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Abstract – The two most commonly used antenna array layouts, the periodic array and the random array, have 
beneficial properties which are mutually exclusive of each other.  In order to combine the positive properties of both 
types of arrays into one design successfully, researchers are focusing on a class of arrays that has both periodic and 
random structures:  fractal-random arrays.  In addition, researchers have used genetic algorithms, global 
optimization computer models based on natural selection, to find successful solutions for layout problems.  This 
paper introduces a type of nature-based design process that applies a genetic algorithm optimization technique to 
find successful fractal-random array layouts.  Also, this paper discusses how to exploit the fractal properties of the 
fractal-random array to boost the speed of the array factor calculation and thus to reduce the time required for the 
genetic algorithm to find a solution.  Finally, this paper illustrates several examples of genetically optimized fractal-
random arrays with improved side-lobe level suppression and small beamwidths. 
 
Introduction 
 

In recent years, society’s demands on modern radar and communication systems have increased greatly.  
The antenna is one of the most critical pieces of these systems and antenna designers are looking for many ways to 
improve these pieces of equipment.  Antennas are evaluated by several criteria.  The first, gain, is the ability to focus 
the antenna’s effort in a particular direction.  By improving the gain of the antenna, a system can provide less power 
to achieve the same goal.  The second criterion, side-lobe level, is a measurement of the maximum level of radiation 
in undesired directions.  Reducing the side-lobe level of an antenna makes the system safer for nearby communities, 
stealthier for airborne radar applications, and more sensitive for any application.  Finally, robustness is the 
likelihood that an antenna will fail over time.  

One of the most popular designs chosen to achieve these goals is the antenna array because of its simplicity 
and versatility.  However, the conventional methods used to design antenna arrays have many limitations and often 
do not achieve the most optimal design solutions.  The vast majority of the antenna arrays used in practice is either 
periodic arrays or random arrays.  Periodic antenna arrays possess many good characteristics; they typically have 
low side-lobe levels and easily definable antenna positions.  Periodic arrays, however, are not resistant to element 
failure and do not give antenna designers or computer optimizers many parameters to work with.  Random arrays, 
unlike periodic arrays, are very resilient against element failure and have many degrees of freedom in their designs, 
but random arrays are not as effective in suppressing side-lobe levels as periodic arrays and in defining the positions 
of antenna elements.  Thus, there is a trade-off between performance and robustness that an antenna designer must 
weigh when deciding which of these layouts to use for an array design.   

In recent years, engineers have begun to base more designs on concepts from nature.  One technique that 
has received a lot of attention involves combining aspects of the modern theory of fractal geometry with antenna 
design. This rapidly growing area of research is known as fractal antenna engineering [1,2].  Fractals are a class of 
geometric shapes that can be subdivided in parts, each similar to the whole.  Examples of fractals can be found 
throughout nature in the form of trees, plants, coastlines, vascular systems, and river deltas, to name a few.  An 
approach studied by Kim and Jaggard [1,2] combines the beneficial properties of periodic and random arrays.  This 
layout, called the fractal random array, incorporates modern fractal theory with random number theory.  Inspiration 
for this method is found in the natural world, where many objects and living things closely resemble fractals but are 
also not completely deterministic.  In the fractal random array, fractals are used to represent geometric order found 
in periodic arrays and randomness is used to represent geometric disorder found in random arrays.  Similarly, fractal 
random arrays perform better than periodic arrays in regard to robustness against element failure and better than 
random arrays in regard to suppression of side-lobe levels.  Thus, the fractal random array is a natural way to bridge 
the gap between periodic and random arrays both structurally and functionally.   

In addition to being interesting geometric oddities for antenna researchers to study, fractal arrays lend 
themselves very nicely to rapid recursive beamforming algorithms because of their self-similar nature.  Since 
fractal-random arrays also have some degree of self-similarity, it is expected that a recursive beamforming algorithm 
can be found for this class of antennas.  One goal of this paper is to exploit the fractal properties of the fractal-
random array to boost the speed of the array factor calculation.   

Fractal-random arrays typically combine many of the beneficial properties of both periodic and random 
arrays; however, there are an infinite number of arrangements for fractal-random arrays.  Conceivably some fractal-
random arrays perform better than others.  Global optimization techniques can be used to find these most desired 



solutions.  One method that also receives its inspiration from nature is the genetic algorithm global optimization 
technique.  The genetic algorithm mimics the processes of natural selection, chromosome crossover, and gene 
mutation over a large population of antennas in order to find the most suitable solutions.  The purpose of this paper 
is to examine a type of nature-based design process that applies a genetic algorithm optimization technique to find 
successful fractal-random array layouts.  In addition, this paper discusses how the rapid beamforming algorithm can 
be used to reduce the time required for the genetic algorithm to find an adequate solution.  Finally, this paper shows 
some examples of fractal-random array solutions optimized to increase side-lobe level suppression and maintain 
small beamwidths. 
 
Fractal Random Arrays and Recursive Beamforming 
 

Fractal-random arrays can be created are created using several generators.  The fractal tree offers a clever 
analogy to the construction of these arrays.  In this example, the construction of a 46 element array is examined 
using a three branch generator and a four branch generator.  In a fractal-random tree, generators are selected 
randomly, scaled and attached to the end of the previous generator.  Then to create a fractal-random array, elements 
are placed on the end of the branches when it reaches its final stage of growth.  In this paper, the fractal-random 
arrays are more specifically designed so that selected generator is determined by the branch before it.  In the 
example of the 46 element array, shown in figure 1, 4 branch generators connect only to the inside two branch of a 
previous 4 branch generator.  The outside two branches of the 4 branch generator and every branch of the 3 branch 
generator have 3 branch generators connected to their ends.   
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Figure 1.  46 element linear fractal-random array constructed using a fractal-random tree 
 

Fractal-random arrays are ideally suited for optimization via genetic algorithms because their self-similarity 
can be exploited to reduce the number of calculations needed to be performed for each antenna, thus making it 
possible to find solutions for much larger antenna arrays.  The recursive algorithm works by first evaluating the 
array factors of the topmost subarrays, which are the scaled generators with isotropic sources.  After that point, array 
factors are evaluated for each subarray on every stage.  These subarrays are the scaled generators for each stage; 
however, the radiation patterns for each element of the subarray are the array factors of the subarrays of the stage 
above.  This process, illustrated in figure 2, is continued until the final pattern is found.  The 0.001° resolution 
radiation pattern of a 4-stage, 2-generator 256 element array can be calculated about 4 times faster using the 
recursive method than the general method.  This speed increase transferred over to the entire time required for the 
genetic algorithm to run, so the genetic algorithm now only takes one day as opposed to four to find a solution.  In 
this way, more complicated solutions can be evaluated using the genetic algorithm. 
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Figure 2.  Rapid recursive beamforming algorithm for a two generator fractal-random array 

 
Genetic Algorithm 
 

There are many different combinations of fractal-random arrays; conceivably some fractal-random arrays 
perform better than others.  This fact introduces the question: how are the better performing fractal-random array 
configurations found?  The answer lies in global optimization techniques such as genetic algorithms.  Genetic 
algorithms are computer programs which mimic natural selection in order to find better performing solutions to 
many problems. [3]  The genetic algorithm has a general population from which new arrays are formed.  These new 
arrays are created by combining properties of two of the arrays in the general population (commonly referred to as 
genetic crossover) and randomly changing properties of the arrays (commonly referred to as genetic mutation).  The 
genetic algorithm then keeps the best solutions of the new arrays to create a new population to replace the old one.  
This process is repeated until the most optimal solution is found. 

The work of this paper has been inspired greatly by the growth of trees in nature.  A tree’s shape is 
essentially a fractal-random tree; a tree has self-similarity (each branch resembles a smaller tree) but also has 
randomness (each branch does not look exactly the same).  Trees also adapt to their environment.  Tree roots crack 
through foundations of houses in order to find water.  In addition, when shielded from light on one side, a tree grows 
to catch light from the other side.  Nature’s persistence in its ability to adapt and the commonality of the fractal-
random structure in nature make the fractal-random array seem well suited for genetic optimization.   

In the genetic algorithm each array has a list of parameters that can be used to describe it.  This list of 
parameters is encoded in similar ways for each array and is given the term chromosome.  First, two arrays are 
randomly selected from the population and paired for genetic crossover.  Crossover is performed by randomly taking 
a piece from one chromosome and a piece from another and switching them, hence mixing the properties of both.  In 
most cases each chromosome is either the same size or every parameter of a chromosome is independent of order.  
Thus, randomly choosing which pieces to mix typically is not a problem. 

However, the chromosomes for fractal-random arrays are not necessarily the same size and have specific 
data arrangements; fractal-random array chromosomes contain a number of specific global parameters and 
parameters organized for each generator.  These generators can have a various number of affine linear 
transformations (also referred to as branches), thus the chromosomes can differ in size.  To overcome this problem, 
the parent chromosomes of the fractal-random array are broken apart.  Crossover is performed on the global 
parameters of the arrays, but the generators from each chromosome are paired again for second crossover, the 
generator crossover, to be performed on them.  But the number of branches of each generator still can differ, so the 
generators are also broken apart for a third crossover, the branch crossover.  In the third crossover case, the branches 



from each generator are paired.  The number of branches to be paired is chosen by a Gaussian random variable with 
a mean equal to the average number of branches between two paired parent generators. The branches are then paired 
randomly; however, when a branch is chosen it cannot be chosen again until every branch of that generator is 
selected.  In this way, repeat branches are less likely.  Each branch has the same number of parameters (four), so the 
crossover operation is performed on each of the branch pairings.  The branches are then grouped into the new 
generators which in turn are grouped with the new global parameters.  The final result is two offspring chromosomes.  
This process is illustrated in Figure 3 for two sample fractal random arrays consisting of two generators. 

 
 

 

 

 

 

 

 

 

Figure 3.  Genetic Crossover of Two, Two-Generator Fractal-Random Arrays. 

A second function performed in a genetic algorithm is genetic mutation.  Genetic mutation and genetic 
crossover work hand-in-hand in order to approach a global minimum solution.  A mutation in a genetic algorithm is 
the random changing of a parameter to an arbitrary value.  The mutation function for fractal-random arrays is not as 
restricted as the crossover function; mutations can be performed on any of the global parameters and on the 
parameters of any branch.  In addition, mutation can also remove or add a branch to a generator or switch the order 
of the generators so that opposite generators are connected to the end of each branch.  In this sense, the mutation 
function offers wide range of flexibility to better evolve fractal-random arrays. 

The final operation of the genetic algorithm is natural selection.  During the natural selection process, the 
size of the population is reduced by eliminating the worst performing array solutions.  Each array’s performance is 
evaluated and ranked according to a fitness value.  The fitness value is based on the problem that is being solved for.  
A complete process of crossovers, mutations, and natural selection is referred to as a generation of the genetic 
algorithm.  The genetic algorithm runs for many generations until the best performing member of the population no 
longer seems to improve with time. 
 
Results 
 

The previous sections of this paper discussed how the self-similar structures of a fractal-random array can 
be used to reduce the computation time of the array factor and how a genetic algorithm can be used to optimize 
fractal-random arrays.  This section discusses three examples genetically optimized fractal-random arrays found 
using the techniques introduced in this paper.  Also, this section compares the computation times of the recursive 
fractal-random array beamforming algorithm with the general beamforming algorithm. 

The first array introduced in this study is a 178 element genetically optimized fractal-random array.  A 
population of 1000 arrays is used to evolve the 178 element array in the genetic algorithm.  Each array is constructed 
to the third level of the fractal and is built using three separate generators.  The evolutionary diagram (Figure 4) 
illustrates that the fitness of the best performing array also reduces exponentially over each generation.  It should 
also be noted that the value of the fitness function is equal to the side-lobe level during the entire evolutionary 
process of this array.  This evolution leads to an array with a side-lobe level of -17.73 dB and a half power beam 
width of 0.321°.  The average spacing between the elements of this array is 1.35λ  (wavelengths) while the 
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minimum spacing between any two elements of this array is 0.5λ .  An image of the array factor and the 
arrangement of the elements are shown in Figure 5.   
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Figure 4.  Evolution of a 178 element fractal random array 
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Figure 5.  Radiation pattern and element layout of a 178 element genetically optimized fractal random array 
 

The two other arrays introduced in this paper were evolved using similar processes.  The second of the 
three arrays has 46 elements and was introduced earlier as an example of the rapid beamforming construction, 
shown in Figure 2.  The array factor for this array has a side-lobe level of -19.17 dB and a half power beam width of 
2.15°.  The average spacing of the array’s elements is 0.76λ  with a minimum spacing of 0.5λ .  The array factor 
and the element arrangement are shown in Figure 6.  The array was constructed from two generators up to the third 
stage.  The final genetically optimized fractal-random array is a 256 element array with a side-lobe level of -18.17 
dB and a half power beam width of 0.278°.  The array has an average spacing of 1.05λ  while maintaining a half 
wavelength minimum spacing.  The array factor of the array and the layout of the elements are listed in Figure 7.   



0 30 60 90 120 150 180
-40

-35

-30

-25

-20

-15

-10

-5

0

theta (degrees)

A
F(

dB
)

 
  

 
Figure 6.  Radiation pattern and element layout of a 46 element genetically optimized fractal random array  
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Figure 7. Radiation pattern and element layout of a 256 element genetically optimized fractal random array 
 
Conclusion 
 

Periodic arrays and random arrays both have many successful properties; however, many of them are 
mutually exclusive to one or the other.  In order to successfully combine the good properties of both types of arrays 
into one design, researchers have turned to a geometric arrangement of elements that has both periodic and random 
structures:  the fractal-random array.  At the same time, researchers have used genetic algorithms, computer models 
based on natural selection, to find successful solutions toward many problems.   This paper uses the concept of the 
genetic algorithm and applies it to the fractal-random array in order to find fractal-random array solutions that 
performed better than most others.  This paper also studies how the recursive properties of the fractal-random array 
can be used to build a recursive beamforming algorithm, making array factor calculations faster.  This speed 
increase of the array factor calculation makes the fractal-random array more fit for a genetic algorithm optimization. 
Many array factors must be calculated during the optimization, and a speed increase in each individual calculation 
reduces the time the genetic algorithm takes to find a solution.  Overall, the genetic algorithm approach has been 
able to find arrays that have low side-lobe levels and small beamwidths.  Future research will focus on improving 
the speed increase of the genetic algorithm and solving other design issues associated with antenna arrays. 
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