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ABSTRACT 
This paper investigates the performance of an evolutionary algorithm in the 
reconstruction of the shape and location of an arbitrary three-dimensional (3-D) dielectric 
object immersed in air. An evolution strategy optimization technique is combined with 
the method of moments to estimate, in terms of a multidimensional optimization problem, 
the unknown parameters that determine the shape and the location of the object. The 
reconstruction is performed through the minimization of an error function between the 
synthetic measurements and simulated scattered data. The results show a potential of the 
algorithm in estimating the shape and location of 3-D objects. 
 
 
I. INTRODUCTION 
Microwave imaging modality has an important potential in medical applications, 
especially in the detection of small malignant breast tumors. This method takes advantage 
of the significant contrast between malignant and breast tissue at the microwaves 
frequency range. The analysis of the intensity of the scattered waves (electric fields) leads 
to information regarding the shape, size, electrical properties, and location of the tumor 
[1]. A technique employing evolution strategies is proposed to reconstruct the shape and 
location of the malignant tumor.  For simplicity, to illustrate the principles of the method, 
this work will focus on the reconstruction of the shape and location of 3-D dielectric 
objects immersed in air. 
 
Section II discusses the formulations of the evolution strategies, Section III discusses the 
numerical results, and Section IV summarizes the concluding remarks. 
 
 
II. FORMULATIONS 
An evolution strategy is an iterative optimization technique inspired on Darwin’s theory 
of evolution [3]. The numerical implementation we consider in this work draws on some 
inspiration from the inversion procedure described in [4]. The step before starting the 
evolutionary loop is the random generation of an initial population given by the set:   
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In the first step of the evolutionary loop, the elements of the initial population are 
modified through the introduction of random changes by means of the genetic operators 
of recombination and mutation. The resulting set of modified elements is known as 
secondary or intermediate population, depending on the strategy employed, and has the 
form:  
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where g
ip~  represents the ith component in the gth iteration of the λth set in the secondary 

population. The tilde in Eq.(2) indicates that each element has been generated employing 
the genetic operators.  
 
The role of the recombination operation is to exchange information between the elements 
of the population and it is defined as:  
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where i = 1, 2,…, n and l = 1, 2,…, λ with n and λ being the number of elements and the 
size of the secondary population respectively, and where ρ  determines the number of 
parent population sets that take part into the creation of one set of the secondary 
population.  
 
The mutation operator is used to avoid premature convergence over local minima by 
exploring the search space through the introduction of new information into the 
population set [5]. A typical implementation of this operation, known as “self-adaptive 
mutation” is given by [4]: 
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whereσ is a “strategy parameter” whose main function is the adaptation of the mutation 
step sizes through the evolutionary loop. According with the notation employed in Eqs. 
(3) and (4), it is clear that in a ‘self-adaptive’ scheme the genetic operators are applied 
simultaneously to the objective variables   , which represent the physical values of the 
secondary population, and to the strategy parameters 

p
σ . The function N(0,1) is a 

normally distributed Gaussian random variable with zero expectation and variance of 
one. Finally, the two exogenous parameters τ  and 'τ  are known as “learning rates” and 
they are defined as follows [4]: 
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It is worth mentioning that the determination of the learning rates depends on the features 
of the cost function and on the number of object variables.  
 
In order to evaluate the potential of the elements within the secondary population, a cost 
value is associated to each of them. For this end, the forward problem is solved through a 
rigorous, approximate or numerical method, depending on the problem that is being 
studied. Then, the closeness between the resultant scattering data corresponding to each 
element is compared with those corresponding to the object to be reconstructed through a 
cost function that we have defined as follows: 
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where )(PE True
j  represents the scattered electric fields from the target object and 

)(PE Sim
j  represents the scattered electric fields from the reconstructed object. The total 

number of receivers is denoted by Nr. The vector components P(p1 , p2, … , pn) represent 
the unknown parameters to be retrieved. In the present work we employ the method of 
moments (MOM) described in ref. [2] to calculate both, the “target” data that serves as 
input for the method and the fields scattered from dielectric objects generated with the 
elements of the population that is being evaluated. 
 
Once this error is obtained, depending on the selection strategy employed, only those µ 
elements with the lowest associated cost value will be selected to be the parents for the 
next iteration.  This process is repeated until convergence is achieved or a termination 
criterion is fulfilled. 
 
 
III. NUMERICAL RESULTS 
The reconstruction of several dielectric objects such as spheres, spheroids and ellipsoids 
were investigated. In all these cases three unknown parameters were used to determine 
the coordinates of the center of the object. For brevity, only those results corresponding 
to the reconstruction of an ellipsoid will be presented in this work.  In this case, 6 
parameters describing the shape and location will be estimated (i.e. a, b, c, x0, y0, z0).  The 
target values of the center coordinates are 4λ0, 4λ0, and -0.4λ0 for the x-, y- and z- 
directions, respectively. Also, the three coefficients that determine the shape of the target 
object are set to a = 0.156λ0, b = 0.356λ0, and c= 0.556λ0, where λ0 is the free space 
wavelength of the incident s-polarized plane wave employed to illuminate the object. The 
dielectric constant of the target ellipsoid is j0.591-5.071=rε .  The object is 
discretized, according to the MOM, into triangular patches with 15 nodes in the θ -
direction and 20 nodes in the φ -direction.  A total of 2176 point receivers surround the 
object.  The receivers are positioned at x = 2.5λ0, x = 5.5λ0, y = 2.5λ0, y = 5.5λ0, and at z = 
-1.68λ0.  The spacing between the point receivers in the x- and y-directions is 0.1λ0 while 
0.12λ0 is used in the z-direction.   
 
The reconstruction results are shown in figure 1 where the dark color represents the 
reconstructed object and the light color represents the original object.  The reconstructed 
object is plotted after 1, 30, 60, and 100 iterations to show the convergence of the 
algorithm.  It is observed that after 60 iterations the object has almost converged to the 
true one.  In this case, the required CPU time is approximately 11 hours.   
 
 
IV. CONCLUSION 
The evolution algorithm is combined with the method of moments to reconstruct 3-D 
dielectric objects immersed in air. The results show promising potential for estimation of 
the shape and location of malignant tumors immersed in normal breast tissue as a future 
application.  The algorithm is currently under modification to improve the CPU time.  For 
practical considerations, less number of point receivers will be utilized in the future. 
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Figure 1   The reconstructed object at different inversion iterations using Gaussian 




