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Abstract 
 

In this work, an innovative approach is proposed to design planar thinned phased 
arrays.  The  proposed  methodology  exploits  the  integration  of  analytical 
strategies and a global optimization technique in order to solve the limitations of 
current  almost  difference  sets  (ADSs)‐based  methods.  Towards  this  end,  a 
customization of the optimization operators is performed in order to exploit the 
a‐priori  information  provided  by  ADS  sequences  and  guide  the  optimization 
performed  by  a Genetic Algorithm  (GA).  Some  numerical  results  are  shown  in 
order to validate the proposed ADSGA approach for the thinning of planar arrays. 



1 Problem De�nition

1.1 Problem I - PSL Minimization in Array Synthesis

In order to determine an optimal thinned on�guration starting from the (usually) sub-optimal ADS arrangement with a given

aperture size NADS and thinning fator νADS , let us formulate the following onstrained optimization problem

Min (F{ρ}) =
max(u,v)/∈R2

m

{

|S(u, v)|
2
}

|S(0, 0)|2
(1)

subjet to K = KADS , Nx = Nx−ADS and Ny = Ny−ADS , to be solved through ADSGA.

In suh a ase, the GA �tness funtion is de�ned as the PSL of the array while the onstraints fore the array to kept its

desriptive parameters (i.e., original dimension, Nx = Nx−ADS and Ny = Ny−ADS , and thinning, ν = νADS).

1.2 Problem II - PSL Minimization in Array Synthesis

a)

In order to determine an optimal thinned on�guration starting from the (usually) sub-optimal ADS arrangement with a given

aperture size NADS and thinning fator νADS , let us formulate the following onstrained optimization problem

Min (F{ρ}) =
max(u,v)/∈R2

m

{

|S(u, v)|2
}

|S(0, 0)|
2

subjet to K = KADS , Nx 6= Nx−ADS and Ny 6= Ny−ADS to be solved through ADSGA.

In suh a ase, the GA �tness funtion is de�ned as the PSL of the array while the onstraints fore the array to kept its

desriptive parameters (i.e., original thinning fator νADS).

b)

In order to determine an optimal thinned on�guration starting from the (usually) sub-optimal ADS arrangement with a given

aperture size NADS and thinning fator νADS , let us formulate the following onstrained optimization problem

Min (F{ρ}) =
max(u,v)/∈R2

m

{

|S(u, v)|
2
}

|S(0, 0)|
2

subjet to K 6= KADS (K > KADS) and Nx 6= Nx−ADS and Ny 6= Ny−ADS (N > Nx−ADS and Ny > Ny−ADS) to be solved

through ADSGA.

In suh a ase, the GA �tness funtion is de�ned as the PSL of the array while the onstraints fore the array to kept its

desriptive parameters.

1.3 Problem III - De�nition of a General Purpose ADS Constrution Tehnique for Array

Synthesis

With referene to the potential limitation outlined in the Introdution, the aim is now to and the expliit forms of ADS s

sequenes (i.e., binary sequenes with a three-level auto-orrelation funtion) for arbitrary values of N . Towards this end, let us

denote with L{ρ} and R{ρ} the number of levels of the auto-orrelation funtion ξ(τ) of a trial solution ρ and the number of

τ values for whih ξ(τ) di�er from . Then, the searh for admissible (but not available in ADS repositories) ADS sequenes is

reast as the solution of the following problem

Min (F{ρ}) = α [L{ρ} − 3] + βR{ρ}

subjet to Nx 6= Nx−ADS and Ny 6= Ny−ADS. The ADSGA within the auto-orrelation spae instead of in the pattern spae,

while the onstraints are still on the set of parameters de�ning the ADS as well as the orresponding array arrangement.
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2 General De�nitions and Settings

Optimization Algorithm

We used the following optimization algorithm:

• Binary Coded Geneti Algorithm (GA)

� Crossover Probability: CP = 0.9

� Mutation Probability: MP = 0.01

� Initialization:

∗ Random: P (bit = 0) = P (bit = 1) = 0.5 (Random-GA Approah)

∗ with Planar ADS (Hybrid-GA Approah)

Main Parameters

• Element Spaing: d = λ/2

The 2D array on�guration is loaded into a single1D binary array (hromosome of the GA). The algorithm performs the

optimization in the same manner of linear arrays.
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3 Problem I - PSL Minimization in Array Synthesis

In order to determine an optimal thinned on�guration starting from the (usually) sub-optimal ADS arrangement with a given

aperture size NADS and thinning fator νADS , let us formulate the following onstrained optimization problem

Min (F{ρ}) =
max(u,v)/∈R2

m

{

|S(u, v)|
2
}

|S(0, 0)|
2

subjet to K = KADS and N = NADS to be solved through ADSGA.

In suh a ase, the GA �tness funtion is de�ned as the PSL of the array while the onstraints fore the array to kept its

desriptive parameters (i.e., original dimension, N = NADS, and thinning, ν = νADS).

• PSL: Kopilovih

� Initialization: Random vs Hybrid

� Fitness: PSL and Thinning

Ψ(i) =
α

PSLi
Kopilovich

+ βνi

where i is assoiated to the i-th trial solution.
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RESULTS: P = 7 , Q = 7, KADS = 25

Setting Parameters of Algorithms

GA Parameters

• Chromosome Dimension C = 49 bits

• Population Dimension S = 20

• Max Iteration number Kmax = 5000

FFT Parameters

• FFT Theta = 128

• FFT Phi = 128

Array Parameters

• Number of total ells N = 49

• Dimension X: 7

• Dimension Y: 7
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Figure 1.

Figure 1: ADSGA approah (c), GA approah (d)
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Figure 2.

Figure 2: ADSGA approah (a)-(c), GA approah (b)-(d)
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RESULTS: P = 11 , Q = 11, KADS = 61

Setting Parameters of Algorithms

GA Parameters

• Chromosome Dimension C = 121 bits

• Population Dimension S = 30

• Max Iteration number Kmax = 5000

FFT Parameters

• FFT Theta = 128

• FFT Phi = 128

Array Parameters

• Number of total ells N = 121

• Dimension X: 11

• Dimension Y: 11
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Figure 3.

Figure 3: ADSGA approah (c), GA approah (d)
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Figure 4.

Figure 4: ADSGA approah (a)-(c), GA approah (b)-(d)
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RESULTS: P = 17 , Q = 17, KADS = 145

Setting Parameters of Algorithms

GA Parameters

• Chromosome Dimension C = 289 bits

• Population Dimension S = 40

• Max Iteration number Kmax = 5000

FFT Parameters

• FFT Theta = 256

• FFT Phi = 256

Array Parameters

• Number of total ells N = 289

• Dimension X: 17

• Dimension Y: 17
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Figure 5.

Figure 5: ADSGA approah (c), GA approah (d)
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Figure 6.

Figure 6: ADSGA approah (a)-(c), GA approah (b)-(d)
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3.1 Summary

ADSGA GA ADSGA GA ADSGA GA

P = Q ν[%] ν[%] PSL[dB] PSL[dB] BW (Um = Vm) BW (Um = Vm)

7 0.428 0.489 −16.13 −14.40 0.2857 0.2857
11 0.496 0.487 −16.50 −16.03 0.1818 0.1818
17 0.480 0.494 −17.74 −17.50 0.1176 0.1176

Table I
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