretical concepts and their practical
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implementations, in a variety of applications. In particular, an overview of EAs in solving 

real­world imaging optimization problems is given. 

Chapter 4 starts with computational experiments demonstrating unsatisfactory 

performance characteristics of the classical version of Evolutionary (in particular, 

Genetic) algorithm. The concept of hybridization of EAs in a broader sense, with other 

computational techniques is discussed in detail. In particular, various local optimization 

techniques are analyzed; parameter space bookkeeping during mutation is introduced; 

and providing the algorithm with the essential information about images, in the form of 

partial image evaluation, is discussed. 

Chapter 5 introduces a fundamental concept of Image local response, and discusses its 

use for improving the performance of EAs, including selective fitness evaluation, 

adaptive local search, adaptive selection and crossover, and multi­sensor fusion. 

Chapter 6 proposes a general platform for solving a broader spectrum of imaging 

optimization problems, which employs multiple populations, multiple optimization 

objectives, and piece­wise affine transformation of the distorted images subject to the 

mapping. The algorithm is illustrated on three sample computational problems: human 

body registration, 3­D object recognition in the 2­D space, and elastic registration of 

medical images.
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Chapter 7 concludes this work with the summary of the findings and brief discussion of 

the potential directions of further research. 

1.2. Statement of Imaging Optimization Problem 

A few problems encountered in imaging applications can be formulated in a unified 

manner, as a global optimization problem. These problems include image registration, 

object recognition, multi­sensor fusion, and content­based image retrieval. Image 

registration is commonly used in such areas as remote sensing, industrial control, and 

medical imaging applications. The problem is stated as follows. Given two images, a 

reference image Img0, and a test image Img1 subject to registration, geometrical 

transformation has to be found that correctly maps the points of Img1  into corresponding 

points of Img0. Object recognition is a common task in such areas as computer and 

robotic vision and automatic target recognition. It can be stated as the problem of finding 

a particular object having a signature (i.e., image) Img1, in a scene Img0 that might 

contain many different objects. In multi­sensor fusion, images obtained from different 

sensors have to be mapped into a common reference system. In content­based image 

search and retrieval, a task arises of finding the original scene Img0  in a large image 

database, such that Img0 contains a particular object Img1, called a query image. 

All aforementioned imaging problems essentially look for a proper transformation A that 

would provide a “good” match between the corresponding points of the images Img1 and 

Img0. If Img1 and Img0 are 2­dimensional grayscale images, then one simple and 

straightforward way to evaluate the quality of the match is to compute the difference
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between the pixel values of the images, after the transformation A has been applied to one 

of them (e.g., Img1). The minimum value of the difference would indicate a potential 

match between the images, with the corresponding optimum values of the parameters 

defining the transformation A. 

Without loss of generality, as an example, one can consider an affine transformation A 

that includes image translation, rotation, and non­isotropic scaling. Then, the transformed 

vector p' = {x',y'} T of the coordinates p = {x,y} T of the pixel P∈ Img1 can be found as 

p' = A(p) = SRp + T,  (1.1) 

where the matrices S, R, and T  denote scaling, rotation, and translation, respectively [12]. 

For example, for a 2­dimensional image Formula (1.1) becomes 
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where SX and SY are the scaling factors along the x­ and y­axes, θ is the rotation angle, 

and DX and DY are the translations along the  x and y axes [12]. Make a note that the 

matrices R and T correspond to the rigid body transform, while the matrix S describes the 

local distortion of the image when the scaling factors are non­isotropic, i.e., SX ≠ SY. 

Transformation A in Equation (1.1) can also be written in a 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 distortion) of 

the object, as follows: 

A(p) = LG1 p + G2,  (1.3)
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where L is the local transformation caused by the matrix S of the non­isotropic scaling, 

G1  is the part of the global transformation G due to the object rotation defined by the 

matrix R, and G2  is the part of the global transformation G due to the translations along 

the x and y axis defined by the matrix T. 

The problem of finding the correct transformation A in (1) can be formulated as the 

problem of finding a feasible vector of parameters V* = {DX, DY, θ, SX, SY} minimizing 

the difference F between the images Img1 and Img0, such that 

A*(V*) = arg min (F(V)), or F(V) > F*(V*),  for all V ≠ V*.  (1.4) 

One direct and frequently used way to measure the difference F between the images is to 

compute the squared difference of the gray values of the two images, over the squared 

area of their overlap, i.e., 

2 

2 
0 1  )) , ( ) ' , ' ( ( 

Ω 

∑ − 
= Ω 

Y X g Y X g 
F  ,  (1.5) 

where g1(x',y') and g0(x, y) are the gray values of the images Img1 and Img0, respectively, 

and Ω is the area of their overlap [12]. 

In imaging applications, the difference measure F defined in (1.5) is a nonlinear function 

that does not have a closed analytical form, and has to be computed numerically for every 

trial parameter vector V. In the case when the reference image Img0 might be a complex, 

cluttered, and noisy scene, and the object shape corresponding to the image Img1 might 

be significantly distorted by the transformation A, the problem (1.4) ­ (1.5) turns into a
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nonlinear, multimodal global optimization problem, where the correct global solution can 

be obscured by multiple deceptive local solutions. If there is no prior information 

available about the images, the search space of potential solutions becomes so large that 

the brute force approach becomes intractable. The classical optimization techniques fail 

due to the presence of multiple local minima, and in general case, a non­convex shape of 

the nonlinear function F. Stochastic optimization methods have proved to be efficient 

approach to solving this kind of problems [30]. Among stochastic methods, three 

representatives ­ Simulated annealing, Tabu search, and Evolutionary algorithms, – 

received a good deal of attention in practice and research. 

1.3. Stochastic Global Optimization Methods in Imaging Optimization 

This section discusses the algorithms and computational performance of three powerful 

stochastic methods of global optimization, Simulated annealing, Tabu search, and 

Evolutionary algorithms. All three methods have been developed to find the globally 

optimal solutions in problems that might contain multiple local minima. Optimization 

problems of this kind are significantly more difficult than linear problems that can be 

solved by the means of linear programming. 

1.3.1. Simulated Annealing 

Simulated annealing (SA) uses the global search strategy that helps algorithm climb out 

of a local minimum, and continue the search toward the global optimum solution [124]. 

The strategy draws on the observation of physical processes that occur in cooling solids, 

after they first have been heated to a liquid state. If the cooling schedule is slow enough,
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it leads to the minimal energy state, and the formation of crystals. The algorithm starts at 

the chosen initial position V0  in the search space, with the initial temperature T0. From the 

current position V0, the algorithm picks the next position V in the random direction with 

the step size SV, using the uniform probability distribution. The difference ΔF between 

the new, F(V) and the current, F(V0) values of the function F is computed and tested for 

the acceptance. If ΔF < 0, i.e., the new position V is better than the current position V0, 

the algorithm accepts V and moves to the new position. If ΔF > 0, i.e., the new position V 

is worse than the current position V0, the algorithm evaluates the probability of the 

acceptance of V using the Boltzmann probability distribution 

p = e (–ΔF / kT)  ,  (1.6) 

where k is Boltzmann’s constant, and T is the current temperature (initially, equals T0) 

[124]. If p > r, where r is a number picked at random, with the uniform probability, from 

the interval (0, 1), then the new position is accepted. If p < r, then the position V is 

rejected, and the algorithm continues its search for a new position in the search space. 

When the algorithm falls into a local minimum point, it is the occasional acceptance of 

the position that is worse than the current local minimum, that makes the algorithm climb 

up the local hill and continue the search for a better (hopefully, the global) optimal 

solution. As the algorithm progresses, and the temperature decreases, the probability p is 

changing. The lower the temperature, i.e., the closer the system to its equilibrium state, 

the lower is the probability of climbing uphill. 

The algorithm proceeds until no further movement is possible, i.e., the system has 

achieved the frozen equilibrium state, or until the number of the outer iterations has
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exceeded the allowed maximum value Omax. The success of the algorithm significantly 

depends on the value of Boltzmann’s constant k, as well as on the cooling schedule. The 

latter is defined by the following parameters: 

•  initial temperature T0, 

•  maximum number of inner iterations Imax allowed at a given temperature, 

•  maximum number of position modifications Mmax allowed at a given temperature, 

•  rate RT at which the temperature decreases. 

1.3.2. Tabu Search 

Tabu search, also known as adaptive memory search, modifies an existing heuristic 

search by keeping a list of points in the search space that were most recently visited by 

the search algorithm [46]. These points then become tabu for the algorithm, i.e., these 

points are not allowed to be re­visited, as long as they are present on the list. This 

modification allows the search algorithm to eventually climb up out of the local 

minimum. Tabu search reportedly requires less computation than Simulated annealing, 

while providing similar, or even better results. 

1.3.3. Evolutionary Algorithms 

The family of Evolutionary algorithms belongs to the category of global search and 

optimization methods, and is inspired by the principles of natural evolution and genetics, 

in particular, by Neo­Darwinian theory of evolution [4, 66, 111]. The algorithms draw 

from observations of physical processes that occur in nature, and attempt to mimic them 

in the artificial computational environment. By and large, EAs have winning points over
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traditional optimization techniques in solving nonlinear, non­convex, non­separable, 

discontinuous, non­differentiable, multimodal, noisy, and other computationally hard 

real­world problems, where traditional methods frequently fail or perform poorly. 

Following the analogy with living organisms, the algorithms use the term chromosome to 

denote a single candidate solution to an optimization problem. Smaller blocks that 

constitute the solution are called after biological genes. In multidimensional optimization, 

a chromosome represents the vector of parameters that constitute a potential solution, 

while a gene is a single component of the vector. In particular, this work interprets the 

vector of the sought image transformation parameters V as a chromosome, whose genes 

are the individual components DX, DY, etc., of the vector V. Unlike most traditional 

iterative optimization methods that work with a single potential solution, Evolutionary 

algorithms work with the population of solutions (i.e., chromosomes, or parameter 

vectors), concurrently evaluating and comparing the quality of all solutions in the 

population. 

In natural evolution, the success of the living organism’s adaptation to the environment is 

measured by the organism’s fitness. In Evolutionary algorithms, fitness analogically 

serves as the measure of the quality of the potential solution, and typically corresponds to 

the objective function of the optimization problem, or some form of its surrogate. In 

particular, the image difference F defined in (1.5) can play the role of fitness that 

evaluates the quality of every individual chromosome.
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Following the analogy with natural evolution, Evolutionary algorithms attempt to solve 

the optimization problem by searching for fitter chromosomes (i.e., parameter vectors) 

that have smaller (in the minimization problem) or larger (in the maximization problem) 

fitness values. In the particular problem of finding the parameter vector V* of the 

transformation A* minimizing the image difference F defined in (1.5), the classical elitist 

version of Evolutionary (in particular, Genetic) algorithm works as shown in Figure 1.1. 

Figure 1.1: Search strategy of the classical elitist Evolutionary algorithm 

The algorithm starts with the initial population PI of chromosomes, or parameter vectors 

Vi, where i = 1,…, NP, and NP  is the size of the population. Each of the components
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(genes) DXi, DYi, etc., can take on its value from a generally large domain, which makes 

the task of building the population from all possible combinations of the components 

intractable. For example, for 256×256­pixel image with a possible range of the rotation 

angle θ = 0° ­ 360°, at the step size of 1°, and a range of the scaling factors SX and SY 

between 1 and 5, at the step size of 0.1, the total number of possible combinations of the 

components is 256×256×360×40×40 = 37,748,736,000. It means that the exhaustive 

search over all possible parameter vectors would require the total population of 

37,748,736,000 chromosomes. Since in reality, the size NP of the population is limited, 

due to the limited computational resources, the value of each component forming the 

chromosome V is drawn independently, at random from the domain of all possible 

component values. 

Every chromosome V specifies a particular position (e.g., the values of translations, 

rotation, and scaling factors) of the object Img1, in relation to the scene Img0. The quality 

of the chromosome is defined via the distance D from its current position in the search 

space to the optimum point indicating the exact match between the images Img1 and Img0 

of the same object. The distance D evaluates the chromosome’s fitness value, and is 

defined in (1.5) as the difference F between the two images. After the fitness value has 

been computed for every chromosome in the population PI, parental chromosomes are 

selected to form the next generation, in such a way that the probability of the 

chromosome to become a parent is somewhat inversely proportional to its fitness value. 

The selection strategy, therefore, favors chromosomes with lower fitness values 

constituting smaller differences between the images.
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1.3.4. Comparative Performance of Stochastic Optimization Methods 

In order to evaluate the performance of the three aforementioned stochastic algorithms, 

computational experiments are conducted for two synthetic images modeling sensor 

readings, in accordance with the following Formula [12]: 

g(x,y) = 100.0 + (­40x + 45y ­ 0.003xy + 0.02xx ­ 0.01yy ­ 20y sin(x/18) 

+ 35y cos(y/29) ­35 sin(x/4 ­ y/12) + 12x cos(xy/100))/100.  (1.7) 

The simulated sensor readings Img0 and Img1 shown in Figure 1.2 are two overlapping 

256×256­pixel grayscale noisy images. The second (template) image Img1  is displaced by 

DX = 91, DY = 91 from the center of the first (reference) image Img0, and rotated by θ = 

2.74889 radians (157.5°). Figure 1.3 shows the known exact solution, with the 

overlapping area for both images. 

Figure 1.2: Synthetic sensor readings: reference (left) and template (right) images 

The parameter vector V defining the problem includes translations DX and DY; and 

rotation angle θ between the images. The objective function F is defined as the squared 

difference between the pixel values, over the squared area of the overlap of the two 

images – see Formula (1.5).
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Figure 1.3: Overlapping areas for the exact solution: reference (left) and template (right) 

images 

A weighted Euclidean distance δ between the approximate and exact solutions is used to 

measure the accuracy of the algorithm, i.e. 
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where ∆(DX), ∆(DY), and ∆(θ) are the differences between the approximate and exact 

values of the components DX, DY, and θ. 

In the Simulated annealing search, one of the six neighboring points (±1 pixel in the x 

direction, ±1 pixel in the y direction, and ±1° rotation θ) is chosen at random from the 

current position in the search space. The difference between the values of fitness function 

at the current and new points is computed; it is used to evaluate the probability that the 

new position will be accepted, at the current value of the system temperature. The 

probability of the acceptance is given by the Boltzmann distribution. The initial value of 

the temperature T is set at 1.1. The search continues at the same temperature T for either 

5120 iterations, or until 512 positions have been tested, at which time the value of T is 

decreased by 5%. The temperature gradually decreases until no transitions are possible,
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so the system remains frozen. Since this condition occurs only when ∆F is positive for all 

neighboring points, the attained position in the search space must be either a local, or the 

global minimum. 

The implementation of the Tabu search starts with all parameters set to zero, and relies on 

a “greedy” heuristic, in order to find the next position (i.e., the parameter vector) in the 

search space. The search can move one pixel in the x direction, one pixel in the y 

direction, or rotate by one degree. The algorithm uses the image difference function F to 

evaluate the quality of the match of the two images, for each of six options (positive and 

negative values of DX, DY, and the value of θ). The search moves on to the next position, 

in the direction of the decrease of the value of the function F. After a position in the 

search space has been visited (i.e., the fitness value at this position has been evaluated), it 

is placed on the tabu list. The particular implementation of the Tabu search in these 

experiments uses an infinite tabu list. 

Those positions in the search space that have been placed on the tabu list are excluded 

from the future evaluation, by setting the corresponding function value to a very large 

number. As each position in the search space is visited, the corresponding value of the 

function F is compared with the smallest value from the list of the parameter vectors that 

have already been visited, up to date. If the current value of F is smaller, the parameter 

vector now becomes the best candidate for the optimal solution. Since no well­defined 

termination criteria for Tabu search exist, and the only way to guarantee that the global 

minimum for the objective function has been found, is through an exhaustive search of
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the entire search space, a preset maximum number of iterations 400 are used in these 

experiments. 

The elitist reproduction scheme of the classical Evolutionary algorithm is used in these 

experiments. Under the elitist reproduction scheme, a certain number of chromosomes 

(20% here) with the best fitness values form the population of P = 133 are directly copied 

into the next generation, without undergoing crossover or mutation. The majority (77% 

here) of the rest of the new generation is formed by performing crossover between the 

chromosomes of the current population selected into the mating pool as follows. Each 

chromosome is assigned the probability of being chosen for the mating pool, based on the 

corresponding value of the fitness function F. Chromosomes with better values are more 

likely to be chosen. The mating pool is constructed by choosing chromosomes from the 

current population, according to the roulette wheel selection. 

The next generation of chromosomes is formed by mixing (by means of the single­point 

crossover operation) the components of two parental chromosomes picked at random 

from the mating pool. The crossover probability is set here to pc = 1, i.e., every selected 

parental pair is subject to crossover. The chromosome is split for crossover at a randomly 

chosen breakpoint, with all genes having equal probability of being chosen as the 

breakpoint. A small amount of mutation (3% here) exists in the system, where one 

parental gene is picked at random, and replaced with a random value from the 

corresponding parameter domain.
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The results of the Simulated annealing run are presented in Table 1.1. The search starts 

from the center of the reference image. The algorithm eventually falls into a local 

minimum, and cannot climb out for the next 10 outer iterations. The search is terminated 

at the point DX = ­56, DY = 14, θ = ­0.27925, with the relative error δ = 0.12426 – see 

Table 1.1. 

Outer iteration  DX  DY  θ  Error δ 

0  ­26  28  ­0.08727  0.2625 

20  ­24  20  ­0.48869  0.22052 

40  ­24  20  ­0.48869  0.22052 

60  ­60  19  ­0.33161  0.129 

80  ­57  18  ­0.31416  0.12573 

100  ­56  14  ­0.27925  0.12426 

Exact solution  91  91  2.74889  0 

Table 1.1: Results of the Simulated annealing run 

Tabu search also starts from the center of the reference image. Since the algorithm does 

not have a well­defined terminating point, it is run until the error and parameter vector 

remained unchanged over 100 consecutive iterations. As one can see from the data shown 

in Table 1.2, the algorithm finds a local minimum point after 96 iterations, and cannot 

climb out from that point for the next 100 iterations, after which the search is terminated. 

The final solution DX = ­6, DY = 14, θ = 6.00393, with the error δ = 0.12426, is located 

substantially away from the exact solution DX = 91, DY = 91, θ = 2.74889.
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Iteration  DX  DY  θ  Error δ 

0  ­1  0  0  0.33649 

50  ­51  0  0  0.17718 

100  ­56  14  6.00393  0.12426 

150  ­56  14  6.00393  0.12426 

196  ­56  14  6.00393  0.12426 

Exact solution  91  91  2.74889  0 

Table 1.2: Results of the Tabu search run 

The elitist Evolutionary algorithm is terminated after 400 iterations; it shows a 

comparatively fast convergence to the global optimal solution – see Figure 1.4. The 

algorithm nearly reaches the global minimum point at iteration 54, with the parameter 

vector V* = {89, 84, 2.78081}. The minimum fitness value at that point is F* = 0.062, 

and the weighted Euclidean distance from the exact solution is δ = 0.086. During the 

evolutionary search, the process first reaches a local minimum point at iteration 9, with 

the parameters DX = ­34, DY = 73, θ = 2.78081, and the minimum fitness value F = 

0.14062. It stays at approximately same level until iteration 45. The detailed analysis of 

the changes in the chromosome pool between the iterations helps explain why the stall 

occurs. Figure 1.5 shows the distribution of the fitness values in the chromosome pool 

across several iterations. Once a locally optimum parameter vector finds its way into the 

replication pool, it tends to propagate through the entire pool, as the result of a biased 

selection and multiple crossover operations. Only mutations performed on the reserved
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fraction of the chromosome pool help maintain the diversity of the population, and 

prevent the search from being trapped at a local minimum point. 
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Figure 1.4: Performance of the elitist Evolutionary algorithm 

1.3.5. Conclusions on Comparative Performance Analysis 

The  comparative  analysis  of  the  computational  performance  of  Simulated  annealing, 

Tabu  search,  and  classical  Evolutionary  algorithm  allows  to  make  the  following 

conclusions. 

Both, Tabu search and Simulated annealing can be considered most efficient  in  finding 

the optimal position in the search space when the starting point  is  located fairly close to 

that position. Both algorithms perform poorly when the search starts at a relatively distant 

point from the global optimum; they tend to trap themselves in one of the local optimal 

points.  Starting  from  the  image  center,  the  Simulated  annealing  run  stalls  at  a  local 

minimum point V = {­56, 14, ­0.27925}, and the Tabu search stalls at a point V = {­6, 14,
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6.00393}. Both solutions are substantially distant from the global optimum V* = {91, 91, 

2.74889}. 
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Figure 1.5: Fitness distribution in the chromosome pool over iterations 

The classical elitist Evolutionary algorithm shows a fairly high performance in the global 

search; it reached a nearly global optimum V = {89, 84, 2.78081} after 54 iterations. One 

of  the  strong  points  of  the  algorithm  is  that  it  covers  the  entire  search  space  at  once, 

randomly (or heuristically) scattering and mixing the probe points. In general, however,
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due  to  the  inherent  discrete  character,  the  algorithm  cannot  reach  the  exact  optimal 

solution while coming fairly close to it. 

1.4. Summary 

A fairly large group of visual applications relies on solving the problem of automated or 

semi­automated mapping between different  images of  the same object or a scene, when 

images might be distorted by some geometrical transformation(s). Imaging optimization 

formulates the image mapping problem as a global optimization problem of minimizing 

the  difference  between  the  images  subject  to  the  mapping,  with  an  image  difference 

playing a role of the objective function. The classical optimization techniques applied to 

imaging optimization often fail due to a nonlinear, multimodal, and non­convex character 

of  the  objective  function,  while  stochastic  optimization  methods  provide  a  powerful 

alternative  in  solving  this  type  of  problems.  Comparative  test  runs  of  three  powerful 

stochastic  methods  ­  Simulated  annealing,  Tabu  search,  and  the  classical  elitist 

Evolutionary algorithm, ­ on a simple  imaging optimization problem,  show the superior 

performance of Evolutionary algorithm. 

In many visual applications involving imaging optimization, the time required to obtain a 

solution  is often a critical matter. Although  the classical Evolutionary algorithm allows 

one to find the global optimum point in the parameter space, the computational time can 

be substantially large. Investigating the means of hybridization EAs with other advanced 

computational models,  algorithms, and techniques that can potentially  improve  the EAs 

performance in imaging optimization, is the main objective of this research.
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Chapter 2: Overview of Common Methods of Image Registration, 
Object Recognition, and Content-Based Image Retrieval 
 

2.1. Image Registration 

Image registration is an essential part of many image processing and computer vision 

applications, including medical imaging, industrial control, remote sensing, 

photogrammetry, security and defense, arts, and many others. Image registration 

integrates images obtained from different views of the same scene or the same object. All 

images have to be placed into the same reference framework, i.e., properly aligned. The 

registration procedure can be manual or semi-automated; in both cases, it includes 

intervention of a human operator. A certain number of salient points (called control 

points) identified by the operator are selected, in order to place the images into 

correspondence with each other. This type of registration is called landmark-based, or 

control-point-based.  

 

The obvious drawbacks of the landmark-based registration techniques are the required 

human participation, and often a limited accuracy of registration related to human factors. 

From the point of view of automation, more interesting is an alternative approach based 

on extracting all relevant registration information directly from visual image content. 

Content-based registration involves either processing the raw pixel data, or processing the 

information obtained from a dual image representation in the feature space.  



 25

2.1.1. Traditional Two-Dimensional Registration  

A number of approaches have been developed for 2-dimensional (2-D) registration of 

images subject to similarity transformation defined by translation, rotation, and isotropic 

scaling as follows: 
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where the point p’(x’,y’) in the reference image corresponds to the point p(x,y) in the test, 

or template image, S is the scaling factor, θ is the rotation angle, and DX and DY are the 

translations of the test image, in relation to the reference image [12]. Commonly used 

methods of 2-D registration of images under the similarity transformation include cross 

correlation of the images in the spatial domain [82, 127, 134, 162], Fourier-based 

correlation [15, 23, 81, 92, 96, 147, 172], mutual information [20, 62, 69, 100, 119, 122, 

152, 166, 167, 168, 173], and minimization of cross entropy [14]. 

 

In the conventional cross correlation between images, the template image ImgT is 

compared against the reference image ImgR in such a way that the image feature F in the 

template image has to be aligned with the corresponding image feature F in the reference 

image. The search window W scans over the image ImgT, in order to compute normalized 

correlation function c(DX,DY) between the images for every position O(DX,DY) of the 

window W [134]. The maximum value of the function c(DX,DY) corresponds to the 

position of the search window at which the feature F is properly aligned, i.e., the template 

image ImgT is correctly registered with the reference image ImgR. 
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When images have large dimensions, finding cross correlation for different values of 

parameters defining image transformation becomes computationally expensive. Fourier-

based correlation carried out in the frequency domain utilizes the high computational 

efficiency of the Fast Fourier Transform (FFT), and can significantly speed up (by the 

order of magnitude) computing the correlation function [147]. Another advantage of 

Fourier-based correlation is its higher robustness to varying noise and illumination, in 

comparison with the classical cross correlation.  

 

Fourier-based correlation uses Fourier shift theorem and the fact that the peak of the cross 

power spectrum of two images is located at the point of their correct alignment [118]. 

The cross correlation of the images in the spatial domain turns into multiplication of their 

Fourier transforms in the frequency domain. If FR (u,v) = Φ(gR (i,j)) is the Fourier 

transform of the image ImgR, FT (u,v) = Φ(gT (i,j)) is the Fourier transform of the image 

ImgT, and Fc (u,v) = Φ(c(DX,DY)) is the Fourier transform of the correlation function 

c(DX,DY), then the following relationship holds: 

Fc (u,v) = FR (u,v) × FT
* (u,v) ,    (2.2) 

where FT
* (u,v) is the complex conjugate of the transform FT (u,v), and u and v are the 

variables in the frequency domain [118]. The original correlation function can be 

obtained [118] by taking the inverse Fourier transform Φ-1, i.e. 

c(DX,DY) = Φ-1 (Fc (u,v)) = Φ-1 (FR (u,v) × FT
* (u,v)) .  (2.3) 

 

When images are subject to rotation and scaling, in addition to translation, usually an 

exhaustive search is performed in the space of all possible parameter values, in order to 
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find the maximum value of the correlation function corresponding to the correct mapping 

of the images. For example, the first correlation peak can be found by varying the 

translation parameters, and the second correlation peak can then be found by varying the 

rotation angle. The accuracy of the correlation results degrades with the increasing values 

of the rotation angle and scaling factor.  

 

The use of the conventional cross correlation and Fourier-based correlation as registration 

techniques is limited to the cases where: 

• images are subject to similarity transformation that includes translation, rotation, 

and isotropic scaling, and excludes a noticeable distortion of the images; 

• space of all possible geometric transformations is relatively small, which allows 

for conducting an exhaustive search for the proper values of transformation 

parameters, with the acceptable level of accuracy. 

 

In many real-world applications, images are often subject to distortion, and registration 

has to be performed for some type of transformation, i.e., affine or perspective. Cross 

correlation fails to align images when they undergo distortion, in addition to the affine 

transformation. In order to demonstrate the behavior of cross correlation for the original, 

undistorted and distorted images, the computational experiments are conducted on the 

test images shown in Figure 2.1 [76]. 

 

The reference image ImgR (Figure 2.1, left) is a 2-D grayscale 256×256-pixel image, with 

256 possible gray values ranging from 0 to 255, where 0 corresponds to black, and 255 to 
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white. The undistorted template image ImgT (Figure 2.1, right) is a 2-D grayscale 

100×100-pixel image obtained by cropping the central portion (i.e., the region of interest) 

from the reference image. The center of the template image has coordinates x = 130, y = 

130, i.e., the image ImgT is subject to the translation defined by the parameters DX =  

DY = 130. The correct location of the template image is shown with a black colored box 

in the reference image. 

 

 

Figure 2.1: Reference image (left) and undistorted template (right) of a palm tree 

 

The results of the cross correlation between the images ImgR and ImgT are shown in 

Figures 2.2 and 2.3. The 3-D plot of the correlation function c(DX,DY) in Figure 2.2 has a 

peak corresponding to the correct mapping between the images. The left image in Figure 

2.3 is a 2-D image of the correlation function, and the right image is the corresponding 

binary version of the correlation function obtained after applying the cut-off threshold of 

c(DX,DY) = 0.95.  Location of the test image in the reference image is shown with a 

colored box. As one can see, the cross correlation finds the correct parameter values DX 
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= DY = 130, corresponding to the maximum value of the correlation function c(DX,DY) = 

1.0.  

 

 

Figure 2.2: Correlation peak corresponding to the correct mapping between the reference 

image and the templates  

 

 

Figure 2.3: Cross correlation between the reference image and the undistorted templates 

 

Figure 2.4 shows two distorted versions of the template image, where the distortion is 

achieved by stretching the image along the x axis (Figure 2.4, left), and along the y axis 
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(Figure 2.4, right), with the ratio 2:1. As shown in Figure 2.5, the cross correlation fails to 

align the reference and template images, when the latter has undergone the stretching 

distortion. The maximum value of the correlation function in this case does not 

correspond to the parameter values defining the correct alignment of the images. The 

correct location of the template image in the reference image is shown with a colored 

box. 

 

Figure 2.4: Template image stretched along the x (left) and y (right) axes 

 

 

Figure 2.5: Cross correlation with x- (top row), and y-stretched (bottom row) templates 
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Fourier-based correlation of the undistorted and distorted template images is performed 

using Formula (2.3) and Fast Fourier Transform implemented in the MATLAB package 

[96]. The result of the Fourier-based correlation for the undistorted template image is 

presented in Figure 2.6, in the form of a 3-D plot of the normalized correlation function. 

Figure 2.7 shows the result of the Fourier-based correlation for the x-stretched template 

image. Figure 2.8 shows the result of the Fourier-based correlation for the y-stretched 

template image. As one can see from the 3-D plots of the normalized correlation function 

in Figures 2.7 and 2.8, Fourier-based correlation fails to correctly align the distorted 

images. 

 

 

Figure 2.6: Fourier-based correlation with the undistorted template 
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Figure 2.7: Fourier-based correlation with the x-stretched template 

 

 

Figure 2.8: Fourier-based correlation with the y-stretched template 
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Image registration with mutual information considers any pixel location (x,y) within the 

image as a random variable, and the corresponding pixel value P(x,y) as the outcome of 

the random variable (x,y). From the viewpoint of Information Theory, the pixel value P 

carries a certain amount of information defined as the logarithm of the probability p(P) of 

the value P [62]. The expectation of the information carried by P is called entropy H(P); 

it measures the level of uncertainty, or complexity of the random variable P, and is 

defined in [119] as 

∫−= dPPpPpPH ))(ln()()( .     (2.4) 

 

The joint entropy of two random variables P and Q is the property of their joint 

distribution p(P,Q), and is defined in [119] as  

∫∫= dPdQQPpQPpQPH )),(ln(),(),(  .   (2.5) 

 

Mutual information I(P,Q) between two random variables is defined [119] via their 

entropies as  

I(P,Q) = H(P) + H(Q) – H(P,Q) .    (2.6) 

 

When a variable P is associated with the pixel distribution in the reference image ImgR, 

and a variable Q is associated with the pixel distribution of the template image ImgT, the 

first term in Formula (2.6) takes a fixed value, while the other two terms vary, in 

accordance with an applied geometric transformation T of the images. When both images 

are properly aligned, their mutual information takes its maximum value, i.e., the template 

image most effectively explains the reference image. The essence of image registration is 
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the maximization of the mutual information I(ImgR, ImgT), while varying the 

transformation parameters; i.e., the registration problem is formulated as 

),(maxarg* TRT gImgImIT = ,    (2.7) 

where T* is the correct transformation providing the proper alignment of the images ImgR 

and ImgT [173]. In fact, Formula (2.7) is the statement of an optimization problem. Two 

most common approaches to the maximization of mutual information are the exhaustive 

search throughout the parameter space, and gradient descent methods that use the 

derivatives of the mutual information.  

 

The advantage of mutual information over the correlation techniques lies in its ability to 

register multi-modal images having different histograms, where direct comparison of the 

gray values is not possible. Mutual information is commonly used in medical imaging to 

register CT (computed tomography), MR (magnetic resonance), and PET (position-

emission tomography) images. As with the correlation techniques, the use of mutual 

information is limited to the cases where: 

• images are subject to similarity transformation, which includes translation, 

rotation, and isotropic scaling, and excludes a noticeable distortion of the images; 

• search space of all feasible geometric transformations is relatively small, which 

allows for conducting an exhaustive search, or easily locating the maximum value 

with gradient descent methods. 

 

Practical experience shows that there are certain difficulties in implementing and using 

mutual information: 
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• local optimization methods can perform poorly, and are prone to stalling at local 

optimum solutions; 

• the success of the method significantly depends on the sampling strategy used in a 

particular application.  

 

In order to test the behavior of the registration method based on mutual information, 

registration is performed for the original (undistorted) and distorted template images, 

with the help of the ITK Segmentation and Registration Toolkit [69]. The registration 

parameters are set to the following values: 

• number of multi-resolution levels NL = 1; 

• number of iterations NI = 2500; 

• learning rate RL = 0.0001. 

 

 

Figure 2.9: Registration of the original template with mutual information: the output 

target (left), the output source (center), and the output registered image (right) 
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Figure 2.10: Registration of the distorted template with mutual information: the x- (left) 

and the y-stretched (right) registered images 

 

Figure 2.9 shows the results of the registration of the original, undistorted template 

image, with the obtained translation parameters for the upper left corner of the image DX 

= 61.6 and DY = 102.7. The correct location of the template image is shown with a black 

colored box. For comparison, the correct values for the translations DX and DY are DX = 

DY = 80.0. Figure 2.10 shows the results of the registration of the distorted template 

images. The correct location of the template image is shown with a black colored box. 

The computed translation parameters for the upper left corner of the x-stretched image 

have the values DX = 1.2 and DY = 72.0. The computed translation parameters for the 

upper left corner of the y-stretched image have the values DX = 117.0 and DY = 64.4. As 

can be seen from Figures 2.9 and 2.10, the registration results are not satisfactory, 

particularly in the case of the distorted images. 

 

In the cross entropy approach, the histograms of image pixel values are analyzed and 

compared, using entropy as a similarity measure. The difference d(ImgR,ImgT) between 
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the pixel values of the reference and template images is computed for the particular (e.g., 

affine) transformation T. The gray-value histogram of the difference image d(ImgR,ImgT) 

is built, and the entropy H(T) of the histogram is computed as 

∑−=
=

=

max

min

)(log)()(
PP

PP
PpPpTH  ,    (2.8) 

where Pmin and Pmax are the lower and upper pixel values, respectively, and p(P) is the 

fraction of pixels with the gray value P in the histogram H [14].  

 

Misregistration of images results in a broad histogram, while properly aligned images 

produce a histogram with a few peaks associated with the features of the images. 

Consequently, the entropy has its minimum value when images are properly aligned, i.e., 

the registration task can be stated as a minimization problem in the space of all feasible 

image transformations. The search for the optimum transformation T* is usually 

performed using a hill-climbing/descending procedure. 

 

 

Figure 2.11: Difference between correctly aligned reference and template images: the 

undistorted (left), the x-stretched (center), and the y-stretched (right) templates 
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Figure 2.12: Entropy values for the undistorted template: the 3-D plot (left) and the 

corresponding 2-D matrix (right), for different values of the translation 

 

Figure 2.11 shows the difference d(ImgR,ImgT) between the reference and original 

template images; and between the reference and distorted template images, when the 

respective template images are correctly aligned. The entropy value for the original, 

undistorted image is computed for the correct alignment, and for the translations by 10 

pixels along the x and y coordinates. In Figure 2.12 (right), the central point corresponds 

to the correct alignment, while the other eight points correspond to the translations of the 

image in the corresponding directions. As one can see, the correct alignment of the test 

image at the central point results in the minimum value of the entropy H(T*) = 4.69. The 

entropy grows, as the image continues to shift from its correct location; the value of the 

entropy varies in the range of H(T) = 4.78 through H(T) = 5.08, for the incorrect 

alignment. 
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Figure 2.13: Entropy values for the x-stretched image: the 3-D plot (left) and the 

corresponding 2-D matrix (right), for different values of the translation 

 

 

Figure 2.14: Entropy values for the y-stretched image: the 3-D plot (left) and the 

corresponding 2-D matrix (right), for different values of the translation 
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Figure 2.13 shows the entropy value for the x-stretched template image: the minimum 

value H(T) = 5.03 corresponds to the translation parameters DX = 120 and  DY = 130; 

i.e., the minimum is shifted to the left from its correct value  DX = 130. In Figure 2.14, 

the minimum entropy value H(T) = 4.89 for the y-stretched template image corresponds 

to the translation parameters DX = 130 and  DY = 120; i.e., the minimum is shifted 

upward from its correct value  DY = 130. 

 

2.1.2. Two- and Three-Dimensional Non-Rigid Registration 

In non-rigid, or elastic, registration, deformation of the images is allowed, in addition to 

the rigid body transform. The type of the transformation, the similarity measure between 

the images, and the optimization method used to find the correct transformation 

parameters define the specifics of different methods of non-rigid registration. Most 

research on non-rigid registration has been done in medical imaging, particularly related 

to brain research. 

 

Large group of methods designed for non-rigid registration requires establishing 

reference, or control points by human operator, which makes these methods unsuitable 

for autonomous systems. Much more interesting are methods that attempt to 

automatically establish the correspondence between image pixels, and to find the correct 

image mapping. One of the commonly used methods of non-rigid registration is the 

Iterative Closest Point (ICP) algorithm [10, 18, 136]. The algorithm is fairly versatile, 

and can be applied to the tasks of matching sets of scattered points, as well for matching 

free-form curves and surfaces. ICP is used for such problems as image registration, 3-D 
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surface alignment, and motion estimation. Many variants of ICP have been proposed in 

the literature, different from each other in the way they affect the various phases of the 

algorithm - from the selection of the matching points, to the minimization strategy [136]. 

 

Below is the description of the algorithm for matching the data set P with the model 

surface S, according to [10]. The matching problem is re-formulated in terms of 

deformation F(q) defined by the vector of registration parameters q, and applied to the 

data set, in order to obtain the surface S, i.e. 

Si = F(Pj) ,     (2.9) 

where Si is the point of the model surface obtained after the deformation F(q) has been 

applied to the point Pj of the data set. The best deformation function F defined by the 

vector of registration parameters q, has to be found that minimizes a chosen cost function, 

usually the averaged distance between the corresponding points of the surfaces. The 

algorithm alternates the phase of finding the correspondence between the points in the 

data set P and the points on the surface S; and the phase of finding the deformation F, i.e., 

the registration parameters q. The convergence theorem states that ICP always converges 

to a local minimum, with respect to the mean-square distance chosen as a cost function 

[136]. Local optimization techniques are used to minimize the cost function at every 

iteration, in order to find the new approximation to the deformation F. In practice, it 

means that the ICP algorithm can be applied only when the deformation F or, 

alternatively, the vector of the registration parameters q is small, i.e., the surfaces that 

have to be mutually registered, are close enough to each other.  
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2.1.3. Conclusions on Commonly Used Methods of Image Registration 

The vast majority of the existing methods of image registration can deal with the rigid 

body or similarity transformations between images subject to registration, in a fairly 

robust way. Fewer methods have been developed to deal with the geometrically distorted 

images. The methods in this category either assume that distortion is small enough, or 

impose certain restrictions on the type of images, or on the type of transformation 

between the images. There are no robust methods of image registration that would be 

general enough to handle global image mapping including both, the similarity 

transformation and the arbitrarily large image distortion. 

 

2.2. Object and Target Recognition 

Object recognition, as well as closely related target recognition, is important part of many 

visual applications, particularly robotic and computer vision; security; and defense. By 

and large, object recognition (OR) systems have to localize, identify, and classify 

different objects in the scene, as well as to provide the necessary information about the 

objects, e.g., the transformation parameters like rotation angle, scaling factor, and others. 

For example, in the typical scenario of the robotic vision, robot is shown the template 

images (or models) of the objects of interest. Robot has to find then the objects in the real 

scene, where it moves by comparing the objects present in the scene with the learned 

templates. 

 

Different methods have been developed to solve object recognition problem. Among the 

commonly used methods are those based on image correlation, mutual information, 
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entropy measure, and Artificial Neural Networks (ANNs). The first three categories of 

the methods are discussed in section 2.1 of this Chapter. The Artificial Neural Network 

approach is discussed in this section. 

 

In its most general form, the ANN-approach includes three phases: 

• choosing the network architecture and parameters, and building the network; 

• training the network on one or more training sets; 

• recognizing the objects using the designed network. 

 

Numerous methods utilizing ANNs differ in architectural principles, mechanisms, and 

techniques used for the first two phases. As an example, one of the interesting and more 

advanced algorithms developed in [28, 29, 43, 157, 158, 163, 164, 165] is discussed in 

this section.  The algorithm is based on large experimental work on the primate vision 

system, and is implemented in the form of the software package SpikeNet simulating the 

activity of very large neural network of asynchronously firing neurons. The basic concept 

of the algorithm is the rank order coding that selectively favors the order in which the 

artificial neurons fire. For every image of a scene, a multi-layer map of artificial neurons 

is generated, of a size of the image bitmap; the map simulates the processes that occur in 

the human or monkey visual system. The response of the different neurons varies with 

the strength of the input stimulus. The neurons that receive stronger stimulus reach the 

threshold more quickly and fire first; they are given higher weights in the network.    
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Figure 2.15: Test images: the original scene (left) and the sought distorted object (right) 

 

In order to evaluate the ability of the algorithm to recognize significantly distorted 

objects, the SpikeNet-based demo version of the commercially available package 

implementing the algorithm, SNVision Model Builder from Spikenet Technology, is 

tested [151].  The set of the test images is shown in Figure 2.15 [70]. The set includes the 

256×256-pixel scene containing several objects (left), and the 170×128-pixel image of 

the sought object (right) obtained by cropping a section from the scene. The image of the 

object undergoes an affine transformation defined by the 5-dimensional vector V = {DX, 

DY, θ, SX, SY}. The translations DX and DY, and the rotation angle θ define the position 

of the object in the scene (the rigid body transformation), while different scaling factors 

SX and SY define the local distortion of the object (the local transformation). The object is 

significantly distorted, i.e., it is stretched along the x axis, with the ratio SX / SY = 2. The 

correct values of the components of the parameter vector are V* = {150, 212, 1.57, 4.14, 

2.07}. 

 

The image of an aircraft wing in Figure 2.15 (right) is an interesting and computationally 

hard recognition problem. The six projections of the same object are considered here as 
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six different objects in the 2-D scene. The objects have similar shapes, but only one 

object is the actual (i.e., the correct) solution. The purpose of the experiment is to test the 

ability of the SNVision Model Builder to distinguish between the similar objects. The 

program has to identify the correct object via investigating possible combinations of the 

global and local transformations, for all objects in the scene, and via detecting the 

combination and the object that yields the best match. 

 

SNVision Model Builder starts with training the network with the template image (i.e., 

the model) of the object, for a range of rotation angles and scaling factors. As an example 

of the object model and the result of the object recognition, a demo image provided with 

the package is tested. The model of the bolt nut is trained for the range of the rotation 

angle θ  = (-12°) through (+12°), with the step size 6°, and for the range of the scaling 

factor SX = SY = 90% through 110%, with the step size 10%. With the parameters of the 

recognition network set to the medium quality, the algorithm is able to recognize all 

objects in the scene. 

 

For the recognition of the object shown in Figure 2.15 (right), firstly, the recognition 

quality is tested on the template of the object. During training, the model of the object is 

built for the rotation angle in the range θ  = (-180°) through (+180°), with the step size 

10°; and in the range of the scaling factor SX = SY = 20% through 100%, with the step 

size 10%. The recognition quality is set to the medium level. The algorithm is able to 

correctly recognize the object – see Figure 2.16. The correctly recognized object is 

indicated with a colored box on the left image. 
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Figure 2.16: Result of the recognition (left) of the template model (right) 

 

For the actual recognition of the wing object in the entire scene shown in Figure 2.15 

(left), the same model that has been built in the previous experiments is used, but the 

quality of the recognition is varied, from medium to high. The typical result for the high 

quality recognition is shown in Figure 2.17. The falsely recognized objects are indicated 

with colored boxes on the left image. The algorithm is not able to find the correct object 

in the scene; it either points at the wrong location, or at the wrong object. The poor 

performance of the ANNs can be attributed to the fact that they conduct local search; 

consequently, they can fall into one of the local minima, in the case when the objective 

function is multi-modal, i.e., contains multiple local minima. 
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Figure 2.17: Typical result of the recognition (left) of the template object (right) 

 

Although Artificial Neural Networks are widely used in object and target recognition, 

they have the following problems: 

• networks require an exhaustive training for all feasible ranges of the 

transformation parameters. 

• networks often fall into local minima during the search for an object in a scene, 

resulting in false recognition. 

• networks require re-training when the type of the problem changes, e.g., when the 

object template is modified. 

 

2.3. Content-Based Image Retrieval 

Image search and retrieval from a large image database is an active research area that has 

a multitude of sub-areas and approaches [79]. For example, the focus can be on finding a 
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particular object that can be present in images of the original scene stored in a database. 

The original scene might be cluttered, and might contain images of different objects. 

Moreover, the object in the query image can be distorted, e.g., by affine or perspective 

transformation, which makes methods based on correlation or some measure of feature 

similarities between the images less efficient.  

 

The main underlying principles of the content-based image retrieval system QBIC 

developed by IBM are discussed in [33, 117]. The following image features are used to 

store, search, and retrieve images from the database: color, texture, and shape. Finding 

objects having a similar shape to the query image is one of the most difficult problems, in 

authors’ opinion [117]. The system includes a number of heuristic shape features, 

including area, circularity, eccentricity, axis orientation, and algebraic moment invariants. 

All shapes have to be planar and non-occluded; they are represented as binary images. In 

addition, an edge map based on Canny edge extraction algorithm, can be used for a 

search, when the image is represented in the form of a sketch. The attributes of the 

database images are pre-computed, and stored as multi-indexed records. The operation of 

search and retrieval is implemented as the search through the indexed records, followed 

by the similarity-based retrieval of the images, where similarity is defined in terms of 

Manhattan, Euclidian, or weighted Euclidian distance.  

 

Although content-based image retrieval systems belong to the area of extensive research, 

the difficulty of the shape recognition problem in general, and similarly-shaped image 

retrieval, in particular, lead to approaches that attempt to avoid the direct global search on 
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the database images, and engage pre-processing image analysis, followed by indexing of 

the image records. 

 

The problem of content-based image retrieval can be put into a more general, global 

optimization framework, which is free of constraints imposed by the type of 

transformation presumably existing between the images. Given two images, the image of 

the scene Img0, and the image of the object Img1 (the query image), the task of finding the 

potential matches between Img1 and objects in Img0 can be formulated as the following 

global optimization problem. If image Img1 undergoes transformation A(V) defined by the 

parameter vector V, then the optimum vector V* has to be found that minimizes the 

difference F between the images Img1 and Img0. The algorithm that implements the 

search and retrieval task, has to search through the database, retrieve the stored images 

Img0, solve imaging optimization problem for the images Img1 and Img0, and offer for 

user evaluation those images Img0 that provide the feasible transformation A(V), and the  

minimum value of F. 

 

2.4. Summary 

Many commonly used methods of automatic image registration; object and target 

recognition; and content-base image retrieval satisfactorily work on images that undergo 

the rigid body, or similarity transformations. Methods like correlation techniques, mutual 

information, cross entropy, iterative closest point algorithm, and Artificial Neural 

Networks frequently show poor performance, when images are significantly distorted 

e.g., by affine or perspective transformation. More general approaches are required that 
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are free of limitations imposed by the current methods on the type of imagery, or the type 

of transformation. One of the potentially advantageous approaches involves using 

stochastic methods of global search and optimization, particularly methods comprising 

the family of Evolutionary algorithms.  
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Chapter 3: Overview of Evolutionary Algorithms in Global 

Optimization and Search 

3.1. Foundations of Evolutionary Algorithms 

Evolutionary algorithms (EAs) belong to the category of global search and optimization 

methods, and are inspired by the principles of natural evolution and genetics. Just like 

other modern heuristics like Simulated annealing and Tabu search, Evolutionary 

algorithms draw from observations of physical processes that occur in nature, and attempt 

to mimic them in the artificial environment. This section gives a brief overview of the 

theoretical foundations of Evolutionary algorithms. 

3.1.1. Introduction 

Evolutionary algorithms have interdisciplinary character; they bring together the areas of 

biological evolution, global optimization, and Artificial Intelligence (AI) [4, 12, 57]. 

Reportedly, EAs work well on nonlinear, non­convex, non­separable, discontinuous, non­ 

differentiable, multimodal, noisy, and other computationally hard real­world problems, 

where traditional optimization methods frequently fail or perform poorly. According to 

[61, 66], the algorithms have advantage over their traditional counterparts, under the 

following conditions: 

1.  The search space has high cardinality (dimensionality). The optimization problem 

is highly nonlinear, which makes it impossible to build a precise analytical model. 

2.  The set of potential candidate solutions is extensive, which makes the 

enumerative search (i.e., brute force approach) intractable.
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3.  Parameters that have to be optimized can be discrete or continuous, and the 

knowledge of their derivatives is not available or required. The data can be 

generated experimentally, numerically, or analytically. 

4.  Knowledge of the common properties of the higher­than­average performing 

subsets of candidate solutions is incomplete. This makes it difficult to infer the 

robust way of determining what specific properties lead to higher performance. 

5.  Performance of a candidate solution is highly dimensional and nonlinear, and 

exhibits local sub­optimal areas, where the search can be trapped for 

undetermined period of time. 

6.  Performance of candidate solutions is a random variable or process whose 

observed behavior is subject to sampling errors. Therefore, the search algorithm 

needs to maintain a proper balance between exploitation of the already known 

properties, and acquisition of new information. 

When compared to other methods that deploy random search, Evolutionary algorithms 

have winning points [66], due to the following intrinsic qualities: 

•  Progressive exploitation of the best­observed candidate solutions. 

•  Increasing confidence in the estimate of the expected performance of the best­ 

observed candidate solutions, as the algorithm progresses. 

•  Implicit parallelism in testing a large number of combinations of potential optimal 

subspaces, including both, newly generated and already tested high­performance 

samples. The term “implicit parallelism” refers to the simultaneous processing of 

all possible combinations of partial effective gene structures called schemata.
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3.1.2. Biological Background of Evolutionary Algorithms 

Evolutionary algorithms borrowed much of their terminology from biology, since the 

main ideas of the algorithms were originally inspired by the results and achievements in 

biological sciences [61, 66, 111]. Every biological organism consists of elementary 

building blocks, or cells. Every cell carries a set of chromosomes – strings of DNA that 

store the most important features of the organism. A chromosome is divided into genes – 

smaller DNA blocks, each responsible for a particular feature (trait), and located in a 

particular place on a chromosome, called locus. Different settings for a trait are called 

alleles. Genes can interact with each other, so that gene responsible for one trait can 

affect genes responsible for other traits. 

The complete set of chromosomes is called genome. Organisms that have identical 

genomes belong to the same genotype. The genotype to a large extent determines the 

organism’s phenotype – its observed particular physical and mental characteristics. 

Adaptation of the organism is primarily a search for co­adapted sets of alleles, i.e., 

combinations of alleles in different genes that significantly improve the performance of 

the organism in a particular environment. The success with which the individual adapts to 

the environment is measured by the organism’s fitness. 

In order for evolution to take place, the transmission of genetic material has to be 

simultaneously stable and variable. Stability ensures that good parental traits would be 

likely transmitted to offspring by means of reproduction. The latter is carried out in the 

heterosexual population via crossover (recombination). In order to introduce dynamics
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into population, some external factors have to be in place that will provide a chance of 

transmitting new or different traits.  One of such factors is mutation, a random change in 

genes that can lead to significantly different phenotype of the offspring compared to its 

parents. Another factor is gene flow resulting from the embedding of a new organism into 

the breeding population. The third factor is genetic drift, where certain alleles can be lost 

during random recombination in small populations. The last and important factor is 

natural selection. During selection, the best (i.e., the fittest) organisms are chosen to be 

parents, i.e., certain best characteristics are selected into the breeding pool. 

Following the biological terminology, Evolutionary algorithms typically use the term 

chromosome to denote a single candidate solution to a problem. Smaller blocks that 

constitute the solution correspond to genes. For example, in multidimensional 

optimization, a chromosome is a vector of parameters that constitute a potential solution, 

while a gene is a single component of the vector. An allele is a particular value of the 

component or its part. Fitness typically corresponds to the objective function of the 

optimization problem, or some form of its surrogate. In order to mimic biological 

reproduction between two single­chromosome parents, Evolutionary algorithms select 

parental chromosomes from the current population, according to their fitness. The fitter 

the chromosome, the higher is its likelihood of being selected as a parent. Crossover 

chooses a locus at random, and exchanges the bit substrings before and after the locus, to 

form two offspring. Mutation is implemented by occasionally flipping some of the bits in 

the offspring with a certain (usually small) probability.
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Evolutionary algorithms attempt to solve optimization problem by searching for a 

chromosome (i.e., parameter vector) that has the minimum (in minimization problem) or 

the maximum (in maximization problem) value of its fitness function. The algorithms 

apply various genetic operators (most often, selection, crossover, and mutation) to the 

current population of chromosomes, in order to produce the new population (i.e., the next 

generation). The algorithms repeat the process until a satisfactory optimal solution is 

found. 

3.1.3. Classical Representatives of Evolutionary Algorithms 

The term “Evolutionary algorithm(s)” covers a spectrum of independently developed 

mainstream methods: Genetic algorithms (GAs), Evolution strategies (ES), Evolutionary 

programming (EP), and Genetic programming (GP) [37]. Although originated 

independently, these methods have fundamental commonalities, like using reproduction, 

random variation, competition, and selection of competing individuals. Table 3.1 

summarizes the main characteristics of the four classical methods, as they were originally 

formulated. The rest of the section provides a brief discussion of each method. 

The coherent concept, and the general theory of Genetic algorithms was developed by J. 

H. Holland, as the result of studying natural adaptation of living organisms, and ways of 

incorporating a similar adaptation into computer systems [66]. Holland looks at 

adaptation in terms of the environment E in which the system has to survive, the adaptive 

plan τ that determines successive structural modifications in response to E, and some 

measure μ of the performance of the adaptive system. The objective of the plan τ is to
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produce the structures showing good performance μ, in response to the current 

environment E. The performance is measured in terms of the objective of the search. The 

adaptive plan has to be robust with respect to retaining the higher­fit structures found to 

date, as well as increasing their proportion in the population. The plan repeatedly acts on 

the population of attainable structures, as a two­phase procedure. During the first phase, 

additional copies of the higher­fit individuals are added to the population, in place of the 

deleted lower­fit individuals. The number of added copies of the higher­fit individuals is 

proportional to their performance (fitness). During the second phase, genetic operators W 

are applied to individuals, interchanging and modifying them. The result is a new, 

modified population. The process continues producing a new generation at every step. 

The concept of Evolution strategies (Evolutionstrategie) was introduced by I. Rechenberg 

and H.­P. Schwefel [129, 130, 142]. The idea was to employ evolution as a tool for 

solving real technical problem, in particular, evolving the airfoil geometry. The problem 

is stated as the minimization of the functional f(x), where x is the n­dimensional vector. A 

potential candidate solution is represented as a fixed­length, real­valued organism (i.e., 

chromosome); it is initialized as a parent from the feasible solution space, at random. An 

offspring x´ is created from the parent x using Gaussian mutation, i.e., by adding a 

Gaussian random variable with zero mean and a pre­defined standard deviation to each 

component of x. The best individual is selected from the pair parent­offspring using 

ranking, with respect to the value of f(x). The selected organism becomes the parent for 

the next generation. The evolutionary process continues until either a satisfactory 

optimum solution is found, or the available computation time is exhausted.
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Algorithm Algorithm 

attributes  GA  ES  EP  GP 

Population  Chromosomes  Pair parent­ 

offspring 

Finite­state 

machines 

Executable 

programs 

Representation 

of solution 

Binary 

encoding 

Real­valued 

encoding 

State­transition 

diagram 

Tree structure 

Encoding 

length 

Fixed  Fixed  Variable  Variable 

Evolutionary 

operators on 

solutions 

Selection, 

crossover, 

mutation 

Selection, 

mutation 

Selection, 

mutation 

Selection, 

crossover, 

mutation 

Selection 

method 

Fitness­ 

proportional 

Ranking  Ranking  Ranking 

Object’s 

fitness 

evaluation 

Value of the 

objective 

function 

Value of the 

objective 

function 

Result of 

symbol 

prediction 

Result of 

program 

execution 

Control 

parameters 

Fixed 

and pre­set 

Self­adaptive  Fixed 

and pre­set 

Fixed 

and pre­set 

Table 3.1: Main characteristics of the classical representatives of Evolutionary algorithms 

Later, multiple parents and multiple offspring were introduced into the ES framework, 

and two main approaches known as (μ+λ)­ES and (μ,λ)­ES were developed [143]. In the 

first, μ parents are used to produce λ offspring. All (μ+λ) solutions compete for survival,
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but only μ best are chosen as parents for the new generation. In the (μ,λ)­approach, only λ 

offspring are competing, and μ of them completely replace the current population. The 

current status of Evolutionary strategies extends comma­ and plus­schemes to a more 

general (μ,k,λ,ρ)­scheme [144]. The scheme introduces the maximum life span of k ≥ 1 

generations, and an arbitrary number of ancestors ρ ≥ 1 for each descendant. Comma­ 

and plus­schemes are the special cases of the extended scheme, when k = 1 and k = ∞, 

respectively. 

Evolutionary programming was developed by L. J. Fogel, A. J. Owens, and M. J. Walsh 

[38, 40, 41], as an approach to artificial intelligence, based on adaptive behavior to meet 

goals in a range of environment. A population of candidate solutions, in a form of small 

variable­length finite­state machines represented by their state­transition diagrams was 

exposed to the environment. For the sake of generality, the environment was presented in 

a form of a sequence of symbols taken from a finite alphabet. For every machine, an 

input symbol was presented, and the output symbol was compared with the next input 

symbol. The result of the prediction was measured in terms of a payoff function (e.g., the 

squared error). After all the predictions had been made, the fitness of the machine was 

evaluated as the average payoff per symbol. Finite­state machines evolved by randomly 

mutating their state­transition diagrams, and selecting the fittest (i.e., having the greatest 

payoff) machines to become parents for the next generation. The process continued until 

an entirely new symbol was met that did not belong to the environment. The best 

machine was selected to predict the symbol; the symbol was added to the environment, 

and the process re­iterated.
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Genetic programming was introduced by J. R. Koza [88]. Genetic programming is a 

particular form of evolutionary computations, in which the evolving data structures are 

executable computer programs. A program is presented in a form of a variable­length tree 

structure. GP uses genetic operators of crossover and mutation, in order to evolve the 

candidate solutions. The fitness value of the program is evaluated by executing the code 

and evaluating the results. Therefore, GP is the evolution­driven search for a program 

that produces a desired output, in the space of all executable programs. One of the most 

distinctive properties of GP is the variable length of the representation of a candidate 

solution. 

In the 1990s, there was a growing interaction between researchers working in different 

areas of evolutionary computations. As a result of this interaction, ideas were borrowed, 

exchanged, and modified across all areas. The boundaries between Evolution strategies, 

Evolutionary programming, Genetic algorithms, and Genetic programming have been 

fading. The current state­of­the­art suggests using the term Evolutionary algorithm(s), to 

refer to all algorithms that use population­based random selection and variation [109]. 

This work will follow this suggestion, except for the cases when the original terms like 

Genetic algorithms are used due to historic reasons. 

The prototype of Evolutionary algorithms has the following general characteristics [5, 26] 

– see Table 3.2: 

1.  At each iteration, EAs use the collective learning experience of the population or 

sub­populations, rather than that of a single solution. The individual candidate
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represents a point in the search space, and can incorporate certain strategy (or 

control) parameters of the search. Working with a number of solutions, EAs can 

find multiple optimal solutions in a single step. 

2.  A well­defined fitness of the individual serves as a measure of its quality and 

chances to survive in a given environment. The selection process for the next 

generation favors the individuals having better fitness values. 

3.  Offspring are generated from the selected parents by means of a randomized 

process that includes some form of mutation and recombination (or crossover). 

Mutation mimics errors in the reproduction process of a single individual, while 

recombination exchanges information between two or more individuals. 

4.  No gradient information is used in the EAs operators, and solution representation 

is flexible. These properties make EAs flexible enough to apply to a wide variety 

of problems. EAs use stochastic principles, and do not assume any particular 

structure of the optimization problem. 

The EAs formulation of a particular optimization problem includes an appropriate 

problem­dependent representation of a candidate solution, in terms of genes and 

chromosomes. Fitness function of a chromosome has to be defined according to the goal 

of the search (e.g., the objective function). The correct statement of the problem 

significantly contributes to the overall success of the solution obtained with Evolutionary 

algorithms. Once the problem has been stated, a simple Evolutionary algorithm with 

binary encoding, fitness­proportional selection, and single­point crossover
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(corresponding to the classical Genetic algorithm) works as an iterative procedure [111] 

shown in Figure 1.1 of Chapter1. 

Target objects  Population or a group of sub­populations 

of chromosomes 

Digital representation of individual 

solution 

Binary, real­valued, or any other general 

structure encoding 

Encoding length of individual solution  Fixed or variable 

Evolutionary operators on objects  Selection, crossover, mutation, and other 

problem­dependent operators 

Object selection method  Fitness­proportional, ranking, and other 

methods favoring fitter individuals 

Object’s fitness evaluation  Objective of search or optimization, or 

any kind of its surrogate 

Settings of control parameters  Pre­set, adaptive, or self­adaptive 

Table 3.2: Main attributes of the EA prototype 

The entire set of iterations (or generations) of the algorithm is often called a run. It is 

common practice to terminate the process after a certain number of generations, or after a 

satisfactory result has been produced. At the end of the process, one or more 

chromosomes are obtained that have desired optimum (minimum or maximum) values of 

fitness function. Simple Evolutionary algorithm serves as the reference model in the most 

theoretical work on evolutionary computations, as well as the basis for numerous EAs
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variants and applications. Various flavors of EAs differ in representation of a candidate 

solution, in relative significance and types of evolutionary operators, in the number of 

parameters that control the search, etc. 

3.1.4. Theoretical Foundations of Evolutionary Algorithms 

A great deal of research has been done on theoretical justification of Evolutionary 

algorithms. Three main directions on which theoretical work has been focused include 

analysis of convergence and convergence rate of EAs, finding what problems are hard for 

EAs, and studying the computational complexity of the algorithms [179]. The overview 

given in this section serves only as a brief outline of the results that have had a significant 

impact on the development of EAs, with the emphasis on its most general version, 

Genetic algorithms. Theoretical concepts help better understand the fundamental 

properties of Evolutionary algorithms, and serve as the guiding principles for the 

algorithm implementation and variations. 

The notions of “schemata” and “building blocks” are at the heart of the classical 

theoretical basis of Genetic algorithms [48, 66]. A schema is a set of bit strings described 

by a template, for example, the schema H = 111*****1 describes the 9­bit strings that 

have the first three bits and the last bit equal to 1, while the asterisk represents any binary 

value (a wild card, or the “don’t care” symbol). A building block (BB) is a low­order, 

short­length schema. The idea of building blocks is that a good solution is made up of 

good combinations of bit values that provide the strings with better fitness.
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Over the course of producing new generations, some of the schema instances can 

increase, while others can decrease in number. The dynamics of the process can be 

approximately estimated using the following Formula [48, 66], known as the Schema 

theorem: 
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where E(m(H, t+1)) is the lower bound for the expected number of the instances of the 

schema H at the time (t+1), um(H, t) is the average fitness of instances of H at the time t, 

f(x) is the fitness of the string x, fm(t) is the average fitness of the population at the time t, 

d(H) is the defining length of the schema H in the L­dimensional search space, pm denotes 

the probability that any bit in a string x is mutated, and o(H) is the order of H. 

Another fundamental concept in the GAs theory, the Building block hypothesis, 

emphasizes the role of crossover as the major source of the GAs power [47, 48, 66]. The 

hypothesis states that GAs use crossover to recombine instances of good schemata, which 

results in producing new, equal­ or higher­quality schemata. While the Schema theorem 

focuses on a single BB, it is important to consider the probability of different BBs mixing 

together, in order to innovate and recombine the best blocks [49]. The sampled data has 

to be representative, i.e., schemata have to be sampled at different points of the search 

space. Crossover does exactly that, constantly mixing schemata in different ways, thus 

supplying representative data for the sampling process. 

The relationship between selection and crossover can be interpreted as the race between 

the takeover time and the innovation time [49, 50, 53]. The takeover time t* is defined as
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the time that it takes to increase the number of copies of the superior individual from one 

to (n – 1), in the population of n individuals. The takeover time is related to the parameter 

known as the selection (or selective) pressure. If the takeover time is large, the selection 

pressure is low, because it takes a long time for the fittest candidate to take over the 

population. The innovation time ti  is defined as the time it takes crossover or another 

innovation operator to produce a solution that is better than any solution found to date. If 

the innovation time ti  leads, i.e., ti ≤ t*, then innovation operators will create a better 

individual before the current best individual takes over and dominates the population. 

After that, the newly created best individual starts to work its way to domination, and the 

innovation clock resets. The condition ti ≤ t* is the most advantageous for the GAs 

success, because it creates the steady­state innovation. If the takeover time t* leads, i.e., 

t* ≤ ti, the current superior individual continuously increases its share, and eventually 

takes over the population. By the time ti when the innovation operator might insert a 

better individual, it is too late: the diversity of the population is lost, and the latter 

becomes flat. 

In the classical theoretical framework, the Simple Genetic Algorithm (SGA) is 

considered a special case of the Random Heuristic Search (RHS) [170, 171]. RHS is 

defined in terms of a search space Ω of cardinality (dimensionality) n, a collection of 

elements P (population) of cardinality r (population size), and a transition rule τ 

producing Pi+1  from Pi. A simplex Λ is defined such that vector p belonging to Λ 

corresponds to a population P, and p(i) represents the fraction of the element i (the 

probability of i) in the population. A heuristic function G: Λ → Λ is introduced that



65 

produces the vector of the probabilities of the elements ofΩ being selected, i.e., G 

specifies the sampling distribution for generating the next population. Given the current 

population vector p, the next population vector can be obtained as q = G(p). Then RHS 

can be represented as the iteration over G: 

p, G(p), G 2 (p),… .  (3.2) 

The instance of the RHS process is called “focused” if G is continuously differentiable, 

and the sequence (2) converges. The corresponding operator G is also called focused. The 

points ω satisfying G(ω) = ω, are called the “fixed points” of G. The actual expression 

for G is derived using the theory of Markov chains [170]. If the mutation rate pm is 

nonzero, all states of the Markov chain have a nonzero probability of being reached, 

which makes Markov chain ergodic. The ergodic Markov chain has a limiting, steady­ 

state distribution, corresponding to the global optimum of the problem. Moreover, the 

probability of reaching the steady­state distribution does not depend on the initial state of 

the algorithm, i.e., on the initial population. The important outcome of the classical 

mathematical model is the rigorous theoretical proof that the Simple Genetic Algorithm 

asymptotically converges to the global optimum solution of the optimization problem, 

starting with any randomly seeded initial population. 

Important classical results obtained in 1970s and 1980s laid out the EAs foundation, and 

influenced the following research in the theory and practice of Evolutionary algorithms. 

During the past 10­15 years, a number of new fundamental EAs concepts have been 

developed. They show that some of the earlier obtained theoretical results are incomplete,
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or even incorrect. In particular, the following classical results have to be re­evaluated [36, 

38]: 

1.  The belief that it would be possible to design a universally superior evolutionary 

search algorithm, as well as universal settings that would perform equally well on 

all problems. 

2.  The concept of maximization of implicit processing of different contending 

schemata, under a low­cardinality alphabet (e.g., binary representation). 

3.  The usefulness of the Schema theorem in predicting the propagation of schemata 

under noisy conditions, when fitness is a random variable. 

4.  The optimality of fitness­proportional selection. 

5.  The uniform improvement of Evolutionary algorithms, when crossover is used in 

addition to mutation. 

Considerable effort was spent in the evolutionary community on the attempt to find the 

best set of parameters and operators of Evolutionary algorithms, with most of the 

research conducted on specific sets of test functions and benchmarks. However, the No 

Free Lunch Theorem essentially says that the conclusions based on sample results can be 

strictly applied only to those test functions and benchmarks for which they were obtained 

[175]. Attempts to find the best universal population size, the best crossover or mutation 

rate, etc. are pointless, without the reference to a particular class of problems to which 

they can be applied. In order for an algorithm to perform better than a simple random 

search, it has to reflect a particular structure of the problem. But the specific match will 

inevitably lead to a mismatch with the structure of some other problems. Therefore, the
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scope of the algorithm has to be restricted to the data that reveal the advantageous 

structure. 

While the classical works emphasize the importance of low­cardinality schemata and 

binary representation, it was shown that the equivalent Evolutionary algorithm can be 

deduced for any cardinality or representation [36, 38]. Moreover, there is no particular 

advantage in using any specific type of a single­ or a two­parent genetic operator (e.g., 

crossover), since another respective single­ or two­parent operator can be designed that 

will display the equivalent performance, for any other type of representation. 

The Schema theorem was derived under the implicit assumption of deterministic values 

of the contending schemata. In most practical scenarios, however, the evaluation of 

fitness includes some random effects, e.g., computational or measurement errors. The 

observed fitness is described by random variables that have some probability distribution. 

Randomness introduces bias: the expected sampling from different schemata will no 

longer be proportional to the ratio of the schema mean value, to the sum of the means of 

all competing schemata. The Schema theorem cannot adequately describe the mean 

sampling of the alternative schemata, when their fitness values are random variables. 

Fitness­proportional selection scheme is not optimal, as it has the potential to lose some 

of the best solutions over iterations. Instead, the elitist evolutionary scheme should be 

used in practice. Moreover, more versatile variation operators have to be used, like multi­ 

point, and particularly uniform crossover, which outperform single­point crossover on
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many problems. This can be attributed to the fact that uniform crossover can generate 

offspring in the entire search space, while single­point crossover is limited to only a 

subset of potential solutions. At the same time, a balance has to be maintained between 

the exploration of new sub­spaces (which uniform crossover does) and the exploitation of 

already gained positive results. The effect of crossover has to be studied in conjunction 

with other EAs parameters, such as population size, mutation rate, etc. 

Recent theoretical and empirical studies of the relative value of crossover and mutation 

show that traditional view of crossover as the major engine behind EAs, with mutation 

playing a background role, is not justified. In many cases, the presence of crossover does 

not significantly improve the search that uses mutation alone. The effect of crossover can 

vary depending on the problem at hand, the landscape of the objective function, and the 

relationship with other EAs parameters. Crossover is particularly useful at the beginning 

of the search, because it provides variations with larger step size. Since the initial random 

population most likely is located away from the optimum, crossover helps solutions 

depart more quickly from the initial set of points. 

Although important foundational results have been obtained using Markov chains, it is 

difficult to capture the entire EAs dynamics within that framework, which attempts to 

describe the high­dimensional, highly nonlinear, random behavior of EAs on a micro­ 

level. One of the more promising approaches is based on the macro­behavior of the 

algorithm; it operates with just a few integrated parameters, and utilizes the apparatus of 

statistical mechanics [11]. The main parameter of the algorithm is the fitness distribution,
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described in terms of the cumulants around Gaussian distribution. A model predicting the 

long­term evolution of the population can be built on the basis of evolution of the 

cumulants during one generation. 

3.2. Implementation of Evolutionary Algorithms 

Numerous variants and models of Evolutionary algorithms have been developed, that 

differ in the details of the EAs implementation. This section starts with an overview of 

the main representation schemes and some of the issues related to the evaluation of the 

quality of a candidate solution. Thereafter, commonly used modifications of evolutionary 

operators ­ selection, crossover, and mutation, ­ are discussed. The section finishes with 

the review of the main EAs control parameters and mechanisms, and discussion of their 

effect on the performance of the algorithms. 

3.2.1. Representation of Candidate Solutions 

Representation of the EAs candidate solution to optimization problem maps the space of 

feasible solutions onto the space of their encoded counterparts that have specified data 

structures.  The encoding schemes currently used in EAs [44] fall under the following 

main categories: 

•  classical binary encoding; 

•  real­valued encoding, best suited for functional optimization problems; 

•  integer or literal permutation encoding, best suited for combinatorial optimization 

problems; 

•  general data structure encoding.



70 

From the standpoint of the structure, one­dimensional chromosomes are most commonly 

used; although, in some combinatorial problems (e.g., transportation and scheduling) 

multidimensional chromosomes can be found. The encoded content of a chromosome can 

include only object parameters, i.e., the vector of the desired solution to the problem, or 

the vector of the solution, with some additional EAs parameters (e.g., population size, 

mutation rate, etc.). The latter is routinely used in Evolution strategies, in order to 

facilitate the evolutionary self­adaptation of the control parameters, by applying 

evolutionary operators not only to candidate solutions, but to EAs parameters as well. 

Historically, the earlier works on Genetic algorithms focused on binary encoding, i.e., on 

representing candidate solutions as binary strings. The encoding still remains one of the 

common approaches, particularly in combinatorial optimization problems. In classical 

binary encoding, a bit string typically has a fixed length and a fixed order. Much of the 

theoretical work and heuristics concerning EAs parameter settings is based on this type of 

encoding. 

Evolutionary strategies from the very beginning have been working with real­valued 

parameter encoding. In many practical applications, binary encoding seems unnatural and 

can make the EAs formulation of the problem significantly and unnecessary complex, 

and even lead to a poorer performance. It was analytically proved that within the class of 

bijective mappings, no one choice of representation offers a unique advantage [39]. 

Therefore, the recommended best practice is to pick representation that is intuitively most 

appropriate for the problem at hand [109].
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Apart from the popular binary and real­valued encoding, some other interesting encoding 

schemes have been developed and successfully used in different application areas. For 

example, grammatical, multi­character encoding is used to design evolving neural 

networks [85]. Genetic programming is used to evolve Lisp programs in [88, 89]. The 

idea is based on the fact that Lisp program can be represented as a parse tree. 

Consequently, a candidate solution is encoded as a tree consisting of functions and 

terminals. In GAs with stochastic encoding, every candidate solution is binary encoded 

using multivariate Gaussian distribution, with the mean vector µ and the variance matrix 

Σ [91]. A given binary string, therefore, represents a region of the search space, rather 

than just one point, as in the conventional representation scheme. 

3.2.2. Fitness Evaluation Function 

Fitness evaluation function provides the principal link between Evolutionary algorithms 

and a particular optimization problem to be solved. The function evaluates the quality of 

a candidate solution encoded in a chromosome, based on the objective of the search. 

Higher­quality individuals usually have a higher probability of survival and, therefore, a 

higher probability of selection for the reproduction pool. It is critical to carefully design 

the evaluation function in such a way that it can capture the essential properties of the 

problem. In optimization, fitness is usually evaluated as the objective function f(x), or 

some kind of its surrogate, e.g., a scaled fitness value. 

One of the challenging problems in the application of Evolutionary algorithms is the 

control of the selection pressure. The latter should be lower at the beginning of the
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search, in order to avoid the premature convergence. It should gradually increase toward 

the end of the search, in order to emphasize the quality of the most successful survived 

individuals. Different scaling mechanisms have been introduced allowing for the control 

of the selection pressure during the algorithm run [107]. One of the popular mechanisms, 

sigma scaling is an adaptive technique that incorporates problem dependent information 

into the evaluation function as follows: 

f'(x) = f(x) + (favg(t) – cσ),  (3.3) 

where favg(t) is the average fitness of the population at the time t, σ is the standard 

deviation of the population fitness, and c is a constant, usually a small integer number 

[107]. 

3.2.3. Evolutionary Operators 

A variety of evolutionary operators have been suggested in the research literature. Some 

operators are unary, and create new individuals by a specified change in a single 

individual (e.g., mutation and inversion). Others are higher­order operators creating new 

individuals by combining parts of two or more parents (e.g., various types of crossover). 

The choice of operators depends on many factors, including the specifics of the problem 

and representation of a candidate solution. Feedback provided by the fitness distribution 

can be used to identify the best choice of operators, as well as EAs parameters and their 

settings. Most commonly used evolutionary operators of selection, crossover, and 

mutation are briefly discussed in this section, including their different types and 

modifications.
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Selection in Evolutionary algorithms is responsible for choosing parents that will 

participate in producing offspring for the next generation of chromosomes. Thus, the 

selection mechanism plays a key role in the algorithms guiding the search in the direction 

toward the fitter fraction of the population. All selection mechanisms are aimed at 

creating more copies of higher­fit chromosomes, but differ in the techniques used to 

allocate copies to the fitter individuals. The main problem during selection is reaching a 

balance between the temptation to operate only on the best fraction of the population, and 

the need to maintain sufficient population diversity. In the EAs community, this problem 

is known as exploitation of the best qualities obtained to date, versus exploration of the 

search space [4]. 

The classical stochastic sampling procedure known as fitness­proportional (or fitness­ 

proportionate) selection requires that the expected number of times ExpVal(s) a 

chromosome is selected for mating is proportional to its fitness, divided by the average 

fitness of the population [66]. Solution with higher fitness values most likely will receive 

more copies than solutions with smaller fitness values. In practice, the population size is 

often small, and the number of trials obtained from the algorithm can significantly differ 

from its expected value, due to the sampling errors. The variant of the fitness­ 

proportional selection, the Stochastic Universal Sampling (SUS) minimizes the difference 

between the expected and the actual number of trials [7]. 

Rank­based (or ranking) selection attempts to prevent the premature convergence of the 

algorithm, and achieve a better leverage of the selection pressure [6]. The expected
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selection value of every individual depends on its rank, rather than on the absolute fitness 

value. The ranking mechanism leverages the selection pressure: it distributes the expected 

selection values more evenly across the population at the beginning of the search, when 

the fitness variance is high. As the search progresses, and the fitness variance decreases, 

the same mechanism still maintains the relative ratio of the expected number of trials 

between the neighbors in the rank list. 

Tournament selection is similar to rank­based selection, from the standpoint of selection 

pressure, but more efficient computationally [50]. It does not require time­consuming 

sorting of individuals according to their fitness. Stochastic binary tournament selection 

picks at random two candidates from the population, and a random number r between 0 

and 1. Number r is compared with a pre­set parameter k ranging between 0 and 1. If r < k, 

the fitter candidate is selected to be a parent; otherwise, the less fit candidate is selected. 

Different strategies can be used to form a new generation, depending on what fraction of 

the parental population and that of the offspring population are retained. Elitist approach 

requires that some number E of the best individuals from every generation remains intact, 

as opposed to generational approach that requires a complete replacement of parents with 

the offspring [24]. Elitism ensures that the best qualities accumulated by the EAs process 

to date will not be lost during crossover and mutation, as evolutionary search progresses. 

The operator of selection does not create new individuals; it only helps promote good 

solutions; creation of new individuals is the responsibility of recombination. Crossover
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has been traditionally considered the most powerful recombination operator in Genetic 

algorithms. It is also the primary operator that distinguishes Genetic algorithms from 

other stochastic search methods. Different types of crossover have been proposed in the 

research literature, but no single recommendation for all problems can be educed from 

the research studies. Crossover attributes, like loci bias, disruptiveness, and its ability to 

produce or combine many schemata in just one step, depend on the specifics of the 

problem, as well as on the details of the EAs implementation (e.g., population size, or 

selection pressure). 

Traditionally, single­point crossover has been the simplest, yet the most commonly used 

form of crossover, in both, binary and real­valued encoding [66]. Given two parents, a 

single crossover position on the chromosome is chosen at random, and parents exchange 

their substrings after the crossover position, thus forming two offspring. In multi­point 

crossover, a few breakup positions can be chosen completely at random, or according to 

some probability distribution. By and large, the multi­point operator can produce a larger 

variety of schemata than the single­point operator does. In the uniform crossover, every 

bit of a binary string can potentially be a crossover point [150, 153]. A string of bits, 

called a crossover mask, of the length of the chromosome, is generated at random, with 

the probability 0.5 for each bit. The 1­bits in the mask correspond to the parental bits 

subject to exchange. The parity of each mask bit indicates from which parent the 

offspring will receive the corresponding bit. Uniform crossover can be easily extended to 

real­valued encoding, if crossover points are placed between the float­point numbers on 

the chromosome corresponding to the encoded parameters.
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Apart from binary crossover that exchanges information between binary­coded parents, a 

number of recombination operators have been proposed for real­valued encoding, which 

average, or blend the values across the parents [32, 110]. Although, in nature, new 

individuals are created via either asexual or sexual reproduction, a few operators have 

been proposed that use panmictic (multi­parent) crossover, e.g., a gene scanning operator 

produces one offspring from n > 1 parents [31]. 

While the best choice of crossover operator is problem­dependent, the important property 

of this operator, its mixing capability, can be estimated independently of the problem. 

The mixing capability determines how quickly the population can deviate from the initial 

random distribution, in order to explore the entire search space. It also determines 

disruptive, as well as recombination power of crossover, i.e., the rate of combining 

different schemata together in one genotype. Analytical and experimental studies 

conducted on a generalized card­shuffling problem show that uniform crossover mixes 

the population the fastest (the shuffling time τ = 1.44), followed by two­point crossover (τ 

= 0.5L), then by single­point crossover (τ = L – 1), where L is the number of cards in each 

of N suits [125]. Consequently, multi­point crossover with n crossing points chosen at 

random would fit between the two­point, and the uniform operators. 

Unlike crossover, mutation is an asexual operator acting upon a single chromosome. 

Mutation has always played the dominant role in Evolutionary programming and 

Evolution strategies, while in Genetic algorithms it was considered a secondary, or 

background operator. The recent tendency is to recognize the role of mutation as a search



77 

tool, and as an important instrument for retaining the diversity of the population [111]. 

When the algorithm starts converging to some promising solution area, the number of 

chromosomes representing this area grows fast. In the finite population, the current 

successful individuals crowd out their less successful counterparts, thereby eliminating 

the alleles that the latter carry. Since crossover does not produce new alleles, the 

eliminated alleles can be lost altogether. One cannot be sure, however, that the lost alleles 

do not belong to some better solution. Under these circumstances, mutation is the only 

classical mechanism that can recover the lost alleles, and bring them back into the gene 

pool. 

In a binary string, the commonly used bit­wise mutation is implemented by flipping a bit 

from 0 to 1, or vice versa, with the mutation probability pm [66]. The simplest mutation 

scheme for the real­valued encoding is to pick an offspring O(x') from the search space 

[xL, xU] at random, as follows: 

x' = r [xU ­ xL],  (3.4) 

where xU and xL are the respective upper and lower bounds of the search space, and r ∈ 

[0,1] is a random number [107]. Another common way is to relate mutants to their 

parents, like in the non­uniform adaptive mutation scheme [107], or in Evolution 

strategies [4, 144]. 

3.2.4. Control Parameters of Evolutionary Algorithms 

The right choice of control parameters of Evolutionary algorithms significantly affects 

the computational performance and the overall success of the evolutionary search.
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Control parameters most noticeably include population size and probabilities (rates) of 

crossover and mutation. Few theoretical results for relatively simple optimization 

problems have been obtained in this area; and most recommendations are based on 

experimental studies conducted on certain classes of test problems. 

Most research, including multi­population models, is focused on finding the optimal 

population or sub­population size, before the algorithm run. One of the earlier models 

singles out the best building block, and considers fitness contributions from other 

partitions as noise [52]. The model assumes that if wrong blocks were selected in the first 

generation, the algorithm would never recover, and would converge to a false solution. 

On the other hand, the correct initial selection would lead to the correct optimal result. 

The population size n then relates to the quality of the decision, according to Formula 

2 

2 

' 2 ) ( 2 
d 

m c n  M k σ 
α =  ,  (3.5) 

where α is the probability of failure, c(α) is the square of the unit normal distribution for 

the probability of failure α, k is the order of the building block, m' is one less than the 

number of building blocks in a string, σ 2 M  is the average fitness variance, and d is the 

fitness difference between the best and the second best blocks. 

For a long time, the fixed optimal settings pc ≈ 0.6 and pm ≈ 0.001 for crossover and 

mutation rates were common in the GAs community. The rates were obtained on a 

specific test suite for binary encoding, and served as the basis for numerous studies and 

applications [24]. Two measures were devised to evaluate the performance of the 

algorithm. Offline performance measures the overall convergence, i.e., the quality of the
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best solution obtained at the end of the algorithm run. Online performance is evaluated as 

the average result obtained to date over all generations, up to, and including the current 

generation. 

Based on the analysis of the race between selection and crossover [49], in terms of the 

takeover time t* vs. the innovation time ti, the lower estimate of the crossover was 

derived as 

) ln( 
) ln( 
N N p 

s p 
s 

c ≥  ,  (3.6) 

where s is the selection pressure, ps  is the probability of success during a single crossover 

operation, and N is the population size. The minimum crossover probability grows 

proportionally to the logarithm of the selection pressure. The actual probability has to be 

greater than the minimum value, in order to satisfy the steady­state innovation condition 

of the algorithm success. 

The variety of the EAs parameters and the complexity of their nonlinear interaction make 

the task of manual tuning the optimal settings for a particular problem very difficult. 

Significant efforts have been made to find various adaptive schemes of control [21, 64, 

109]. Utilizing self­adaptation, for example, gives an opportunity to customize the EAs 

settings concurrently with conducting the search for the optimum solution. The initial 

optimization problem can be re­formulated then as the concurrent optimization search in 

two different spaces: the space of all possible solutions to the original problem, and the 

space of all possible Evolutionary algorithms (together with their parameters) that can be 

applied to solve the original optimization problem.
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3.2.5. Maintaining Population Diversity and Mating Restrictions 

One of the strong appeals of the evolutionary approach stems from the concept of 

maintaining a population of potential solutions, as opposed to a single solution. The 

population typically samples the entire search space at the beginning of the search, thus 

allowing for exploration of different search sub­spaces. As the selection pressure marks 

out the fittest candidates, the search more and more focuses on a few sub­areas, thus 

decreasing the diversity of the population. In the case of a multimodal objective function 

having multiple optimum peaks, the population size and selection pressure are often not 

adequate to the fitness landscape. The inadequacy can have the negative effect of 

overlooking some of the potential optimum peaks, especially at the beginning of the 

search. Different approaches, including niching and crowding, have been developed, in 

order to help maintain the population diversity at a satisfactory level. 

Niching penalizes solutions that are close to each other, and forces the population to 

spread across the multiple extreme areas, in such a way that the number of individuals in 

each area is proportional to its height [48, 51]. Niching requires that all individuals within 

the same region of the search space share their fitness, so the individual fitness becomes 
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where N is the population size, fi  is the regular fitness value, d(i, j) is the distance 

between the individuals i and j, and sh(∙) is the sharing function defined as follows: 

α σ  ) / ( 1 ) (  share d d sh − =  ,  if d < σshare,  and sh(d) = 0, otherwise.  (3.8)
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Here, σshare defines the size of the neighborhood around i (niche radius), and α is the 

scaling factor. The sharing function determines the degradation of the individual’s 

fitness, due to crowding by the neighbors. 

Crowding is another strategy that simply replaces old individuals with new ones, when 

they are similar, thus weakening the tendency to accumulate similar solutions [24, 27]. 

Along with maintaining the population diversity and proper allocating chromosomes in 

the search space, another concern in multimodal function optimization is crossing over 

solutions belonging to different optimum peaks. If the regular crossover was applied 

uniformly to the entire population, some search efforts will be wasted on recombining 

solutions belonging to different optima, thus obtaining lethal offspring. In order to 

maintain the production of viable offspring, different speciation methods have been 

designed that restrict mating patterns [27]. 

3.2.6. Terminating Criteria 

The termination condition is “one of the fuzzy parts” of Evolutionary algorithms [61]. 

The following criteria are commonly used in the EAs practice: 

1.  The quality of the best chromosome is checked, and if it is an acceptable solution 

to the problem, the search is terminated. This method requires a good 

understanding of the specifics of the problem, as well as the knowledge of the 

possible range of acceptable solutions. 

2.  The simplest and frequently used way to terminate the evolutionary process is to 

limit the number of generations, or, alternatively, the number of fitness function
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evaluations. This method requires some prior experimental or theoretical 

knowledge of the algorithm’s behavior for a particular class of problems. 

3.  More meaningful approach is to terminate the search, when no significant 

improvement of the result can be achieved. There are two main techniques that 

are used down this line. The first technique measures the progress achieved in 

relation to the chromosome structure (genotype). It checks the number of 

converged alleles within the chromosomes. Allele is considered converged if a 

certain pre­set fraction of the population has the same allele value. The second 

technique measures the progress achieved on the chromosome level (phenotype). 

If the fitness improvement over some pre­set number of generations is small, the 

process terminates. The fitness improvement can be monitored, in relation to the 

best chromosome in the population. Alternatively, the mean and the standard 

deviation of the fitness of the entire population can be measured. 

3.3. Advanced Models of Evolutionary Algorithms 

Evolutionary algorithms have proved to be a versatile and flexible approach, well suited 

for solving complex optimization problems. The versatility comes from the fact that EAs 

in their purest classical form implement an adaptive random search that does not employ 

any domain­specific knowledge. It can be easily applied to the entirely different problem 

spaces. The paradox is that the versatility of the classical EA is, at the same time, its main 

bottleneck. Many ad hoc methods that use domain­specific knowledge relevant to a 

particular class of problems might likely outperform the classical Evolutionary algorithm 

on those problems. Here is where the flexibility of EAs comes to the rescue: the classical
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model can be easily modified and extended, to include virtually any domain­specific 

knowledge, or combined and enhanced with other, more traditional algorithms and 

methods. This section gives a brief overview of some interesting advanced EAs models 

stemming from the practical needs to solve various real­world problems. 

3.3.1. Hybrid Evolutionary Algorithm 

Hybrid Evolutionary Algorithm (HEA) enhances global evolutionary search with local 

search based on traditional local optimization techniques [2, 60]. There are several ways 

of incorporating local search into the global evolutionary procedure [80]: 

1.  Run the standard (i.e., classical) Evolutionary algorithm, and then apply local 

search to refine the final optimal solution obtained with EA. 

2.  Use local search as an evaluation function for the EAs search. In that case, EAs 

generate the starting points for local improvement; and thereafter local search 

evaluates the fitness of the candidate solutions, by investigating their local 

neighborhoods. In some cases, this approach can give rise to a problem of 

multiple genotype­to­phenotype mapping, when different individuals map to the 

same local optima. 

3.  Use local search as a genetic operator, in a way similar to mutation. Local search 

is applied only to a selected small fraction of the population, in order to reduce the 

computational cost. This approach can be disruptive for the schemata processing, 

because it alters the implicit information about the hyperplane partitioning of the 

population.
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4.  Mix the previous strategies, by updating the genotype of only a fraction of the 

population. 

In order to emphasize the role of local search in EAs, the term “memetic algorithm” is 

introduced in [112], and a precise formal description of memetic algorithm is given in 

[126]. According to the description, memetic algorithm is a GA, in which a local 

optimizer is applied to every offspring, before it is inserted into the population. The 

operators of recombination can produce solutions that are outside the subspace of local 

optima, in which case the local optimizer repairs the solutions, and produces the final 

population that fits within the optimal subspace. Memetic algorithm, therefore, can be 

thought of as a kind of EA over the subspace of local optima. 

Genetic algorithm is enhanced with the combination of the neighborhood search (i.e., 

local search), and a technique called “path tracing”, in [132]. Both are embedded into the 

general evolutionary framework. Path tracing plays a role of an “intelligent” form of 

recombination, in place of the regular operators of crossover and mutation. In the path 

tracing, crossover acts as interpolation between two parents, and mutation acts as 

extrapolation from one of the parents. The algorithm makes a probabilistic choice 

between the neighborhood search and path tracing. With the probability Px, either 

interpolating, or extrapolating path tracing is used, otherwise local search is used, around 

the first selected parent. In order to reduce the computational cost of local search, the 

latter is made stochastic, similar to Simulated annealing, with the fixed number of 

iterations.



85 

3.3.2. Messy Genetic Algorithms 

The Fast Messy GA (FMGA) emphasizes the role of crossover, as the main instrument of 

innovation that is vital for the GA to succeed [54]. The classical Genetic algorithm does 

not investigate the linkage between different genes in a candidate solution. There are two 

types of linkage that occur in a chromosome: genetic and epistatic. Genetic linkage is 

defined as the proximity of genes, and their tendency to be transferred together during the 

crossover operation. More important epistatic linkage is defined as interdependency of 

different genes, regardless of their position on a chromosome. The Fast Messy GA 

explores epistatic linkage, and differs from the classical GA in the following way: 

•  using messy solution encoding; 

•  using messy genetic operators; 

•  breaking the search process into three heterogeneous phases; 

•  using level­wise iteration, to improve the complexity of the solution. 

FMGA allows for the individual’s genotype to be either under­specified, or over­ 

specified, e.g., the string ((4, 0) (1, 1) (2, 0) (4, 1) (4, 1) (5, 1)) is under­specified, with 

respect to gene 3 (no instances), and over­specified, with respect to gene 4 (3 instances). 

The operator of messy crossover is broken down into two operators, cut and splice. The 

cut operator divides the string into two parts, while the splice operator joins the head of 

one string with the tail of another string, to form the offspring. The resulting offspring 

can have different lengths.
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The Gene Expression Messy GA is a variant of the Messy GA that uses a transcription 

operator [83]. Transcription results in identifying and storing good­linkage gene subsets. 

These subsets are then processed at the juxtapositional phase, by means of selection and 

recombination. The Linkage Learning GA replaces deterministic gene expression in the 

Messy GA, with probabilistic gene expression [58]. Probabilistic expression begins at a 

random locus, and moves in a clockwise fashion. Alleles are expressed probabilistically, 

depending on the starting locus and the relative distance between the alternative alleles. 

3.3.3. Hierarchical Genetic Algorithm 

A model of the Hierarchical Genetic Algorithm (HGA) is based on the observation that 

genes in a chromosome of a living organism are arranged in a hierarchical manner [101]. 

Some genes are dominating the others; and there are active and inactive genes. In a 

chromosome, genes can be classified as regulatory sequences (RS), and structural genes 

(SG). While structural genes serve as the building blocks of proteins, the regulatory 

sequences serve as the leaders that identify the beginning and the ending of the SGs, 

participate in turning on and off transcription of SGs, and function as initiation points for 

replication or recombination. The Hierarchical Genetic Algorithm attempts to mimic the 

biological DNA structure, with the application to an artificial environment. The HGA 

chromosome consists of parametric genes (analogy of SCs in the DNA) and control genes 

(analogy of RSs in the DNA). Control genes are organized in a hierarchical manner. The 

activation of a parametric gene is controlled by the value of the 1st level control gene, 

which, in turn, is controlled by the value of the 2nd level control gene, etc. Unlike the 

classical GA that has fixed chromosome and phenotype structures, HGA operates without
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these constraints, and a content of varying length is available within the same 

chromosome structure. HGA searches concurrently for the solution to the problem, and 

for the optimal hierarchical chromosome structure, so that the final optimization objective 

can be met. 

3.3.4. Implicit Redundant Representation Genetic Algorithm 

Interesting variant of Evolutionary algorithms, called Implicit Redundant Representation 

Genetic Algorithm (IRRGA) is developed in [128]. The algorithm can change “on the 

fly” the number of optimization variables, i.e., the dimensionality of the search space. It 

does so by making the number of optimization variables also a variable that has to be 

optimized during the main search for the optimum solution. IRRGA uses redundancy in 

the solution representation, which provides a two­fold benefit. First, redundant segments 

act like introns in a chromosome of a living organism, and help protect the active 

variables from disruption, during the operations of crossover and mutation. Second, 

redundant segments serve as potential placeholders allowing for adding new variables 

dynamically, during the algorithm execution. 

3.3.5. Virus­Evolutionary Genetic Algorithm 

The classical Evolutionary algorithm is rooted in Neo­Darwinian theory of evolution 

stating that evolution changes living organisms, in the process of natural selection and 

heredity. Other evolutionary theories have been proposed, based on the progress of 

molecular biology. One of them is the Virus theory of evolution stating that the key 

mechanism of transporting DNA segments across the species is virus transduction, i.e.,
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genetic modification of a bacterium by genes from another bacterium [42]. Virus 

infection is capable of rapid horizontal propagation throughout the population, while 

heredity allows for genetic information to propagate vertically from generation to 

generation. The Virus evolution theory can explain the punctuational evolution in nature. 

A new variant of Evolutionary algorithms called VEGA (Virus­Evolutionary Genetic 

Algorithm) was developed based on the Virus evolutionary theory [42]. There are two 

types of population in VEGA: the host population of candidate solutions, and the virus 

population. The virus population has two specific virus infection operators aimed at 

transmission of the DNA segments among the host individuals. The first operator, a 

reverse transcription, transcribes virus genes onto the host chromosome. The second virus 

operator, transduction, creates a new virus, by transducing a DNA segment from the host 

chromosome. 

3.3.6. Cultural and Agent­Based Algorithms 

A number of EAs variants attempt to enhance the original biological framework with the 

content drawn from social behavior of the living organisms. In cultural algorithms, 

individual solutions learn during their lifetime, both on genetic and social level [133]. 

Cultural algorithms include population structure, belief structure, and communication 

channel. Individuals inherit properties at two levels: at the micro­evolutionary level they 

inherit the behavioral and genetic traits, and at the macro­evolutionary level they inherit 

the beliefs of the population. The two levels interact through a communication channel 

allowing for mutual adjustment and influence of the both evolutionary levels.
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Agent­based models in evolutionary computations were introduced in the 1990s. A 

potential solution to the problem can be viewed as an agent whose behavior is based on 

some set of rules applied at the micro­ or macro­level. In general, the rules can be 

adaptive, and tailored to a particular problem. For example, in the Patchwork model, 

every individual is modeled as a mobile agent that has a number of properties including 

the maximum life span, the ability to breed, the fitness­based mortality, and the ability to 

have preferences in decision making [90]. Agents move and interact in a 2­D grid of 

patches (cells) in such a way, that they can collect information only from local 

environment, and can affect only that environment. A set of adaptive behavioral rules 

regulates the agents’ lives. 

3.3.7. Using Statistical Analysis in Evolutionary Computations 

In spite of the presence of some theoretical grounding for Evolutionary algorithms, they 

remain, to a large extent, experimental methods, when it comes to real­world problems. 

Since they are inherently non­deterministic, it seems logical to incorporate well­known 

robust statistical techniques into the EAs framework, in order to gain a better 

understanding of the search process, and to augment its heuristic with an intelligent 

analysis. 

Statistical analysis tools can be employed for the dynamic run control, data 

preprocessing, and estimating the statistical significance of the results [8]. Although [8] 

refers to Genetic programming, the findings are generally applicable to other variants of 

Evolutionary algorithms. Considering GP as an unsupervised learning procedure, the
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investigators outline the following aspects of statistical analysis that can be effectively 

employed in the evolutionary search: 

1.  Offline pre­processing and analysis helps determine which data instances should 

be input into the GP system. 

2.  Offline post­processing measures the computational effort, i.e., the number of 

candidate solutions that have to be processed, in order to find the optimal 

solution. 

3.  Online analysis and measurement of the data monitor transitions between 

randomness and stability in the interim results, during the algorithm run. They 

also increase the probability of the intelligent control of the algorithm 

performance on the fly, via feedback from the online data analysis. 

A probability model for estimating the number of local optima (attractors) in the fitness 

landscape using the data from repeated sampling is presented in [131]. Such estimation 

can be helpful in assuring the quality of the solution obtained by the evolutionary search, 

and in estimating the computational cost of finding the global solution. Although the 

estimates derived in [131] are based on the assumption of isotropically distributed 

attractors (i.e., uniformly distributed in the fitness landscape, and having nearly equal 

basin sizes), the paper points out that the estimates can still be used to compare the effect 

of different recombination operators.
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3.3.8. Estimation of Distribution 

Estimation of Distribution Algorithm (EDA) is a relatively new paradigm, and one of the 

fastest growing techniques in evolutionary computations [94]. Although EDA is rooted in 

Evolutionary algorithms, it goes far beyond the traditional genetic operations of random 

search, and replaces crossover and mutation with learning and sampling the probability 

distribution of the best individual solutions in the population. In this way, EDA attempts 

to capture relationship between the variables, in order to build a distributed model of 

good solutions across the population, and to exploit this information in a competent way, 

thus more efficiently guiding the search toward the most promising areas of the search 

space. While in the classical Evolutionary algorithm, the relationships between building 

blocks are not expressed explicitly, in the Estimation of Distribution Algorithm, these 

relationships take an explicit form of the joint probability distribution between individual 

candidate solutions selected at every iteration. 

The key problem in EDA is estimating the probability distribution. Computing all 

parameters needed for the precise estimate is intractable, and a number of approximations 

have been proposed that factorize the distribution, according to a chosen probability 

model. The Univariate Marginal Distribution Algorithm uses the simplest model, and 

estimates the joint probability distribution, as the product of independent univariate 

marginal distributions [114]. The Compact Genetic Algorithm is a variant of EDA that 

works for a binary solution representation; it initializes the vector of probabilities 

following Bernoulli distribution [59]. The Mutual Information Maximization Algorithm 

looks at the statistical dependencies between the pairs of variables (pair­wise probability
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distribution) [22]. The Bayesian Optimization Algorithm employs an acyclic Bayesian 

network, in order to construct and explore the probabilistic model of the best individuals 

in the population; and to identify and exploit the gene linkage [120]. 

3.3.9. Parallel and Multiple­Population Evolutionary Algorithms 

Evolutionary algorithms are inherently well suited for parallel processing, due to the fact 

that they concurrently work with the population of independent solutions. The population 

can be distributed among several processors, which would significantly speed up the 

computations. Many efforts have been made to design efficient parallel versions of EAs. 

Despite the natural distributed character of EAs, their parallel implementation, however, 

is a complex nonlinear problem controlled by many parameters that require careful 

consideration and tuning. The choices of topologies and migration rates; the number and 

the size of subpopulations are all closely related, and have to be considered 

simultaneously. Four major types of the algorithm are identified in [16] as follows: 

•  single­population master­slave EA; 

•  multiple­population EA; 

•  fine­grained EA; 

•  hierarchical hybrids. 

Master­slave EA has a single population. The master node stores the population, executes 

genetic operators, and distributes the population among the slaves. The slaves evaluate 

the fitness of the individual candidates, and return the results back to the master node. 

This is the simplest form of the parallel EA, also known as the global parallel EA.
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Multiple­population, or multiple­deme EA consists of several subpopulations distributed 

over different processors. This class of methods is also known as distributed EA, coarse­ 

grained EA, or island model. The subpopulations evolve independently, but exchange 

individuals, from time to time. This is one of the most complex models, because user has 

to decide on the number and the size of the subpopulations (demes); the frequency of 

exchange (migration); and the number, selection method, and destination of the migrants. 

Some researchers argue that this model is a closer analogue to the natural population that 

the single­population EA model. The model is particularly well suited for MIMD 

(Multiple­Instruction­Multiple­Data) computers with distributed memory. 

Fine­grained EA has a single spatially structured population. The structure is usually a 

rectangular two­dimensional grid, with one individual per node. The evaluation of fitness 

function is performed simultaneously for all nodes. Selection and mating are restricted to 

a small neighborhood around an individual. Since the neighborhoods overlap, good traits 

can eventually spread across the entire population. This model is also called a diffusion 

model or cellular EA, due to its resemblance of the random diffusion of particles in fluid, 

or cellular automata with stochastic transition rules. The model is particularly well suited 

for massively parallel SIMD (Single­Instruction­Multiple­Data) computers. 

3.3.10. Evolutionary Algorithms in Multi­Objective Optimization 

Multi­Objective Optimization Problem (MOOP) is formulated as finding maxima (or 

minima) of several objective functions, under a specified set of constraints: 

max { z1 = f1(x), z2 = f2(x), . . . , zq = fq(x) },  gi(x) ≤ 0  for i = 1,…, m,  (3.9)
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where x ∈ R n  is the vector of n decision variables, fi(x), i = 1,…, q are the objective 

functions, and gi(x), j = 1,…, m are the constraint functions forming the area of feasible 

solutions [44]. 

Unlike in single­objective optimization, there is no single solution in MOOP that is best, 

with respect to all objective functions, because of the conflict among the latter. A set of 

optimal solutions exists, which cannot be compared to each other. The main property of 

the solutions is that no improvement is possible in any of them, without degrading or 

sacrificing at least one other solution. These solutions are called non­dominated, or 

Pareto­optimal; they form a Pareto front. Non­dominated solutions can be discriminated 

only on the basis of expert knowledge of the problem, or on the preference set used by 

the decision maker (DM). The numerical solution to MOOP, therefore, has two goals 

simultaneously: 

•  find a set of solutions that are as close to Pareto front as possible; 

•  find a set of solutions that are as diverse as possible, i.e., are sparsely spaced 

along the Pareto front. 

In real­world applications, usually only one solution has to be chosen from the set, in 

accordance with the DM preferences. These preferences give a certain priority order to 

non­comparable solutions, based on the DM judgment. The final solution chosen from 

the set is called the best­compromised solution. 

Two main approaches to solving MOOP are identified in [44] as follows:
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1.  Preference­based approach attempts to find a compromised or preferred solution 

from the beginning, thus effectively reducing MOOP to a single­objective 

optimization problem. A well­defined set of preferences or priorities of the 

objective functions has to be in place, before the numerical procedure starts. The 

advantage of this approach is usually a significant reduction in the complexity of 

the problem. 

2.  Generating approach seeks the entire set of Pareto solutions or their 

approximations. Very often, DM does not know a priori about the exact trade­off 

among different objectives. It is desirable first to find the entire set of Pareto­ 

optimal solutions, and then to choose one solution, using some higher­level 

knowledge or considerations. This approach gives the decision maker the overall 

perspective of all possible solutions that MOOP can offer, and provides the option 

to choose the solution that most suits some criteria of importance or acceptance. 

The classical methods of solving MOOP have shortcomings [26] that limit their 

usefulness in real­world applications: 

•  only one of the set of Pareto­optimal solutions usually can be found, during one 

run of the algorithm; 

•  if the problem is non­convex, some algorithms cannot find all Pareto solutions; 

•  all classical algorithms rely on some problem­specific knowledge, available prior 

to the algorithm run.
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Evolutionary algorithms are inherently well suited for MOOP, because they maintain the 

population of potential solutions. Therefore, EAs can find and preserve a set of multiple 

Pareto solutions simultaneously. When EAs are applied to multi­objective optimization, 

the important issue is the design of the mechanism by which fitness can be assigned to 

different solution candidates [44]. Vector­evaluated, Pareto ranking, and random­ 

weighting mechanisms are used in the generating MOOP approach; while compromise­ 

based, adaptive weighting, and goal programming have been designed for the preference­ 

based approach. 

An extension of the classical Evolutionary algorithm to multi­objective optimization, 

known as the Vector­Evaluated Genetic Algorithm (VEGA) was first proposed in [140]. 

In the algorithm, the selection step works in a loop that selects an appropriate fraction of 

the population, on the basis of each objective function. VEGA does not use scalar fitness 

function, so individuals do not have an explicit form of the overall fitness. After the 

selection, the entire population is shuffled, to obtain fair mating conditions between all 

fractions, before crossover and mutations are applied. 

Pareto ranking fitness assignment, as a way to achieve the equal reproduction for all 

Pareto solutions, was first suggested in [48]. The population is ranked on the basis of 

non­dominated solutions, as opposed to the regular ranking procedure in a single­ 

objective EAs. In Pareto tournament procedure, two solution candidates x1 and x2; and a 

comparison set {C} are picked at random from the population [67]. Each of the two
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candidates is compared against each solution in the set {C}, with the following outcome 

based on the comparison results: 

•  if one candidate, e.g., x1  is dominated by the comparison set, but the other x2 is 

not, then the non­dominated candidate x2 is selected; 

•  if both candidates are either dominated or non­dominated, the winner is decided 

on using the sharing technique: the solution that has the least number of neighbors 

wins the contest. 

The random­weight EA implements a varying search direction toward the Pareto front 

[115]. The weighted­sum objective function is defined as follows: 
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where the random weights wk are computed using nonnegative random numbers rk (k = 
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The compromise­based approach avoids computing all Pareto solutions, and can be 

useful when obtaining all Pareto solutions is either computationally expensive, or of little 

interest to the decision maker [44]. The approach identifies solutions that are closest to 

the ideal optimal point, with relation to some measure of distance. The ideal optimal 

point is the optimal solution that presumably satisfies all the conflicting objectives, and 

therefore cannot be achieved in reality. Since the ideal point is not attainable in actuality,
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the concept of a proxy ideal point is suggested, that replaces the ideal point. The proxy 

ideal point is the ideal point that corresponds to the current generation only; it is expected 

to gradually approximate the actual ideal point, as the evolutionary search progresses. 

The adaptive weight approach attempts to adjust the evolutionary search toward the 

Pareto front [44]. A good choice of the weighting vector is not usually critical, since 

weights are re­adjusted during the evolutionary procedure. Two extreme points, the 

maximal and the minimal are defined at every generation, for every solution in the 

population; they define the minimal hyperparallelogram that contains all current 

solutions. The maximal extreme point will gradually move toward the approximation of 

the positive ideal point (in the maximization problem). 

The goal programming approach establishes a specific numeric goal for each objective 

function, and seeks a solution that minimizes the weighted sum of the deviations of the 

objective functions from their respective goals [44, 45]. Nonlinear goal programming 

method solves the problems with the conflicting nonlinear objectives and constraints. 

User provides the target of achievement for each objective, and gives the priorities, 

according to which the goals have to be achieved. The algorithm attempts to find the 

optimal solution that satisfies as many goals as possible, in the order of their priorities.
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3.3.11. Evolutionary Algorithms and Fuzzy Concepts 

The last decade has seen a growing interest among researchers to the application of the 

concept of fuzziness in evolutionary computations. There are two different aspects of the 

relationship between Evolutionary algorithms and fuzzy concepts [63]: 

•  incorporating ideas of fuzzy logic into Evolutionary algorithms, including fuzzy 

representation, fuzzy operators, and fuzzy parameter control; 

•  application of Evolutionary algorithms to fuzzy environment, particularly in the 

area of fuzzy optimization and fuzzy control. 

The classical EA does not take into consideration the developmental progress from the 

gene level to the phenotype level [110, 169]. The progress can be considered as a fuzzy 

multistage decision process, and can be described by Fuzzy Evolutionary Algorithm 

(FEA) [169]. In FEA, a gene can have the real number, rather than the binary one, i.e., a 

binary gene becomes a fuzzy gene. Two different genotypes can produce the same 

phenotype, i.e., in the fuzzy representation, the one­to­one correspondence between 

genotype and phenotype does not hold anymore. In order to dynamically control the 

parameters of Genetic algorithm, the use of the fuzzy logic controller (FLC) is proposed 

in [97, 98]. Since the terminating criteria in Evolutionary algorithms are not well defined, 

a fuzzy stop criterion mechanism (FSCM) is developed in [106], which has some 

advantages over the traditional terminating schemes. FSCM relies on the user­defined 

acceptable percentage optimal solution, called α­cut. Instead of the crisp optimum 

solution, the algorithm searches for a fuzzy goal using the α­cut as the cut­off parameter.
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The algorithm also estimates belief and uncertainty measures of the found solution, thus 

giving the user some kind of confidence in the obtained results. 

Finding the exact optimum solution in fuzzy optimization is meaningless for the decision 

maker. The latter wants to find a neighboring domain of the optimum solution, such that 

every solution within the domain can be “optimum” under the set of preferred criteria, in 

the environment characterized by the fuzziness of the objective function and constrained 

resources [44, 45]. The preferred solution can be identified by the DM via human­ 

computer interaction. Such interactive method for maximizing the minimum satisfaction 

degree is proposed in [156]. Application of fuzziness in multi­objective 0­1, integer, and 

nonlinear programming with Genetic algorithm is also described in [137], where a 

modified interactive version of the GENOCOP III system is applied to solve fuzzy multi­ 

objective nonlinear programming. A membership function μi(fi(x)) for each of the 

objective function is defined, where the corresponding reference membership levels μi are 

elicited from the decision maker using human­computer interaction. Then, the 

corresponding set of the Pareto optimal solutions can be found as the nearest to, or better 

than μi solutions, by solving a minimax problem 
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3.3.12. Directions of Further Research in Evolutionary Algorithms 

Although the classical prototype of Evolutionary algorithms is based on a few fairly 

simple ideas, it serves as an extremely powerful and flexible platform for a great and 

ever­growing variety of implementations. The algorithm itself does not imply, nor
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impose restrictions or limitations of any kind on the implementational details. Different 

representation schemes can range from the simplest flat binary encoding, to the most 

complex hierarchical and multi­dimensional schemes capable of rendering entire 

computer programs or neural networks. The user is free to choose or design any 

representation form that intuitively seems most appropriate and convenient for the 

problem at hand. The impressive toolbox of evolutionary operators contains solutions 

extending beyond the original proportional selection, single­point crossover, and random 

mutation. Fairly sophisticated operators are available that incorporate intelligent analysis 

into traditional analytical and heuristic methods. The expandable set of control 

parameters can be adapted, to guide the search toward the desired solution in more 

efficient way. 

With all the advances in the development of the algorithms, it is fair to say, however, that 

the application of EAs to each particular problem is still, to a large extent, an art, rather 

than a routine procedure. A researcher, a scientist, or an engineer who wants to use the 

algorithms to solve a specific real­world problem, faces a challenge of choosing a slew of 

options and parameters that are not well defined, and can be very problem dependent. A 

lot of research has to be done before Evolutionary algorithms become an everyday, off­ 

the­shelf problem­solving tool. The overview of research areas that are likely to play 

important role in further development of EAs identifies the following directions [25]: 

1.  Growing complexity of solution representation and morphogenesis. Much of the 

research in the EAs field has been done using relatively simple genotypic 

structures. Recent attempts to evolve more complex structures, such as neural



102 

networks or computer programs show increasing demands for the development of 

more universal encodings, complemented by the process of morphogenesis. More 

complex and meaningful evolutionary operators have to be developed, which 

would be capable of producing structurally complex and non­trivial solutions. 

2.  Inclusion of operators not directly associated with the biological nature of 

evolution. One example of such operators is Lamarckian evolution allowing for 

characteristics acquired by an individual to be seamlessly incorporated into the 

learning experience of the population. Hybrid systems are appearing, where 

individuals go through a learning process, and then pass the acquired genotypic 

and phenotypic features on to the future generations. 

3.  Non­random mating and speciation have to play an increasingly important role, as 

the means of reducing the number of lethal or non­viable solutions produced 

during the mating process. 

4.  Works on decentralized and parallelized models have to draw increasing 

attention. Parallel implementation is capable of significantly reducing the high 

computational cost traditionally associated with evolutionary computations. 

Speciation, niching, punctuated equilibriums, and other multi­population 

techniques have to be rigorously investigated. 

5.  Adaptation and self­adaptation mechanisms controlling EAs parameters, and 

strongly affecting representation, recombination, and other features of the EAs 

process have to be studied and effectively implemented. 

6.  Various competitive and cooperative co­evolutionary models should bring 

increasing behavioral complexity and efficiency to evolutionary computations.
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7.  A big gap between the simplifying assumptions of theoretical EAs models and the 

actual complexity of their implementation has to be bridged. Strong theoretical 

results have to be produced, and powerful mathematical tools have to be designed, 

in order to describe the complex stochastic nonlinear systems that EAs appears to 

be. 

3.4. Evolutionary Algorithms in Imaging Optimization 

Evolutionary  algorithms  have  been  successfully  applied  to  a  variety  of  problems 

encountered  in  image  processing,  where  they  reportedly  demonstrated  superior 

performance over  traditionally used methods. However,  the  total amount of  research  in 

this  area  is  still  relatively  small,  in  comparison  with  other  areas,  like  electrical  and 

mechanical engineering; industrial and resource control; and many scientific applications. 

According  to  the  comprehensive  bibliography of  the EAs  research  conducted  in  1963­ 

2004 [1], the number of publications in two areas, optics and image processing accounts 

for  less  than  8% of  the  total EAs publications. Moreover,  analysis  of 196  publications 

listed  in  [1],  and  related  to  imaging  optimization,  i.e.,  2­D  and  3­D  image  registration; 

object,  target,  pattern,  and  character  recognition;  scene  interpretation  and  object 

classification;  feature  extraction;  remote  sensing;  multi­sensor  fusion;  content­based 

image  retrieval;  and medical  imaging,  shows  that  the  absolute majority  of  the  research 

work (168, or 85.8%) utilizes the classical models of EAs, exploiting the advantages of 

the parallelism offered by these models. Genetic algorithms, Evolution strategies, Genetic 

programming,  and  Evolutionary  programming,  with  random  or  heuristic­based  initial 

population; roulette wheel, tournament, stochastic universal, or ranking selection; random
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mutation;  and  random  one­point,  two­point,  or  uniform  crossover  are  used  in  these 

works. Only 28 papers (14.2%) go somewhat beyond the classical EAs models. One half 

of them (14 papers, or 7.1%) reinforce evolutionary search with traditional techniques of 

local optimization, predominantly in the form of a simple hill climbing (13 papers), with 

only one paper using  a more advanced Downhill Simplex Method, as an  instrument of 

local  search. Only 14 publications  (7.1%) utilize  other, more advanced  techniques,  like 

clustering  and  using  sub­populations;  multi­objective  fitness  evaluation;  and  more 

complex  forms  of  solution  representation  or  evolutionary  operators.  This  section  gives 

some typical examples of using EAs in various applications of imaging optimization, i.e., 

in  image  registration;  pattern  matching;  scene  interpretation  and  object  recognition; 

feature selection; and human body registration. 

3.4.1. Two­Dimensional Image Registration 

The application of GAs to registration of medical x­ray images, in the presence of noise, 

is discussed in [34, 35, 55, 65, 102]. The proper alignment of images is critical for the 

success of the following digital subtraction angiography (DSA). In the process of 

registration for DSA, a mask image (i.e., a template) has to be transformed and aligned, 

to match the region of interest (ROI) in the contrast, or reference image, in order to 

eliminate artifacts introduced by the image motion. In [34, 55], the transformation 

between the images includes rotation, translation, and limited elastic motion. In [102], 

transformation is defined by the constrained x and y displacements of four corners of the 

ROI.
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The emphasis is put on the quick approximate evaluation of increasingly larger number 

of candidate solutions during one iteration, as opposed to the highly accurate evaluation 

of a smaller number of chromosomes. In order to accomplish this task, the quality of the 

mapping between the images is evaluated on a sample set of points, rather than on the 

entire image. Statistical sampling techniques are used to randomly select the subsets of 

the image points involved in the fitness evaluation. The classical model of GAs is used, 

with single point crossover and small probability of random mutation. Experimental 

results obtained for the actual clinic images of arteries obscured with motion artifacts, 

validate the proposed GAs­based method of automatic registration of medical images, 

and show its high robustness and efficiency, in comparison with more traditional 

techniques used in medical imaging. 

Close to image registration is the problem of model fitting discussed in [65], with 

application to medical images. The authors build a parametric model of the left ventricle 

(LV) of the heart, and attempt to find parameters of the model from ultrasound images of 

the heart, using GAs. Poor quality and incompleteness of clinical images; and presence of 

noise and artifacts are among the challenges encountered in the process of solving the 

problem, which makes the identification of the LV boundaries a difficult problem, even 

for medical experts. The LV model in [65] is defined by the set of six shape parameters, 

and by the set of four transformation parameters including image translations, rotation, 

and isotropic scaling in the 2­D polar coordinate system. All parameters are encoded as 

integer numbers in a chromosome. The fitness of the chromosome is evaluated as the 

strength of the observed boundary and its closeness to the shape predicted by the LV
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model. The classical simple GA with remainder stochastic sampling as selection strategy 

(a more advanced variant of roulette wheel selection), single point crossover at the 

crossover rate pc = 0.6, and random mutation at the rate pm = 0.005 are used; the 

termination of the evolutionary search occurs at the maximum number of objective 

function evaluations, which is set to 5000. The performance of the algorithm is evaluated 

on a set of apical 4­chamber echocardiogram time sequences obtained from different 

sources. Authors report the high quality of automatic interpretation achieved with the 

model­based GA approach. 

Hardware architecture of the parallel GA for image registration in computer vision 

systems is proposed in [160]. Images are transformed using translations in xy plane, 

rotation, and isotropic scaling. The fine­grain model of parallel GA with massive 

parallelism on a single VLSI chip is used [16], where the scope of interaction of each 

chromosome is limited to only its nearest neighbors. Fitness is evaluated as the number of 

matching pixels in the images. Tournament selection among the neighbors and two­point 

crossover are used as evolutionary operators. Local optimization with hill climbing 

technique on each parameter is added to the classical parallel GA model. Using hardware 

implementation, the authors achieved real­time registration of relatively small test 

images. 

A two­phase GA­based image registration is proposed for 2­D grayscale satellite images 

in [17], particularly for the fast processing of massive data of the global Earth change. 

The transformation between the images includes translations in the x and y directions, and
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rotation in the xy plane. The first phase is a sequential registration of low resolution 

compressed images; it allows one to obtain the approximate values of the transformation 

parameters. The images are compressed to 32×32­pixel format using wavelet transform. 

Despite the high compression factor of 256, the accuracy of the first phase is reportedly 

high. The second phase is a parallel refining of the results obtained from the first phase, 

applied to the actual, high resolution images. In order to reduce the computational cost of 

the registration, only a 128×128­pixel window in the 512×512­pixel images are 

considered for registration. The parallelism of the algorithm is achieved by the parallel 

evaluation of chromosomes on multiple processors using the master­slave model of the 

parallel EA [16]. The parameters of the transformation are encoded in a chromosome as 

integer numbers. The quality of the individual chromosome is evaluated as the correlation 

between two images I and J. Crossover is implemented in the form of the classical single 

point operator. The authors report that the algorithm is robust, accurate, and provides fast 

registration on a test suite of NASA and NOAA images, on a parallel Beowulf cluster of 

50 Pentium Pro PCs, which are interconnected with a combination of GigabitEthernet 

and switched FastEthernet. 

3.4.2. Three­Dimensional Image Registration 

A 3­step registration process is used in [135], to solve the 3­D elastic multimodality 

registration of medical images, particularly of the brain images, obtained with the CT 

(computer tomography) scanner and the MRI (magnetic resonance imaging) technique. 

Two modified models of the classical Genetic algorithm are used for the first two steps.
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The third step involves the classical local optimization applied to the best solutions 

obtained with the GA, in order to fine­tune the final result of the registration. 

The paper assumes that image deformation is small, and rigid registration can serve as a 

good initial guess for a more elaborate second step of the process. During the first step, 

the modified version of the classical GA is applied, in order to find the rigid body 

transformation defined by six parameters: three translations and three rotations in the x, y, 

and z directions. A chromosome implements real encoding of the parameters. The 

algorithm uses fitness proportional selection enhanced with scaling and normalization, 

and a uniform crossover.  Mutation is implemented as random bit flipping, with a small 

probability. The author of the paper modifies the classical model with a constraint based 

on the principle of Latin squares, to ensure that all subregions of the search space are 

fairly represented throughout the entire algorithm run, i.e., a certain minimum number of 

chromosomes for each subregion is present in the population. Following this constraint, 

mutation is restricted to small localities, thus acting as the operator of local improvement 

of the solution. During the second step of the method, the second modified version of the 

classical GA is applied, as a stochastic sampler aimed at reducing the search space at the 

final step of the procedure. The algorithm attempts to find the pairs of the corresponding 

points in the images, which uniquely define a non­rigid tri­linear transformation between 

the images. The list of potential candidates for correspondence is compiled from the best 

solutions obtained at the first step. A chromosome implements a binary encoding of the 

combination of eight points. The classical random mutation and single point crossover 

are used during the second step.
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Application of Genetic algorithms to the 3­D free­form surface registration and model 

construction is considered in [19], with relation to medical imaging. Medical mages of 

the same object obtained with range sensors from different viewpoints have to be brought 

into a mutual correspondence. Investigators point out that the commonly used Iterative 

Closest Point (ICP) algorithm based on local optimization techniques requires a good 

initial guess, in order to find the correct transformation. Image transformation in [19] is 

defined by six parameters encoded in a chromosome: three rotation angles and three 

translations, along the x, y, and z axes. The quality of each chromosome is evaluated 

using fitness function defined as median Euclidean distance between the corresponding 

points of the images. The algorithm is a variant of a simple Genetic algorithm. The 

authors report several examples of the successful registration of large range images in a 

few minutes, on a regular PC with Pentium III processor running at 450 MHz. The GA­ 

based registration does not require a good initial guess or any prior information about the 

correspondence (or feature) points, as opposed to the ICP algorithm. 

3.4.3. Pattern Matching 

An approach based on Genetic algorithms is proposed in [180], to solve an incomplete 

pattern matching problem for two point sets, P and P ', under affine transformation T, 

when only a limited number of image points participate in the matching process. The 

entire parameter space is reduced by constructing “feature ellipses” of the point sets P 

and P '. The feature ellipse of a point set P approximates the shape of P, and is centered 

at the center of P. Since three points define a valid affine transformation, a reference 

point triplet is selected on the feature ellipse of the point set P. A chromosome x is
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comprised of one of the possible binary coded point triplet of the point set P '. The trial 

parameters of the transformation T are found between the reference point triplet in P and 

a chromosome in P '. The chromosome x has to be found with GA, which minimizes the 

Hausdorff distance H(T(P), P ') between the point sets. A simple Genetic algorithm with 

roulette­wheel selection, single point crossover, and uniform mutation at a small rate is 

used to solve the matching problem. The initial population is generated at random, from 

the localities around the feature ellipse of the point set P'. The final parameters of the 

transformation T are found by comparing the best found chromosome with the reference 

triplet. Theoretical and experimental results conducted on many point sets generated at 

random, show the efficiency of the proposed algorithm, in relation to the accuracy of the 

final transformation parameters found by the algorithm. 

3.4.4. Semantic Scene Interpretation and Object Recognition 

Given domain­specific knowledge, in a form of a high­level semantic classification of 

objects, semantic scene interpretation attempts to label the objects in the scene, according 

to the class to which they belong. Therefore, the solution to the problem represents a set 

of labels corresponding to different objects of the scene image. The automation of the 

interpretation task becomes a vital factor e.g., in processing of massive imagery data 

coming from satellites and digital communication systems. 

A simple GA model is applied for recognition and classification of ocean currents, 

eddies, and continental shelf in segmented images of North Atlantic in [3]. A semantic 

net is introduced that establishes relationships between classes, in a form of fuzzy
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predicates. The correspondence between the segments in the image of the scene and the 

semantic net of classes is binary­encoded in a chromosome. The fitness of the 

chromosome is a fuzzy function defined as the sum of all predicates that are satisfied in 

the given semantic net. The chromosome that has the maximum value of the sum of the 

predicates corresponds to the optimal classification scheme. A GA­based approach [3] to 

automatic classification and labeling of objects presented in the image is extended in [13, 

123], where it puts into correspondence segments of the image obtained in the pre­ 

processing stage, with the object classes of the semantic net representing domain­specific 

knowledge, and built prior to the interpretation task. 

A parallel version of a simple GA with migration between subpopulations is used in 

[123]. A candidate solution is encoded in a chromosome, as a combination of indices, 

where each index identifies a potential class of the corresponding segment of the image. 

Therefore, each chromosome represents a potential mapping between the segments of the 

image and the object classes of the semantic net. The quality of the chromosome, i.e., its 

fitness is evaluated using feature comparator functions that compute the degree of 

correspondence between the feature sets of the image segments, and the feature sets of 

the object classes. The proposed method is applied to the classification of noisy and 

obscured natural scenes from oceanographic and meteorological data collections. 

Identification of ocean currents in infrared imagery of North Atlantic, and classification 

of clouds in AVHRR (Advanced Very High Resolution Radiometer) imagery of the 

Western U.S., show a high degree of accuracy.
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3.4.5. Feature Selection 

Many methods of pattern and object recognition or classification are based on the 

selection of a feature set characterizing some salient properties of an image or object of 

interest. The feature set has to be optimal, in a sense that it has to describe the most 

salient and important properties of image data, without the extraneous, redundant, or 

unimportant information that could increase the cost of recognition and classification, and 

could eventually result in creating overfitted models. Therefore, the problem of feature 

selection in imaging applications can be stated as an optimization problem [56, 93, 95, 

103, 104, 141, 149, 159, 161, 177, 178]. 

Performance of a simple GA is compared in [149] against a few methods of feature 

subset selection traditionally used in statistical pattern classifiers: an exhaustive search, a 

generalized version of sequential search, and a variant of the branch and bound method. 

A chromosome is implemented as a binary string encoding a feature subset, with 1s 

corresponding to the presence of the respective feature, and 0s corresponding to the 

absence of the feature. This representation turns the problem into a combinatorial 

optimization in the space of all possible combinations of features. Crossover is a single 

point operator, and mutation is implemented as random flipping of one or more bits of a 

chromosome. Termination of the search occurs, after the pre­set number of tested 

combinations is exceeded. Tests conducted on simulated data and infrared imagery of 

real scenes show that the GA­based approach outperforms the other tested methods, in 

relation to both, the accuracy of the found feature subsets, and the computational
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efficiency of the algorithm. The advantage of the GA­based method grows, as the 

dimensionality of the search space increases. 

Application of GAs to selection of a character feature subset for an optical character 

recognition (OCR) system is investigated in [141, 159]. Each feature is assigned a cost 

associated with the average CPU time needed to compute this feature for a typical 

character. The algorithm searches for the feature subset that provides the optimal trade­ 

off between the accuracy and the computational cost of the character recognition. The 

classical elitist model of GAs is utilized, with potential solutions being binary­encoded in 

a chromosome, in the form of different feature combinations. In addition to the traditional 

operations of crossover and mutation, a problem­specific rotation operator is introduced 

that right­rotates bits in a chromosome. The algorithm allows for a significant reduction 

of the computational cost of OCR, by producing the optimal subset, from the set of over 

900 expert­defined features used to discriminate machine­ and human­printed characters 

of Latin and Arabic character sets. The observed accuracy of the recognition does not 

degrade, and in some cases even increases, in comparison with the method that uses the 

entire feature set. The accuracy increase is attributed to the effect of removing some 

redundant or confusing features obscuring the recognition process. 

Research has been done in [177, 178], on using Genetic algorithms to solve the problem 

of feature subset selection in medical applications. A chromosome encodes a feature 

subset represented as a binary string, where 1 corresponds to a particular feature 

presence, and 0 corresponds to its absence. The fitness of the chromosome is evaluated
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by building an Artificial Neural Network, and evaluating its performance on a training set 

of patterns described by the selected feature subset. The performance of the ANN is 

evaluated based on two criteria, the accuracy and the cost of the classification. The 

accuracy of the classification is defined as the fraction of the correctly classified patterns 

in the test set. For a particular case of medical applications, the cost is defined as the cost 

of the measurements associated with the selected feature subset. Consequently, the fitness 

value of the candidate solution x is defined as 

fitness(x) = accuracy(x) – (cost(x) / (accuracy(x) + 1)) + costmax ,  (3.13) 

where costmax  is the sum of all costs associated with all features in the feature subset [177, 

178]. 

A simple Genetic algorithm is utilized, with rank­based selection strategy, and the 

following values of the main control parameters: 

•  population size 50; 

•  number of generations 20; 

•  probability of crossover 0.6; 

•  probability of mutation 0.001; 

•  probability of selection of the highest ranked chromosome 0.6. 

The experiments are conducted on large real­world datasets including those from 

machine learning databases and document classification systems. The results show that 

the GA­based approach outperforms most non­GA methods, in relation to both, the 

accuracy and cost of the selected feature subsets. The authors point out that GAs have
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advantages, such as the capacity of simultaneous evaluating of multiple criteria (e.g., the 

accuracy and computational cost), and finding feature subsets that perform well for the 

particular inductive learning algorithms used to construct a pattern classifier based on 

decision tree or artificial neural network. 

The problem of feature selection in unsupervised learning is formulated in [84], as a 

multi­objective optimization problem (MOOP), where each feature subset, together with 

corresponding feature clusters represent one solution approximating the Pareto optimal 

front. Four criteria (i.e., optimization objectives) are used to evaluate the quality of the 

solution: 

•  Fwithin favors dense clusters; 

•  Fbetween favors a good separation between the clusters; 

•  Fclusters favors creation of a smaller number of clusters; 

•  Fcomplexity encourages minimization of the number of features. 

To solve the formulated MOOP, a variant of Evolutionary algorithms called Evolutionary 

Local Selection Algorithm (ELSA) [105] is used that simulates a multi­agent system, in 

which agents interact with the environment under the constrained shared resources. Only 

mutation is used as a genetic operator modifying the candidate solutions. A mechanism of 

rewards and penalties is built into the algorithm, in order to favor and encourage the 

diversity of the solutions forming the Pareto optimal front. Investigators point out that 

ELSA provides a good coverage of the large space of potential feature combinations, 

together with the successful optimization involving evaluation of multiple criteria.
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Moreover, good feature subsets are obtained during unsupervised learning, without the 

requirements of the preliminary model training. 

3.4.6. Human Body Registration 

The importance of recognition and registration of human body in real­world imagery is 

rooted in the variety of practical applications including such areas as automatic target 

recognition; security systems; robotic and computer vision; and industrial control. The 

complexity of the problem stems from the fact that human body is a flexible object that 

can arbitrarily move in the 3­D space, while changing its shape, i.e., its posture and 

gesture. From the registration point of view, one or more images (templates) ImgB of 

human body obtained from different camera views have to be mapped onto the same 

scene ImgR  that plays a role of a common reference system. The problem of recognition 

and registration of human body with Evolutionary algorithms has been addressed by a 

number of researchers. 

A variant of Genetic algorithms is used in [68] for the recognition of human posture in 

video sequences. A history of each individual pixel in a consecutive set of video frames is 

recorded, in a form of pixel value histogram. The silhouette of a moving body is 

recognized by analyzing noise that occurs in the histogram, caused by a temporary 

occlusion of the background pixels, when the moving body passes the corresponding 

location.  Once the body silhouette is extracted, a hierarchical connecting tree (CT) is 

used to recognize a posture, in the following way. Each of 10 main parts of the body 

(e.g., head, trunk, etc.) is represented by a rectangle R, whose shape and spatial
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orientation are defined by a 5­element array (x,y,w,h,α) of parameters, where x and y are 

the coordinates of R; w and h are the dimensions of R; and α is the angular orientation of 

R. Connecting relations between the rectangles, and the corresponding constraints 

imposed on their parameters are defined in the CT model of the body. The use of several 

simplified assumptions reduces the total number of parameters to 24. The search for the 

optimal values of the parameters providing the maximum degree of similarity between 

the CT model and the extracted body silhouette is conducted by means of the consecutive 

recognition of various parts of the body, followed by the elimination of the recognized 

parts from the search. The classical version of GAs is used for the search, with fitness 

function defined as the area difference between the CT model and the silhouette. 

A skeleton model of human body is designed in [181], which consists of body segments 

connected by their respective joints. The spatial position of each joint is described by the 

parameter vector (α,β,γ) of rotation angles around the axes x, y, and z, respectively. 

Biomechanical constraints are imposed on the values of the rotation angles. A particular 

body posture is represented by a set of parameter vectors corresponding to the set of body 

joints. The difference between the postures of the skeleton model and the real body in the 

monocular image, is expressed in terms of energy function EF. The latter is comprised of 

orientation, length, and position deviations of the projected model from the real image 

features, as well as deviation of features in the i­frame, from the same features in the (i­ 

1)­frame, denoted as the neighbor deviation. The motion reconstruction of the body from 

a series of monocular images is stated as a problem of finding the 3­D postures of the
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skeleton model minimizing the energy function EF. The minimization problem is solved 

with the classical model of Genetic algorithms. 

A model consisting of 10 parts connected by joints is used in [148], to track the frontal 

movement of human body. The body movement is defined by a parameter vector 

(x,y,θ1,…,θ10), where x and y are the coordinates of the body trunk, and θ1,…,θ10 are the 

swiveling angles of the joints. A version of Evolutionary algorithms called Probability 

Evolutionary Algorithm (PEA) is used to minimize the difference between the model and 

the actual body movement. The algorithm is described in terms of probabilistic 

superposed bits of the encoded parameter vector, an observation stage, and an update 

stage. The observation stage is used to assign deterministic values to superposed bits, and 

the update stage is used to change observation probabilities of the bits, so the better 

fitness values can be observed more frequently. 

3.5. Summary 

Evolutionary algorithms have proven to be a fairly generic, flexible, and versatile 

framework for solving complex problems of global optimization and search encountered 

in real­world applications. In particular, the following advantages offered by the family 

of Evolutionary algorithms can potentially increase the computational efficiency of visual 

data processing required for solving complex imaging optimization problems: 

1.  Inherent explicit and implicit parallelism allowing for simultaneous evaluation of 

multiple candidate solutions to the problem can be effectively utilized for the real 

time processing on a multiprocessor hardware.
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2.  The algorithms’ ability to work with nonlinear, non­continuous, non­monotonic, 

and non­differentiable objective functions is well suited for real­world image 

mapping applications, where object shapes might have irregularities and 

occlusions, and fitness function has to be computed numerically, for every trial 

transformation vector. 

3.  The principal evolutionary operators persistently mix different potential solutions 

drawn from the entire search space, which allows one to conduct the global search 

for the optimum transformation, within a sufficiently large parameter space. 

Analysis of the current state­of­the­art of EAs application to imaging optimization, 

allows one to make the following conclusions: 

1.  The range of the EAs applications is still relatively small, in comparison with 

other methods of image processing. Evolutionary algorithms are still not 

considered among the mainstream imaging methods. This can be partially 

explained by the fact that using EAs is more of an art, than a routing procedure 

that can be used right out­of­the­box. Practitioners have to understand and master 

many intricate details, such as the flow of the algorithm, encoding schemes, 

evolutionary operators, control parameters, and different advanced EAs models. 

2.  Majority of imaging applications still rely on a simple classical variant of the 

algorithms, which is not efficient for many difficult real­world problems. 

3.  Significant advantages over conventional methods in solving problems for the 

rigid body and similarity transformations have been achieved via brute force 

approach, i.e., by exploiting the inherent parallel nature of Evolutionary
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algorithms. Fewer significant results have been obtained for more general types of 

transformation, e.g., general affine transformation. 

4.  Advanced EAs implementations and hybrid models have to be analyzed and 

employed, in order to satisfy the time and complexity constraints imposed by the 

problems encountered in modern real­world imaging optimization. Furthermore, 

new directions leading to the increase of the computational performance of 

Evolutionary algorithms in the area of interest have to be proposed and 

investigated.
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Chapter 4: Hybridization of Evolutionary Algorithms with Local 

Search, Mutation Control, and Selective Fitness Evaluation 

 

4.1. Introduction 

While being fairly general and versatile, the classical random model of EAs frequently 

exhibits low performance characteristics in solving many real-world applications 

including imaging optimization. In order to improve the computational performance of 

EAs, hybridization with other computational methods is needed, in line with the 

recommendations on further EAs research summarized in Chapter 3 (section 3.3.12). 

Section 4.2 of this Chapter investigates the performance of the classical model of 

Evolutionary algorithms on test imaging problems. The rest of the Chapter discusses the 

following main directions of hybridization that improve the EAs performance in imaging 

optimization: 

1. Using a particular form of local optimization that alternates a well structured 

search algorithm with random search, in a cyclic manner, in order to refine the 

best solutions obtained with the global evolutionary procedure, and reduce the 

overall computational cost of local search (section 4.3).  

2. Using bookkeeping techniques during mutation and local search, in order to keep 

track of the used subareas of the search space, and provide all subareas with a fair 

opportunity to participate in the evolutionary process (section 4.4). 

3. Incorporating problem-specific knowledge into the algorithm, by autonomously 

extracting the most essential direct information about the problem at hand, in 
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order to reduce the computational cost associated with fitness evaluation (section 

4.6). 

 

Section 4.5 gives comparative analysis of the computational performance of the classical 

model of Evolutionary algorithms, and the model incorporating the aforementioned 

hybridization techniques. Section 4.7 concludes the Chapter with the summary of the 

findings. 

 

4.2. Performance of the Classical Evolutionary Algorithm in Imaging Optimization 

In order to test the performance of the classical model of Evolutionary algorithms 

commonly used in imaging optimization, and to identify the potential directions toward 

increasing the efficiency of the algorithms, computational experiments are conducted on 

registration of 2-D grayscale images. Two sets are tested using the classical evolutionary 

approach - see Figure 4.1. The top image in each set is a reference scene, and the bottom 

image is a section subject to registration. The first set (Figure 4.1, left) includes two 

286×286-pixel infrared images of a truck taken from different camera views; the second 

image is then rotated counterclockwise. The second set (Figure 4.1, right) includes two 

290×290-pixel images of an aircraft wing [70]. The larger image of the wing is obtained 

by cropping a rectangular section from the original image. The original problem of 

finding the correct alignment of two images in each test set is re-formulated as the 

optimization problem of finding the optimum 4-dimensional vector V = {DX,DY,θ, S} 

that minimizes the difference F between the images. Here, DX and DY are the translations 

in the x and y directions, respectively, θ is the rotation angle in the xy plane, and S is the 
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isotropic scaling factor. The objective function F is defined as the squared difference of 

the gray values of the images, over the area of their overlap, in accordance with the 

statement of the imaging optimization problem given in Chapter 1 (section 1.2). The 

exact values of the translations DX and DY, and the value of the scaling factor S for the 

truck image are unknown; the rotation angle is known, and equals θ  = 0.7854 (or 45°). 

The exact values of the mapping parameters for the wing image are known: DX = 170, 

DY = 240, θ = 1.5734 (90°), and S = 4.14. 

 

 

Figure 4.1: Two sets of test images: a truck (left) and a wing (right) 

 

The classical Genetic algorithm with elitist reproduction, single-point crossover, random 

mutation, and roulette wheel selection is applied to both sets of images, as described in 

Chapter 1 (section 1.3.3). The initial chromosome population of the size P = 133 is 

selected at random from the entire search space, using the uniform probability 
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distribution. Elitist reproduction is implemented by copying 20% of the fitter 

chromosomes directly into the next generation. Mutants form 3% of the chromosome 

population; they are drawn from the entire search space at random, with the uniform 

probability distribution. The rest of the new generation is obtained by performing 

crossover on the current population, with the crossover probability pc = 1.0. 

 

0

0.002

0.004

0.006

0.008

0.01

2 20 40 60 80 10
0

12
0

14
0

16
0

18
0

20
0

22
0

24
0

26
0

28
0

30
0

32
0

34
0

36
0

38
0

40
0

Iteration

Fi
tn

es
s

 

Figure 4.2: Performance of the classical elitist EA for the truck image 
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Figure 4.3: Performance of the classical elitist EA for the wing image 
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The charts in Figures 4.2 and 4.3 show the performance of the classical elitist strategy. 

The evolutionary process is terminated after 400 iterations, for the both image sets. The 

best fitness value for the truck image is F = 0.00464, with the parameter vector V = {23, 

158, 0.89664, 2.03323}. It is found at iteration 391, and remains the best solution until 

the process is terminated. The number of evaluations of the fitness function totals to 

44213. The best fitness value for the wing image is F = 0.00620, with the parameter 

vector V = {166, 245, 1.56509, 3.63680}. It is found at iteration 77, and remains the best 

solution, until the termination occurs. The total number of evaluations of the fitness 

functions is 8731. Both solutions are situated relatively close to their respective global 

minima; but they still require an additional amount of computational effort, in order to 

reach these minima.  

 

Several observations can be made that explain a relatively slow convergence of the 

classical evolutionary strategy for the test problems. Firstly, reproduction and crossover, 

which are responsible for forming the majority (97% here) of the new population, do not 

introduce any new parameter values into the chromosome pool. It means that successful 

convergence of the algorithm mainly depends on how close parameter values of the 

initial random seed and additional mutants are to the global optimum values. If 

parameters are close enough to the optimum, then crossover would be able to produce a 

good combination of their values, and reproduction would carry them over to the next 

generation. In the most general case of the entirely random selection, the initial seed 

might not be successful. Then only mutation can improve the population. If the mutation 

rate is low, it might take a long time until “good” parameter values can been found. 
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Figure 4.4: Example of the propagation of fittest chromosomes throughout the entire pool 

(for the truck image) 

 

Secondly, crossover tends to very fast propagate the fittest part of the chromosome pool 

across the entire population. The fittest parameter values are cloned and, in a matter of a 

few iterations, can spread across a significant fraction of the pool, even beyond its 

replicated elitist part. If propagating chromosomes point out to a local optimum solution, 

the iterative process can stall at this point, until some successful random mutant or result 

of the successful crossover appears in the pool, and brings a better solution. Figure 4.4 

shows an example of the propagation of one of the intermediate fittest solutions, with the 

parameters V = {112, 35, 6.02412, 1.98746}, and fitness value F = 0.00658, for the truck 

image. The size of the reproduction pool is 30. The chromosome first appears as the 

fittest in the reproduction pool at the iteration 27; it generates a maximum number of 

clones 120 at the iteration 46. It has 99 clones at the iteration 64, when random mutation 

produces a better individual V = {40, 161, 0.91927, 2.49565}, with a lower fitness value 

F = 0.00582. 
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Finally, there is no mechanism built into the classical strategy that would allow one to 

control the granularity of the search. In the case of the wing image, the crossover operator 

produces a good solution V = {166, 245, 1.56509, 3.63680}, with the fitness value F = 

0.00620, at the iteration 76; it stays at this point, until the procedure is terminated. The 

exact solution V = {170, 240, 1.5734, 4.14} could be easily reached, if there was a 

refining mechanism allowing for a more detailed analysis in the close vicinity of the best 

solution achieved by the global evolutionary search. 

 

4.3. Local Optimization in Evolutionary Search 

One of the efficient directions of improving the performance of EAs is Hybrid 

Evolutionary Algorithm (HEA) augmenting the classical model of EAs with traditional 

methods of local search and optimization [60, 80]. The idea behind HEA is relatively 

simple, albeit, very fruitful. Once the fitter chromosomes have been found at a current 

iteration, one can assume that they are located not so far away from one of the optimum 

solutions, whether local or global. Consequently, local neighborhoods surrounding the 

fittest chromosomes found by the global evolutionary search to date can be further 

explored in a greater detail, in an attempt to find possibly better individuals - see Figure 

4.5. This is the basic idea behind the hybrid evolutionary approach. The idea of the local 

improvement of the solution finds its theoretical support, e.g., in the concept of 

Lamarckian evolution. The latter states that the individual’s improvement achieved 

during the process of learning affects the individual’s genetic structure, and can be 

mapped back to the genetic structure of the entire population [80]. 
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Figure 4.5: Combination of global and local search in Hybrid Evolutionary Algorithm 

 

This section analyzes potential problems related to implementing local search in EAs, 

and discusses several methods of local search, with application to imaging optimization. 

First, the computational performance of gradient descent methods is investigated on a 

simple synthetic image set; these methods are commonly used in the EAs applications in 

imaging optimization.  Then, more elaborate Conjugate Gradient Method and Downhill 

Simplex Method are tested, on a more difficult real imagery problem. A novel two-phase 

cyclic local procedure is proposed, which alternates random and Downhill Simplex 

Method local search procedures. Finally, different approaches to combining global and 
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local search strategies undertaken by Simulated annealing, Multi-start, and Evolutionary 

algorithms, are compared. 

  

4.3.1. Problems Associated with Implementing Local Search in EAs 

Potential candidates for a local search procedure in HEA have to be evaluated on the 

basis of two main criteria: robustness and computational performance. Robustness shows 

how readily the algorithm can adapt 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 (or ascend) 

to this optimum. Computational performance defines the quality of the final solution 

found by the algorithm, and computational cost, at which this quality has been achieved. 

Although improving the performance of EAs, the direct usage of local search gives rise to 

a few performance problems.  

 

Firstly, local search adds a noticeable cost of the additional evaluations of the fitness 

function F attributed to this search. In a typical imaging application, the lion’s share of 

the computational cost of EAs belongs to fitness evaluations. Every evaluation includes 

the transformation of the image, the pixel-wise comparison of the images, and the 

evaluation of the difference F between the images. The cost of the fitness evaluation 

grows, at least as O(D2), as the dimensions D of the images increase.  

 

Secondly, the potentially good point that one decides to investigate in a greater detail, can 

be located in the vicinity of just one of the multiple local optima of the multimodal 



 130

objective function. In this case, all computational efforts spent on the local search 

(usually, hundreds of local iterations) would be wasted, if the area turned out to be away 

from the global optimum, and if the potentially good point was replaced with some other 

fitter point, with a different local neighborhood. The replacement might occur e.g., as the 

result of crossover or mutation in the classical EAs model, during one of the subsequent 

global evolutionary iterations. 

 

Thirdly, even if the good solution is located not so far away from the optimum point, the 

actual distance might not be small enough, for the local search to take off and 

successfully find this optimum point. In the case of a multidimensional search, even a 

presence of a few satisfactory parameter values (e.g., translations DX, DY, and rotation θ) 

of the solution vector V = {DX, DY, θ, S}, cannot guarantee that the global evolutionary 

process will converge to the global optimum, if just one of the parameters (e.g., scaling 

factor S) is not satisfactory. The search most likely can stall for a certain amount of time 

at a point that is optimum only for the satisfactory parameters’ subspace (i.e., sub-

optimum point), as opposed to the entire search space. It might stay there, until some 

significant change of a non-satisfactory parameter value occurs (e.g., as a result of 

crossover or mutation), which will bring the fall-off parameter value close enough to the 

global optimum point having a better fitness than the point in a satisfactory parameters’ 

subspace. Only then the process will be able to climb out of the local sub-optimum and 

continue to converge, hopefully to the global solution. Of course, it might equally happen 

that a significant change of the fall-off parameter value would throw the search process 

into another sub-optimum point. 
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There are two main categories of the traditional methods of local optimization [124] that 

can be potentially utilized in HEA: 

• gradient-based methods engaging the derivatives of the objective function; 

• direct search methods solely based on computing the values of the objective 

function.  

 

Methods belonging to the first group are 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 

elaborate Conjugate Gradient Method [124], 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 real-world 

imaging applications cannot guarantee that these demands can be satisfied: fitness 

function F describing the difference between images has inherently random nature, can 

be non-convex, and can exhibit shape irregularities. Both, the function and its derivatives, 

have to be computed numerically, the latter has to be computed using one of the known 

finite difference schemes.  

 

Direct search methods have not received the same amount of attention, 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 revival of interest, in light of the latest theoretical findings [87]. 
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Among the optimization practitioners, however, these methods have always remained 

popular, because of their relatively low computational demands, high reliability, and 

often satisfactory final results. One of the popular choices of direct search is Downhill 

Simplex Method [116, 124, 176]. The DSM search does not require any additional 

function evaluations associated with computing partial derivatives of the function F. The 

method is often used in optimization practice, because of its robustness and, often, a 

fairly good convergence for non-differentiable and non-continuous objective functions; 

and a relatively small number of function evaluations per iteration, in comparison with 

other methods of direct or gradient search. Although the rigorous, good-for-all-cases 

theory proving the DSM convergence has not been developed yet, the method has 

attracted a good deal of attention, especially among practitioners. Since the method is 

tolerant to shape irregularities of the objective function, it makes it a good candidate for 

using in imaging optimization with HEA.  

 

4.3.2. Performance of Deterministic Steepest Descent Method 

The computational performance of one of the most popular local search procedures, a 

relatively simple deterministic steepest descent algorithm, is investigated on a sample 

imaging optimization problem. The algorithm is added to the classical elitist EA 

procedure, in the following way. At every iteration, all chromosomes in the replication 

pool are considered for local search. Every chromosome V0 is compared with its N 

neighbors Vi (i = 1,…,N) drawn from the N-dimensional parameter sphere of a small 

radius r, centered at the chromosome V0. The gradient ∇F of the fitness function is used 

to measure the fitness gain for each neighbor: 
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∇F = (Fi - F0) / d(Vi, V0) ,             (4.1) 

where Fi and F0 are the fitness values for the chromosomes Vi and V0; and d(Vi, V0) is the 

distance between the chromosomes. The neighbor that has the lowest negative value of 

∇F replaces the original chromosome V0 in the replication pool. 

 

Computational experiments are conducted on the same set of synthetic sensor readings 

that are used to test the comparative performance of the classical Evolutionary algorithm, 

Simulated annealing, and Tabu search, in Chapter 1 (section 1.3.4). The test set of two 

256×256 – pixel synthetic images computed according to Formulae given in [12], is 

shown in Figure 1.2 of Chapter 1. The second image in the set is subject to the rigid body 

transformation defined by the a priori known vector of transformation parameters; the 

image has to be mapped onto the first image of the set. The minimization problem is 

stated in the 3-dimensional parameter space, with the parameter vector V = {DX, DY, θ}, 

and optimum solution V* = {91, 91, 2.78081}. 

 

The same classical Genetic algorithm with elitist reproduction, single-point crossover, 

and random mutation is applied to the images, as used in section 4.2 of this Chapter. The 

population size is P = 133; the elitist reproduction is implemented by copying 20% of the 

fitter chromosomes; mutants form 3% of the chromosome population. The algorithm is 

augmented with the deterministic steepest descent search, where the nearest neighbors of 

every chromosome V0 in the replication pool change the values of the three parameters 

(i.e., the step size of DX, DY, and θ) by Δ = +/-1. This corresponds to the 3-D parameter 

sphere with the radius r = 1. Altogether, six nearest neighbors have to be examined, and 
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their fitness has to be compared with the fitness of the original chromosome V0. The 

neighbor that has the lowest value of the fitness function (i.e., the fittest neighbor) 

replaces the original chromosome in pool. Although intuitively this approach seems to 

have to significantly improve the solution, the obtained final result DX = 96, DY = 86, θ = 

2.83317, with the minimum fitness value F = 0.061, and the weighted Euclidean distance 

from the exact solution δ = 0.114, is slightly less accurate than the result without local 

search and correction, i.e., DX = 89, DY = 84, θ = 2.78081, with the minimum fitness 

value F = 0.062, and the relative error δ = 0.086.  

 

4.3.3. Performance of Stochastic Steepest Descent Method 

In the stochastic version of the steepest descent method, the strategy for selecting the 

fittest neighbor around the current chromosome V0 has been changed. The radius of the 

parameter sphere is increased to r = 3. Every chromosome in the replication pool is 

compared with its six neighbors that are drawn from within the sphere at random, with 

the uniform probability. The neighbor with the lowest negative value of the fitness 

gradient ∇F replaces the original chromosome in the pool.  

 

The same classical Genetic algorithm with elitist reproduction, single-point crossover, 

and random mutation is applied to the images, as used in section 4.2 of this Chapter. The 

population size is P = 133; the elitist reproduction is implemented by copying 20% of the 

fitter chromosomes; mutants form 3% of the chromosome population. The algorithm is 

augmented with the stochastic steepest descent method. Figure 4.6 shows significant 

improvement of the fitness F convergence rate. A better solution V = {DX = 94, DY = 88, 
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θ = 2.80094}, with the minimum fitness value F = 0.05674, and the weighted Euclidean 

distance from the exact solution δ = 0.05, is already found in iteration 12, as opposed to 

the value F* = 0.0620 in 54 iterations of the classical EA. In iteration 36, the computed 

solution point V = {DX = 91, DY = 93, θ = 2.75192} is very close to the exact global 

minimum; it has the minimum fitness value F = 0.03796, and the weighted Euclidean 

distance from the exact solution δ = 0.022. 
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Figure 4.6: Performance of the classical (top) and hybrid (bottom) EA models 
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Interestingly enough, the increase of the radius r of the parameter sphere from r = 3 to r = 

6, does not improve the convergence rate of the algorithm. On the contrary, it takes 

slightly longer to reach similar to r = 3 results: the search is able to find a satisfactory 

point V = {DX = 91, DY = 86, θ = 2.78386} in iteration 18, with the minimum fitness 

value F = 0.05809, and the relative error δ = 0.056. The closest to the global minimum 

solution V = {DX = 91, DY = 93, θ = 2.75242} is found in iteration 48, with the minimum 

fitness value F = 0.0387, and the relative error δ = 0.022. 

 

Experimental results for different values of the radius r of the parameter sphere show that 

the optimum value of the radius r exists that can improve the convergence rate with the 

local gradient search. A smaller than the optimum value of r does not significantly affect 

the current values of the parameters. The value of r larger than the optimum, can result in 

the degradation of the quality of the final solution, and might interfere with the 

evolutionary character of the iterative process. 

 

4.3.4. Performance of Conjugate Gradient and Downhill Simplex Methods 

In this section, two advanced techniques are evaluated, as potential candidates for local 

search and correction of the reproduction pool in HEA. These techniques are Conjugate 

Gradient Method (CGM), and Downhill Simplex Method (DSM) [124]. The first 

technique, CGM, utilizes the first derivatives of fitness function. The partial derivative of 

the fitness function F along the component Vk of the parameter vector V is computed here 

using the first-order forward finite difference scheme: 

∂ F / ∂ Vk = (F (Vk  + ΔVk ) – F (Vk ) ) / ΔVk   ,   (4.2) 
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where ΔVk is the minimum step along the component Vk [124]. This technique requires 

one additional computation of fitness for every component Vk of the parameter vector V. 

The second technique, DSM, does not require computing the function derivatives. 

 

Computational experiments are conducted on test sets of real 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. 

For the comparative evaluation, the same test sets of images of a truck and aircraft wing 

are used that are used for the evaluation of the classical Evolutionary algorithm at the 

beginning of this Chapter – see Figure 4.1. A more difficult registration problem is 

considered, where the sought 4-dimensional vector V of transformation parameters 

includes the translations DX and DY, the rotation angle θ, and the scaling factor S. Both 

search techniques, CGM and DSM, are evaluated on the task of refining the global 

solution, when the starting point of the local search is placed at a specified distance from 

the global minimum point.  In the case of CGM, the starting points are shifted from the 

exact location (i.e., from the global minimum point) by 1% through 9% of the image size. 

Since DSM required five vertices for the initial simplex, in this case of the dimensionality 

of the search space N = 4, two schemes of vertex placement are used. In the first scheme, 

the points are evenly shifted from the global minimum by 7%, 8%, 9%, 10% and 11% of 

the image size. In the second scheme, the points Vi are placed around the minimum V* 

with the local step λ = 10% of the image size, according to Formula 

Vi = V* + λ ei ,     (4.3) 

where λ is the initial step along the unit vector ei, in the i-direction. 
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Figure 4.7: Fitness function F along the y axis near the optimum solution, for the truck 

(top) and the wing (bottom) images 

 

Figure 4.7 shows sample graphs of the fitness function F along the y axis (with other 

three components fixed at their optimum values), in the vicinity of the optimum solution, 

for both objects. In the case of the truck, the function is convex and sufficiently smooth, 

which makes it well suited for evaluating the gradients. The shape of F becomes closer to 

parabolic, as the value of the translation DY approaches the optimum point. Based on 

these geometric properties of the function, one can expect that the derivative-based CGM 

can exhibit good performance for the truck. On the contrary, the fitness function of the 

wing is significantly non-convex, and almost exhibits a singularity at the optimum point. 
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Only if the point is very near the optimum solution, the shape of F becomes somewhat 

close to parabolic. Consequently, one can expect that CGM can perform well only if the 

starting point of the search is very close to the optimum.  

 

Truck Wing  

1% 3% 9% 1% 3% 9% 

Fitness (×10 5) 398 412 812 599 1604 fail 

Iterations 58 101 119 60 40 fail 

Function evaluations 

Derivative evaluations 

Total evaluations 

91 

61 

152 

132 

106 

238 

168  

125 

333 

78 

63 

141 

49 

42 

91 

fail 

fail 

fail 

Table 4.1: CGM performance at the initial distance of 1%, 3%, and 9% from the optimum 

solution 

 

Truck Wing  

7% - 11% 10% 7% - 11% 10% 

Fitness (×10 5) 391 338 253 308 

Iterations 40 137 42 127 

Function evaluations 

Derivative evaluations 

Total evaluations 

46 

- 

46 

148 

- 

148 

50 

- 

50 

139 

- 

139 

Table 4.2: DSM performance at the initial distance range of 7% - 11%, and at the radial 

distance of 10% from the optimum solution 
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The results of the computational experiments presented in Tables 4.1 and 4.2 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 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 algorithm breaks down and quickly diverges beyond the 3% distance range. 

 

Downhill Simplex Method is much less sensitive to the shape of the fitness function, 

whether convex or non-convex; it displays noticeable robustness in both, the truck and 

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 initially 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 at the 10% distance ranges, 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% initial distance 

from the optimum. Moreover, the number of function evaluations with DSM in all 

considered cases is significantly smaller than the total number of function evaluations 

obtained with CGM, e.g., 46 at the range 7% - 11%, against 333 at the distance 9%, for 
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the truck object. The correct mapping between the test images found with DSM is shown 

in Figure 4.8. 

 

The results of this group of experiments are clearly in favor of using direct search 

methods, particularly Downhill Simplex Method, over gradient-based methods like 

CGM, as the former can effectively deal with nonlinear, non-convex, numerically 

computed fitness functions that routinely arise in real-world imaging applications.  

 

 

Figure 4.8: Successful mapping of the template objects onto their respective original 

scenes: the truck (left) and the wing (right) images 

 

4.3.5. Two-Phase Cyclic Local Search Algorithm 

As it is mentioned in section 4.3.1 of this Chapter, it is not very efficient to use local 

search in a direct manner, due to the fact that the current satisfactory solution under 

analysis can be only a temporarily fit solution, and might be replaced by a fitter 

chromosome during the subsequent iterations. Instead, a somewhat conservative and 

timesaving approach to the local correction of chromosomes in the reproduction pool is 
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proposed in this section. Local search is implemented as two alternating phases - DSM 

and random search, – as shown in Figure 4.9. 

 

 

Figure 4.9: Two-phase cyclic random/DSM local search 

 

In the first phase of the algorithm, a random search for a better individual is performed 

within the local neighborhood of every chromosome Vk in the reproduction pool (i.e., 

around one of the fitter chromosomes). Figure 4.10 illustrates the mechanism of the 

random local search on a sample 2-D model, where n neighbors of the targeted 

chromosome Vk are drawn at random from its expanding neighborhood. The 
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neighborhood is modeled with an N-dimensional hyperellipse H built around Vk as a 

center.  

 

Figure 4.10: Sample 2-D model of random search within the expanding neighborhood of 

the targeted chromosome Vk

 

As the global evolutionary search progresses, the chromosome Vk might retain its 

position in the reproduction pool. This can be an indicator that Vk is a local or, possibly, 

the global minimum solution. The safest and the most conservative assumption is that Vk 

is only a local minimum, and the process might need to climb out of this point. In order to 

increase the probability of the successful climbing, the radius of the hyperellipse H is set 

to grow, in accordance with the duration of time t that the point Vk retains its position in 

the pool. In this work, the radius ρ of the neighborhood is a linear function of time t: 

ρ = ρ (t) = ξ (t - t0),     (4.4) 

where ξ is the initial interval of the radius increase (i.e., the local search step) at the 

beginning of the search, for t = t0. The number η of the trial points drawn from the 
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neighborhood is also set to grow linearly with the time t, in order to provide the sufficient 

trial pool of neighbors: 

η = η(t) = ζ (t - t0),     (4.5) 

where ζ is the initial number of neighbors at t = t0. 

 

The actual location of the trial neighbor is found using the uniform probability 

distribution inside the hypershell S, with the thickness Δρ defined as follows: 

Δρ = ρ (ti) – ρ (ti-1),     (4.6) 

where ρ (ti-1) and ρ (ti) are the radii of the expanding hyperellipse H at the successive 

time intervals ti and ti-1. 

 

If a neighbor V’ is found that has better fitness value than Vk (i.e., F’ < Fk), then V’ 

replaces the current chromosome Vk in the reproduction pool. If no neighbor has been 

found that has a better value of F than the chromosome Vk, the latter retains its position in 

the reproduction pool. The random search in the local neighborhood of the chromosome 

Vk continues, until the time t reaches the first time threshold t = ΤRND. Since the initial 

values of the factors ξ and ζ in Formulae (4.4) and (4.5), as well as the threshold value 

ΤRND are pre-set, a full control can be maintained over the number of fitness evaluations, 

allowing to control the amount of computational resources spent during this phase of the 

local search. 

 

If the chromosome Vk still remains in its position in the pool after the threshold Τ RND has 

passed, there is a fairly good chance that the chromosome can be in the vicinity of a local, 
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or the global minimum solution. Therefore, in the second phase of the algorithm, the 

search inside the prospective neighborhood area needs to be refined using a more 

efficient technique, Downhill Simplex Method. The algorithm is an iterative procedure 

maintaining a non-degenerate (N +1)-dimensional simplex, at every iteration in the N-

dimensional search space [124]. The vertices {V1, V2 , . . . , VN+1} of the simplex, together 

with their respective function values {F1, F2 , . . . , FN+1}, form a set of approximations to 

the N-dimensional parameter vector V and objective function F of the minimization 

problem. The algorithm attempts to change the worst vertex of the simplex to a better 

position at every iteration, in such a way that the function value would decrease. As the 

procedure iteratively progresses, the simplex is continuously moving and shrinking. The 

process is terminated when the size of the simplex or the difference between the function 

values at the simplex vertices becomes very small.  

 

The algorithm uses four coefficients {α, β, γ, δ, to change the location of the simplex 

vertices. The standard values for the DSM coefficients are (-1, 2, 0.5, 0.5). When DSM is 

applied to the chromosomes in the reproduction pool in the second phase of the local 

search algorithm, its work is suspended after a specified number nc of complete cycles of 

the DSM procedure have finished. The complete cycle means that the initial simplex has 

shrunk, and all (N+1) vertices have changed their locations gaining the decrease of their 

respective fitness values. The vertex having the best fitness value replaces the current 

chromosome Vk in the reproduction pool. The local DSM refinement is repeated for every 

chromosome in the reproduction pool, at the current global iteration.  
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After a pre-set switch threshold t = TSW has passed, the local procedure switches from 

DSM back to the random search, which might re-locate the vertices of the simplex 

obtained by DSM, before the next DSM cycle will resume its work. The alternation of the 

two search techniques, random and DSM, allows to periodically re-evaluate the position 

of the simplex in the local search space every time the simplex has shrunk, thus 

decreasing the chance of its converging to a sub-optimum solution. If the chromosome Vk 

retains its position in the reproduction pool after a second pre-set time threshold t = ΤDSM 

has passed, the chance is very high that the individual can be in the closest vicinity of the 

global minimum solution. At that moment, the DSM algorithm is allowed to complete its 

work, without further interruption. 

 

The algorithm maintains a variable-length global list LB of the fitter, i.e., having lower 

fitness values F, chromosomes, such that the local neighborhood of each chromosome Vk 

in the list is explored in a greater detail, in an attempt to find a better individual. The 

search procedure keeps track of the neighbors selected during the random search, by 

building a binary tree with the targeted chromosome Vk as the initial root. Once the 

specified number of neighbors has been evaluated, the tree is rotated to the right; an 

individual Vj with the lowest value of the fitness function Fj replaces the current 

chromosome Vk, and becomes a new root of the tree. When the procedure switches back 

to DSM, it chooses the chromosome Vj 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. This selection technique ensures that the 
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best-known-to-date simplex in the local neighborhood is formed, as the starting point for 

the resumed and re-positioned DSM search.  

 

 

Figure 4.11: Sample binary tree of the neighborhood of the current chromosome Vk

 

Figure 4.11 illustrates the mechanism that keeps track of the chromosomes located in the 

neighborhood of the current chromosome Vk. In Figure 4.11, the square 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 the chromosome 

with the best value of F, which will replace the targeted chromosome Vk during the next 

cycle of the DSM search. 

 

In summary, the proposed algorithm of a two-phase cyclic local search has the following 

distinctive features: 

• using direct (here, DSM), as opposed to gradient-based methods of local search; 
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• adding randomness to the rigorously defined algorithmic framework of the chosen 

DSM procedure; 

• engaging repetitive and partial (i.e., cyclic), rather than complete local search; 

• building a tree structure, in order to keep track of the visited points in the local 

search space. 

 

The algorithm alternates random and DSM search procedures, in order to help defy the 

performance problems related to the common usage of local search in HEA which are 

discussed in section 4.3.1 of this Chapter. The cyclic implementation of the DSM search 

reduces the potential waste of the computational resources spent by DSM, in the case 

when the targeted chromosome Vk will be replaced by the global search with a fitter 

candidate located outside the current local neighborhood. Occasionally, the classical 

DSM search can converge to a sub-optimum solution; the addition of the random search 

helps re-position the simplex at intermediate steps in the most advantageous manner, and 

thus prevent it from falling into a sub-optimum solution. Randomness, however, 

introduces a disturbance into the otherwise structured and algorithmically unambiguous 

simplex movement. Some of the points of the local search space that have already been 

visited by the simplex can be re-visited, as the result of the added randomness. Moreover, 

the simplex movement can even slip into a repetitive loop over the same sub-region. 

Monitoring the local search space and keeping track of the locations already visited by 

the simplex becomes an important issue, and the proposed mechanism based on the 

binary-tree model of the local neighborhood helps resolve this issue. 
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4.3.6. Computational Experiments with Two-Phase Local Search 

In this section, a modified local search with the proposed two-phase (random/DSM) 

procedure is compared with the regular DSM procedure described in [124]. The same test 

set of a wing shown in Figure 4.1 is used, with the initial placement of the simplex 

vertices evenly, within the 7% - 11% range from the optimum solution. The results 

presented in Table 4.3 show a 32% reduction (from 50 to 34) of the total number of 

fitness evaluations, when the modified algorithm is used. The final optimum value F = 

0.00216 found with the modified version is even slightly better than the final value F = 

0.00253 found with the regular DSM.  

 

 Regular DSM Modification 

Fitness (×10 5) 253 216 

Cycles 8 4 

Evaluations 50 34 

 

Table 4.3: Performance characteristics of the regular DSM and its two-phase 

modification 

 

The results indicate that the proposed two-phase modification of the local search 

procedure including random re-evaluation of simplex vertices, alongside with 

maintaining the record of the visited points in the simplex neighborhood, can speed up 

the overall convergence of local search, while retaining the high quality of the computed 

optimum values. The more robust convergence of the random/DSM search, together with 



 150

a relatively small number of function evaluations makes it a good choice for the local 

refinement in the hybrid evolutionary strategy.  

 

4.3.7. Conclusions on Local Search in Evolutionary Algorithms 

Although the hybrid EA 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 the noticeable 

cost of the additional evaluations of fitness function attributed to the local search. 

Another problem stems from the fact that in real-world imagery, fitness function 

commonly has multiple local minima, in which case the computational 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, and was discarded at a 

later stage of the evolution. 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 desired 

optimum point. 

 

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

following techniques incorporated in the proposed two-phase cyclic local search 

algorithm: 

• using direct vs. gradient-based method, in order to accommodate shape 

irregularities of fitness function arising in real-world imaging applications; in 
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particular, Downhill Simplex Method is recommended, because of its relatively 

high performance; 

• adding randomness to the chosen local DSM procedure, thus periodically re-

positioning the search, in order to prevent its convergence to a sub-optimum 

solution; 

• creating a tree-like structure of the local neighborhoods and engaging memory 

bookkeeping operations, in order to keep track of the used local search space, and 

to prevent its recycling; 

• using cyclic vs. complete local search, in order to cut down on excessive 

computational cost of local operations when a targeted chromosome is discarded 

at a later stage of the global evolutionary search. 

 

4.3.8. Comparative Analysis of Strategies Combining Global and Local Search 

This section compares the computational performance of three stochastic methods of 

global optimization [30] that differ in the strategy they use to combine global and local 

search: Simulated annealing, Multi-start, and Hybrid Evolutionary Algorithm – see Table 

4.4.  

 

Simulated annealing starts with a random initial candidate solution in the search space, 

and uses random hill-descending local search. In order to avoid trapping in local minima, 

the algorithm occasionally climbs up the local hills, with the probability defined by 

Boltzmann distribution, and continues the global search. It is the occasional deviation 

from the hill-descending search that expresses the essence of the global search strategy of 
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Simulated annealing. In order to make a fair comparison of all three methods, a 

simplified parallel version of Simulated annealing is utilized, where multiple instances of 

the algorithm are concurrently started using random seed of initial points in the entire 

search space. 

 

 Strategy

 

Method 

 

Global search 

 

Local search 

 

Simulated annealing 

Occasional uphill climbing 

driven by the Boltzmann 

distribution 

Random hill-descending 

 

Multi-start 

Random seed of the starting 

points; keeping track of the 

visited points 

One of the traditional 

local search techniques 

 

Hybrid EA 

Search driven by 

evolutionary operators 

One of the traditional 

local search techniques 

Table 4.4: Three strategies of combining global and local search 

 

Multi-start algorithm starts with an initial random set of points in the search space, 

usually with the uniform probability distribution. The method then launches independent 

local search in the neighborhood of each initial solution using one of the known local 

search strategies. Multi-start algorithm has a global search strategy similar to Tabu 

search, i.e., it keeps track of the visited seeded points in the search space. When the 
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number of starting points approaches infinity, the best solution obtained by the local 

search procedures is the global optimum. The success of the algorithm depends on the 

number and locations of the starting points; and on the chosen strategy of the local 

search. The sufficient number and favorable distribution of the starting points are critical 

for the overall ability of the algorithm to reach the global solution. The local search 

strategy significantly affects the speed of the algorithm. In these comparative 

experiments, Downhill Simplex Method is utilized as the local search engine in Multi-

start algorithm. 

 

Hybrid Evolutionary algorithm combines global search based on the evolutionary 

strategy and evolutionary operators, and local search based on the traditional techniques 

of local optimization. Much like Multi-start, the algorithm starts with a set of initial 

candidate solutions in the entire search space. Unlike Multi-start, the algorithm proceeds 

using the global strategy of mixing and recombining different solutions, re-evaluating and 

comparing current and new solutions; and promoting the best candidates. Within the 

global search, the algorithm attempts to improve the better solutions by conducting local 

search within their close neighborhoods. The two-phase cyclic local search procedure is 

utilized in these experiments, which is proposed in section 4.3.5 of this Chapter. 

 

A set of real 2-D grayscale images [70] is tested, in order to compare the performance of 

the three stochastic methods discussed in this section – see Figure 4.12. The set includes 

the 256×256-pixel scene containing several objects (Figure 4.12, left), and the 170×128-

pixel object image (Figure 4.12, right), cropped from the scene and subject to the partial 
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affine transformation. The object image has to be registered back onto the scene. The 

optimum values of the components of the 5-dimensional transformation vector V  = {DX, 

DY, θ, SX, SY} are V * = {150, 212, 1.57, 4.14, 2.07}, i.e., the object is distorted by 

stretching along the x axis, in addition to the similarity transformation. In order to make 

the fair comparison across all three algorithms, they all are started with the same initial 

distribution of the candidate solutions: 133 starting points are selected at random, with 

the uniform probability distribution. The performance of the algorithms is evaluated on 

the basis of the following three criteria: 

• factual probability of obtaining the global optimum solution (the success rate); 

• number of function evaluations required to reach the final solution; 

• quality of the best final solution obtained by the algorithm (the best fitness 

function value F). 

 

 

 

Figure 4.12: Original scene (left) and the object template (right) 
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For the parallel Simulated annealing, two cooling schedules are tested:  

• slow schedule, with the rate of temperature decrease RT = 0.95, maximum number 

of position modifications Mmax = 800, maximum number of inner iterations Imax = 

4000, and maximum number of outer iterations Omax = 90; 

• fast schedule, with the rate of temperature decrease RT = 0.9,  maximum number 

of position modifications Mmax = 500, maximum number of inner iterations Imax = 

2500, and maximum number of outer iterations Omax = 60. 

 

In both schedules, the value of the initial temperature is set to T0 = 1.0, and Boltzmann’s 

constant takes its value from the set (0.005, 0.01, 0.05, 0.1, 0.5, 1.0). Charts in Figure 

4.13 show the success rate, the average number of fitness evaluations over all successful 

solutions, and the average best fitness over all successful solutions, for different values of 

Boltzmann’s constant. As one can see, the value of Boltzmann’s constant has significant 

impact on the success rate and number of function evaluations; it has much smaller 

impact on the best achieved minimum value of the objective function F. The success rate 

for the slow cooling schedule grows faster than the success rate for the fast cooling 

schedule, up to the break point in the chart corresponding to the value of Boltzmann’s 

constant k = 0.1. At this point, the success rate for the slow schedule equals 0.429, and 

the success rate for the fast schedule equals 0.271. After the break point, the success rate 

for the slow schedule decreases, while the success rate for the fast schedule shows 

significant increase; the respective values of the success rate at the point corresponding to 

k = 1.0, equal 0.271 and 0.451. 
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Figure 4.13: Performance characteristics for two cooling schedules in the Simulated 

annealing run 

 

The mean value of the number of function evaluations over all successful solutions for 

the slow schedule is significantly higher than the mean value for the fast schedule; it 
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grows much faster as well, up to the point corresponding to k = 0.5. The mean values for 

the point k = 0.005 equal 16292 and 8676, for the slow and fast schedules, respectively. 

The mean values for the point k = 1.0 equal 70829 and 34270, for the slow and fast 

schedules, respectively. The mean values of the best solution F, over all successful 

solutions are very close for the both, slow and fast schedules, up to the point 

corresponding to k = 0.1; they slowly degrade, as the value of Boltzmann’s constant 

increases. At the point k = 0.005, the mean values of the best solution equal F = 0.00298 

and F = 0.00348, for the slow and fast schedules, respectively. After the point k = 0.1, the 

quality of the best solution obtained with the slow schedule is quickly degrading, while 

the quality of the best solution obtained with the fast schedule stays almost at the same 

level. At the point k = 1.0, the mean values of the best solution equal F = 0.00568 and F 

= 0.00398, for the slow and fast schedules, respectively. 

 

The Multi-start algorithm with DSM uses the same distribution of the initial candidate 

solutions, as the parallel Simulated annealing. For each starting point, the initial DSM 

simplex is built using two different configurations: 

• small configuration, with the simplex vertices drawn at random from the (± 5%) 

range about the starting point; 

• large configuration, with the simplex vertices drawn at random from the (± 10%) 

range about the starting point. 

 

For the small configuration, the algorithm starts with the mean value of the best solutions 

F = 0.49633, over 133 best initial simplex vertices. The total number of function 
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evaluations over all local search instances is 6087. The best solution F = 0.04493, with 

the parameter vector V = {247, 134, 3.13, 4.87, 4.16} is obtained after 57 function 

evaluations. The mean value of the best solutions over 133 best final simplex vertices is F 

= 0.20276, a 59% improvement over the initial simplexes. For the large configuration, the 

algorithm starts with the mean value of the best solutions F = 0.33163, over 133 best 

initial simplex vertices. The total number of function evaluations over all local search 

instances is 7094. The best solution F = 0.03868, with the parameter vector V = {251, 

157, 3.13, 4.78, 3.25} is obtained after 56 function evaluations. The mean value of the 

best solutions over 133 best final simplex vertices is F = 0.18347, a 45% improvement 

over the initial simplexes. Although the algorithm achieves significant improvement of 

the value of the objective function F, it fails to find the global optimum solution, i.e., the 

success rate is zero, for the both, small and large configurations. 

 

The same classical Genetic algorithm with elitist reproduction, single-point crossover, 

and random mutation is applied to the images, as described in section 4.2 of this Chapter. 

The initial chromosome population size is P = 133; the 20% fraction of the fitter 

chromosomes are copied directly into the next generation; the mutants form 3% of the 

chromosome population. The algorithm is augmented with the two-phase cyclic local 

search discussed in section 4.3.5 of this Chapter. Hybrid Evolutionary Algorithm starts 

with the same distribution of the initial candidate solutions, as parallel Simulated 

annealing and Multi-start. The algorithm is able to find the global optimum solution F = 

0.00220, with the parameter vector V = {150, 212, 1.56, 4.00, 2.06}, after 12 global 

iterations and 5148 function evaluations, with 1597 (31%) evaluations attributed to the 
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local search. Figure 4.14 shows the final optimum position of the object image in the 

scene found by the algorithm. 

 

 

Figure 4.14: Optimum position of the object template found by the HEA with the two-

phase cyclic local search 

 

                                Parallel SA Multi-start HEA 

Success rate (min / max) 0.271 / 0.451 0.0 / 0.0 1.0 / 1.0

Evaluations (min / max) 8676 / 70829 6087 / 7094 5148 / 5148

Best fitness (min / max) 0.00298 / 0.00568 0.03868/0.04493 0.0022/0.0022

Table 4.5: Comparative performance of stochastic optimization methods 

 

Table 4.5 summarizes the findings of the experiments. As one can see, Hybrid 

Evolutionary Algorithm augmented with the proposed two-phase cyclic local search 

procedure, has significant advantage over the other two methods, across all evaluation 



 160

criteria. It provides the best optimal solution F = 0.00220, with the probability (success 

rate) 1.0, and with the minimum number of function evaluations 5148. The values of the 

components of the best parameter vector V = {150, 212, 1.56, 4.00, 2.06} are equal or 

very close to the exact optimal values V* = {150, 212, 1.57, 4.14, 2.07}. 

 

4.4. Increasing Efficiency of Mutation 

This section discusses two techniques aimed at increasing the efficiency of mutation in 

EAs, namely, adaptive size of mutation pool (section 4.4.1), and mutation with memory 

(section 4.4.2). 

 

4.4.1. Adaptive Size of Mutation Pool and Terminating Criteria 

The classical evolutionary strategy relying on the basic genetic operators of crossover, 

low-rate mutation, and selection shows slow convergence for imaging optimization 

problems, as discussed in section 4.2 of this Chapter.  The iterative process can easily fall 

into a local minimum, and stay there for an uncertain amount of time. The basic 

operations of elitist reproduction and crossover in this case can make the situation even 

worse. Reproduction will carry the false solution over to the next generations. Crossover 

will gradually increase the number of offspring having the same or similar genes that the 

fitter individuals have. The offspring cloning the fitter solutions will be increasingly 

replacing other “non-fit” chromosomes. Mutation is the operator that can help the search 

crawl out from the local minimum. However, if the mutation rate is low (a few percent, 

or even a fraction of a percent, as in many evolutionary schemes), it might take a 

considerable amount of time for mutation to come across a fitter solution.  
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A reasonable remedy that can prevent the evolutionary process from stalling at a local 

minimum is the increasing amount of mutation, in order to maintain a satisfactory degree 

of diversity in the chromosome pool. The size of the mutation pool can be controlled by 

the rate at which the gradient of the fitness function is decreasing from iteration to 

iteration. In order to establish the relationship between the convergence rate of the fitness 

function and the size of the mutation pool, a weighted error factor Fwe is introduced as 

follows. At every iteration, the sum of fitness gradients in the replication pool is 

computed and weighted over the minimum fitness value at the iteration, as follows: 

Fwe =
minF

F
R

i∑∇
,      (4.7) 

where ∇Fi is the fitness gradient for the i-th chromosome in the current replication pool, 

Fmin is the minimum fitness value for the current iteration, and R is the size of the 

replication pool. If the value of Fwe0 for iteration 0 (i.e., the initial iteration) is chosen as 

the base value, then the relative value of the weighted error factor Fwerk for every 

subsequent iteration k is computed, as follows: 

Fwerk = Fwe0 / Fwek ,             (4.8) 

where Fwek is the current absolute value of the weighted error factor. 

 

The size of the mutation pool for the next generation has to be increased by the factor 

Fwer. As the fitness function is flattening between iteration, the value of Fwer and, 

consequently, the size of the mutation pool has to grow. The larger number of new 

individuals is introduced into the chromosome population, thus helping the algorithm 
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climb out from the local minimum point and continue its search for the global optimum 

solution. 

 

As an alternative approach, the sum of fitness values in the entire replication pool can be 

used as the weight coefficient, to compute Few, as follows:  

Fwe =
∑

∑∇

R
i

R
i

F

F
,              (4.9) 

where Fi is the fitness value of the i-th chromosome in the current replication pool. 

Computational results show, however, that computing Fwe according to Formula (4.7) 

provides superior performance, over computing Fwe according to Formula (4.9). 

 

The effect of the adaptive mutation pool in the classical Evolutionary algorithm is tested 

on the same problem of aligning synthetic sensor readings, as is used in Chapter 1 – see 

Figure 1.2. The minimization problem is stated in the 3-dimensional parameter space, 

with the parameter vector V = {DX, DY, θ}, and the optimal solution V* = {91, 91, 

2.78081}. The classical Genetic algorithm with elitist reproduction, single-point 

crossover, and random mutation is applied to the images, with the population size P = 

133 and the elitist reproduction of 20% of the fitter chromosomes. The weighted error 

factor Fwe is computed according to Formula (4.7), and applied to the procedure, in order 

to control the size of the mutation pool.  
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Figure 4.15: Performance of the elitist EA with the adaptive size of mutation pool, and 

the weighted error computed according to Formula (4.7) 
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Figure 4.16: Sum of the fitness gradients (top), and the weighted error Fwer computed 

according to Formula (4.7) (bottom) 
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As in the original version of the elitist algorithm, the evolutionary process goes through a 

local minimum in iterations 6 – 15 (see Figure 4.15), with the parameter vector V = {109, 

88, 2.78081}. However, the relative value of the weighted error Fwer does not change 

significantly: it has maximum value Fwer = 3.73302 at iteration 15, as compared to the 

initial value Fwer = 1.0 (see Figure 4.16). The value of Fwer grows exponentially from 

iteration 27, with the sum of the fitness gradients falling to 0. This behavior can serve as 

an indication that the global minimum point has been reached, and the search can be 

terminated, with the optimum parameter vector V = {95, 88, 2.78081}, minimum fitness 

value F = 0.06028, and the weighted Euclidean distance from the exact solution δ = 

0.056. 

 

These results provide experimental support for using the relative weighted error factor as 

a potential terminating criterion of the search. As opposed to monitoring the overall 

convergence of fitness function between iterations, the relative weighted error factor Fwer 

can be computed and compared at every iteration. When the factor begins to grow 

exponentially, the search can be terminated, because the global minimum solution has 

been found. Although this strategy provides the best final result, it might be too 

restrictive and computationally expensive: often the exact solution is not needed, and its 

approximation could suffice. The requirement of finding the point with the exponential 

growth of the factor Fwer can be relaxed, and a reasonable threshold value can be 

accepted. If Fwer exceeds the threshold, the found solution is considered to be satisfactory, 

and the search can be terminated. 
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Figure 4.17: Performance of the elitist EA with the adaptive size of mutation pool, and 

the weighted error computed according to Formula (4.9) 
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Figure 4.18: Sum of the fitness gradients (top), and the weighted error Fwer computed 

according to Formula (4.9) (bottom) 



 166

Another alternative to computing the weighted error factor with Formula (4.7), is to use 

the sum of the fitness values over the entire replication pool as the weight coefficient, as 

shown in Formula (4.9). Figures 4.17 and 4.18 show, however, that this approach 

requires a larger number of iterations, in order to reach the final optimum point. The 

factor Fwer grows slowly until it reaches iteration 51, where it begins to grow 

exponentially indicating that the optimum solution has been found. Although a 

satisfactory parameter vector V = {89, 94, 2.74396}, with the minimum fitness value F = 

0.04702, is found in iteration 33, the search cannot be stopped until after iteration 51. 

This result shows that using the minimum fitness value as the weighted factor, as stated 

in Formula (4.7), provides better performance than using the sum of the fitness values, as 

in Formula (4.9).   

 

The attempt to extend the computation of the weighted error factor Fwe to the entire 

chromosome pool, instead of its replication part, does not provide satisfactory results (see 

Figures 4.19 and 4.20). The relative factor Fwer can no longer be considered a monotonic 

function of the fitness value: it has three extreme values between iterations 0 and 48. 

Only one of them (at iteration 48) corresponds to the global minimum point, with the 

parameter vector V = {91, 93, 2.75134}, and fitness value F = 0.038. Therefore, 

computing the factor Fwe over the entire chromosome pool cannot provide a good 

indication as to when the optimum solution is found, and the search can be terminated. 
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Figure 4.19: Performance of the elitist EA with the adaptive size of mutation pool, and 

the weighted error computed over the entire population 
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Figure 4.20: Sum of the fitness gradients (top), and the weighted error Fwer computed 

over the entire population (bottom) 



 168

The results of the experimental study aimed at evaluating the possibility of using adaptive 

size of mutation pool as means to accelerate the convergence of the classical 

Evolutionary algorithm, and to indicate the terminating condition, show that the best 

strategy is to use the relative weighted error factor Fwer computed according to Formulae 

(4.7) and (4.8), in combination with the adaptive size of mutation pool. 

 

4.4.2. Mutation with Memory 

The main objective of mutation is to diversify the chromosome population in such a way 

that different areas of the search space can have a fair chance to participate in forming 

new generations. The classical low-rate operation of mutation relies on a purely random 

selection of new individuals from the entire search space. In reality, however, some of the 

areas are better represented in the population than others. The inequality existing in the 

chromosome population is exacerbated when the following three techniques are used, in 

order to improve the EAs performance: 

• elitism that directly copies fitter chromosomes into the next generation; 

• increasing mutation rate that helps diversify the genetic material in the 

population; 

• local search that speeds up the EAs convergence, and refines the quality of the 

fitter solutions. 

 

The areas where the fitter chromosomes reside will be repeatedly re-visited in the 

chromosome pool, as the result of reproduction; intensified mutation; and local search 

and correction. If the uniform probability distribution is used to draw the mutants, the 
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areas that already have a relatively high representation will maintain, or even increase 

their domination in the population. Consequently, some areas that might potentially 

contain the global optimum will not be explored fully enough to find this optimum, while 

areas containing local optima will be over-represented. 

 

In order to keep track of the fair usage of the search space, a bookkeeping mechanism is 

implemented as followed. The entire search space (domain D) is divided into a finite 

number of segments dnm, such that 

∑ ∑=
= =

N

n

M

m
nm

n
dD

1 1
,    (4.10) 

where N is the number of dimensions of the search space, and Mn is the number of 

segments in the n-th dimension.  

 

A hit function hnm(t) is defined for a segment dnm as a function of time t, as follows: 

hnm(dnm,tk) = hnm(dnm,tk-1) + unm,k , 

hnm(dnm,0) = 0 ,     (4.11) 

where tk-1 and tk are the two consecutive time intervals, and unm,k is the rate of usage of the 

parameter values Vnm ∈ dnm during all evolutionary operations of local search, crossover, 

and mutation, at the time interval tk. 

 

Another N-dimensional domain R(tk) is defined at every time interval tk, as a set of 

ordered range segments, as follows: 

∑ ∑=
= =

N

i

J

j
kijk

i
trtR

1 1
)()( ,     (4.12) 
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where Ji is the number of the range segments for the i-th dimension, and the range 

segment rij(tk) is computed as 

i

kiqiqkiqiq
kij J

tdhtdh
tr

),(min),(max
)(

−
= .    (4.13) 

 

Before mutation takes place at the time interval tk, a new mapping M(tk) from the search 

space D into the domain R(tk) has to be found, as follows: 

M(tk) : D → R(tk) , such that  dnq → rnp(tk)   if  rnp-1(tk) < hnq(dnq, tk) < rnp(tk)  (4.14) 

 

The operation of mutation is performed at random only on the range segments whose 

values do not exceed some pre-set threshold Rn(tk). These segments correspond to the 

areas of the search space that are located away from the reproduction pool, and have been 

least visited by the search procedure. The technique insures that the subspaces that have 

been least represented up to date in the chromosome population, will have a higher 

probability to be re-visited during the later stages of the evolutionary search. 

 

The evolutionary procedure now incorporates two opposite processes that take place 

simultaneously in time. Operations of reproduction; local search and correction; and 

crossover increase the frequency of re-visiting the areas that surround local (or, possibly 

the global) minimum points in the reproduction pool. Mutation with memory, on the 

contrary, draws new individuals from the areas that have been less frequently visited, and 

are located outside the densely populated spots in the reproduction pool. Mutation 

attempts to explore all poorly represented areas, in order to eliminate the possibility of 

overlooking a better (or the best) solution. Together, these two processes form two 
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opposite but complementary trends, concentration and expansion, increasing the 

probability of finding the global optimum solution, no matter where it is located, in the 

vicinity of the current reproduction pool, or at a far distance from it. 

 

4.5. Comparison of Modified and Classical Versions of Evolutionary Algorithm 

In order to evaluate the performance gain of the proposed modified version of the 

evolutionary strategy that includes the two-phase cyclic local random/DSM search and 

mutation with memory, comparative experiments are conducted using the modified 

algorithm and the classical elitist EA strategy, The same test sets of the truck and wing 

images are used here, as the test sets discussed in section 4.2 of this Chapter.  

 

Charts in Figures 4.21 and 4.22 show the performance of the modified Evolutionary 

algorithm, for the both sets of the test images. The best solution for the truck image, with 

the parameters V = {24, 141, 0.76054, 2.04093} and the minimum fitness value F = 

0.00370 is found in iteration 11 – see Figure 4.21. The total number of fitness evaluations 

is 3421. The best parameter set for the wing image is found in iteration 17, and requires 

5467 fitness evaluations – see Figure 4.22. It has parameters V = {170, 241, 1.58207, 

4.07248} and the minimum fitness value F = 0.00246. Figure 4.23 shows the matched 

images obtained with the modified EA procedure. Table 4.6 summarizes the comparative 

computational performance of the modified and classical elitist EA models. 
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Figure 4.21: Performance of the modified EA for the truck image 
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Figure 4.22: Performance of the modified EA for the wing image 

 

 

Figure 4.23: Matched images of the truck (left) and the wing (right) obtained with the 

modified HEA 
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Truck Wing  

Classical 

approach 

Modified 

approach 

Exact  

solution 

Classical 

approach 

Modified 

approach 

Exact 

solution 

Parameters: 

DX 

DY  

θ  

S 

 

23 

158 

0.89664 

2.03323 

24

141

0.76054

2.04093

--

--

0.7854

--

166

245

1.56509

3.6368

 

170 

241 

1.58207 

4.07248 

170

240

1.5734

4.14

Fitness F 0.00464 0.00370 -- 0.0062 0.00246 0.00215

Iterations 391 11 -- 77 17 --

Evaluations 44213 3421 -- 8731 5467 --

Table 4.6: Comparative performance of the classical and modified EA models 

 

An interesting example of changes occurred in the parameter and fitness values between 

iterations, for the fittest chromosome of the wing image, during one run of the modified 

EA model is shown in Figure 4.24. Also shown, are operations that are responsible for 

the changes. The total number of fitness evaluations for the fittest chromosome is 175, 

including 91 during the random search, and 84 during the DSM refinement. As one can 

see, random selection of trial points from the neighborhood of the fittest chromosome 

improves the best solution in the same manner as the classic crossover does. The 

refinement of the solution with DSM mostly affects the later stages of the evolutionary 

search. Interestingly enough, the correction of other chromosomes from the reproduction 

pool contributes to the success of the entire search. For example, the random correction 
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of the chromosome 4 followed by the random correction of the chromosome 0 

contributes in iteration 6. The DSM refinement of the chromosome 1 in iteration 17 

produces the best global solution for the entire search. This result clearly indicates that 

using local search only for the final solution, or a subset of the final solutions obtained at 

the end of the global evolutionary search, is not as efficient as using local search during 

all intermediate stages of the search. 
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Figure 4.24: Example of the changes of the best fitness value 

 

The total number of local fitness evaluations for the wing image is 1381, including 1230 

random trials, and 151 DSM refinements. This is a 25.26% fraction of the total number of 

fitness evaluations required for the entire solution. The number of the successful random 

trials is 96; 81 trials involve only 4 neighbors located inside a hypersphere with just one 

radius away from the initial chromosome. Therefore, a careful choice of the initial radius 
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of the explored neighborhood can significantly reduce the number of the probed 

neighbors and, consequently, the total number of trial points during the random search. 

 

In summary, the computational experiments with two test sets show that the proposed 

modification of the classical evolutionary procedure with the two-phase cyclic local 

random/DSM search and mutation with memory, significantly increases the convergence 

rate simultaneously reducing the required number of fitness evaluations. The classical 

evolutionary procedure produces the best solution F = 0.00464 after 391 iterations, with 

44213 fitness evaluations, for the truck image, while the modified procedure reaches the 

best point F = 0.00370 after 11 iterations and 3421 fitness evaluations. Similar results are 

obtained for the wing image. The best solution after applying the classical procedure is F 

= 0.0062; it requires 77 iterations and 8731 fitness evaluations. The modified procedure 

reduces the number of iterations to 17, with 5467 fitness evaluations, while gaining a 

much better final result of F = 0.00246. 

 

4.6. Selective Fitness Evaluation as Problem-Specific Knowledge 

When Evolutionary algorithms are applied to optimization problem, the computational 

time TJ required for performing J evolutionary iterations is 

)()(
1 1

GOJOtET
J

j
ejg

G

g
J

j

++∑ ∑=
= =

,    (4.15) 

where Gj is the number of chromosomes at iteration j, Ejg is the number of fitness 

evaluations for the chromosome g at iteration j, and te is the time required for one fitness 

evaluation. The terms O(J) and O(G) are attributed to various auxiliary operations. The 

overall computational efficiency of the algorithm, therefore, can be potentially improved 
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by reducing the values of the parameters J, Gj, Ejg, and te of the iterative process. The first 

three parameters depend on the overall strategy of the evolutionary search. The reduction 

of the fourth parameter, the time te required for one fitness evaluation, is discussed in this 

section. 

 

In the statement of image mapping as an optimization problem, every operation of fitness 

evaluation requires N×M operations of geometric transformation applied to N×M–pixel 

image, and N×M operations of pixel-wise comparison of two images. Since the number 

of function evaluations is usually large (in the range of a few thousands), even a small 

reduction of the time te would result in significant reduction of the total computational 

cost of finding a solution. In particular, if one can reduce the number of pixels 

participating in the operations of transformation and comparison, then the fitness 

evaluation will require only N′×M′ operations, where N′ < N, or M′ < M, or both. The 

reduction of the time required for one fitness evaluation can be estimated using the area 

reduction factor ΦA defined as 

MN
MN

A ×
′×′

=Φ  ,     (4.16) 

where ΦA < 1. Since the time te required for one evaluation is constant, Formula (4.15) 

can be written as 

)()( GOJOEtT JGeJ ++∗=  ,    (4.17) 

where EJG is the total number of fitness evaluations. Using the area reduction factor ΦA, 

we can now define the effective number of fitness evaluations as 

EE = ΦA ∗ EJG  .     (4.18) 
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This section compares performance of two algorithms that can be potentially used to 

reduce the fitness evaluation time – the fractal encoding of the image and a simple image 

segmentation technique. Both algorithms aim at selective reducing the number of pixels 

participating in the fitness evaluation. 

 

4.6.1. Selective Fitness Evaluation with Fractal Encoding 

One of the techniques that can be utilized to reduce the number of pixels participating in 

the fitness evaluation is fractal encoding commonly used in image compression [174]. 

Fractal image encoding exploits the idea of a partitioned iterated function system. 

Encoding starts with representing the image as two independent sets, a set of domain 

cells Di, and a set of range cells Rj. The algorithm then attempts to find a set of 

contractive affine transformations Mij from Di into Rj. The transformations defined by 

their corresponding parameters constitute the desired compression of the original image. 

The process of fractal encoding is used here to reduce the fitness evaluation time, in the 

following way. 

 

Step 1: The image is partitioned into a set of domain cells Di of regular rectangular 

shape. For every domain cell, a vector of features is extracted containing the following 

information about the distribution of gray values over the domain pixels: 

• standard deviation σ of the pixel values; 

• skewness, defined as the normalized sum of the cubes of the differences between 

the pixel values and their mean; 

• neighbor contrast, measuring the average difference between the adjacent pixels; 
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• coefficient β measuring the change of the pixel values, in relation to the center of 

the cell; 

• maximum gradient of the pixel values. 

 

Step 2: The image is partitioned into a set of range cells Rj using the adaptive quadtree 

partitioning scheme. The range cells are smaller than the domain cells, in order for the 

mapping Mij to be contracting. The vector of features is extracted for every range cell. 

 

Step 3: Domain Di, and a corresponding affine transformation Mij are found for every 

range cell Rj, such that the feature vectors of Di and Rj fit, with a specified error tolerance. 

The transformation Mij includes translation, rotation, and shrinking of the domain cell. If 

the fit is not sufficient, the range cell is subdivided into smaller cells using quadtree 

partitioning, and search for the best fit continues. Information about the range cell, the 

corresponding best domain, and the parameters of the affine transformation is stored for 

further processing. 

 

Step 4: Once information about all range cells has been computed and stored, the 

smallest range cell Rmin is found. The cell threshold TR is set, based on the size of Rmin. 

The list of the range cells obtained in step 3 is processed, and all cells exceeding the 

threshold TR are discarded. The cells that are left in the list are used for fitness evaluation 

during the iterations of the evolutionary procedure. 
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Steps 1 - 3 are the standard steps of fractal encoding commonly used in image 

compression [174]. Step 4 is based on the observation that the encoding algorithm sorts 

out the areas containing a larger amount of information about the image, from the areas 

containing less information. The large-size range cells obtained in step 3 of the algorithm 

have the homogeneous distribution of their gray values; therefore, they contain fewer 

details about the image. On the contrary, smaller cells contain the large number of the 

interesting details about the image, which makes them more useful and important for 

image comparison during the mapping process. The number of domain cells, the depth of 

the adaptive range partitioning, and the error tolerance can significantly affect the 

partitioning results and the number of cells participating in the fitness evaluation during 

the algorithm run.  

 

4.6.2. Selective Fitness Evaluation with Image Segmentation 

A simple and inexpensive alternative to fractal encoding is a simple segmentation 

technique that attempts to find the borders between homogeneous areas of the image, in 

order to discard most of the pixels within these areas, and to leave only sufficient 

representative layer along the borders; this layer will carry enough information about the 

area texture and its averaged gray value. The algorithm processes the image in a row-

wise manner, as follows. 

 

Step 1: For every row, a sliding window is built that consists of three successive pixel 

segments, Ωn, Ωn+1 and Ωn+2. The segments are obtained in such a way, that the 
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difference of their average gray values (AGV) exceeds some pre-set gray value tolerance 

(GVT): 

| AGVn+1 − AGVn | ≥ GVT ,   | AGVn+2 − AGVn+1 | ≥ GVT .   (4.19) 

 

Step 2: If the segment Ωn+1 is small, i.e., its length is below some pre-set threshold (here, 

the threshold of 1 pixel is used), it is treated as noise. The gray values of its adjacent 

neighbors are compared with the average gray values of the other two segments, Ωn and 

Ωn+2. If the majority of the neighbors have their gray values equal to AGVn or AGVn+2 

(with the tolerance GVT), the segment Ωn+1 is merged with the corresponding segment 

Ωn or Ωn+2. If AGVn = AGVn+2, then all three segments Ωn, Ωn+1, and Ωn+2 are merged. 

 

Step 3: The segment Ωn is now considered as a candidate for discarding from the image. 

If the length of Ωn exceeds some pre-set minimum value Lmin, the segment is discarded, 

and its pixels do not participate in the later operations of the fitness evaluation. While 

discarding, the segment’s edge pixels are kept intact, in order to provide a sufficient area 

on the border between the segments. 

 

The value of the area reduction factor ΦA can be controlled by varying two parameters, 

the gray value tolerance GVT, and the minimum length of the discarded segment Lmin. 

The ratio of these parameters (GVT / Lmin) is referred to as the tolerance factor. 

 

 

 



 181

4.6.3. Computational Experiments with Selective Fitness Evaluation 

Two sets of grayscale images are tested on a 4-dimensional optimization problem, with 

the vector of parameters V = {DX, DY, θ, S}: the images of a truck and an aircraft wing – 

see Figure 4.1, section 4.2 of this Chapter. The first set includes two 286×286-pixel 

images of a truck, with unknown parameters DX, DY and S, and rotation θ  = 0.7867. The 

second set consists of two 290×290-pixel images of an aircraft wing, with the known 

parameter vector V* = {170, 240, 1.5734, 4.14}. The modified hybrid EA model with the 

two-phase cyclic local correction and mutation with memory is used. The selection 

mechanism is changed to a more efficient tournament selection, and the initial population 

seed is different from the seed used in section 4.5 of this Chapter.   

 

Figure 4.25 shows the performance of HEA, in terms of the fitness value and number of 

fitness evaluations, in the case when the full N×M-pixel images are used for the fitness 

evaluation. The minimum solution for the truck is found after 5 iterations, with the 

parameter vector V = {23, 135, 0.7250, 1.964}, and the total number of fitness 

evaluations 813. The minimum solution for the wing is found in iteration 8, with the 

parameter vector V = {170, 239, 1.5303, 3.925}, and 1406 fitness evaluations. 

 

For the fractal encoding, a two-level domain partitioning scheme is used. The first level 

has 8×8 = 64 domain cells, and the second level has 16×16 = 256 domain cells. The 

maximum quadtree depth for the range partitioning equals 5. According to the step 4 of 

the encoding algorithm described in section 4.6.1 of this Chapter, the reduction of the 

number of pixels participating in the fitness evaluation is achieved by discarding all range 
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cells that have a greater size than the size Rmin corresponding to the level 5 of the 

quadtree. The variation of the error tolerance during the feature evaluation (referred to as 

the feature tolerance) results in different values of the area reduction factor ΦA. 
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Figure 4.25: Performance of the algorithm with the full image evaluation: a truck (top) 

and a wing (bottom) 
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Figure 4.26: Fractal encoding (top) and mapping results (bottom) for the truck image 

 

For the image of a truck, a range of feature tolerance between 0.025 and 0.1 is tested. The 

sample image reduction and mapping results are shown in Figure 4.26. Here, the values 

of the feature tolerance 0.025, ΦA = 0.612, θ = 5.4505 (left column); feature tolerance 

0.05, ΦA = 0.322, θ = 0.7633 (central column); feature tolerance 0.1, ΦA = 0.257, θ = 

0.5274 (right column). The chart in Figure 4.27 shows how the area reduction factor ΦA 

and the rotation angle θ  change when the feature tolerance increases: while ΦA 

monotonically decreases, the value of θ reveals a more interesting pattern. It falls from θ 

= 5.4505, at the feature tolerance 0.025 and ΦA = 0.612 (not shown), down to θ = 0.1241, 

at the feature tolerance 0.03 and ΦA = 0.501, then rises and comes very close (θ = 0.7633) 

to the exact solution θ = 0.7867, at the feature tolerance 0.05 and ΦA = 0.322. The angle 

slowly degrades to θ = 0.5274, at the feature tolerance 0.1 and ΦA = 0.257. There is an 

optimal range of the area reduction factor (between ΦA = 0.369, and ΦA = 0.302 in Figure 
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4.27, corresponding to the range 0.04 – 0.06 of the feature tolerance), where the 

parameter values come very close to the exact solution. 
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Figure 4.27: Area reduction factor ΦA and rotation angle θ, as functions of the feature 

tolerance, for the fractal encoding of the truck image 

 

Figure 4.28 shows the sample image reduction and mapping results for the wing image. 

The feature tolerance in this case varies from 0.005 to 0.05, with the corresponding 

variation of the area reduction factor between ΦA = 0.749 and ΦA = 0.019. In Figure 4.28, 

the values of feature tolerance 0.005, ΦA = 0.749, δ = 0.2 (left column); feature tolerance 

0.025, ΦA = 0.091, δ = 0.104 (central column); feature tolerance 0.05, ΦA = 0.019, δ = 

1.17 (right column). As in the case of the truck, the value of ΦA monotonically decreases 

with the increase of the feature tolerance – see Figure 4.29. The overall quality of the 

obtained parameter vector for the wing is estimated using the relative error δ defined as 

follows: 
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where ΔDX, ΔDY, Δθ , and ΔS are the differences between the exact and the approximate 

parameter values.  

 

 

Figure 4.28: Fractal encoding (top) and mapping results (bottom) for the wing image 

 

Unlike in the case of a truck, the value of the normalized error for a wing does not show a 

particular pattern. There are two points in Figure 4.29, where the trial solution comes 

very close to the exact optimum. The first point corresponds to the value of the feature 

tolerance 0.0075, with the parameter vector V = {170, 244, 1.6500, 4.0}, and the area 

reduction factor ΦA = 0.496. The second good approximation point is found at the feature 

tolerance 0.025, with the parameter vector V = {168, 243, 1.556, 3.72}, and the area 

reduction factor ΦA = 0.091. 
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Figure 4.29: Area reduction factor ΦA and the relative error δ, as functions of the feature 

tolerance, for the fractal encoding of the wing image 

 

Similar experiments are conducted with the simple segmentation technique described in 

Section 4.6.2. In this case, there are two parameters that control the value of the area 

reduction factor – the gray value tolerance GVT, and the minimum length of the 

discarded segment Lmin. Sample image reduction and mapping results for a truck are 

presented in Figure 4.30. Here, the values of tolerance factor 0.1, ΦA = 0.706, θ  = 0.1 

(left column); tolerance factor 0.8, ΦA = 0.585, θ  = 0.75 (central column); tolerance 

factor 1.6, ΦA = 0.178, θ  = 0.4895 (right column). The chart in Figure 4.31 shows the 

values of ΦA and θ, as functions of the tolerance factor. In Figure 4.31, the value of the 

area reduction factor ΦA decreases monotonically, as the tolerance factor (GVT / Lmin) 

increases. The value of the rotation angle does not show a particular pattern. It is very 

close to the exact solution at the point where the tolerance factor equals to 0.8, and the 
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area reduction factor ΦA = 0.585; the value of θ  at this point is 0.75. At the larger and 

smaller values of ΦA, the value of θ significantly differs from the exact solution. 

 

 

Figure 4.30: Image segmentation (top) and mapping results (bottom) for the truck image 
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Figure 4.31: Area reduction factor ΦA and rotation angle θ, as functions of the tolerance 

factor, for the segmentation of the truck image 
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Figure 4.32: Image segmentation (top) and mapping results (bottom) for the wing image 
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Figure 4.33: Area reduction factor ΦA and relative error δ, as functions of the feature 

tolerance, for the segmentation of the wing image 

 

Results for the image of a wing are shown in Figures 4.32 and 4.33. In Figure 4.32, the 

values of tolerance factor 0.1, ΦA = 0.743, δ = 0.147 (left column); tolerance factor 0.8, 
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ΦA = 0.199, δ = 0.062 (central column); tolerance factor 2.4, ΦA = 0.092, δ = 0.855 (right 

column). Reasonably good solutions are obtained at two points corresponding to the 

values of the tolerance factor 0.5 and 0.8 – see Figure 4.33. The first solution, with the 

vector of parameters V = {168, 243, 1.5852, 3.747} has the value of the area reduction 

factor ΦA = 0.288, and the relative error δ = 0.0969. The second solution, with the vector 

of parameters V = {170, 236, 1.5031, 4.305} has the value of ΦA= 0.199, and the value of 

δ = 0.0622. 

 

The comparative results of the two algorithms aimed at image reduction are summarized 

in Table 4.7. As one can see, image reduction can significantly improve the 

computational performance of Evolutionary algorithms in imaging optimization. The 

improvement is achieved by reducing the number of pixels participating in the operations 

of transformation and comparison during the evaluation of fitness function. Both 

techniques of image reduction, fractal encoding and image segmentation perform well. 

The effective number of fitness evaluations after applying fractal encoding to the image 

of a truck decreases from 813 to 297. The segmentation technique is not as successful as 

fractal encoding for this image, leaving the effective number of evaluations practically on 

the same level (811 vs. 813). For the image of a wing, the segmentation technique gives 

slightly better results than fractal encoding, reducing the effective number of fitness 

evaluations from 1406 for the full image, to only 302, for the reduced image. Fractal 

encoding reduces the effective number of evaluations from 1406 to 326.  
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Truck Wing  

Full 

image 

Fractal 

encoding 

Segment. Full 

image 

Fractal 

encoding 

Segment.

DX 

DY  

θ  

S 

23 

135 

0.7250 

1.964 

22

137

0.7633

1.952

37

139

0.7500

2.228

170

239

1.5303

3.925

168 

243 

1.5559 

3.716 

170

236

1.5031

4.305

Iterations 5 5 6 8 13 8

ΦA  1.0 0.322 0.585 1.0 0.091 0.1985

Evaluations 813 921 1386 1406 3579 1520

Effective 

evaluations 

813 297 811 1406 326 302

Table 4.7: Comparative results for selective image reduction with fractal encoding and 

image segmentation 

 

4.6.4. Conclusions on Selective Fitness Evaluation 

The run time of Evolutionary algorithms in imaging optimization significantly depends 

on the time required for evaluating the fitness value of a chromosome during one 

iteration. This time can be significantly reduced if some pre-processing is employed, 

prior to the evolutionary search. The pre-processing procedure can eliminate the areas 

that do not contain important information about the image and can be omitted during the 

operations of transformation and comparison. The procedure does so by reducing the 

number of pixels participating in fitness evaluation. 
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Two algorithms are compared, that can be potentially used for image pre-processing: the 

fractal encoding, and a simple segmentation technique. Numerical experiments show that 

both algorithms perform well, and can be successfully applied to selective fitness 

evaluation. For the test problems, the fractal encoding reduces the effective number of 

fitness evaluations from 813 (for the full image of a truck), to only 297 for the reduced 

image. Similarly, the segmentation technique reduces the effective number of evaluations 

from 1406 (for the full image of an aircraft wing) to 302. 

 

In general, there is no particular advantage of using more complicated and resource-

consuming algorithms like fractal encoding, while a simple segmentation technique can 

work as well. The results of the solution of optimization problem obtained with the 

selectively reduced image mainly depend on the optimal and representative distribution 

of pixels participating in fitness evaluation, rather than on the particular algorithm used 

for the selective image reduction. 

 

4.7. Summary 

This Chapter analyzes the following main directions of improving the EAs performance 

in imaging optimization. 

 

Incorporating efficient local search and optimization techniques into global evolutionary 

search can increase the convergence rate and the quality of the final solution. The hybrid 

EA model with the commonly used steepest descent methods is compared with the 

classical EA model, on a sample image mapping problem in the 3-dimensional parameter 
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space. The classical model obtains the minimum fitness value F = 0.0620 and the 

weighted Euclidean distance from the exact solution δ = 0.086, after 54 generations. 

Incorporating the deterministic descent method does not show a noticeable improvement 

over the classical EA model, providing the minimum fitness value F = 0.0610, and the 

distance δ = 0.114. Incorporating the stochastic descent method provides better solution F 

= 0.0380, with the distance δ = 0.022, after 36 iterations. 

 

Two advanced local techniques, Conjugate Gradient and Downhill Simplex methods are 

evaluated, as potential candidates for using in the hybrid EA model, on a sample 4-

dimensional image mapping problem for two image sets. One image set has convex 

fitness function; the other has non-convex fitness function. Both methods perform fairly 

well on the convex function, with DSM having a superior performance. DSM provides 

minimum fitness values F = 0.00391 and F = 0.00338, with the total number of 

evaluations E = 46, and E = 148, respectively, for the different starting points. CGM 

provides minimum fitness values varying from F = 0.00398 to F = 0.00812, with the total 

number of evaluations varying from E = 152 to E = 333. The quality of the final solution 

obtained with CGM significantly degrades, as the distance from the starting point to the 

optimum increases, while the quality of the DSM solution only slightly decreases. 

 

For the non-convex fitness function, the quality of the CGM solution quickly deteriorates 

with the increasing initial distance from the optimum. The method provides the minimum 

value of F = 0.01604, and the number of evaluations E = 91, at the 3% distance; it breaks 

down beyond the 3% distance mark. The DSM performance remains robust up to the 
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10% distance, where the minimum value of F = 0.00308, and the number of evaluations 

is E = 139. 

 

Based on the experimental results with local search, as well as on the analysis of the 

problems that arise when local search is incorporated into the global EAs framework, a 

novel two-phase cyclic algorithm alternating random search and Downhill Simplex 

Method is proposed. The algorithm has the following distinctive features: 

• using direct DSM search, as opposed to gradient-based methods of local search 

frequently used in hybrid EA models, which allows to reduce the total number of 

fitness evaluations and increase the robustness of the algorithm, in the case of 

possible irregularities of fitness function; 

• adding randomness to the deterministic and algorithmically well defined DSM, 

which allows to relocate the simplex in the local neighborhood in an 

advantageous way, thus preventing the search from falling into a sub-optimum 

solution, and reducing the total number of fitness evaluations; 

• engaging partial, rather than complete local search, in a cyclic manner, which 

allows to reduce the number of wasted local evaluations, in the case of discarding 

the local neighborhood by the global evolutionary search; 

• building a tree structure, in order to keep track of the visited points in the local 

neighborhood, which prevents the search from re-visiting the discarded points. 

 

Experiments on a sample image set, in the case of a sample 4-dimensional mapping, 

show a superior performance of the proposed algorithm, in comparison with the regular 



 194

DSM method. The modified version is able to find the minimum fitness value F = 

0.00216 after 4 cycles and 34 evaluations, while the regular DSM version can find F = 

0.00253 after 8 cycles and 50 function evaluations. 

 

Comparison of the hybrid EA model with the proposed two-phase local search, with the 

simple parallel implementation of Simulated annealing, and Multi-start algorithm that 

uses DSM, shows a superior performance of the proposed HEA model on a sample image 

set, in the case of the 5-dimensional mapping. The HEA model gives the minimum 

fitness value F = 0.00220 after E = 5148 fitness evaluations, with the success rate S = 1.0. 

Using the same initial population, Simulated annealing can find minimum fitness values 

varying from F = 0.00298 to F = 0.00568, with the number of fitness evaluations varying 

between E = 8676 and E = 70829, and the success rate varying between S = 0.271 and S = 

0.451. Multi-start algorithm fails to find the global solution using the same initial 

population. 

 

Increasing mutation helps maintain the diversity of the population and prevent the search 

from overlooking potentially optimum solutions. The size of the mutation pool can be 

controlled using the proposed weighted error factor Fwer defined by the rate at which the 

gradient of the fitness function is decreasing over the number of global iterations. As the 

fitness of the population is flattening, the value of the error factor and, consequently, the 

size of the mutation pool are growing, thus introducing a larger number of new candidate 

solutions. Experiments on a sample test set, in the case of the 3-dimensional mapping, 

show that the elitist EA with the adaptive mutation pool is able to find the minimum 
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fitness value F = 0.06028, with the weighted Euclidean distance from the exact solution δ 

= 0.056, after 18 generations. For comparison, the classical model obtains the minimum 

fitness value F = 0.0620, with the distance δ = 0.086, after 54 generations. Experiments 

also show that the error factor can be used as one of the terminating criteria of the search. 

When the factor Fwer begins to grow exponentially, the search can be terminated, because 

the global minimum solution has been found. 

 

The classical operation of mutation relies on random selection of new candidate solutions 

from the entire search space. In reality, however, some of the search areas are better 

represented in the population than the others, particularly when elitism, high-rate 

mutation, and local search are utilized. The proposed mechanism of mutation with 

memory keeps track of the usage of the entire search space during all evolutionary 

operators, and increases the fair usage of the space. Mutation with memory draws new 

individuals from the areas that have been less frequently visited and are under-

represented in the chromosome population. The mechanism, therefore, helps prevent EA 

from pre-maturely converging to a sub-optimum solution. 

 

Comparative experiments on two image sets undergoing a sample 4-dimensional 

mapping show a superior performance of the hybrid EA model that uses the proposed 

two-phase local search and mutation with memory, over the classical elitist EA model. 

The classical EA model finds the minimum fitness values F = 0.00464 and F = 0.00620, 

after 391 and 77 generations, with the number of fitness evaluations E = 44213 and E = 

8731, for the first and second sets, respectively. The modified hybrid EA model is able to 
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find the minimum fitness values F = 0.00370 and F = 0.00246, after 11 and 17 

generations, with the total number of fitness evaluations E = 3421 and E = 5467, for the 

first and second sets, respectively. 

 

Incorporating problem-specific knowledge into the algorithm helps extract the essential 

information about the imaging problem, and reduce the amount of information processed 

during a single fitness evaluation. Two techniques for selective fitness evaluation are 

demonstrated and compared, fractal encoding and simple image segmentation. 

Comparative experiments on two image sets, in the case of a sample 4-dimensional 

mapping problem, show that selective evaluation based on fractal encoding reduces the 

effective number of fitness evaluations from E = 813 to E = 297, and from E = 1406 to E 

= 326, for the first and second image sets, respectively. Image segmentation does not 

affect the number of evaluations for the first image set (813 vs. 813); it reduces the 

effective number of fitness evaluations from E = 1406 to E = 302, for the second image 

set. Successful solution of the mapping problem obtained with the selectively reduced 

image mainly depends on the optimal and representative distribution of pixels 

participating in the fitness evaluation, rather than on the particular algorithm used for 

selective image reduction. 
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Chapter 5: Improving the Performance of Evolutionary Algorithms 

with Image Local Response 

 

5.1. Introduction 

One of the strong points of Evolutionary algorithms is their ability to deal with complex 

real-world problems, without any a priori provided problem-specific knowledge. 

However, the generality of EAs can make them less efficient, in comparison with some 

ad hoc methods that extensively rely on the problem-specific knowledge, when the latter 

is available. Luckily, the flexibility of EAs allows for the problem specifics to be 

incorporated into the general evolutionary framework. There are two principal ways of 

such incorporation: 

• providing the algorithm with the specific data about the problem; 

• providing the algorithm with a fairly general method that can autonomously 

obtain the 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 seems more desirable. Such 

an approach is proposed in this Chapter; it is rooted in the general ideas of sensitivity 

analysis, and implemented in the form of Image local response.  

 

Throughout this Chapter, six sets of 2-dimensional grayscale images are tested, in order 

to validate the proposed model of Image local response: an aircraft wing [70], a boat [71], 
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a ship [73], a palm tree [76], a rock [77], and a truck. Each set includes the 256×256-

pixel reference image Img0 of a larger scene, and a smaller template image Img1 of an 

object obtained either by cropping a section from the scene, or by taking a different 

snapshot – see Figure 5.1.  

 

 

Figure 5.1: Test sets used in Chapter 5: a boat, a palm tree, a rock (top row, left to right); 

a ship, a truck, an aircraft wing (bottom row, left to right) 
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Optimum parameter values  

Image DX DY θ SX SY 

Boat 26.0 141.0 1.571 4.0 2.0

Palm 80.0 180.0 1.571 2.53 1.27

Rock 40.0 160.0 1.571 2.0 1.5

Ship 108.0 144.0 1.571 3.56 1.78

Truck* 18.0 117.0 0.761 2.04 1.02

Wing 150.0 212.0 1.571 4.14 2.07

Table 5.1: Optimum parameter values for test images (* denotes approximate values) 

 

The image Img1 of each object undergoes the affine transformation defined by the 5-

dimensional vector V = {DX, DY, θ, SX, SY}. The original problem of finding a vector V* 

providing the correct mapping between the images Img0 and Img1 is re-formulated as the 

optimization problem of finding the optimum vector V* minimizing the difference F 

between the images, where F is defined as the squared difference of the gray values of 

the images, over the area of their overlap. Since the images of a boat, a palm tree, a rock, 

a ship, and an aircraft wing are obtained by cropping a section from the original scene, 

the exact optimum values of their parameters DX, DY, θ, SX, and SY are known; they are 

presented in Table 5.1. The image of a truck is taken from a slightly different viewpoint, 

so the corresponding parameters in Table 5.1 have their approximate optimum values. 

 

The structure of this Chapter is as follows. Section 5.2 provides the foundations of Image 

local response. Section 5.3 discusses experimental results related to the fundamental 
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properties of the response. Sections 5.4 through 5.8 give algorithmic and experimental 

support for using Image local response for increasing the efficiency of fitness evaluation; 

reducing the cost of local search, selection, and recombination; performing efficient 

multi-resolution and multi-sensor image analysis. Section 5.9 concludes the Chapter with 

the summary of the findings. 

 

5.2. Definition and Model of Image Local Response 

The concept of Image local response is somewhat related to image neighborhood and 

block operations [78, 121, 145], and to the node and edge functions proposed in [113]. 

Image local response has a fairly simple underlying idea: since the statement of the 

optimization problem in image mapping looks for a parameter vector V defining the 

unknown transformation A between the images, it seems logical to explore the response 

of the image to this particular type of transformation. This task can be accomplished by 

mapping the transformed image Img´ onto its original version Img, with a small 

transformation vector Vu. Hence, Image local response RP at a point P is defined here as 

the value of the difference F between the transformed Img´, and original Img versions of 

the same image, where the transformation Au at the point P is small, i.e., the components 

of the parameter vector Vu have sufficiently small unit values. In this sense, computing 

Image local response is similar to computing Green’s functions extensively used in 

mathematical physics and engineering [9]. It can be shown that there is no need to 

compute response RP over the entire image, since RP rapidly decreases, as the distance 

from the point P increases. It suffices to compute response RP over a small pixel area ωP 

near P, chosen as the response area.  
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Figure 5.2: Sample local responses at point P, due to unit variations of the components 

DX, θ, and SX (from left to right) 

 

Thus, Image local response is functionally defined here as the variation of the objective 

(i.e., fitness) function F occurred because of a small variation of the parameter vector V, 

in the N-dimensional parameter space. Response is computed over a small pixel area, 

called the response area ωR. For convenience and without loss of generality, a square with 

a side r, called the radius of ωR, is chosen as the response area. For example, for affine 

transformation defined by five parameters: translations DX and DY along the x and y 

axes; rotation θ; and non-isotropic scaling factors SX and SY along the x and y axes, 

Image local response is evaluated at a point P, called the base point, as follows. 

 

Step 1: A series of N partial geometric (here, affine) transformations are applied to the 

response area ωR, near the base point P - see Figure 5.2. The shaded areas in Figure 5.2 

correspond to the difference between the initial ωR, and transformed ωR' response areas. 

Each partial transformation corresponds to a unit variation of one of the N parameters.  
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Step 2: For each partial transformation, the variation of the partial difference Fi (where i 

= 1,…, N) between the pixel values of the initial ωR, and transformed ωR' areas is 

computed as 

2

2
01 )),(),((

Ω

∑ −′′
= Ω

yxgyxg
F  ,    (5.1) 

where g1(x',y') and g0(x, y) are the gray values of the images Img1 and Img0, respectively, 

and  Ω = ωR. 

 

Step 3: Response RP at the point P is computed as the averaged sum of all N differences 

Fi (i = 1,…, N), as follows: 

N

F
R

N

i
i

P

∑
= =1 .     (5.2) 

 

From the algorithmic point of view, the operation of computing local response is similar 

to the operation of image filtering [78]. Very much like filtering, computing local 

response also produces a new output image ImgR, which serves as the graphical 

representation of the image response matrix MR. Like filtering, computing local response 

is also 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 pixel 

values in the local neighborhood ωP of the pixel P in the input image (i.e., in the original 

image Img). 
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The important property of the response is the rate at which it changes when the radius r 

of the response area increases. It would be tedious and unnecessary to calculate the exact 

rate, because pixel distribution g(x,y) is a stochastic process; it varies not only for 

different images, but for different points within the same image, as well. However, a 

simple uniform distribution can give an idea of the principal trend in the response change. 

Let us assume that g(x,y) = a inside the initial response area ωR, and g(x,y) = b outside the 

area, where both a and b are constants. Then the gray values of the initial and 

transformed response areas will differ only within the shaded sub-areas shown in Figure 

5.2. As the radius r increases, the sub-areas and, consequently, the difference of the gray 

values are growing at a different rate, e.g., proportionally to r for translations, and 

proportionally to r2 for rotation. When the partial difference Fi is computed, the 

difference of the gray values is divided by the squared value of the response area. It is 

easy to see now that the rate at which the partial differences Fi change with the increasing 

radius r will have the following tight bounds: 

• for translations DX and DY, F1 = O(γ1/r3) and F2 = O(γ2/r3), respectively; 

• for rotation θ, F3 = O(γ3/r2); 

• for scaling factors SX and SY, F4 = O(γ4/r2) and F5 = O(γ5/r2), respectively. 

 

In general, the unknown factors γi (i = 1,…, N) are the random functions of the particular 

pixel distribution. According to the averaging formula (5.2), the tight bound for the 

response value R is dominated by the term r -2, and is equal to O(γ/r2), where γ is the 

averaged function of the pixel distribution. In the derivations below, the following two 

simplified assumptions will be used: 
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1. The unknown averaged function γ of the actual pixel distribution can be 

represented by a single constant value, e.g., by its mean value μ. The assumption 

is intuitively justified by the integral effect of the squared pixel differences, when 

the local response is computed. The assumption will only simplify the derivation 

of the final formula; it will not affect the outcome, since the response values are 

eventually computed for the actual pixel distribution.  

2. The tight bound R = O(γ/r2) is relaxed, and replaced with a more conservative and 

cautious estimate R = O(γ/r). This assumption ensures that even with the random 

function γ, the response R still decreases at a high rate of r -1. 

 

Under the above assumptions, Image local response has some important and convenient 

properties that will be extensively used throughout this Chapter: 

1. As the radius r of the response area or, alternatively, the distance l from the base 

point P increases, the response RP rapidly decreases, as it is inversely proportional 

to r. 

2. For any two points P and Q having similar pixel distributions and situated 

relatively close to each other, the difference between their respective responses RP 

and RQ is fairly small. 

3. If the pixel distribution in the response area has a steep change (e.g., near the 

object edges in the image), the response R will have the corresponding increase in 

its value, near the point or area of the change.  
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The first property assures that the value of the local response RP computed over a small 

area of the image can be used as a fairly good approximation to the response RImg 

computed over the entire image. But the value of RImg, in turn, corresponds to the value of 

the fitness function F computed for a small transformation Au of the image Img. Since 

Img itself constitutes the optimum solution to the problem of mapping the transformed 

version Img´ onto its original version, under the small transformation Au, the local 

response RP can be used as a fairly good approximation to the fitness function F 

computed at a point 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 distribution of the response values is relatively flat. On the 

contrary, any noticeable variation of F will cause the corresponding significant variation 

of the response values. 

 

Once Image local response has been defined, the following inverse problem can be 

stated. Given local response RP, one can look at the “deformation” of a small local area 

near P caused by RP. If RP is sufficiently small, the deformation of the area is small. If the 

value of the response increases, the locality undergoes the corresponding deformation of 

contraction, i.e., it shrinks. A simple one-dimensional model can be utilized to derive the 

estimate of the deformation of the locality near the base point P caused by the response 

RP.  

 



 206

 

Figure 5.3: Longitudinal deformation of contraction of a line segment caused by the 

response RP

 

Figure 5.3 shows the deformation occurring in a small line segment L near the base point 

P, as the response value R increases. When R has its minimum value, each elementary 

length l of the segment equals its initial value l0. As R grows, the segment continues to 

shrink, and its elementary length becomes l′ < l0. Since the degree to which the segment 

shrinks is proportional to the value of the response, the relative deformation, or the 

longitudinal “strain” of the element l can be written as  

cR
l

l
l

ll
=

Δ
=

′−

00

0 ,     (5.3) 

where c is a constant, in accordance with the first simplified assumption. Since only the 

relative deformation between different points of an image is of interest, the expression for 

the elementary strain can be normalized, and the value of the constant c can be set to 1. 

 

Asymptotically, for a sequence of M → ∞ elements of the segment L, each of the initial 

length l0 → 0, summing up the left side of Formula (5.3) yields the following longitudinal 

strain ε of the entire segment: 
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where L0 and L′ are the initial and deformed lengths of the segment, respectively. 

 

In accordance with the second simplified assumption stating that R is inversely 

proportional to the distance l from the base point, summing up the right side of Formula 

(5.3) asymptotically yields 

)ln(ln)/()( minPP
M L

P RRdllRR −=∑ ∫⇒
′

,   (5.5) 

where RPmin is some (small) value of R at the distance L′ from the base point P. 

Combining Formulae (5.4) and (5.5) yields the following expression for the longitudinal 

strain of the line segment L near the point P: 

)ln()/ln( min
0

LRRR
L

L
PPP ′==

Δ
=ε .    (5.6) 

 

If the line segment LPQ is enclosed between two points P and Q having their respective 

response values RP and RQ, it will experience the integral effect from the both response 

points. The strain ε of the segment can be computed then as  

)/ln()ln()ln(
0

0

0
QPQP RRLRLR

L
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L
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=′−′=
′−

=
Δ

=ε ,  (5.7) 

where L0 and L′ are the initial and deformed lengths of the segment LPQ, respectively. 

 

The length L′ of the deformed segment LPQ can be derived now from Formula (5.7) as 

L′ = L0 (1 – ε) = L0 (1 – ln(RP / RQ)) .    (5.8) 
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Since the line segment LPQ experiences the deformation of contraction, the following 

condition should hold: 

0 < (1 – ln(RP / RQ)) ≤ 1.    (5.9) 

 

Formula (5.8), together with the condition (5.9), serves as an approximate model used to 

derive the adaptive control mechanism for the step size in the modified version of 

Downhill Simplex Method. 

 

5.3. Computational Experiments with Image Local Response 

A set of experiments is performed on the image of a ship, which has a purpose of looking 

at the behavior of Image local response as a function of the pixel distribution. Response is 

computed for every point of the image, and the actual properties of the response are 

analyzed and compared with the desired properties stated in section 5.2 of this Chapter. 

Figure 5.4 shows the image of a ship [73], with the indicated five characteristic points 

labeled 0 through 4. Point 0, with the coordinates X = {20,20}, has a locality with a 

smooth, non-homogeneous pixel distribution, whose gray values range from 45 to 144. 

Points 1 and 2, with the coordinates X = {50,150} and X = {70,170}, respectively, are 

located in a relatively flat distribution area, with the gray values ranging between 173 and 

180, near the point 1, and between 174 and 182, near the point 2. Points 3 and 4 have 

their respective coordinates X = {90,190} and X = {100,200}, and are situated close to 

the object edge, where the abrupt change of the gray values occurs. 
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Figure 5.4: Image of a ship with the identified response points 0 – 4 

 

Figure 5.5 shows the actual response values at the characteristic points, as functions of 

the radius of the response area. Points 0 and 1 have smooth pixel distributions, and their 

responses are smooth monotonic functions of the radius r. Both functions have O(1/r2) 

and O(1/r) as the lower and upper bounds, respectively.  Point 1 is situated in the 

homogeneous locality with the narrow range of gray values, and is closer to its lower 

bound of O(1/r2). Point 0 has a non-homogeneous pixel distribution with a broad range of 

gray values; its response deviates from the O(1/r2) bound, and comes closer toward the 

upper bound of O(1/r). The response at point 0 also has significantly higher values than 

the response at point 1. One can conclude that local response tends to follow the upper 

bound O(1/r), as the non-homogeneity of the locality grows. This behavior provides the 

experimental support for the validity of the first property stated in section 5.2.   
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Figure 5.5: Behavior of Image local response at the characteristic points 0, 1, 2, and 4 of 

the ship image 

 

Points 1 and 2 are situated close to each other in the area of a relatively flat pixel 

distribution. As can be seen from Figure 5.5, response functions at both points differ for 

the initial radius value r = 2, and gradually merge near the value r = 7. The differences at 

small radius values are due to the strong effect of individual pixels when the response 

area is small. As the radius increases, the response area grows, and the averaging of the 

gray values over the response area outweighs the effect of individual pixels, thus making 

the two response functions almost identical. This behavior provides an experimental 

support for the second property of local response stated in section 5.2. The minimum 
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radius rmin at which two points closely situated in the area with a relatively flat pixel 

distribution have nearly identical response values can be recommended as the optimum 

response radius during the execution of Evolutionary algorithms. The value rmin provides 

the minimum cost of computing local responses while ensuring their sufficient averaging 

degree. Figure 5.5 clearly shows the hike in the response value at point 4, where the 

response area crosses the edge of the ship shadow marked by the abrupt change of the 

corresponding gray values. Point 3 also experiences the hike, which is much lower than 

the hike at point 4, and is offset at the corresponding distance from point 4. This behavior 

supports the third response property stated in section 5.2. 

 

 

Figure 5.6: Sample inverse images of the DX (left), θ (center), and the average (right) 

responses with the response radius r = 10, for the wing image 

 

Similar results are obtained for the wing image [70]. Figure 5.6 shows the sample inverse 

images of local responses of the wing image, due to the unit variations of the parameter 

vector. The radius r of the response area ωR is set to 10 pixels. Some interesting response 

points in the image are indicated with the numbers 1–6 in Figure 5.7. The group of points 

1–3 is located in the area where the gray value distribution is relatively flat, so we can 

expect a relatively smooth behavior of the corresponding response values. On the 
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contrary, the group of points 4–6 is located near the object edges, which should spur the 

increase in the response values for these points, according to the proposed response 

model. 

 

 

Figure 5.7: Image of a wing with the identified response points 1 – 6 

 

The average response values of the base points 1–3 are shown in Figure 5.8. As one can 

see, the responses of all three points smoothly and rapidly decrease as the distance from 

the base point increases. Since the distribution of gray values in this area of the image is 

relatively flat, all responses rapidly converge to the same value at a distance d ≥ 10. 

Similarly, Figure 5.9 shows the average response values for the base points 4–6. All 

responses experience significant increase in their values near the object edges. As the 

distance d from the edge increases, each response function returns to its regular shape R = 

f(1/d). These results are consistent with the proposed micro-level model of Image local 
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response described in section 5.2. Therefore, the model of Image local response can be 

used as an indicator of local properties of the gray value distribution in the image. 
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Figure 5.8: Average local responses at points 1–3 of the wing image 
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Figure 5.9: Average local response at points 4–6 of the wing image 
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5.4. Reduction of Computational Cost of Fitness Evaluation 

The total computational cost TJ of the HEA run is comprised of the cost of fitness 

evaluations and the overhead related to various evolutionary and bookkeeping operations, 

as shown in Chapter 4 (section 4.6). Make a note that the number of fitness evaluations 

for a chromosome Vg equals Ejg = 0, if the chromosome Vg has been already evaluated at 

one of the previous iterations; Ejg = 1, if the chromosome is new in the population; and 

Ejg = ljg, if the chromosome is in the reproduction list, where ljg is the number of fitness 

evaluations associated with the local search around the chromosome Vg, at iteration j. 

 

In a typical real-world application of HEA, the lion’s share of the computational cost TJ 

is attributed to fitness evaluations. This section focuses on the reduction of the time te 

required for one operation of fitness evaluation, using Image local response. One 

operation of fitness evaluation for a chromosome Vg includes the following operations: 

• transformation of the template image Img1; 

• pixel-wise comparison of the transformed image Img1′ with the original image 

Img0 of the scene; 

• evaluation of the difference Fg between the images. 

 

If the template image has M×N pixels, then each of the above operations has to be 

performed M×N times. Hence, the reduction of the number of pixels participating in a 

single fitness evaluation could result in a significant reduction of the total cost of the 

algorithm. The effect of the reduction can be estimated using the area reduction factor ΦA 

< 1 defined in section 4.6 of Chapter 4 as 
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MNA ×
Ω′

=Φ ,     (5.10) 

where Ω′ is the reduced area corresponding to the reduced number of pixels participating 

in a single fitness evaluation. If Cr is the number of fitness evaluations using the reduced 

area Ω′, then the equivalent number of evaluations Ce corresponding to the full image is 

defined as 

Ce = ΦA Cr.     (5.11) 

 

It would be desirable for the reduction method to facilitate the search while preserving 

the essential characteristic features of the image. Such a method can be derived based on 

utilizing Image local response. As follows from the functional definition of the response, 

the latter accentuates those segments of the image that change the most during its 

transformation. Therefore, the response extracts an important feature of the image, its 

dynamic contents. The total area Ω of the image can be now represented as the sum of the 

dynamic ΩD and static ΩS contents, as follows: 

Ω = ΩD +ΩS,     (5.12)  

where the area ΩD will have the most significant impact on the fitness evaluation for the 

transformed image Img1. The algorithm using Image local response in image reduction 

and selective fitness evaluation can be formulated now as follows. 

 

Step 1: The matrix MR of Image local response for the image Img1 is computed during the 

pre-processing stage. 
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Step 2: The response threshold TR defining the dynamic contents ΩD is chosen, such that 

all segments of the image with their response values below TR are excluded from the 

fitness evaluation. 

 

Step 3: The M×N bit mask of the image is formed, where the segments with their 

response values below TR (i.e., the static area ΩS) have 0s, while the segments with their 

response values above TR (i.e., the dynamic area ΩD) have 1s. 

 

Step 4: The bit mask is used at the beginning of the evolutionary search, in order to 

compute fitness F only over those segments of the image that correspond to 1s in the bit 

mask. In the process of the evolutionary search, the procedure computing fitness values F 

switches to the full image evaluation, once F of the best chromosome falls below some 

pre-set fitness threshold TF. 

 

In order to validate the possibility of using Image local response to reduce the 

computational cost of fitness evaluation, computational experiments are conducted on the 

images of a ship and a wing shown in Figure 5.1, section 5.1 of this Chapter. Each set 

includes the 256×256-pixel reference image Img0 of the scene, and the 256×128-pixel 

template image Img1 obtained by cropping a section from the scene. The image Img1 of 

each template is transformed using the 5-dimensional vector V = {DX, DY, θ, SX, SY}. 

The translations DX and DY, and the rotation θ define the location of the template in the 

scene (the rigid body transformation), and the non-uniform scaling factors SX and SY 

define the local distortion of the template. As one can see from Figure 5.1, both templates 
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are significantly distorted, i.e., stretched along the x axis, with the ratio SX / SY = 2. The 

exact optimum values of the parameters DX, DY, θ, SX, and SY for the both images are 

known and presented in Table 5.1, section 5.1 of this Chapter. 

 

 

Figure 5.10: 3-D view of the template response matrix MR: a ship (left) and a wing (right) 

 

Figure 5.10 shows the 3-D views of the response matrices MR computed for the template 

images. The thresholds TR = 4.0 and TR = 0.5 are applied to the response matrices of the 

ship and wing, respectively.  Figure 5.11 gives the inverse 2-D views of the both response 

matrices after applying the thresholds, as well as the images of the corresponding bit 

masks. During the evolutionary search, only those image segments that have 1s in the 

corresponding bit mask participate in the fitness evaluation. The fitness threshold TF is 

set to TF = 0.19 and TF = 0.45, for the ship and wing images, respectively. When the 

fitness value of the best chromosome falls below the threshold TF, the evaluation 

procedure switches to the full image evaluation.  
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Figure 5.11: Inverse view of the response matrix MR (top row) and the corresponding bit 

mask (bottom row): a ship (left) and a wing (right) 

 

The area reduction factor for the ship image is ΦA = 0.408, and for the wing image ΦA = 

0.12. The number Cr of fitness evaluations with the bit masks is Cr = 1836 and Cr = 8598, 

for the ship and wing images, respectively. The equivalent number of evaluations is Ce = 

749 for the ship, and Ce = 1032 for the wing. The number of fitness evaluations Cf with 

the full image after the threshold TF has passed, is Cf = 5339 and Cf = 1463 for the ship 

and wing images, respectively. The total number of evaluations C = (Cf + Ce) is C = 6088 

and C = 2495, for the ship and wing images, respectively. 

 

The total number of fitness evaluations using the algorithm without image reduction is C 

= 9119 and C = 5236, for the ship and wing images, respectively. One can immediately 

see that the use of the response analysis for reducing the area that participates in fitness 

evaluation, results in a significant reduction of the computational cost associated with the 

evaluations. The total number of evaluations is reduced from 9119 to 6088 for the ship 

image (33% savings), and from 5236 to 2495 for the wing image (52% savings). The 
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optimum values of the parameter vectors are virtually the same; they are very close to 

their exact values. Table 5.2 summarizes the findings of the experiments, and Figure 5.12 

shows the final mapping results. 

 

Optimum parameter values with full image evaluations Image 

DX DY θ SX SY 

Ship 108.7 146.2 1.57 3.52 1.74

Wing 149.9 213.4 1.58 3.96 2.06

Optimum parameter values with reduced image evaluations  

DX DY θ SX SY 

Ship 109.1 146.9 1.57 3.51 1.79

Wing 150.3 211.4 1.58 4.27 2.15

Attributes with full image evaluations  

Number of generations Number of evaluations Fitness 

Ship 20 9119 0.00876

Wing 11 5236 0.00317

 Attributes with reduced image evaluations 

 Number of generations Number of evaluations Fitness 

Ship 17 6088 0.01154

Wing 23 2495 0.00248

Table 5.2: Optimum parameters and number of fitness evaluations 
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Figure 5.12: Results of image mapping with HEA and reduced fitness evaluation: a ship 

(left) and a wing (right) 

 

5.5. Adaptive Control Mechanism in Local DSM Search 

Local search can significantly improve the overall performance of Evolutionary 

algorithms, but does so at the extra cost of additional evaluations of fitness function F. In 

the case of using DSM, as the hybrid algorithm iterates, the total number of cycles LC of 

the local DSM search is growing as 

   ,     (5.13) ∑ ∑=
= =
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where I is the total number of the global EA iterations to date, Si is the length of the list of 

fitter chromosomes participating in the DSM search at iteration i, and Cij is the number of 

DSM cycles for the chromosome j, at iteration i.  

 

The total number of fitness evaluations LE spent on the DSM search grows as 
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where eijk is the number of function evaluations for the chromosome j in the fitter 

chromosome list during the cycle k, at iteration i. Since the number of local fitness 

evaluations LE can constitute a significant fraction of the total number of fitness 

evaluations during the EA search, the problem arises of reducing LE. 

 

 

Figure 5.13: Operation of reflection in the DSM search performed on a smooth (left) and 

a rough (right) gray value surfaces 

 

The drawback of the regular DSM 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 walk of the DSM simplex is controlled only by the ranking order of its 

vertices, and by the values of the DSM coefficients (α1, α2, α3, α4). The coefficients have 

fixed values, which are usually set to (-1, 2, 0.5, 0.5) [124]. In application to image 

mapping, the fixed span of the simplex movement means that the simplex moves at the 

same speed and with the same step size on both, smooth and rough gray value surface, as 

long as its vertices are aligned in the same ranking order, as illustrated in Figure 5.13.  
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Intuitively, it would be desirable for the simplex to move at a regular speed on a 

relatively smooth gray value surface, but to slow down and take smaller steps on a rough 

surface, near the object edges, or other noticeable changes in the gray value distribution. 

In order to adaptively control the step size, additional points in the vicinity of the simplex 

have to be evaluated. But the computational cost associated with the evaluation of the 

objective function is exactly what one is trying to reduce. Therefore, a model has to be 

designed that would sense the local properties of the function landscape in the 

neighborhood of the DSM simplex, without the overhead of the expensive computation 

of the complete function values. 

 

The properties of Image local response stated in section 5.2 of this Chapter make it an 

efficient technique for reducing the overall computational cost of fitness evaluations 

associated with the local DSM search. In order to make the simplex adaptive to the 

properties of the objective function F defined as the squared difference of the gray values 

of the images, over the area of their intersection, the model of Image local response is 

utilized to control the length of the vector α = {α1, α2, α3, α4} of the DSM coefficients. If 

the surface of F in the locality is sufficiently smooth, its response is nearly flat, and the 

locality experiences only a slight deformation. Then the components of the vector α take 

on their standard values α = {-1,2,0.5,0.5}. However, if function F significantly changes, 

the correspondingly changing response will cause the deformation of contraction of the 

locality, resulting in the contraction of the vector α. The degree of the contraction of α 

can be estimated from Formula (5.8), derived in section 5.2 of this Chapter. 
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Putting everything together, a contraction transformation T(α) of the vector α = {α1, α2, 

α3, α4} of the DSM coefficients between two points, P and Q, is defined in the following 

form: 

ααα PQDT ==′ )( ,     (5.15) 

where α′ = {α1′, α2′, α3′, α4′} is the vector of the modified DSM coefficients, and DPQ is 

the diagonal matrix of the response coefficients CPQ estimated from Formula (5.8), as 

))/ln(1( QPPQ RRC −= ,    (5.16) 

where RP and RQ are the response values at the points P and Q, respectively. It is worth to 

note that the averaging operation over all N components of the parameter vector V for the 

response R reduces the risk of a possible significant distortion of the simplex, after the 

transformation T(α) has been applied to the coefficient vector α. 

 

The coefficient CPQ is computed for every pair of points participating in the DSM 

simplex. It can be seen that CPQ in Formula (5.16) satisfies the following important 

properties: 

• CPQ ≈ 1 for a smooth surface of the function F, with the small variation of the 

response, i.e., when RP ≈ RQ; 

• CPQ < 1 for a rough surface of the function F, with the large variation of the 

response, i.e., RP ≠ RQ; 

• CPQ decreases, as the roughness of the surface of the function F increases. 

 

In order to validate the utilization of Image local response for controlling the step size of 

the local DSM search, and to evaluate the computational efficiency of the proposed 
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approach, 2-D images presented in Figure 5.1 (section 5.1 of this Chapter) are tested. A 

series of 100 runs for each test set are performed, where for each run, the vertices of the 

initial DSM simplex are randomly placed in the neighborhood 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 from the (±10%) range of the corresponding domain 

centered at the component’s optimum value, with the uniform probability. For example, 

the translation DX for a 256×256 - pixel image has the domain range of 0 – 255. 

Correspondingly, the value of DX for the image is drawn from the interval (40.0 ± 25.5), 

i.e., from the interval (14.5, 65.5), where DX = 40.0 corresponds to the optimum value of 

the component DX. 

 

DX DY θ SX Image Value 

Reg Rsps Reg Rsps Reg Rsps Reg Rsps

Mean 109.3 109.1 145.3 145.1 1.60 1.60 3.6 3.6 

St.dev 0.79 0.91 0.79 0.91 0.02 0.02 0.01 0.01 

Max 110.4 110.3 146.4 146.3 1.63 1.63 3.6 3.6 

Ship 

Min 107.0 107.0 143.0 143.0 1.55 1.55 3.5 3.5 

Mean 149.7 149.7 211.7 211.7 1.56 1.56 4.1 4.1 

St.dev 0.12 0.11 0.12 0.11 0.00 0.00 0.00 0.00 

Max 149.8 150.0 211.8 211.9 1.57 1.57 4.1 4.1 

Wing 

Min 149.3 149.3 211.3 211.3 1.55 1.55 4.1 4.1 

Table 5.3: Optimum parameters over 100 runs, for the regular DSM (Reg) and its 

response-enhanced modification (Rsps) 
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The series of 100 runs is performed for the regular (i.e., constant) values of the DSM 

coefficients, and for the modified (i.e., adaptive) DSM coefficients. The latter are 

computed according to Formulae (5.15) and (5.16) using Image local response as a means 

to adaptively control the values of the coefficients. The sample comparative results for a 

ship and a wing are presented in Table 5.3, in terms of the mean values, standard 

deviations, and maximum and minimum values of the final optimum parameters, over all 

100 runs.  

 

By and large, the regular DSM algorithm is able to find almost exact parameter values for 

all images, except for the truck image. The maximum relative error of 1.85% among the 

five images occurs for the value of the rotation angle θ, for the ship image. Since only the 

approximate estimates for a truck are known a priori, it is logical to assume that the 

computed vector V = {15.3, 109.0, 0.57, 1.9, 1.1} probably provides a better estimate for 

the optimum values than the approximate vector shown in Table 5.1 (section 5.1 of this 

Chapter). The optimum parameter values obtained with the modified version of DSM are 

almost identical to the values obtained with its regular version. This important result 

clearly indicates that the performance of the proposed modified version of the algorithm 

does not degrade on the average, in comparison with the performance of the regular 

version of DSM. 

 

Sample comparative results for the number of fitness evaluations for the regular and 

modified versions of DSM are presented in Table 5.4 (the averaged values), and in Figure 

5.14. For all test images, the standard values of the DSM coefficients require the most 



 226

fitness evaluations LE, varying from 4655 (for a wing) to 5204 (for a boat), over 100 runs. 

The use of the response coefficients in the local DSM search results in the significant 

reduction of the number of evaluations, across all its measures: the mean, the standard 

deviation, the maximum, the minimum, and the sum, over 100 runs. The range of the 

reduction rate varies from 27.2% (for a palm) to 44.9% (for a ship), which constitutes 

significant savings in the computational cost of the local DSM search. Moreover, Figure 

5.14 shows that the reduction occurs virtually across all sample runs, and not just on the 

average. 

 

No. of evaluations Min. fitness value Image Value 

Reg Rsps 

Reduction 

rate, % Reg Rsps 

Mean 49 27 44.9 0.041 0.041

St. dev 8.0 6.0 25.0 0.002 0.002

Max 75 43 42.7 0.047 0.046

Min 28 13 53.6 0.038 0.038

Ship 

Sum 4911 2704 44.9 -- --

Mean 47 31 34.0 0.002 0.002

St. dev 6.3 5.0 20.6 0.000 0.000

Max 65 43 33.8 0.002 0.003

Min 30 20 33.3 0.002 0.002

Wing 

Sum 4655 3101 33.4 -- --

Table 5.4: Number of fitness evaluations and minimum fitness values, for the regular 

version of DSM (Reg) and its response-enhanced modification (Rsps) 
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Figure 5.14: Number of fitness evaluations for the regular DSM and its response-

enhanced modification 

 

An interesting side effect of the response-enhanced DSM search is the decrease of the 

variance of the number of fitness evaluations ranging from 13.1% (for a palm) to 34.4% 

(for a truck). It is reasonable to assume that some smoothing occurs, due to the averaging 

operation, when local responses are computed.  

 

Computational experiments with a number of images show that the adaptive control 

mechanism in the local DSM search based on Image local response performs well; it can 

significantly reduce the number of function evaluations during the DSM search. 
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However, the reduction comes at the cost of a large number of evaluations of local 

responses, at different points of the image. The amount of computations can be further 

reduced if the response surface of the entire image is computed before the evolutionary 

search starts. A self-organizing network (SON) [174] can be used then, in order to 

classify different image domains according to their responses, and to build the response 

map of the image. The algorithm utilizes the basic concepts of SON [174], and works in 

the pre-processing stage, in the following way. 

 

Step 1: Response matrix MR of the desired granularity of the image is built for every 

component of the parameter vector V. The corresponding elements of the matrices are 

averaged over the number of parameters, to obtain one matrix of the average local 

responses of the image. 

 

Step 2: A self-organizing network with a 2-dimensional lattice (i, j) is built, and initial 

random values of weights wij are assigned to its nodes. 

 

Step 3: Every averaged response value RP is presented to the network, in order to find the 

weight W closest to the input value, as follows: 

ijP wRW −= min  ,  for all nodes (i, j) of the network.  (5.17) 

 

Step 4: The weight vector W and its neighbor nodes are iteratively adapted using the 

following expression: 
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where i and j range over the neighborhood of W, ε is the learning rate, and ρ is inversely 

proportional to the size of the neighborhood [174]. The learning rate and the size of the 

neighborhood are gradually reduced, over the course of the SON iterations. 

 

Step 5: Once the network has been trained, the response map RMR of the image is built. 

Different domains of the image are classified by assigning them to the node that has the 

weight closest to the average response values for the domains. 

 

Step 6: During the evolution and local DSM correction, the response values RP and RQ 

used for computing the coefficients CPQ in Formula (5.16) are retrieved from the 

corresponding nodes of the network. The network is used here as a compact lookup map 

of Image local response, thus providing significant reduction in the amount of 

computations required for evaluating the response coefficients. 

 

The same image sets presented in Figure 5.1 (section 5.1 of this Chapter) are tested, in 

order to show that the use of the SON response analysis helps reduce the number of 

function evaluations during the local correction with DSM. Figure 5.15 shows sample 3-

D views of the response maps, for the ship and wing images, computed with their 

respective self-organizing networks.  
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Figure 5.15: Sample 3-D view of the response map: a ship (left) and a wing (right) 

 

Sample results of the test runs are presented in Figure 5.16, where DSM stands for 

standard algorithm, response – for using local response coefficients, SON – for using 

SON response map. For all test images, the standard values of the DSM coefficients 

require the most function evaluations, e.g., for a wing LE = 48.9 (the mean value). The 

use of the actual response coefficients CPn computed for every point participating in the 

DSM search leads to a significant reduction in the number of evaluations, LE = 28.3 (the 

mean value for a wing). This number constitutes the 42% reduction of the computational 

cost, without the loss of the quality of the final solution. These two cases, the standard 

and response-modified DSM coefficients, provide the upper and lower bounds for the 

number LE. In spite of the replacement of the actual local responses with their 

approximate values retrieved from the SON-based response map, the SON-based search 

shows reduction by 41%, with LE = 29.0 (the mean value for a wing), which lies between 

the two bounds. 
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Figure 5.16: Number of function evaluations over 100 runs: a wing (top), a ship (center), 

and a palm tree (bottom) 
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No. of fitness evaluations No. of response evaluations Image Value 

DSM Response SON DSM Response SON 

Mean 48.9 28.3 29.0 - - -

St. dev. 7.14 6.25 6.72 - - -

Wing 

Sum - - - 0 28290 16384

Mean 48.2 23.3 29.8 - - -

St. dev. 7.26 5.15 6.23 - - -

Ship 

Sum - - - 0 23330 16384

Mean 45.5 26.5 37.8 - - -

St. dev. 7.54 4.88 6.92 - - -

Palm 

Sum - - - 0 26470 16384

Table 5.5: Comparative results for the number of fitness evaluations and the number of 

response evaluations 

 

Table 5.5 summarizes the results of the experiments, where DSM stands for standard 

algorithm, Response – for response-enhanced algorithm, and SON – for SON and 

response-enhanced algorithm. Using the actual local responses gives maximum savings 

in computations ranging between 42% and 52%, for the tested images. The downside of 

this technique is that it requires a large number of response evaluations LE growing 

proportionally to the number of iterations and the number of chromosomes participating 

in the DSM search. The use of the SON-based response map requires only one-time 

evaluation of the response matrix for the entire image, in order to build its response map. 

The number of response evaluations is constant; it does not depend on the number of 
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iterations, nor does it depend on the size of the best chromosome pool. The use of SON 

results in the reduction of the number of response evaluations from 28290 to only 16384 

(for a wing), which constitutes a 42% reduction. For all tested images, the number of 

response evaluations ranges between 58% and 70% of the number of evaluations for the 

actual responses. However, the replacement of the actual response values with their 

approximations from the SON response map might result in the greater number of fitness 

evaluations required during the evolutionary search. Overall, the maximum total savings 

in computations range between 17% and 41%, for the tested images.  

 

In summary, Image local response can be used to adaptively control the DSM simplex by 

applying the contraction transformation to the vector of the standard DSM coefficients. 

This technique makes the walk of the DSM simplex in the search space correlated with 

the local properties of the gray values surface at different points of the image. The 

computational experiments with the grayscale images provide the experimental support 

and justification of the analytical model of Image local response and its utilization for 

reducing the computational cost of the local DSM search. The results of the test runs for 

the regular and response-enhanced DSM search, with the (±10%) parameter range around 

the optimum show that for all tested images, the use of the response coefficients leads to 

a significant reduction in the number of fitness evaluations. The reduction rate varies 

between 27.2% and 44.9%, for different test images. Moreover, the quality of the solution 

does not degrade, in comparison with the regular version of DSM. The results clearly 

indicate that the proposed response-enhanced algorithm of local DSM search provides 
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significant reduction of computational cost without the loss of the quality of the final 

solution. 

 

The reduction in the number of function evaluations comes at the price of computing the 

local response coefficients at multiple points of the image during the runtime. To reduce 

the amount of computations, the response matrix for the entire image can be computed in 

the pre-processing stage, before the evolutionary search begins. A self-organizing 

network can be utilized then, to classify different points according to their response 

values, and to construct an adaptive and compact response map of the image. During the 

main run of the evolutionary procedure, the map is used as a compact lookup table 

allowing algorithm to retrieve the approximate values of the response coefficients. The 

use of the SON response map helps offset the large number of response evaluations 

associated with the local response model and adaptive control mechanism of the local 

search, and reduces the number of function evaluations up to 41%, for the tested images. 

 

5.6. Reduction of Search Space during Selection and Crossover 

The operator of selection in Evolutionary algorithms is responsible for selecting parental 

chromosomes that will participate in producing the offspring for the next generation. 

Selection mechanism plays a major role in the evolutionary search guiding it in the 

direction toward the fitter fraction of the population. All implementations of selection 

mechanism are aimed at creating more copies of higher-fit individuals, i.e., solutions with 

lower values of fitness function, in the case of minimization problem. 
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Selection, while favoring the fitter solutions, does not create new chromosomes, though. 

The creation of new solutions is the responsibility of the operators of crossover and 

mutation. Crossover does not produce new values of the components of the parameter 

vector, i.e., the values of DX, DY, θ, SX, and SY (in the case of the 5-dimensional affine 

image mapping); it only creates new combinations of the existing values taken from the 

parental chromosomes. On the contrary, mutation actually produces new values of the 

components, thus exploring new sub-areas of the search space. Acting together, crossover 

and mutation supply the population pool with new candidate solutions. 

 

 

Figure 5.17: Algorithm of using Image local response in the operations of selection and 

crossover 

 

Image local response can be used to limit the creation of new candidate solutions to the 

sub-areas of the search space that most likely might contain the optimum solution. The 
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modified procedure of selection and crossover shown in Figure 5.17, utilizes the 

likelihood matrix Mp based on Image local response, in the following way. 

 

Step 1: Images Img0 and Img1 are covered with the regular grid of the specified 

granularity, and the response values RP are computed for every point P(i,j) of the grid, 

where i = 1,…,I, j = 1,…,J; and I and J are the respective numbers of rows and columns 

in the grid.  

 

Step 2: The computed response values form response matrices MREF and MOBJ of the 

scene Img0 and the template Img1, respectively. The size of each response matrix 

corresponds to the size of the corresponding image, and the element m(i,j) of the response 

matrix equals the response RP at the point P(i,j) of the image. 

 

Step 3: The operation of cross correlation is applied to the matrices MREF and (possibly, 

scaled down) MOBJ, such that the latter serves as the correlation kernel. In order to 

increase the signal level, the operation of cross correlation can be repeated, with MOBJ 

rotated e.g., by 90°. 

 

Step 4: A threshold can be applied to the gray values of the correlated image obtained in 

step 3, in order to eliminate the background areas, and to emphasize the areas occupied 

by the objects presented in the scene. 
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Step 5: The result of the correlation is scaled to the range (0,1). After scaling, the 

resulting matrix Mp, of the size of the image Img0, serves as the likelihood matrix applied 

during the process of selection and crossover, as discussed below. 

 

Since Mp is the result of cross correlation between the response matrices of the images, it 

accentuates the sub-regions in the scene, where the template most likely can be found. 

The value of the element p(i,j) of the matrix Mp corresponds to the likelihood of locating 

the optimum solution V* at the point P(i,j) of the scene. The sub-areas with the higher 

probability of the optimum solution will have higher values of p(i,j). For example, if the 

image Img0 is partitioned into sub-regions corresponding to the objects in the scene and 

surrounding background, then the sub-regions corresponding to the background will have 

nearly zero likelihood of the optimum solution, i.e., the values p(i,j) in these sub-regions 

will be close to zero. On the contrary, sub-regions corresponding to the objects will have 

fairly high probability values p(i,j) in Mp. Matrix Mp can be thought of as a mask applied 

to the image Img0, so that the background areas will be suppressed, while the sub-regions 

corresponding to the objects will have a high likelihood of locating the optimum solution. 

 

During the evolutionary search, the parental chromosomes are selected in accordance 

with the modified quality F′ estimated with the following expression: 

])1exp[( 2pFF −⋅=′ ,    (5.19) 

where F is the actual fitness value, and p is the probability corresponding to the 

chromosome’s entry p(i,j) in the likelihood matrix Mp. The exponential term in (5.19) 

plays a role of a penalty for the chromosome’s being in the sub-region of the low 
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likelihood of the optimal solution: the penalty, and the corresponding modified fitness 

value F′ exponentially grow, as the probability p decreases. 

 

Sample sets of 2-D grayscale images are tested, in order to evaluate the proposed 

algorithm. The first test set is shown in Figure 5.18. The set consists of the 256×256-pixel 

reference image (Figure 5.18, left) [71], with the indicated location of the object, and the 

130×90-pixel, transformed and distorted (SX ≠ SY) image of the object (Figure 5.18, 

right). The optimum values of the components of the 5-dimensional parameter vector V* 

= {DX, DY, θ, SX, SY} are V * = {31, 141, 1.57, 4.0, 2.0}. 

 

 

Figure 5.18: Reference image (left) with the indicated location of the object, and the 

transformed image of the object (right) 

 

The optimization problem is solved with the modified HEA model discussed in Chapter 

4. The population size NP = 133 is constant throughout the entire algorithm run. The 
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initial population is generated at random from the entire search space, with the step size 2 

pixels along the x and y axes, 5.7° along the rotation angle, and 0.1 along the scaling 

factors. The best 10 chromosomes of the current population undergo local improvement 

with the two-phase cyclic local search. The best offspring produced after crossover, and 

the best mutants created using mutation with memory, replace the worst fraction of the 

current population, to form the new generation.  

 

The recognition of the image of a boat in Figure 5.18 (left) is a complex computational 

problem. The small boat object is located in the upper half of the scene, which is 

significantly cluttered with bushes and trees. The object does not appear to have 

noticeable features that would single it out against the background. What makes the 

recognition task even more complex for the regular HEA is the presence of the vast water 

area with the high-intensity reflections, in the lower half of the image. Simple analysis 

shows that, on the average, the difference between the pixel values of the object and the 

pixel values in the water area are smaller than the difference between the pixel values of 

the object and the pixel values in the upper part of the scene image. It means that the 

chromosomes placed in the water area will have lower fitness values F than the 

chromosomes placed in the upper part of the scene image (on the average).  

 

Following the evolutionary strategy that favors chromosomes having lower fitness 

values, the algorithm will focus the search on the water area of the image, and will 

overlook the optimum solution located in the upper part of the image, in the bush area. In 

the particular case of the boat image, the regular algorithm is terminated after 90 
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generations, with the search being trapped at one of the local minimum positioned in the 

lower half of the image, in the water area. This type of problem is known as a deceptive 

function in the EAs theory. For the deceptive function, the intermediate partial solutions 

have low fitness values misleading the algorithm, and directing the search toward the 

areas that are away from the optimum solution.  

 

 

Figure 5.19: Average responses of the reference (left) and object (right) images 

 

 

Figure 5.20: Cross correlation of response matrices in the response (left) and image 

(right) spaces 

 



 241

Figure 5.19 shows the averaged local responses of the reference image (Figure 5.19, left), 

and the object image (Figure 5.19, right). The result of the cross correlation of the 

response matrices MREF and MOBJ is shown in Figure 5.20 (left). The operation of cross 

correlation is applied, with the correlation kernel MOBJ scaled down by the factor 4.5 and 

rotated by 0° and 90°. For comparison, a similar correlation procedure is applied to the 

original images shown in Figure 5.18. The result of their correlation in the actual image 

space (i.e., using the actual image gray values) is shown in Figure 5.20 (right). Both 

images in Figure 5.20 can be viewed as the probability matrices, where the sub-regions 

having higher intensity values correspond to the image regions with a higher likelihood 

of the optimum solution. One can immediately see that the correlation of the response 

matrices effectively reduces the probability of search for the global solution in the water 

area of the reference image. On the contrary, the correlation of the original images 

displays high probabilities of finding the global optimum solution across the entire area 

of the reference image. 

 

 

Figure 5.21: Mapping results for the response-based algorithm after 24 generations (left), 

and for the regular algorithm after 90 generations (right) 
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As can be seen in Figure 5.20 (left), the correlation of the response matrices effectively 

reduces the probability p of selecting the parents in the water area, where the value of p is 

close to zero. Consequently, the penalty and the modified fitness value F′ computed 

according to Formula (5.19) for the chromosomes located in this area exponentially grow, 

which effectively reduces their chance to be selected as parents. The scope of selection 

and recombination is reduced, therefore, to the upper half of the scene, where the boat 

object is actually located. The algorithm is able to find the object after 24 generations, 

with the optimum parameter vector V = {33, 144, 1.61, 3.71, 2.1} - see Figure 5.21 (left). 

The vector of the absolute differences between the calculated and exact parameter values 

(on a scale of 100 percent) is small, and equals E = {6.5%, 2.1%, 2.5%, 7.3%, 5.0%}.  
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Figure 5.22: Comparative performance of the response-based and regular algorithms 

 

The comparative performance of the regular algorithm and its response-based 

modification for the boat image is shown in Figure 5.22. As one can see, the regular 
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version leads at the beginning of the search while exploring the low-fitness water area, 

but stalls in one of the many minima located in this area. The modified version utilizes 

the probability matrix shown in Figure 5.20 (left), to avoid the deceptive area, and 

successfully finishes the search with the optimum configuration of the parameter vector.  

 

The second image set shown in Figure 5.23 includes the 256×256-pixel scene containing 

several objects (Figure 5.23, left) [70], and the 170×128-pixel image of the sought object 

(Figure 5.23, right). The optimum value of the parameter vector is V * = {150, 212, 1.57, 

4.14, 2.07}. The image of a wing is another interesting and computationally hard 

recognition problem. Six projections of the same object are treated here as six different 

objects in the 2-D scene. The objects have similar shapes, but only one of them is the 

actual (optimum) solution. The purpose of the experiment is to test the ability of the 

algorithm to distinguish between the similar objects. The algorithm has to identify the 

correct object, via investigating the possible combinations of the global and local 

transformations for all objects in the scene, and via detecting the transformation and the 

object that yield the minimum fitness value. 

 

 

Figure 5.23: Original scene (left) and the image of the sought object (right) 
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Figure 5.24: Average responses of the original scene (left) and the sought object (right) 

 

 

Figure 5.25: Cross correlation in the response space, with the indicated sub-regions of the 

potential object match 

 

Figure 5.24 shows the average local responses of the scene (Figure 5.24, left) and the 

sought object (Figure 5.24, right). The result of the cross correlation of the response 

matrices MREF and MOBJ is shown in Figure 5.25. The correlation is applied twice, with 
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the correlation kernel MOBJ scaled down by the factor 6.5 and rotated by 0° and 90°. Six 

indicated sub-regions, labeled 1 through 6, correspond to the objects in the original scene; 

they are obtained by applying the 40-level threshold to the gray values (ranging from 0 to 

255). The image in Figure 5.25 can be viewed as the probability matrix Mp defining the 

likelihood of finding the solution in different sub-regions of the original scene. The 

correlation of the response matrices effectively divides the search space into six 

subpopulations corresponding to the six sub-regions.  

 

 

Figure 5.26: Results of image mapping for the sub-regions 1 through 3 (upper row, left to 

right), and 4 through 6 (lower row, left to right) 

 

Figure 5.26 presents the results of the image mapping, when each of the six 

subpopulations is processed independently. The search is terminated after 15 generations, 
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for each subpopulation. The lowest value of the fitness function F1 = 0.00406 is obtained 

after 7 generations, for the sub-region 1 corresponding to the correct object, with the 

respective parameter vector V1 = {149, 212, 1.567, 4.15, 2.08}, and the error vector (on a 

scale of 100 percent) E = {0.67%, 0.0%, 0.0%, 0.22%, 0.48%}. Figure 5.27 shows the 

comparative mapping results for the sub-regions 1 through 6. The closest to the winner is 

the sub-region 2, with the minimum value of the fitness function F2 = 0.05626, which is 

by the order of magnitude larger than F1. The significant difference between the two 

leading solutions clearly marks the object in the sub-region 1 as the correct object. The 

algorithm is able to discriminate between the objects having a high degree of similarity, 

and to successfully identify the correct object. 
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Figure 5.27: Comparative performance of the subregion-based mapping 
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Figure 5.28: Comparative performance of the subregion 1 and full image mappings 

 

In the absence of the response analysis, the regular algorithm searches the entire image 

using a single population. It is able to find the correct object after 23 generations, with the 

minimum fitness value F = 0.01303, the optimal parameter vector V = {154, 212, 1.57, 

3.96, 2.29}, and the error vector E = {2.7%, 0.0%, 0.0%, 4.3%, 10.6%}. The comparative 

performance of the response-based and regular models of the algorithm is presented in 

Figure 5.28. Although the regular algorithm leads at the beginning of the search, the 

proposed response-based modification converges faster to the optimum mapping. As one 

can see, a significant speedup (7 vs. 23 generations) is achieved when the response 

analysis is used at the pre-processing stage, in order to identify the prospective sub-

regions of the search, and to process them concurrently as independent subpopulations. 
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5.7. Multi-Resolution Correlation of Image Local Responses in Object Recognition 

Computing cross correlation between images either in spatial, or in frequency domain 

remains one of the commonly used approaches in object and target recognition. The 

maximum value of the correlation function corresponds to the properly aligned images, 

i.e., the image ImgT of the target is correctly recognized in the image ImgS of the scene. 

The use of the correlation as recognition technique is limited to the cases where: 

• images are subject to similarity transformation including translation, rotation, and 

isotropic scaling, which excludes any noticeable distortion of the images; 

• the space of all feasible geometric transformations is relatively small, which 

allows for conducting an exhaustive search for the proper values of the 

transformation parameters, with the acceptable level of accuracy.  

 

When, in addition to translation, images are subject to rotation and scaling, usually an 

exhaustive search is performed in the space of the feasible parameter values, in order to 

find the maximum value of the correlation function corresponding to the correct match of 

the images. If images are somehow distorted, correlation usually does not produce 

reasonably useful information, in the form of a peak corresponding to the correct match, 

as in the case of a simple translation. It rather produces a relatively homogeneous 

stochastic distribution of correlation levels across the entire image, e.g., as in Figure 5.20 

(right), in section 5.6 of this Chapter.  

 

Image local response significantly reduces the amount of information presented in the 

image eliminating unimportant pixel areas, and retaining only the areas that are essential 
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for the sufficient image representation. One can expect that the operation of cross 

correlation performed on image response matrices might result in the distribution of 

correlation levels that can potentially identify the most likely areas of interest in the entire 

parameter space during the image mapping. The techniques that utilize correlation of 

image responses for such an identification and experimental results in their support are 

presented in this section.  

 

5.7.1. Image Response and Multi-Resolution Correlation in Object Recognition 

Image local response can be utilized for multi-resolution automatic object recognition. 

The recognition task is re-formulated as a nonlinear global optimization problem, i.e., the 

search for a proper transformation A(V) that provides the best match between the images 

of the object and the scene. Given the images of the scene and the targeted object located 

in the scene, one can repeatedly apply response analysis on different resolution levels 

(zooming in on the scene), in order to find the region of interest (ROI) containing the 

object in the large-scale image of the scene.  

 

On each resolution level, the response matrices are computed for the ROI and object 

images. Cross correlation of the response matrices built for ROI and object outlines 

potential locations of the latter. Once the locations are identified, the algorithm zooms in 

on the found locations. The response-based algorithm for multi-resolution object 

recognition can be formulated now in the following way. 
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Step 1: Matrices MT and MS of Image local response are computed for the object and 

scene images, on the current resolution level. 

 

Step 2: Cross correlation is applied to the response matrices MT and MS, in order to 

identify the regions of interest that might potentially contain the object. During the 

correlation, the response matrix of the object serves as the correlation kernel. The 

operation of cross correlation can be repeated, with the rotated (e.g., by 90°) kernel, in 

order to amplify the signal. 

 

Step 3: Once the regions of interest have been identified, the algorithm zooms in on the 

found locations, and the hybrid EA procedure is applied to the response matrices MT and 

MS; it attempts to minimize the least squared difference of the values of the response 

matrices corresponding to the images, thus searching for the correct parameter vector V 

for the targeted object, with the reference to ROI. 

 

Step 4: The procedure that includes the computation of the response matrices, their cross 

correlation, and object recognition with the hybrid EA procedure, is repeated until the 

resolution level is reached that makes possible the correct recognition of the targeted 

object. 

 

In order to test the approach for object recognition based on the multi-resolution use of 

Image local response, computational experiments are conducted on a set of 2-D grayscale 

images. Figure 5.29 shows two images of the same scene at the different resolution 
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levels; the targeted objects are indicated with the arrows in the left image; the right image 

corresponds to the zoomed-in white-colored frame in the left image. The left image in 

Figure 5.29 has the dimension 512×512-pixel [75]; two identical objects are indicated 

with the white arrows. The right image in Figure 5.29 is the rotated and zoomed-in region 

of interest (ROI) corresponding to the white-colored frame on the left image [74].  

 

 

Figure 5.29: Two images of the same scene at the different resolution levels 

 

The response matrices of the scene MS1, and the object MT1 are computed; they are shown 

in Figure 5.30. The operation of cross correlation is applied to the response matrices of 

the both images, where the object MT1 serves as the correlation kernel. Images are 

correlated twice, with the correlation kernel MT1 rotated by 0°, and 90°. Figure 5.31 (left) 

shows the result of the correlation, with the indicated sub-regions 1 through 4 obtained by 

applying the 50% threshold to the pixel values. The sub-regions 1 through 4 effectively 

identify the areas that potentially might contain the targeted object, and have to be 

zoomed-in for further recognition. Figure 5.31 (right) shows the corresponding sub-
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regions in the scene; the highlighted sub-regions 1 and 4 actually contain the objects. As 

one could expect, the correlation of the actual images (i.e., the correlation of the actual 

image pixel values) of the scene and the object shown in Figure 5.32 cannot clearly 

identify the areas of the potential object locations. 

 

 

Figure 5.30: Response matrices of the scene (left) and the targeted object (right) 

 

 

Figure 5.31: Correlation in the response space, with the indicated sub-regions of the 

potential location of the targeted object (left); the corresponding ROI in the scene (right) 
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Figure 5.32: Correlation in the actual image space (left); the actual image of the targeted 

object used as the correlation kernel (right) 

 

 

Figure 5.33: Zoomed-in region of interest and its response matrix (top row, left to right); 

zoomed-in targeted object and its response matrix (bottom row, left to right) 

 

The sub-region 1 is chosen for the object recognition, and its zoomed-in version is 

obtained from the ROI image (see Figure 5.30, right). Figure 5.33 shows the zoomed-in 

sub-region 1 (Figure 5.33, top row, left) and its response matrix MS2 (Figure 5.33, top 

row, right), as well as the zoomed-in targeted object (Figure 5.33, bottom row, left), with 

the corresponding response matrix MT2 (Figure 5.33, bottom row, right). Object 

recognition in the sub-region 1 is formulated as the problem of finding the optimum 

vector V* minimizing the difference F between the images. The optimization problem is 

investigated with the hybrid EA procedure, and the fitness values corresponding to 
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different parameter vectors are obtained. The optimum mapping in the response space is 

shown in Figure 5.34. 

 

 

Figure 5.34: Location of the targeted object corresponding to the optimum parameter 

vector 

 

Parameter values 10% shift

DX DY θ SX SY 

Fitness 

value 

None 58 38 0.0 1.5 1.5 0.0283

DX 30 40 0.0 1.5 1.5 0.1050

DY 60 26 0.0 1.5 1.5 0.1642

SX 60 40 0.0 1.65 1.5 0.0771

SY 60 40 0.0 1.5 1.65 0.0862

SX, SY 60 40 0.0 1.65 1.65 0.1000

Table 5.6: Parameters for the optimum solution and the neighboring points shifted by 

10% from the optimum point 

 

Table 5.6 gives the comparative results for the parameters and fitness values for the 

optimum solution and for the neighboring points in the parameter space. Each neighbor 

has one of the components {DX, DY, θ, SX, or SY} shifted by 10% from its optimum 
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value. As one can see, the fitness values computed for the non-optimum parameters are 

significantly higher than the optimum fitness value F = 0.0283. In addition, the fitness 

values computed for a number of parameter vectors outside the 10% parameter range are 

also significantly higher than the optimum fitness value; they exceed the value F = 0.06. 

The large difference in the fitness F values, where the minimum value corresponds to the 

optimum solution, provides the experimental support for the multi-resolution use of 

Image local response in solving object recognition problem. 

 

5.7.2. Estimating the Scaling Factor with Correlated Image Response 

Imaging optimization with Evolutionary algorithms requires estimating the range within 

which the value of each parameter can vary: the smaller the range, the more efficient the 

search can be. In a fully automatic recognition, the task of defining parameter ranges has 

to be handed over to the algorithm. The algorithm proposed in this section repeatedly 

applies cross-correlation between response matrices on different resolution (i.e., zoom) 

levels, in order to find the lower and upper bounds of the scaling factor in the parameter 

vector V. Once the range of the scaling factor is identified, a hybrid EA procedure can be 

applied to the response matrices searching for the correct parameter vector V for the 

targeted object. Image local response can be utilized to identify the range of the scaling 

factors SX and SY in the following manner. 

 

The matrices MT and MS of image local response are computed for the respective images 

ImgT and ImgS of the targeted object and the scene. The operation of cross-correlation is 

performed between the matrices for a range of resolutions, to obtain the rough estimates 
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of the lower and upper bounds of the scaling factors SX and SY. The normalized cross-

correlation function c(m,n) takes its regular form: 
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where rT(x,y) and rS(x,y) are the response values of the images ImgT and ImgS, 

respectively, and Ω is the area of their overlap [134]. 

 

If images ImgT and ImgS have the same values of the scaling factors SX = SY = 1, and the 

other components of the parameter vector V equal to zero, then the maximum value of the 

correlation function c(m,n) corresponds to the position X = {m,n}, at which the image 

ImgT is properly aligned, i.e., the object is correctly recognized in the scene image ImgS. 

Since this is rarely the case, cross-correlation can rarely be used as a recognition 

technique in real-world applications. However, it can still be used to obtain the crude 

estimates of the lower and upper bounds of the scaling factors. As experiments show, the 

cross-correlation of the response matrices produces a 2-dimensional function c(m,n) 

whose histogram is dependent on the resolution and is significantly invariant to the 

rotation of the target. Computing the cross-correlation of the response matrices for a set 

of successive resolution levels allows the algorithm to identify the range within which the 

scaling factors can vary. Thus identified range can be used in reducing the size of the 

search space in object recognition with Evolutionary algorithms. 
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Figure 5.35: Test sets of an object (top row) and a scene (bottom row): a vehicle (left) 

and a building (right) 

 

In order to illustrate the proposed technique, computational experiments are conducted on 

two sets of 2-D images shown in Figure 5.35: a vehicle and a building [74]. Each set 

includes an image ImgT of a targeted object and an image ImgS of a scene containing the 

object. Figure 5.36 shows the response matrices MS of the scenes. The cross-correlation 

of the matrices MT and MS is performed for different values of rotation angle of the object 

θ = (0º, 90º, 180º, 270º), for a wide range of resolution levels SX = SY = (0.1, 0.15, 0.2, 

0.25, 0.33, 0.5, 0.75, 0.9, 1, 1.25, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, 5, 5.5, 6, 6.5, 7).  
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Figure 5.36: Response matrix of the scene: a vehicle (left) and a building (right) 

 

Figures 5.37 through 5.40 show sample histograms of the cross-correlation function 

c(m,n) obtained for θ = 0º and 90º. The analysis of the histograms allows one to identify a 

consistent pattern, which is significantly invariant to the value of the rotation angle θ. As 

the resolution level approaches its true value SX = SY = 1, the histogram exposes a greater 

degree of symmetry, with a noticeable peak value located close to the center of the 

histogram basis. As the resolution level changes toward smaller values, the histogram 

becomes more right-skewed, and its peak value moves toward the right end of the 

histogram basis. As the resolution level changes toward larger values, the histogram 

becomes flatter, and its center moves toward the right end of the histogram basis. This 

pattern allows one to crudely estimate the lower and upper bounds of the scaling factors. 

Thus, for the image of a vehicle, the lower and upper bounds of SX and SY are 0.25 and 4, 

respectively (see Figures 5.37 and 5.38). For the image of a building, the lower and upper 

bounds of SX and SY are 0.33 and 5.5, respectively (see Figures 5.39 and 5.40). 
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Figure 5.37: Histograms of cross-correlation of the vehicle responses, for θ = 0º 
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Figure 5.38: Histograms of cross-correlation of the vehicle responses, for θ = 90º 
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Figure 5.39: Histograms of cross-correlation of the building responses, for θ = 0º 
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Figure 5.40: Histograms of cross-correlation of the building responses, for θ = 90º 

 

5.8. Image Local Response in Multi-Sensor Fusion 

An important part of information fusion, multi-sensor fusion often serves as the basis for 

automatic object and target recognition. The recognition task can be re-formulated as a 
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nonlinear global optimization problem, i.e., the search for a proper transformation that 

provides the best mapping between the images of the targeted object and the scene. 

Multi-sensor fusion maps images of the same scene received from different sensors into a 

common reference system.  

 

Evolutionary algorithms have been successfully used for solving a few imaging problems 

related to object recognition. From the standpoint of the method used to evaluate the 

quality of the candidate solution, current applications of EAs in imaging applications can 

be broken into two main groups: 

1. The first group of methods directly compares distributions of image pixel values. 

If the light conditions are changing between the images, the comparison becomes 

difficult, since no matching pixels can be found. Moreover, the task of 

comparison of different types of imagery, e.g., infrared and real visual images 

obtained from different types of sensors (i.e., in multi-sensor fusion), becomes 

significantly harder with these methods. 

2. Methods in the second group attempt to find a set of salient characteristics, i.e., 

features that are common for the compared images. Choosing the appropriate 

features is not a trivial task, which becomes even more complex when images are 

misaligned and distorted by some kind of geometric transformation, e.g., affine or 

perspective. 

 

Image local response has two important properties that can be effectively utilized in 

multi-sensor fusion: 
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1. Response emphasizes segments of an image that are most responsive to a 

particular geometric transformation. These segments identify the salient features 

of the image that are essentially important in solving image mapping problems. 

2. Image local response can be viewed as an image transform R(V) that maps the 

image onto itself, with the small perturbations of the parameter vector V. Since 

R(V) maps the image onto itself, the result of the mapping is largely invariant to 

the type of the sensor that is used to obtain the image. 

 

The key idea of the proposed algorithm of object recognition from multiple sensors is to 

utilize the properties of Image local response, and to transform the originally stated 

problem of object recognition in real visual space G into a new problem of object 

recognition in image response space R. The latter is defined as a search space where the 

original image pixel values are transformed into the corresponding values of Image local 

response. The new problem can be formulated now as the search for an appropriate 

transformation A providing the correct aligning of responses rT(x,y) of the targeted object 

with the responses rS(x,y) of the scene.  

 

The response matrices for both images are computed at the pre-processing stage. As in 

the original statement of object recognition problem, an individual chromosome encodes 

a trial vector of parameters V defining the sought geometric transformation A. The 

chromosome V* that minimizes a measure of the difference F between the responses rT 

and rS of the images ImgT and ImgS identifies and aligns the recognized object. The sum 
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of the squared differences of the response values of the images ImgT and ImgS is used as a 

measure of the difference F between the images, as follows: 
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where rT (x',y') and rS (x, y) are the response values of the images ImgT and ImgS, 

respectively, and  Ω is the area of their overlap. The use of the imagery-invariant 

response values rT (x',y') and rS (x, y) in Formula (5.21) makes the proposed method of 

object recognition fundamentally different from the traditional methods based on the 

comparison of the actual pixel values gT (x',y') and gS (x, y). The algorithm using image 

response in multi-sensor fusion can be now formulated as follows. 

 

Step 1: The matrix MR of Image local response is computed during the pre-processing 

stage, for every participating image of the targeted object. 

 

Step 2: The weighted matrix MA of Image local response is formed, as follows: 
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where I is the number of the object images, and Ti is the characteristic matrix particular 

for the sensor type used to obtain the image Imgi.  

  

Step 3: During the evolutionary search, the weighted matrix MA is compared against the 

response matrix MS of the scene, in order to recognize the targeted object.  
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Figure 5.41: Synthetic images of the targeted object: a wireframe model (top, left), a 

principal model (top, right), and a textured 3-D model (bottom) 

 

In order to illustrate the use of Image local response in multi-sensor fusion with HEA, 

computational experiments are conducted on 2-D synthetic grayscale images. The effect 

of different sensor types is simulated using the set of different images of the 3-D model 

of the targeted object [72], as shown in Figure 5.41. The set includes the wireframe, 

principal, and final textured models of the object, which exhibit significant difference in 

imagery type. A synthetic 300×300-pixel reference image Img0 of the scene with the 

object is shown in Figure 5.42. The object is subject to a partial affine transformation A 

defined by the 3-dimensional vector V = {DX, DY, SX = SY}, as well as to a general 

affine transformation defined by the 7-dimensional vector V = {DX, DY, Ө, SX, SY, SHX, 

SHY}, where DX and DY are the translations along the x and y axes;  Ө is the rotation 

angle in the xy plane; SX and SY are the scaling factors along the x and y axes; and SHX 

and SHY are the shear factors along the x and y  axes.  
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Figure 5.42: Synthetic scene with the targeted object 

 

Parameter DX DY Ө SX SY SHX SHY 

Min value 0 0 0.0 1.0 1.0 0.0 0.0

Max value 299

255

299

255

6.28 4.0

3.0

4.0 

3.0 

2.0 2.0

Step size 1

2

1

2

0.1 0.1 0.1 0.1 0.1

Table 5.7: Ranges and step sizes of the parameters used in computational experiments 

 

The object recognition problem is stated as a search for the vector of parameters V* 

minimizing the difference F between the images ImgT and ImgS of the object and the 

scene, respectively. The search is conducted with the hybrid EA model. The ranges and 

step sizes of the sought parameters are presented in Table 5.7. The experiments are 

conducted in the real visual space G, i.e., by comparing the pixel values g(x,y) of the 

original images, and in the response space R, i.e., by comparing the response values r(x,y) 

of the images. The experiments have the following objectives: 



 268

1. To show that different types of imagery cannot be used for object recognition 

with EAs in real visual space G, because fitness functions corresponding to 

different imagery types, here the wireframe and solid models, have different 

optimum values in G. 

2. To validate the use of image response space R in object recognition with EAs, by 

showing that fitness functions corresponding to the same imagery type, here for 

the solid model, have the same optimum values in both, the real visual G and 

response R spaces. 

3. To show that different types of imagery can be used for object recognition with 

EAs in image response space R, because fitness functions corresponding to 

different imagery types, here the wireframe and solid models, have similar 

optimum values in R. 

4. To show that the performance of the local DSM search does not degrade when the 

search is relocated into image response space. 

5. To show that object recognition problem for misaligned and geometrically 

distorted images; and different imagery types can be successfully solved with 

HEA in image response space R. 

 

Response matrices MR are computed for all test images shown in Figure 5.41. The 

response matrices, as well as a sample surface chart of the response for the textured 

model, are presented in Figure 5.43. The responses of the wireframe and solid models 

exhibit a high degree of similarity; both responses highlight the main shape features of 

the targeted object. The wireframe response has more low-intensity details, which can be 
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discarded after applying an intensity threshold. The weighted response matrix MA of the 

targeted object and the response matrix of the scene are shown in Figure 5.44. For 

simplicity, the identity matrix is used as the characteristic matrix T in Formula (5.22). 

 

 

Figure 5.43: Image responses of the wireframe (top, left), the principal (top, right), and 

the textured 3-D models (bottom, left); a sample 3-D response of the textured 3-D model 

(bottom, right) 

 

 

Figure 5.44: Averaged image responses of the object (left) and the scene (right) 
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Figure 5.45: Image histograms (top to bottom): the wireframe, the principal, and the full 

textured 3-D models 

 

The feasibility of conducting the search in real visual space G for different imagery types 

is assessed by comparing the gray values of the wireframe and solid models with the gray 

values of the scene. The histograms of the object images shown in Figure 5.45 display a 
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significant imagery difference between the wireframe, principal, and textured models, 

which makes the comparison of the actual image pixels in visual space a difficult, if not 

impossible task.  
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Figure 5.46: Fitness functions of the solid and wireframe models along the optimum 

cross-sections of the scene in real visual space G: DY = 250 (top), DX = 140 (bottom) 

 

To compute the fitness function, the parameters Ө, SX, SY, SHX, and SHY of the 

chromosome V are set to their optimum values, while the translations DX and DY vary 

between their minimum 0 and maximum 299 values. The computed values of the fitness 
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function along the optimum cross-sections DX = 140 and DY = 250 for the both models 

are shown in Figure 5.46. The solid model clearly expresses global minima along both 

optimum cross-sections, which corresponds to the correct aligning of the object and the 

scene. The wireframe model exhibits only local minima at the correct locations along 

both cross-sections; it identifies the erroneous positions of the global minima, DX = 32 

and DY = 76. This result clearly indicates that the wireframe model cannot be used for 

recognizing the realistic solid object in real visual space G, because of the significant 

difference in the imagery type between the two models. The use of the actual images of 

the wireframe or principal models results in the faulty mapping between the template and 

reference images. 

 

As opposed to the actual gray values of the models, the response matrices MR computed 

for the wireframe, principal, and textured models display a higher degree of similarity, 

which can be seen on the histograms computed for the images of MR - see Figure 5.47. 

The values of the fitness function along the optimum cross-sections of the scene are 

computed for the solid model in image response space R using Formula (5.21), i.e., by 

comparing the response values r(x,y) of the solid model and the scene. The computed 

values plotted in Figure 5.48 clearly indicate the correct locations of the global optimum 

in the both, the x and y directions, i.e., the optimum parameter values are DX = 140 and 

DY = 250. The fact that fitness function corresponding to the solid model does not change 

its behavior when the search is conducted in image response space, validates the 

feasibility of using response space R, instead of real visual space G, in object recognition 

with EAs. 
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Figure 5.47: Histograms of the response matrices (top to bottom): the wireframe, the 

principal, and the full textured 3-D models 
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Figure 5.48: Fitness functions of the solid model along the optimum cross-sections of the 

scene in the real G, and in the response R spaces: DY = 250 (top), DX = 140 (bottom) 

 

Once the validity of relocating the search space from real visual space G into response 

space R has been proven, the most important question arises, whether the behavior of 

fitness function F in response space is similar for different imagery types, here for the 

wireframe and solid models. The computed values of the fitness function along the 

optimum cross-sections for the both models are compared in Figure 5.49. The global 

minima along the x and y directions computed for the wireframe model correspond to DX 
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= 144 and DY = 254, which are very close (with the maximum error 3%) to the minimum 

positions for the solid model. This important result clearly indicates that the wireframe 

model can be used for recognizing the realistic solid object in image response space R.  
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Figure 5.49: Fitness functions of the solid and wireframe models along the optimum 

cross-sections of the scene in the response space: DY = 250 (top), DX = 140 (bottom) 

 

One of the main features of HEA is the utilization of local search within the global 

evolutionary procedure. The objective of the next experiment is to show that the 
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performance of the local DSM search does not degrade when the search is conducted in 

the response space R. The performance is assessed as the number of fitness evaluations 

required to find the optimum solution. A series of 100 test runs of the local DSM search 

for the solid and wireframe models in the real G and response R spaces, are performed. 

For every test run, the initial simplex is placed in the proximity of the optimum solution 

using the following technique. The value of each parameter of the vector V for each of 

the vertices is independently drawn at random, with the uniform probability, from the 

(±10%) range of the corresponding parameter domain centered at the parameter’s 

optimum value. For example, the value of the translation DX for a 300×300-pixel image 

of the scene is drawn from the interval (140.0 ± 30). Figure 50 shows a sample image of 

the transformed solid model.  

 

 

 

 

 

 

 

 

 

Figure 5.50: Sample transformed image of the solid model obtained with the 10% 

parameter range about the optimum solution 
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Figure 5.51: Comparative performance of the local DSM search for the solid and 

wireframe models in the real G, and in the response R spaces 

 

Comparative results for the number of fitness evaluations for all test runs are shown in 

Figure 5.51. The performance of the DSM search for the solid model is similar in both, 

the real and response spaces: the total number of fitness evaluations over 100 runs is 

8681 in the real space, and 8472 in the response space. The performance of the local 

DSM search for the wireframe model in the response space is even better than the 

performance of the solid model: the total number of fitness evaluations is 5354. These 

results assure that the performance of the local DSM search, at least, does not degrade, 

when the search is conducted in the response space, for the different imagery types.  

 

Finally, the hybrid model of Evolutionary algorithm is used to solve the object 

recognition problem for the different imagery types. The distorted response image of the 

wireframe model is used to recognize the targeted object in the response image of the 

scene containing the solid model. In the first test run of the algorithm, the wireframe 
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model is subject to an affine transformation defined by the 4-dimensional vector V = 

{DX, DY, SX, SY}, where SX = SY (i.e., for the isotropic scaling of the image). In the 

second test run, the wireframe model is subject to an affine transformation defined by the 

5-dimensional vector V = {DX, DY, Ө, SX, SY}, where SY = 2SX (i.e., for the non-

isotropic scaling of the image). The first test run is performed with the population of 137 

chromosomes initially selected at random with the uniform probability. The population 

size in the second test run is 260. The images of the object used in the search, and the 

results of the recognition are shown in Figure 5.52, where the rectangular segment of the 

scene corresponding to the image of the targeted object is highlighted. The algorithm is 

able to correctly recognize and align the object in the scene, in the both test runs.  

 

 

Figure 5.52: Images of the targeted objects (top row) and the recognition results (bottom 

row) for the 4-parameter test (left), and for the 5-parameter test (right) 
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Parameter values 10% shift 

DX DY θ SX SY 

Fitness 

None 78.3 215.8 0.0 2.0 2.0 0.0563

DX 70 216 0.0 2.0 2.0 0.1477

DY 78 194 0.0 2.0 2.0 0.1497

θ 78 216 0.63 2.0 2.0 0.2265

SX 78 216 0.0 2.2 2.0 0.1325

SY 78 216 0.0 2.0 2.2 0.1568

SX, SY 78 216 0.0 2.2 2.2 0.1806

Table 5.8: Parameters for the optimum solution, and for the neighboring points shifted by 

10% from the optimum point 

 

Table 5.8 gives the comparison of the parameters and fitness values for the optimum 

solution and the neighboring points in the parameter space. Each neighbor has one of the 

components V = {DX, DY, θ, SX, SY} shifted by 10% from its optimum value. In 

addition, the fitness values of nine solutions picked at random outside the 10% interval 

are computed, with the average fitness value F = 0.101. The large difference in the F 

values, where the minimum value corresponds to the optimum solution, provides the 

experimental support for the use of the response space in solving the object recognition 

problem as an optimization problem. The total number of fitness evaluations in the first 

test is 119454, with 12153 evaluations attributed to the local DSM search. The total 

number of fitness evaluations in the second test is 117982, with 13898 evaluations 

attributed to the local DSM search. 
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Computational experiments conducted on a test set of 2-D synthetic grayscale images 

allow one to draw the following conclusions: 

1. Different types of imagery cannot be directly used in the real visual space for 

object recognition with HEA, because fitness functions corresponding to the 

images of different types have different optimum values in this space. 

2. Evolutionary search can be relocated into image response space, because fitness 

functions corresponding to the real image and its response counterpart have 

similar optimum values in both, real and response spaces. 

3. Different types of imagery can be used in image response space, because fitness 

functions corresponding to images of different types have similar optimum values 

in the response space. 

4. The performance of the local DSM search does not degrade when the search is 

relocated into image response space. 

5. Object recognition problem for misaligned and geometrically distorted images; 

and different imagery types, can be successfully solved with HEA in image 

response space. 

 

5.9. Summary 

This Chapter introduces a particular image transformation called Image local response. 

The latter is defined as the variation of the objective (i.e., fitness) function occurred 

because of a small variation of the parameter vector. Response provides the algorithm 

with a fairly general method that can autonomously obtain essential information about an 

image, and has the following important properties that make it a valuable tool in solving 

imaging optimization problem with Evolutionary algorithms: 
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1. Response senses the distribution of pixel values across the image, and thus 

provides a crude estimation of the behavior of fitness function. 

2. Response emphasizes the areas of the image that are most responsive to the 

applied geometric transformation. 

3. Since response is computed by mapping image onto itself, it is not particularly 

sensitive to the imagery type. 

 

The algorithms and the computational experiments presented in this Chapter demonstrate 

that the above listed properties of Image local response can be successfully used to 

improve the performance of the hybrid EA model, in the following main directions. 

 

Image response accentuates those segments of the image that change the most during its 

transformation. Therefore, response extracts an important feature of the image, its 

dynamic contents, which can be used for image reduction and selective fitness evaluation, 

thus reducing the effective number of evaluations. Computational experiments are 

conducted with two image sets, in the case of the 5-dimensional mapping problem, with 

the full image, and with the selective fitness evaluation based on a binary mask obtained 

with Image local response. Full images require E = 9119 and E = 5236 evaluations, and 

give the minimum fitness values F = 0.00876 and F = 0.00317, for the first and second 

sets, respectively. The use of selective fitness evaluation requires only E = 6088 and E = 

2495 evaluations, giving similar minimum fitness values F = 0.01154 and F = 0.00248, 

for the first and second sets, respectively. 
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Since image response provides a model approximating the behavior of fitness function in 

a small locality, it can be used to devise a mechanism that controls the movement of a 

DSM simplex and makes the latter adaptive to the local properties of fitness function. 

This adaptive mechanism allows one to reduce the overall computational cost of fitness 

evaluations associated with the local DSM search. Experiments conducted on image sets 

under the 5-dimensional mapping show the reduction of the number of fitness evaluations 

between 27.2% and 44.9%, without the loss of the quality of the optimum solution. The 

reduction of the computational cost of the DSM fitness evaluation with image response 

comes at a cost of large number of evaluations of local responses at different points of the 

image. The amount of computations can be reduced by pre-computing the response 

surface of the entire image; engaging a self-organizing network, in order to classify 

image areas according to their responses; and building the response map of the image. 

Experiments on the test sets, in the case of the 5-dimensional mapping, show that the use 

the response map results in the reduction of the number of response evaluations between 

58% and 70%. 

 

During the operations of crossover and selection, Image local response can be used to 

limit the creation of new candidate solutions to only those sub-areas of the search space 

that might most likely contain the optimum solution. The operation of cross correlation of 

image response matrices is performed and scaled to the range of (0,1). The resulting 

correlation matrix serves as the likelihood matrix applied during selection and crossover, 

to highlight the sub-areas in the reference image onto which the template image most 

likely can be mapped. The use of this technique allows one to find the correct 5-
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dimensional mapping on a test set after 24 generations, when the regular algorithm stalls 

in a local minimum point. When applied to the second test set, this technique allows one 

to reduce the computational cost of the mapping to 7 generations, as opposed to 23 

generations spent by the regular algorithm.  

 

Cross correlation of image response matrices can be used in the case of multi-resolution 

image mapping. On each resolution level, the cross correlation of the response matrices 

of the reference and template images outlines the potential locations of the latter. Once 

the locations are identified, the algorithm zooms in on the found locations. The zooming 

process continues until the final resolution level is reached, at which point HEA can be 

utilized to find the correct mapping.  The same approach can be used to find the lower 

and upper bounds of the scaling factor in the parameter vector that defines the 

transformation between the images. The response correlation technique is illustrated on 

sample image sets.  

 

Image local response can be viewed as image transform that maps the image onto itself 

making the result of the mapping largely invariant to the imagery type. This property can 

be efficiently used to solve imaging optimization problems arising in multi-sensor fusion, 

when images subject to the mapping are obtained from the different sensor types. 

Experiments conducted on a sample test set, in the cases of 4- and 5-dimensional 

mapping problems, show that conducting the search in the response space, rather than in 

the actual image space, allows one to successfully map images of different types, 

particularly, a wireframe object model onto the scene containing the solid object model. 
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Chapter 6: Multiple Populations and Multi-Objective Optimization of a 

Piece-Wise Affine Transformation 

 

6.1. Introduction 

Analysis of the means of hybridization of the evolutionary search with other 

computational methods given in Chapters 4 and 5 of this thesis, allows one to develop an 

advanced EA-based computational model which can be applied to solving difficult 

problems of imaging optimization. In particular, three sample problems are illustrated in 

this Chapter: 

• human body registration; 

• recognition of a 3-dimensional object in the 2-dimensional space; 

• elastic registration of medical images. 

 

All the above mentioned problems can be essentially stated as a search for a proper 

mapping between the images of a template and a scene, when the following conditions 

are present: 

1. Two or more template images are used to represent different views of the same 

object. 

2. The object of mapping undergoes significant distortion caused, e.g., by an 

arbitrary rotation in the 3-D space; such a mapping cannot be defined by a single 

transformation vector. 
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3. The difference between the images cannot be formulated as a single fitness 

function; consequently, the search has to deal with multiple objectives of the 

optimization. 

 

In order to accommodate multiple template images, the advanced computational model 

uses multiple populations, where each template is represented by its own independent 

population. Since template objects can undergo significant distortion, they are broken 

down into k sections, such that each section can have its own transformation vector Vk. 

This approach corresponds to a piece-wise approximation of the actual image 

transformation A(V). The algorithm also assumes that the object in the template image 

has some prominent feature, in the form of a body, or a trunk, to which other parts of the 

object are attached. Such a feature will be called a hull, throughout this Chapter; the 

transformation of the hull can be defined by a single vector VA of the general affine 

transformation, and by a complementary vector VD of elastic deformations which 

describes the deviation of the actual hull transformation from the vector VA.  

 

In its most general form, the entire algorithm works as two relatively independent passes, 

global search and local correction. Global search attempts to find the optimum solution 

for the hull transformation, while local correction attempts to find the optimum piece-

wise approximation of the actual image transformation using the hull transformation as 

its initial approximation. Because of the complex structure of the template model and a 

two-phase search algorithm, one expression for fitness function is not sufficient. The 
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search is conducted in a multi-objective space using different expressions for fitness 

function at the different stages of the algorithm.  

 

The advanced computational model presented in this Chapter is built upon the following 

concepts developed in Chapters 4 and 5: 

1. Template objects and a scene are represented by their local responses, i.e., the 

entire search, from the very beginning, is conducted in image response space, 

rather than in the actual visual space. 

2. Algorithm intensively uses local search, as a means of improving the quality of 

the better fraction of the population. 

3. Algorithm keeps track of the usage of the entire parameter space, in order to 

provide all parameters with a fair opportunity to be represented in the population, 

and to mix different components, thus increasing the diversity of the population. 

 

6. 2. Advanced Image Model Based on Image Local Response 

As stated in Chapter 4 (section 4.6.4), the model of the image participating in the 

evolutionary search has to represent the most important image features. Image local 

response defined in Chapter 5 (section 5.2), provides such essential image representation. 

Chapter 5 (section 5.8) describes the usage of image response in multi-sensor fusion, 

where the initial optimization problem in the real imaging space is transformed into the 

optimization problem in the response space. To further develop this approach, the 

advanced model of an image participating in the evolutionary search is described in this 

section. The model is computed in accordance with the algorithm shown in Figure 6.1. 
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Figure 6.1: Algorithm for building the advanced image model based on Image response 

 

In addition to the regular hierarchical quadtree structure [121], each section’s quadtree is 

serialized, i.e., converted into a sequential string of nodes, which simplifies and speeds up 

all computational operations associated with the quadtree processing. Every node of the 

quadtree is represented by its mean response value which participates in the evaluation of 

the node fitness. To illustrate the process of building the model of an image, Figure 6.2 

shows the sequence of transformations following the algorithm presented in Figure 6.1. 

The original image has dimensions 210×210-pixel and contains the total of 44100 pixels. 

The threshold applied to the histogram defines the accuracy of the model. In Figure 6.2, 

only 1% of the larger gray values are retained in the histogram, which makes the 

threshold equal to 45. The quadtree decomposition is based on a specified tree depth and 

the acceptable mean value of the difference in gray values of pixels comprising one block 

of the tree. For the image shown in Figure 6.2, the depth of the tree is set to 6, and the 

mean value of the difference between pixels of the same block is 1%. The final quadtree 
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model has 18 root blocks, or sections, and contains the total of 1314 nearly homogeneous 

nodes of the smallest size 2×2-pixel. 

 

 

Figure 6.2: Sequence of transformations used to obtain the response model of the 

template image (top to bottom, left to right): the original image; image local response; 

response histogram with the outlined root blocks; the final image quadtree 

 

Figure 6.3 shows a zoomed-in view of the same section of the image in its original 

response form, and after its transformation into a quadtree. As one can see, the nodes of 

the quadtree preserve fairly well the distribution of the original response values. The 

reduction in the number of operations during the fitness evaluation can be defined by the 

ratio of the total number of quadtree nodes to the total number of image pixels, i.e., 

100×(1 - 1314 / 44100) = 97%. 
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Figure 6.3: Original response image (top) and its quadtree transformation (bottom) 

 

During the first phase of the evolutionary search, when the algorithm attempts to find the 

global location of the template image, the hull of the image is processed. The model of 

the hull includes the outline of the main part of the image represented as a double-linked 

list of nodes of a specified size and a set of internal black nodes of a specified size. The 

model can be built interactively, by simply drawing the outline of the hull. The hull has 

two important features participating in fitness evaluation: 

• total length of the outer contour LHC computed as a sum of all distances between 

the contour nodes; 

• area covered by the hull AH computed as the number of the black nodes enclosed 

inside the hull. 

 

A zoomed-in sample model of the hull corresponding to the image shown in Figure 6.2 is 

presented in Figure 6.4. The outer contour of the hull is composed of the square nodes of 

the size of 2×2-pixel; the internal black nodes have the size of 1×1-pixel. 
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Figure 6.4: Sample model of the image hull 

 

6.3. Global Search for the Optimum Hull Transformation 

The first pass of the algorithm works with the image of the object hull, under the 

assumption that the full transformation T of the hull can be represented as a superposition 

of a general affine transformation A (a core transformation), and a complementary elastic 

piece-wise transformation (deformation) D, as follows: 

T = A + D.     (6.1) 

 

Parameters of the core affine transformation A are defined by the vector  

VA = {DX, DY, θ, SX, SY, SHX, SHY},   (6.2) 

where DX and DY are the translations along the  x and y axes, θ is the rotation angle, SX 

and SY are the scaling factors along the x and y axes, and SHX and SHY are the shear 

factors along the x and y axes. Parameters DX, DY, and θ correspond to the rigid body 

transformation, whereas parameters SX, SY, SHX, and SHY define the global distortion of 

the image, when the appropriate factors are non-isotropic, i.e., when SX ≠ SY and SHX ≠ 

SHY.  

 

Parameters of the complementary elastic piece-wise transformation D are defined by the 

following vector: 
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VD = {DXν1, DYν1, DX ν2, DY ν2,…, DX νN, DY νN},   (6.3) 

where {DXνn, DYνn} is the partial deformation vector along the normal ν to the n-section 

of the image template ImgB, and N is the total number of the template sections. While the 

vector V

B

A defines the core transformation of the hull, the vector VD describes the 

deviation of the actual shape of the hull from its core transformation. 

 

The overall strategy of the multi-population, multi-objective algorithm of the global 

search is presented in Figure 6.5. The algorithm starts with forming the initial population. 

Commonly used random generation of chromosomes is not well suited for the search that 

intensively uses local optimization procedure, since random chromosome placement will 

create many excessive and unnecessary individuals within the reach of the local search 

procedure. This consideration, together with the fact that random generation that does not 

support a fair participation of all parameter ranges in the search, which is discussed in 

Chapter 4 (section 4.4.2), in relation to the efficiency of mutation, leads to the need of 

expanding the mechanism of mutation with memory to the overall control over forming 

the population genotype. Such mechanism is implemented in the form of a frontal 

algorithm of memory management whose implementational details are discussed in 

section 6.3.1. The algorithm has the following important features: 

1. It breaks the parameter space into regular cells whose size is limited by the 

capacity of the local search procedure. 

2. It keeps track of the usage of each cell in crossover, mutation, and local search, 

and attempts to leverage this usage in such a way that all cells would have a fair 

representation in the population. 
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3. It attempts to mix parameter ranges in such a way that the population has a greater 

degree of diversity. 

 

 

Figure 6.5: Algorithm of the global search for the elastic transformation of the object hull 
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When two or more template images are used in the search, multiple chromosome 

populations are generated by the algorithm, such that each template image has its own 

independent population. Since all populations attempt to map different templates onto the 

same reference image, the populations have to be synchronized, i.e., aligned with each 

other. The templates represent different views of the same objects which can generally 

have different values DX, DY, SX, and SY, of the core transformation defined by the 

vector VA. However, if one request that all templates are aligned on the rotation angle 

before the search begins, they have to retain their alignment throughout the search. This 

means that all populations have to be synchronized on the rotation angle when the 

populations are generated at the beginning of every global iteration. In fact, the rotation 

of the object in the 2-D space, in the case of the affine transformation, is defined by three 

components of the vector VA: rotation angle θ, shear factor SHX, and shear factor SHY. 

Therefore, all populations corresponding to the image templates have to be synchronized 

on the three above mentioned parameters. 

 

Once the new chromosome population has been generated, fitness values are computed 

for all chromosomes in a batch manner. A multi-objective approach to fitness evaluation 

is undertaken. In the process of the global search, the following three objectives are 

simultaneously evaluated:  

• FLEN preserves the basic shape of the hull; 

• FMATCH takes into account the distortion of the actual hull, in relation to the core 

affine transformation; 
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• FRATIO evaluates the fraction of the total number of template quadtree nodes that 

have been successfully mapped onto the reference image. This is the final 

objective of the search which evaluates its overall success. 

 

The results of the batch fitness evaluation are sorted in the increasing order of the fitness 

FLEN values, and the top, i.e., the best fraction of the population of a specified size is 

selected and inserted in the pool BBP of the fitter solutions organized as a double-linked 

list. The operation of insertion is performed in such a manner that the pool remains sorted 

in the increasing order of fitness FLEN values; and the fittest individuals are always placed 

on the top of the pool. If V  is the current member of the pool, and V  is a potential 

candidate for the insertion, then V  is inserted in place of V  only if the following 

conditions hold: 

curr cand

cand curr

curr
LEN

cand
LEN FF <= ,  and   .   (6.4) curr

RATIO
cand

RATIO FF <=

 

Typically, some chromosomes in the best pool BBP are located close to each other; they 

can be clustered, to form one DSM simplex. Since each parameter domain is presented as 

a sequence of ranges, the algorithm can easily find the Hamming distance between any 

two chromosomes in the pool BPB . The pool is processed sequentially, starting from the 

top, i.e., from the fittest individual, and the matrix of the mutual Hamming distances is 

computed for all members of the pool. Two parameters control the clustering operation:  

• maximum acceptable distance (threshold) LR between two ranges, within which 

these ranges can be considered neighbors; 
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• maximum acceptable Hamming distance LH (i.e., maximum number of ranges that 

are not neighbors) between two chromosomes in the best pool, for these 

chromosomes to be considered as vertices of the same DSM simplex. 

 

Once the Hamming distance is computed, the neighboring chromosomes are clustered, to 

form DSM simplexes. Since the pool BBP is processed sequentially, starting from the top, 

the first vertex in the simplex is always guaranteed to be the fittest chromosome, which is 

considered basic, in relation to all its neighbors. If the Hamming distance between the 

basic chromosome and one of its neighbors is greater than zero, then those ranges of the 

neighbor that exceed the distance threshold LR are replaced using the random mutation of 

the respective ranges of the basic chromosome, where the mutants are picked within the 

distance threshold LR. If the number of chromosomes in the cluster is less than the 

number of vertices (N + 1), where N is the number of the affine parameters required by 

the DSM simplex, then additional chromosomes are created using random mutation of 

the basic chromosome. 

 

Local search is conducted for all DSM simplexes generated from the best pool BBP. The 

quality of the individuals during the search is evaluated on the basis of their fitness FLEN. 

At the end of the search, each simplex produces a chromosome with the lowest value of 

the fitness FLEN. All such chromosomes are selected into the best pool BLOCB . If there is 

sufficient number of chromosomes, the matrix of Hamming distances is computed, and 

chromosomes are clustered, to form new DSM simplexes, in the same manner as it is 

done for generating simplexes from the pool BBP.  
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Since the best pool BBLOC is composed of the chromosomes that have the best fitness FLEN, 

the local search is conducted for the new DSM simplexes using new fitness function 

FMATCH. At the end of the global iteration, best pools BPB  and BBLOC are sorted in the 

increasing order of the values of their respective fitness functions FLEN and FMATCH. The 

best chromosomes from the both pools are selected, to form the final best pool BFINB  

which is sorted in the increasing order of the values of its fitness function FRATIO. The 

specified number of chromosomes from the pool BBFIN is presented for the final 

evaluation.  

 

The algorithm continues its work by evaluating the values of the hit function for all 

ranges of the parameter domains, accordingly assigning the ranges to the hit bins and 

generating new populations, in the manner described at the beginning of this section. The 

algorithm terminates when the final set of solutions retain its position within the specified 

number of iterations. Once the solutions are obtained for the hull transformations, the 

fittest chromosomes can be used as initial approximation for the refined local search 

phase which attempts to find the final piece-wise affine transformation of all sections of 

the image. The details of the local phase of the search are discussed in section 6.4. 

 

6.3.1. Frontal Memory Management in Forming Population 

The idea of mutation with memory discussed in Chapter 4 (section 4.4.2), is extended to 

the frontal memory management used to form a new population. The frontal algorithm of 

the memory management is presented in Figure 6.6. 
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Figure 6.6: Frontal algorithm of memory management used to form a new population 

 

Each parameter domain (i.e., DX domain, DY domain, etc.) is divided into ranges of the 

size L = D / N, where N is the number of ranges. The number of ranges is chosen in such 

a way that the local search procedure can find the optimum solution, if the latter is 

located within the limits of the range. Each range is defined by its left and right limits, its 

center, the hit function, and the bin, where the range is located. The center of the range 

serves as the representative value of the parameter component and is processed during the 

search. The hit function keeps track of the frequency of the range usage during all 

operations of crossover, mutation, and local search. Hit bins serve as containers that store 

the ranges. Each bin contains only ranges whose hit function takes value within the limits 

dynamically assigned by the algorithm to this bin. 
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At the beginning of every global evolutionary iteration, i.e., before forming the new 

population, all ranges are distributed among the hit bins, in accordance with the values of 

their hit functions. To form individuals of the new population, ranges are drawn from the 

bins inversely proportional to the values of their hit function, i.e., the largest proportion 

of the population is drawn from the bins with the least values of the hit function. This 

strategy insures that all ranges are nearly equally represented in the population. If some 

range r receives less attention at the current iteration k, i.e., has low value of its hit 

function, then at the next iteration (k + 1), the algorithm will place the range r into a bin 

that will have the largest draw rate, thus compensating for the under-usage of the range at 

the current iteration. 

 

Under the mechanism of the fair representation of all ranges in the population, the same 

corresponding ranges from the different parameter domains will be drawn from the same 

corresponding bins and combined by the crossover operation, to form chromosomes of 

the new population. Therefore, every new population will be comprised of the same 

individuals. In order to break this dependency, a frontal approach is introduced in the 

following way. For each parameter, its respective set of hit bins is aligned, to form an 

infinite string. The bins from the different strings are combined, according to the 

following Formula: 

BBk, i = B0, iB  + k + li ,     (6.5) 

where k = 0, 1,… is the parameter order, i is the global iteration number, and li is the 

latency introduced by the iteration i. The latency can be set equal to the iteration number, 

in which case Formula (6.5) becomes 
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BBk, i = B0, iB  + k + i .     (6.6) 

 

Figure 6.7 shows the idea of the frontal algorithm, for a sample set of three parameters, 

each having four bins. As one can see, the bins from different parameter strings are 

aligned, thus forming a front that moves along the strings as the number of global 

iterations increases.  

 

 

Figure 6.7: Frontal algorithm used to form chromosomes from the hit bins, in the case of 

three parameters and four hit bins 

 

6.3.2. Multiple Objectives of the Global Hull Optimization  

The global search algorithm attempts to find the closest match between the hull model HT 

of the template image and the image of the response matrix MR computed for the 

reference image; it does so by minimizing the difference between the two images. The 

quality of the chromosomes comprising the population is evaluated on the basis of three 
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objectives, i.e., fitness functions FRATIO, FLEN, and FMATCH. These fitness functions are 

based on computing the following distances between the images HT and MR. 

 

The optimum distance DRATIO is defined as 

DRATIO = Noptim / Ntot ,     (6.7) 

where Ntot is the total number of nodes in the hull contour, and Noptim is the number of the 

optimum nodes that successfully matched the corresponding pixels of the response image 

MR. Since the final goal of the optimization process is to find the complete match 

between the two images, the distance DRATIO measures the degree of the ultimate success 

of the global hull optimization. The value DRATIO = 0 indicates a complete failure of the 

search, and the value DRATIO = 1 corresponds to the complete success, i.e., when all nodes 

of the hull have matched the response image MR. 

 

Elastic deformation DDEF of the hull is defined as 

max

1
,

δ

δυ

Aoptim
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i
i
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D

∑
==  ,    (6.8) 

where δν is the deviation of the matched node from the hull contour (i.e., the elastic 

deformation of the hull during the mapping process), I is the number of the deformed 

nodes, Noptim is the total number of the matched nodes, FA is the area reduction factor, and 

δν is the specified maximum value of the deformation allowed by the search. The distance 

DDEF evaluates the degree of the deviation of the matched hull contour from the hull 

contour of the image template.  
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The area reduction factor in Formula (6.8) is defined as the ratio of the areas of the 

matched hull contour AMATCH, and the template contour AT, i.e. 

FA = AMATCH / AT ,    (6.9) 

and plays an important role in fitness evaluation, to ensure that we obtain the largest 

possible match during the search. 

 

The length distance DLEN is defined as 
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where FA is the area reduction factor, lj is the segment length between the matched nodes 

j and (j + 1) of the hull contour, Noptim is the total number of the matched contour nodes, 

and LHC is the total length of the hull contour of the image template. The length distance 

DLEN evaluates the degree of preservation of the hull contour of the image template 

during the search. 

 

The area distance DAREA is defined as 

H

HAM
AREA A

AFAD || −
=  ,    (6.11) 

where AM is the number of the black nodes enclosed inside the matched hull, FA is the 

area reduction factor, and AH is the area of the template hull defined as the number of the 

black nodes inside the template hull. The area distance DAREA evaluates the degree of 

preservation of the inner area of the template hull during the search. 
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The fitness function FRATIO is defined as 

FRATIO = 1 – DRATIO ,     (6.12) 

and serves as the main objective function and the ultimate goal of the global hull 

optimization. If all contour nodes of the hull have matched for a chromosome V, then its 

fitness takes the minimum value FRATIO = 0. If none of the nodes have matched, then the 

fitness value equals to FRATIO = 1. Although FRATIO is the main objective of the global hull 

optimization, it cannot be directly used during the search, because the latter will attempt 

to find the largest possible contractive transformation, i.e., it will attempt to map the 

template hull onto the smallest spot in the reference image. This is the reason why the 

fitness FRATIO is used only in the final stage of the algorithm, as shown in Figure 6.5, to 

evaluate and rank the final set of the best solution.  

 

The fitness function FLEN is one of two working optimization objectives that are 

intensively used during the intermediate process of the search; it is defined as 

FLEN = DLEN + DAREA .     (6.13)  

 

The main goal of FLEN is to preserve, as much as possible, two main features of the hull 

shape – its contour length LHC, and its area AH. The search for the minimum value of the 

function FLEN always attempts to find the largest, or the outmost matching hull, thus 

preventing the process from converging into a small spot in the image MR. 

 

Once the pool BBLOC of the fittest chromosomes has been filled with the chromosomes that 

provide the largest matching hulls, the search switches to the new objective, and attempts 
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to find the closest and least deformed solution within the pool BLOC. The objective of the 

optimization now is to minimize the fitness function FMATCH 

DEF
tot

totAoptim
MATCH D

N
NFN

F +
−

=  .    (6.14) 

 

The function FMATCH has two components: the first component evaluates the degree of the 

match, while the second component evaluates the elastic deformation of the matched hull, 

in relation to the original template hull. Therefore, the search attempts to maximize the 

degree of the match and simultaneously to place the matched hull in the closest possible 

way to the original hull, reducing the deviation from the latter. 

 

The approach to multi-objective optimization undertaken in the algorithm of the global 

hull optimization shown in Figure 6.5 is to utilize three different objectives, in the form 

of three fitness functions, in the consecutive manner. First, the pool of the largest 

matching hulls is found using the fitness function FLEN that ensures the preservation of 

the main shape features of the template hull. Then, the obtained fittest individuals are 

refined with the fitness function FMATCH which identifies the best matched solutions that 

are least deformed, in relation to the original template hull. Finally, the best individuals 

obtained with the objectives FLEN and FMATCH, are evaluated and ranked according to the 

main final objective of the search, the fitness function FRATIO. The latter allows the 

algorithm to select the best solutions according to the number of matching nodes. The 

final set of solutions is presented to the decision maker and, if needed, participates as 

initial approximation in the second pass of the algorithm – the local search for the 
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optimum piece-wise transformation of the entire template image. This second pass is 

presented in the next section.  

 

6.4. Local Optimization of the Piece-Wise Affine Transformation 

The optimum final solutions found by the global hull optimization serve as the initial 

approximation for the local optimization of the entire template image. Local optimization 

attempts to find a piece-wise affine transformation that can produce the best mapping 

from the template image onto the reference image in the response space. The template 

image is represented as a set of sections of specified dimensions, i.e., ImgT = {S1, S2, …, 

SM}, where M is the number of sections. Then the sought transformation T of the entire 

template is represented in the form of superposition of the affine transformations Ak of 

the individual sections Sk: 

∑
=

=
M

k
kAT

1
,     (6.15) 

where each individual affine transformation Ak is defined by the parameter vector 

Vk = (DXk, DYk, θk, SXk, SYk, SHXk, SHYk) .   (6.16) 

 

The overall strategy of the multi-objective local optimization of the piece-wise affine 

transformation of the template image in the response space is presented in Figure 6.8. The 

template response image is broken down into sections that form a hierarchical tree 

structure. The sections that are the closest to the template hull are placed at the top of the 

hierarchy; they form the base level of the tree. The sections that are adjacent to the base 

level form the next level of the tree. The process of building the sections tree continues 

until all template sections are placed on the proper levels of the tree – see section 6.4.1. 
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Figure 6.8: Algorithm of the local optimization of the piece-wise affine transformation 
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Once the tree is completed, the algorithm processes all sections sequentially, level by 

level, in a “peeling-off” manner, starting from the base level at the top of the hierarchy 

and moving down the tree. The rational behind this “peeling-off” technique is that the 

base sections adjacent to the hull will have their transformation vectors close to the hull 

transformation; these vectors can be relatively easily found using the hull transformation 

as the initial approximation. Once the transformation of the base level has been found, the 

base sections are correspondingly transformed and eliminated from the further work of 

the algorithm, i.e., they are “peeled off”. All the following levels of the tree have to be 

adjusted, level by level, following the transformations of the base level. Next, the 

sections adjacent to the base level can be considered. Since they are close to the base 

level, it is logical to assume that their transformation vectors will be close to the 

transformation vectors of the corresponding base sections; therefore, the latter can serve 

as the initial approximation for the optimization of the adjacent sections. The entire 

“peeling-off” process, therefore, works as described below. 

 

Step 1: Parental sections are optimized using the transformation vectors of the 

grandparents as the initial approximation, and are eliminated (“peeled off”) from the 

further search. 

 

Step 2: Offspring sections are adjusted according to their parents’ transformations; the 

adjustment process propagates throughout the entire tree. 
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Step 3: Offspring are optimized using the transformation adjustment as the initial 

approximation for their own transformations, and are eliminated (“peeled off”) from the 

further search. 

 

Step 4: The “peeling-off” process continues until all sections have been processed. 

 

The final transformation AS,LEV of any individual section Sk located at some level LEV of 

the sections tree, therefore, is the combination of all transformations of this section 

occurred at the previous levels: 

0,2,1,, SLEVSLEVSLEVS AAAA ×⋅⋅⋅××= −−  .   (6.17) 

 

Since at any level of the section tree, there is a fairly good initial approximation of the 

piece-wise affine transformation of the sections inherited from the parental level, it is 

logical to assume that the offspring transformation vectors do not deviate too far from 

their parents. Therefore, the initial population for the optimization at the current tree level 

LEV is initially generated within a small range around the parental parameters. If the 

optimization search does not produce good results, the new population is generated using 

a larger parameter range. The process of expanding the parameter range continues until 

no more good solutions have been produced. The process of expanding parameter ranges 

around their initial approximation is, in fact, the process of relaxation of the initial 

constraints imposed on the parameter range. The population for every parameter range is 

generated using the same frontal memory management procedure that is discussed in 

section 6.3.1 of this Chapter. 
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Two fitness functions, FLINK and FRATIO are used as two objectives of the local piece-wise 

optimization. Once the new population has been generated, the quality of every 

chromosome is evaluated on the basis of the fitness functions FLINK. This function takes 

into account the relative position of the section among its adjacent parents and siblings, 

thus preserving the integrity of the entire template model. The detailed discussion of the 

fitness functions FLINK and FRATIO is presented in section 6.4.2. 

 

The best fraction of the current population is selected and inserted into the best pool BBP. 

Make a note that the pool collects the best solutions obtained for the current section, over 

all expansion of its parameter range. The matrix of Hamming distances is computed for 

all chromosomes in the pool, and DSM simplexes are generated by clustering the 

neighboring individuals in the manner discussed earlier in section 6.3.  

 

Once all sections of the current tree level LEV have been processed, local optimization is 

performed for all DSM simplexes using the fitness function FLINK. The best final 

solutions are selected and ranked according to the final objective of the search defined as 

the fitness function FRATIO. The latter evaluates the degree of the match between the 

sections of the template and the corresponding sections of the reference image, in the 

response space. All sections of the current tree level LEV are transformed, each according 

to its respective best final solution VS.  

 

Since the sections of the level LEV have undergone affine transformations AS, all the 

following levels of the sections tree have to be accordingly adjusted, i.e., transformed 
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using the transformations AS, in the following way. If a section S at the level LEV has K 

parents (i.e., adjacent sections) at the previous level (LEV – 1), then its transformation 

vector VS,LEV is computed as the weighted mean of all parental transformation vectors 

Vk,LEV-1, i.e., 

∑
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,  ,    (6.18) 

where wk is the weight assigned to the parental transformation vector Vk,LEV-1; it is 

inversely proportional to the vector’s fitness 

wk = 1 / FRATIO,,k ,    (6.19) 

 

Formula (6.19) simply states that the parental chromosomes of higher quality will have a 

greater contribution in the offspring transformation. The procedure of the local 

optimization of the piece-wise transformation of the template image terminates when all 

sections, at all levels of the sections tree have been processed. The best final piece-wise 

transformations of the sections of the template image are presented to the decision maker 

for the final evaluation. 

 

6.4.1. Tree Structure of the Template Image 

The template image is broken down into sections which are organized in a hierarchical 

manner, to form a sections tree. The top level of the tree is comprised of the 

chromosomes that are adjacent to the template hull. In a sample template image shown in 

Figure 6.9, sections 0 through 8 are the top-level base sections which are processed first 

by the local optimization procedure. To find their transformation vectors VS, the 
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transformation T of the template hull shown in Figure 6.4, is used as the initial 

approximation, i.e., the starting point of the search. Sections 9 through 14 form the 

second level of the tree, etc. The entire sections tree for the sample template is presented 

in Figure 6.10. 

 

 

Figure 6.9: Sample template response image with the indicated image sections 

 

When sections 0 through 8 of the base level have been optimized and transformed 

according to their best final transformation vectors, sections 9 through 14 of the next 

level are transformed using the weighted mean of their parents’ transformation vectors. 

For example, the transformation vector V9 of section 9 is obtained as follows: 

210

221100
9 www

VwVwVw
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++
++

=  ,    (6.20) 
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where the weighted factor is computed as the inverse of the corresponding value of the 

sections’ fitness function, i.e., as 

w0 = 1 / FRATIO,0 , w1 = 1 / FRATIO,1 , w2 = 1 / FRATIO,2 .  (6.21) 

 

When optimization starts for sections 9 through 14, their adjusted transformations 

become the initial approximation of their new transformation vectors. 

 

 

Figure 6.10: Sections tree of the sample template image 

 

6.4.2. Multiple Objectives of the Local Piece-Wise Optimization 

In a manner similar to the global search, the final goal of the local optimization is to 

maximize the ratio of the matched nodes of the template which is represented by the 

collection of sections organized in a tree structure. Therefore, the main objective of the 

search for each section is stated in the form of the fitness function FRATIO defined 

similarly to the global search, as follows: 

FRATIO = 1 – DRATIO ,     (6.22) 

DRATIO = Noptim / Ntot ,     (6.23) 
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where DRATIO is the optimum distance, Noptim is the number of the optimum (i.e., matched) 

nodes, and Ntot is the total number of nodes in the section. 

 

In the search practice, however, the objective FRATIO can rarely be used. Even under the 

assumption that the transformation of every previous level of the sections tree can serve 

as the initial approximation for the next tree level, the sections of this level can still be 

significantly deformed, which can result in the erroneous match. To reduce the risk of 

such mismatch, the working objective of the local optimization is constructed in such a 

way that it preserves the integrity of the entire template by asserting the coherent 

placement of the transformed section, in relation to its neighbors. The fitness function 

FLINK corresponding to the objective of the optimization is defined as 

RL
tot

totAoptim
LINK EE

N
NFN

F ++
−

=  ,    (6.24) 

where Noptim is the number of the optimum nodes of the section, Ntot is the total number of 

nodes in the section, FA is the area reduction factor of the section, similar to the area 

reduction factor for the hull defined in section 6.3.2, EL is the energy of the linear 

deformation, and ER is the energy of the angular deformation of the section. Here, the 

first term, essentially, evaluates the ratio of the successfully matched nodes of the section. 

 

The second and the third terms in Formula (6.24) ensure that the current section is 

coherently placed among the surrounding neighbors, i.e., its parental sections and 

siblings. The energy EL of the linear deformation is defined as the weighted mean 

displacement of the section vertices occurred after the transformation, from the respective 

vertices of the neighboring sections: 
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where U is the number of section vertices connected to the section neighbors, LS is the 

mean value of the section linear dimension, DRATIO is the optimum distance, Δx,u is the 

weighted mean of the displacement of the vertex u in the x direction defined as 
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Δy,u is the weighted mean of the displacement of the vertex u in the y direction defined as 
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and δx,k and δy,k are the respective x and y displacements of the vertex u, in relation to the 

corresponding vertices of the section neighbor k. The weights wk are computed in 

accordance with Formula (6.19), such that the neighbors of a higher quality make a 

greater contribution to the energy EL of the section and act as its strong attractors. 

 

The energy ER of the angular deformation of the section is defined in a similar way, i.e. 
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where Ψc,u is the weighted cosine of the angular deformation of the vertex u defined as 
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Ψcs,u is the weighted sine of the angular deformation of the vertex u defined as 
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and ψc,k and ψs,k are the respective cosine and sine of the angular deformation of the 

vertex u, in relation to the corresponding vertices of the section neighbor k. 

 

 

Figure 6.11: Linear δ and angular ψ deformations of the section S, in relation to its 

neighbors S1 and S2
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Figure 6.11 illustrates linear and angular deformations of a sample section S that has two 

transformed neighbors, S1 and S2. Because sections are optimized in the consecutive 

manner, the first section of the current tree level LEV does not have siblings that have 

already been optimized on this level, and its deformation energy can only be evaluated in 

relation to its parents. In order to compensate for the insufficient information, all sections 

on the level LEV are sorted and ranked in the increasing order of their fitness values. The 

fittest section that has the lowest fitness value is selected as the starting section of the 

local search at the level LEV. 

 

6.5. Computational Experiments 

This section illustrates the application of the multi-population, multi-objective 

optimization algorithm described in the previous sections of this Chapter, to solving some 

difficult problems of imaging optimization. Each problem involves a piece-wise mapping 

of two template images of the same object taken from different camera views, onto the 

same reference image. The first problem discussed in section 6.5.1, considers human 

body registration in the still photo of a street scene. Recognition of a 3-dimensional 

object shape in the 2-dimensional space is presented in section 6.5.2. A sample elastic 

registration of medical images is shown in section 6.5.3.  

 

6.5.1. Human Body Registration 

All the algorithms of human body registration with EAs mentioned in Chapter 3 (section 

3.4.6) use various techniques based on motion analysis, in order to extract human body 

from video sequences. Motion analysis effectively reduces the computationally hard 
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problem of global optimization to a much more feasible problem of local optimization, by 

spotting the location of the body, thus drastically reducing the size of the search space. In 

the case, when motion analysis is infeasible or unavailable, e.g., in the recognition and 

registration of still images, the entire space of the potential parameter vectors V has to be 

utilized for the search. But this is exactly the kind of a problem where EAs are 

particularly efficient. Human body registration with the global pass of the multi-

population, multi-objective hybrid EA model and image response analysis presented 

earlier in this Chapter, works in the following way. 

 

Step 1: Body templates ImgBn (n = 1,…, N, where N is the number of the object views) 

are aligned (approximately), with respect to each other, using the same value of the angle 

θ; and shear factors SHX and SHY. 

 

Step 2: Response matrices RR of the reference image ImgR, and RBn of the template 

images ImgBn, are computed. Make a note that this can be done at the pre-processing 

stage, before the evolutionary search begins. 

 

Step 3: Response matrix RBn of each template is decomposed into quadtrees. 

Decomposition significantly reduces the total amount of information that has to be 

processed during the search, because only quadtree nodes participate in the fitness 

evaluation for any trial chromosome V. This transformation can also be done at the pre-

processing stage. 
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Step 4: A hull HBn (preferably, convex) is defined for each of the templates ImgBn. The 

hull is interactively defined by the user, and has to preserve the main shape of the body. 

The template hull can be defined at the pre-processing stage and stored in a database, as a 

part of the quadtree decomposition performed in step 3. 

 

Step 5: Evolutionary search with HEA is performed in the response space.  

 

The entire chromosome population TP consists of N subpopulations SPn, each of which 

corresponds to the particular template ImgBn; all subpopulations are aligned with each 

other. Subpopulations are fully and independently evaluated on the basis of their 

chromosomes’ fitness, where fitness FLEN of the individual chromosome V is defined as 

the degree of the match between the main features of the corresponding template hull HBn 

and the response matrix RR of the reference image. The chromosomes that simultaneously 

provide lower (i.e., better) fitness values for all subpopulations, are selected into the elite 

pool BBP. Once in the pool BPB , elitist chromosomes are clustered, in accordance with their 

mutual Hamming distance. Concurrent local search using a version of Downhill Simplex 

Method is conducted in such a way that each of the clusters forms an individual simplex. 

Thus, the number of the concurrently evaluated simplexes equals the number of the 

clusters in the subpopulation. The refined elitist chromosomes are selected into the 

second elitist pool, BBLOC, and the DSM search is performed using the second search 

objective, FMATCH. When the search terminates, the best elitist chromosomes computed 

throughout all iterations are ranked, in accordance with their corresponding fitness values 
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FRATIO, i.e., with the degree of the match between the template and the reference image. 

The list is presented for the final evaluation of the decision maker.  

 

In order to validate the proposed algorithm of human body registration with HEA and 

image response analysis, computational experiments are conducted with a set of 2-D 

grayscale images shown in Figure 6.12. The test set includes a 512×384-pixel image of a 

street scene (reference image ImgR), which includes a figure of a moving person; and two 

128×256-pixel images of different people (template images ImgB) taken from different 

camera views, i.e., from the back, and from the side. The templates are approximately 

aligned with each other, with respect to their vertical angular position; however, the 

templates have different scaling factors. The problem of human body registration

B

 is stated 

as the global optimization problem of finding the optimum vector V minimizing the 

difference F between the template images ImgB and reference image ImgR. The size of the 

population equals 64, and the ranges of the sought parameters are shown in Table 6.1. 

 

 

Figure 6.12: Reference image of a street scene (left); human body templates (right) 
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Table 6.1: Parameter ranges used in the human body registration 

Parameter θ DX DY SX SY SHX SHY 

Lower limit - 30° 0 0 0.3 0.3 - 0.5 - 0.5

Upper limit + 30° 512 384 1.0 1.0 + 0.5 + 0.5

 

Following the algorithm of the multi-population, multi-objective optimization described 

in sections 6.2 through 6.4 of this Chapter, the response matrices for all images are 

computed. The images of the response matrices are shown in Figure 6.13. For each 

template, a hull HB is entered interactively – see Figure 6.14. A screen snapshot presented 

in Figure 6.15 shows the results of the quadtree decomposition and the hulls of both 

templates, before the evolutionary search begins (in the pre-processing stage). A 

screenshot in Figure 6.16 shows the intermediate registration results after the first 

iteration of the algorithm.  

B

 

 

Figure 6.13: Response matrices of the reference image (left) and templates (right) 
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Figure 6.14: Sample hulls corresponding to the template images 

 

 

Figure 6.15: Screenshot after the pre-processing stage showing the quadtree 

decomposition and the template hulls 
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Figure 6.16: Screenshot after the first iteration of the evolutionary search 

 

 

Figure 6.17: Final results of the human body registration: the reference image (left) and 

the registered templates (center and right) 

 

The final results of the registration after iteration 6 are shown in Figure 6.17. Table 6.2 

provides the numerical values of the registration parameters, together with the degree r of 

the match between the images. Make a note that larger values of r correspond to a better 
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match. As one can see, the proposed algorithm is able to find satisfactory results within a 

relatively short span of time. The best match r = 0.797 (approximately 80%) occurs 

between the reference image and the template corresponding to the side image of a 

person, while the template corresponding to the back image displays a slightly worse 

match of only r = 0.670 (i.e., 67%). One can conclude that a picture of a person in the 

scene is most likely taken from the side view, which can also be seen from the visual 

evaluation of the image. 

 

Parameter θ DX DY SX SY SHX SHY r 

Template 1 (back) 0.4° 159 108 0.91 0.91 - 0.13 - 0.02 0.670

Template  2 (side) - 16.5° 179 83 0.78 0.77 - 0.09 - 0.03 0.797

Table 6.2: Registration parameters for the human body registration 

 

6.5.2 Recognition of a 3-D Object in the 2-D Space 

Direct application of the evolutionary search strategy to the mapping of 3-D objects 

encounters at least two serious problems: 

1. The object in the scene can be arbitrarily rotated in the 3-D coordinate space, 

while available template images typically represent only one, or a few 2-D 

viewpoints of the object. Consequently, a single transformation A(V) can no 

longer correctly represent the sought mapping between the images, under the 

condition of incomplete information. 

2. Direct comparison of image pixel values frequently cannot be used, since the 

different viewpoints might result in the different pixel distributions. Moreover, 
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during the search for a viable transformation A(V) between two images, Img0 and 

Img1, the pixels of the image Img1 might be erroneously mapped into the different 

pixels of the image Img0. 

 

The first of the above mentioned problems suggests using a set of image transformations 

SA = {A(Vk)}, rather than a single transformation, in such a way that each individual 

transformation A(Vk) in the set SA is applied to a corresponding individual section of the 

image Img1. In other words, A(V) becomes a piece-wise approximation of the actual 3-D 

mapping of the object. The original optimization problem of finding the parameter vector 

V minimizing the difference between the images turns into a multi-objective optimization 

problem (MOOP) of finding a set of feasible parameter vectors Vk minimizing the 

differences between the individual sections of the images Img1 and Img0. The second 

problem requires abandoning the idea of the pixel-wise comparison of the actual images 

and relocating the search into a suitable feature space. As shown in Chapter 5, using 

Image local response proves to be a viable alternative in the HEA-based search for a 

proper mapping of 2-D grayscale images. 

 

The possibility of extending the HEA-based approach to the 2-D object mapping is tested 

on a set of three grayscale images shown in Figure 6.18. The 300×300-pixel reference 

image Img0 contains an object arbitrarily rotated in the 3-D coordinate system. The 

template images are the 178×195-pixel top view Img1, and the 185×66-pixel left view 

Img2 of the same object.  
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Figure 6.18: Image of the scene with a 3-D object (left); the template images (right) 

 

 

Figure 6.19: Response matrices of the scene (left) and template images (right) 

 

Figure 6.19 shows response matrices MR for all three test images, under the general affine 

transformation defined by the 7-dimensional vector of parameters V = {DX, DY, θ, SX, 

SY, SHX, SHY). As one can see, the response values highlighted in Figure 6.19 emphasize 

the sections of the image that undergo the most noticeable changes after the 
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transformation A(V) has been applied to the image. The number of the response values 

participating in the operations of image comparison is effectively reduced by computing 

the histogram of the template image response, and by its further piece-wise 

approximation with a quadtree. Finally, the quadtree nodes are approximated by their 

mean gray values; the latter are compared against the response values of the 2-D object in 

the scene. 

 

The search for the proper mapping from the template images onto the scene starts with 

the global pass of the algorithm, in order to find the elastic affine transformation of the 

template hulls shown in Figure 6.20, alongside with the template sections. The parameter 

ranges of the global search are presented in Table 6.3.  

 

 

Figure 6.20: Template hulls and image sections: the top (top) and the side (bottom) views 
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Table 6.3: Parameter ranges used in the global search for the 3-D object recognition 

Parameter θ DX DY SX SY SHX SHY 

Lower limit - 90° 0 0 0.3 0.3 - 0.5 - 0.5

Upper limit + 90° 300 300 1.0 1.0 + 0.5 + 0.5

 

 

Figure 6.21: Results of three different phases of the algorithm for the top (top row) and 

the side (bottom row) views: the global transformations of the hulls (left column); the 

initial transformation of the template sections (center column); and the final piece-wise 

transformation of the template sections (right column) 

 

Figure 6.21 shows the results of three different phases of the algorithm: the global affine 

transformation of the template hulls, the respective transformation of the template 

sections, and the final piece-wise transformation of the template sections. As one can see, 
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the global pass of the algorithm is able to find a fairly good approximation to the actual 

elastic transformations of the template hulls, including their mutual angular alignment. 

The second, local pass finds a good set of transformation vectors for the template sections 

– compare the rightmost column in Figure 6.21 with the original image in Figure 6.19 

(left).  

 

6.5.3 Elastic Registration of Medical Images 

Registration of series of medical images obtained from MIR or CT-scan is another 

example of a difficult problem in imaging optimization. Different slices of the same 

organ from the scan have to be mutually registered. The difficulty stems from the fact 

that the organ changes its shape between the slices. Therefore, the registration algorithm 

has to be able to deal with these changes; it has to find the correct mappings between the 

slices. The computational experiments in this section show the work of the two passes of 

the algorithm, on elastic registration of a sample set of three images shown in Figure 

6.22. One of the images (Figure 6.22, left) plays a role of the reference image, while the 

other two images (Figure 6.22, center and right) serve as templates that have to be 

mapped onto the first image.  

 

 

Figure 6.22: Original medical images subject to elastic registration 
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Figure 6.23: Local responses of the reference (top row, left) and templates (top row, 

center and right); images of the template hulls (bottom row) 

 

Image local response is computed for each image, and the template images are 

represented by their hulls and sections – see Figure 6.23. The results of three phases of 

the algorithm are shown in Figure 6.24: the affine transformation of the template hulls at 

the end of the global pass, the corresponding transformation of the template sections at 

the beginning of the local pass, and the final piece-wise transformations of the template 

images. Table 6.4 presents the parameter ranges for the global search. 

 

As one can see from the comparison of the results of the piece-wise transformation 

(Figure 6.24, rightmost column) with the original reference image in Figure 6.23 (left), 

the algorithm is able to find a fairly good mapping from the template images onto the 

reference image. 
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Figure 6.24: Results of three different phases of the algorithm for the template 1 (top 

row) and template 2 (bottom row): the global transformations of the hulls (left column); 

the initial transformations of the template sections (center column); and the final piece-

wise transformations of the template sections (right column) 

 

Table 6.4: Parameter ranges for the global elastic registration of medical images 

Parameter θ DX DY SX SY SHX SHY 

Lower limit - 10° 0 0 0.5 0.5 - 0.3 - 0.3

Upper limit + 10° 360 360 1.0 1.0 + 0.3 + 0.3
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6.6. Summary 

Chapter 6 presents a sample implementation of the optimization algorithm based on the 

range of models and algorithms proposed and discussed in Chapters 4 and 5. The 

algorithm extends and complements these models and algorithms in the following 

directions. 

 

Optimization search is conducted entirely in the response space, which directly extracts 

the main shape features of an image, thus avoiding the unreliable direct comparison of 

image pixels on the one hand, and significantly reducing the amount of information that 

needs to be processed during fitness evaluation, on the other hand. 

 

Multiple populations are used during the search, in order to deal with the applications that 

have to find mapping from multiple views onto the same reference image. Each of the 

multiple views is represented by the independent subpopulation. In order to reduce the 

dimensions of the search space and eliminate false solutions, the algorithm aligns all 

subpopulations on a sub-vector V = (θ, SHX, SHY) of the general affine transformation, 

every time the new generation is created. 

 

Since real-world imaging problems might include different views of the same object 

allowing for a significant distortion of the object image which cannot be represented by a 

single transformation vector, the optimization of a piece-wise affine transformation 

between the images subject to the mapping, with a hybrid EA model is introduced. 
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In order to increase the diversity of the population and provide a fair representation of all 

parameter ranges in the population, a frontal algorithm of creating new population is 

introduced, which keeps track of the usage of the parameter space during all operations of 

crossover, mutation, and local search.  

 

In order to increase the robustness and accuracy of the image mapping, the algorithm 

conducts the search using multiple optimization objectives, in the form of different 

fitness functions. The algorithm processes the objectives in an alternating manner, 

switching between the fitness functions, at the different computational stages.  

 

The computational model of an image is created using the following steps: 

• Image local response is computed; 

• histogram of the response is computed, and a threshold is applied to eliminate 

noise; 

• image is divided into sections, such that each section has its own transformation 

vector; 

• each image section is decomposed into a quadtree whose nodes participate in all 

computational operations; 

• all image sections are organized in a hierarchical tree, and processed in a top-to-

bottom manner; 

• essential part (a hull) of the image is chosen, such that the hull’s transformation 

can be defined as an elastic affine transformation; the hull is represented by its 

contour nodes and internal black nodes. 
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The algorithm works in two consecutive passes: during the first pass, global optimization 

is performed seeking for the optimum mapping of the image hull. During the second pass, 

the hull transformation is used as the initial approximation for the final piece-wise 

optimization of image sections. 

 

During the second pass of the algorithm, image sections are organized in the hierarchical 

tree structure, where the top level is formed by the sections adjacent to the image hull. 

The algorithm processes the sections in a level-wise manner, starting from the top level. 

The piece-wise transformation of the parental level serves as the initial approximation for 

the optimization of the offspring level. The sections of the top level use the hull 

transformation as the starting point of the search. 

 

In the second pass of the algorithm, the initial approximation for the piece-wise 

transformation is available from the global pass. The algorithm uses a principle of 

relaxation of parameter ranges when it generates the next population. The ranges are 

centered about the initial approximation, and are iteratively increased, until all potentially 

viable candidate solutions can be generated. This approach, on the one hand, favors the 

solutions that are closer to the initial approximation; on the other hand, it allows for the 

sections to undergo significant distortions during the mapping.    

 

The algorithm intensively uses local optimization search. The fitter to date chromosomes 

are selected and clustered based on the matrix of their mutual Hamming distances. Each 
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cluster forms an individual DSM simplex; random mutation is used, if necessary, to 

complete the set of the simplex vertices. 

 

The potential ability of the algorithm to solve complex image mapping problems 

involving significant image distortion, is illustrated on three sample imaging problems: 

global human body registration, 3-D object recognition in the 2-D space, and elastic 

registration of medical images.  
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Chapter 7: Summary and Conclusions 

7.1. Objectives of the Research 

This research applies Evolutionary algorithms (EAs) to the task of finding a proper 

mapping between geometrically distorted images, which arises in such applications as 

image registration, object recognition, and content­based image retrieval. The task can be 

formulated as an imaging optimization problem of minimizing the difference between the 

images. Continually growing complexity of imaging optimization problems and necessity 

to deal with changing dynamic and uncertain information put higher demands on the 

existing systems of processing visual information, and expose their limitations and 

frequent inefficiency, which makes researchers turn their attention to new methods that 

are capable of autonomous adjustment and self­adaptation to volatile inputs and tasks. 

One of the powerful and versatile among such methods is a family of Evolutionary 

algorithms (EAs) – heuristic­based global search and optimization methods originally 

based on the principles of biological evolution. The algorithms have three principal 

advantages over other computational methods: 

•  EAs use inherently parallel processing of information; 

•  EAs are efficient in conducting global search in a large multi­dimensional 

parameter space; 

•  EAs are highly tolerant to non­linearity, non­continuity, and irregularity of the 

objective function.
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Analysis of the state­of­the­art in the Evolutionary algorithms, on the one hand, and its 

comparison with the range of the practical imaging optimization problems solved with 

EAs, on the other hand, shows significant gap between the two. While the current status 

in the EAs theory and methodology includes a broad variety of advanced models and 

techniques, the majority of the practical imaging applications still use the basic, classical 

models of the main representatives from the EAs family. The classical EA models have 

proven inefficient in many practical applications, including some of the problems related 

to image processing. However, the implementation of advanced methods that go beyond 

the classical models requires an in­depth understanding of the morphological 

development of Evolutionary algorithms, as well as a fairly comprehensive analysis of 

their recent trends and advances. 

Challenges in solving complex real­world imaging optimization problems, and the 

shortcomings of the EA models currently used to solve these problems, suggest the 

overall objective of this research: it attempts to analyze the potential use of modern 

advances in Evolutionary computations for solving practical problems encountered in 

imaging optimization. In particular, the research attempts to achieve the following 

objectives: 

•  develop and analyze a range of models, algorithms, and techniques implementing 

advanced concepts of Evolutionary algorithms which can improve their 

computational performance in imaging optimization;
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•  design a fairly general approach based on a broader hybridization of EAs with a 

range of other advanced models, algorithms, and techniques, for solving a larger 

spectrum of imaging optimization problems. 

7.2. Important Results of the Research 

The research proposes the following main directions for improving the computational 

performance of Evolutionary algorithms in imaging optimization. 

Hybridizing EAs with local optimization technique, in the particular form of a two­phase 

(random/direct) cyclic search algorithm, reduces the excessive computational cost of 

local search and refinement of the solution. The algorithm has the following distinctive 

features: 

•  using direct DSM search, as opposed to gradient­based methods of local search 

frequently used in the hybrid EA models, which allows one to reduce the total 

number of fitness evaluations and increase the robustness of the algorithm, in the 

case of possible irregularities of fitness function; 

•  adding randomness to the deterministic and algorithmically well defined DSM, 

which allows one to relocate the simplex in the local neighborhood in a more 

advantageous way, thus preventing the search from falling into a sub­optimum 

solution and reducing the total number of fitness evaluations; 

•  engaging partial, rather than the complete local search, in a cyclic manner, which 

allows one to reduce the number of wasted local evaluations, in the case of
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discarding locally evaluated neighborhoods at a later stage of the global 

evolutionary search; 

•  building a tree structure, in order to keep track of the visited points in the local 

neighborhood, which prevents the search from re­visiting the discarded points. 

Utilizing bookkeeping operation in the search space, in the form of mutation with 

memory and frontal algorithm of forming new population, assures its diversity and 

restores the fair and effective usage of the search space disrupted during the operations of 

crossover, mutation, and local search. 

Comparative experiments on image sets undergoing a 4­dimensional affine mapping 

show a superior performance of the hybrid EA model that uses the proposed two­phase 

local search and mutation with memory, over the classical elitist EA model. For example, 

the classical EA model finds the minimum fitness values F = 0.00464 and F = 0.00620 

after 391 and 77 generations, with the number of fitness evaluations E = 44213 and E = 

8731, for the first and the second tested sets, respectively. The modified hybrid EA model 

is able to find better minimum fitness values F = 0.00370 and F = 0.00246 after 11 and 

17 generations, with significantly smaller number of fitness evaluations E = 3421 and E = 

5467, for the first and second tested sets, respectively. 

Utilizing a concept of Image local response allows one to directly extract the main shape 

features of an image, reduce the computational cost of fitness evaluation, and provide an 

efficient image model for adaptive local search, reduction of parameter space, and multi­
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sensor image fusion. Image local response has the following important properties that 

make it a valuable tool in imaging optimization with Evolutionary algorithms: 

•  response senses the distribution of pixel values in small localities across the 

image, thus providing a crude estimation of the local behavior of fitness function; 

•  response emphasizes the areas of the image that are most sensitive to the applied 

transformation, which makes it a convenient technique for extracting essential 

shape features of the image; 

•  since response is computed by mapping image onto itself, it is not particularly 

sensitive to the imagery type, which makes it a useful tool in multi­sensor fusion. 

Comparative experiments on image sets undergoing a 5­dimensional affine mapping 

show the advantage of using image responses for selective fitness evaluation. For 

example, for two image sets, the full evaluation of the images requires E = 9119 and E = 

5236 fitness evaluations, and provides the minimum fitness values F = 0.00876 and F = 

0.00317, for the first and second sets, respectively. The use of the selective fitness 

evaluation based on image response mask requires significantly smaller number of 

evaluations, E = 6088 and E = 2495, and provides similar minimum fitness values F = 

0.01154 and F = 0.00248, for the first and second sets, respectively. 

The adaptive response­based mechanism used in local DSM search reduces the number 

of local fitness evaluations between 27.2% and 44.9%, without the loss of the quality of 

the optimum solution, on the tested image sets subject to a 5­dimensional affine mapping.
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Cross correlation of image response matrices allows one to find the correct 5­dimensional 

mapping on a test set after 24 generations, when the regular algorithm stalls in a local 

minimum point. When applied to the second test set, this technique allows one to reduce 

the computational cost of the mapping to 7 generations, as opposed to 23 generations 

spent by the regular algorithm. 

Experiments conducted on a sample test set, in the cases of 4­ and 5­dimensional 

mapping problems, show that conducting the search in image response space, rather than 

in the actual visual space, allows one to successfully map images of different types, 

particularly, to map a wireframe object model onto the scene containing a solid object 

model. 

Introducing an advanced image model reduces the amount of information needed for 

image processing during the search. The computational model of an image is created 

using the following steps: 

•  image response is computed; 

•  histogram of the response is computed, and a threshold is applied to eliminate 

noise; 

•  image is divided into sections, such that each section has its own transformation 

vector; 

•  each image section is decomposed into a quadtree whose nodes participate in all 

computational operations;
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•  image sections are organized in a hierarchical tree structure which is processed in 

a top­to­bottom manner; 

•  essential part (a hull) of the image shape is chosen, such that the hull’s 

transformation can be defined as elastic affine transformation; the hull is 

represented by its contour nodes and internal black nodes. 

Representing the sought image mapping in the form of a piece­wise affine transformation 

allows for significant mutual distortion of the compared images, such that the different 

image sections have their respective local affine transformations. 

Organizing image sections as a tree structure and processing the tree in the hierarchical 

top­to­bottom manner, allows one to use the local transformations of the parental sections 

as initial approximations for the local transformations of the offspring sections. 

Utilizing multiple aligned populations increases the coherence and robustness of the 

mapping when multiple image views have to be simultaneously processed. Each of the 

multiple views is represented by an independent subpopulation. In order to reduce the 

dimensions of the search space and eliminate false solutions, the algorithm aligns all 

subpopulations on the sub­vector V = (θ, SHX, SHY) of the general affine transformation, 

every time the new generation is created. Here, θ is the rotation angle in the xy plane; and 

SHX and SHY are the shear factors along the x and y axes, respectively.
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Utilizing multi­objective optimization, where the algorithm processes different fitness 

functions at the different computational stages, increases the efficiency and confidence of 

the search. 

The algorithm works in two consecutive passes: during the first pass, global optimization 

is performed seeking for the optimum mapping of the image hull. During the second pass, 

the hull transformation is used as the initial approximation for the final piece­wise 

optimization of image sections, in the following way. 

During the second pass of the algorithm, image sections are organized in a hierarchical 

tree structure, where the top level is formed by the sections adjacent to the image hull. 

The algorithm processes the sections in a level­wise manner, starting from the top level. 

The piece­wise transformation of the parental level serves as the initial approximation for 

the optimization of the offspring level. The sections of the top level use the hull 

transformation as the starting point of the search. 

Moreover, in the second pass of the algorithm, the initial approximation for the piece­ 

wise transformation of the top­level sections is available from the first, global pass. The 

algorithm uses a principle of relaxation of the parameter ranges, when it generates the 

next population for each section. The ranges are centered about the initial approximation; 

they are iteratively increased until all potentially viable candidate solutions can be 

generated. This approach, on the one hand, favors the solutions that are closer to the
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initial approximation; on the other hand, it allows for the sections to undergo significant 

distortions during the mapping. 

The algorithm intensively utilizes local optimization search. The fitter chromosomes are 

selected and clustered based on the matrix of their mutual Hamming distances. Each 

cluster forms an individual DSM simplex; random mutation is used, if necessary, to 

complete the set of the simplex vertices. 

The potential ability of the algorithm to solve complex mapping problems involving 

significant image distortion is demonstrated on three sample imaging optimization 

problems: global human body registration, 3­D object recognition in the 2­D space, and 

elastic registration of medical images. 

7.3. Potential Directions of Further Research 

Analysis of the state­of­the­art of Evolutionary algorithms in imaging optimization and 

the results of this research allows one to identify some potentially efficient directions of 

further research toward the broad hybridization of Evolutionary algorithms with other 

methods, including the extension of both, application and methodology areas: 

1.  Application area ­ extension of the obtained theoretical and experimental results 

to interesting cases of other transformations, e.g., an important practical case of 

perspective transformation. 

2.  Further theoretical and experimental investigation of the proposed concept of 

Image local response including its properties; applicability to different imagery
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and utilization in multi­sensor fusion; and the use for pre­processing and 

enhancing evolutionary operators. 

3.  Further development of the proposed two­phase cyclic local search algorithm 

including investigation of the statistical correlation, on the neighborhood level, 

between fitness function and image local response, in order to further increase the 

efficiency of the local search. 

4.  Further development of algorithms for managing the global search space during 

all operations of selection, crossover, mutation, and local search, based on the 

extension of the proposed frontal algorithm. 

5.  Development of more comprehensive criteria of terminating the evolutionary 

search, based on the use of statistical analysis and results of the memory 

management and control.
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