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Abstract

Utilizing communication transmissions within an urban environment for passive

radar has seen a huge surge in interest over the past decade. While the feasibility

of using signals of opportunity for passive radar has been shown, very little research

has been done for the optimization of passive transmitter/receiver pairings within

urban environments. This research provides a receiver design based optimization of

passive transmitter/receiver pairing using non-dominated sorting genetic algorithm II

(NSGA-II) to solve a constrained multi-objective model. Comparing the results of an

exhaustive search and the genetic algorithm (GA), the efficiency and effectiveness of

using a GA for mixed variables over non-continuous, non-convex objectives associated

with bi-static synthetic aperture radar (SAR) is demonstrated.
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GENETIC ALGORITHM OPTIMIZATION

FOR PASSIVE, BI-STATIC SYNTHETIC APERTURE RADAR

I. Introduction

Passive radar has seen an extremely large surge in interest as of late. The abil-

ity and effectiveness to use signals of opportunity from local digital broadcasts and

cellular networks for passive radar have been extensively tested and shown [1–7].

With the ability of passively using local communication signals for radar, specifically

synthetic aperture radar (SAR), the problem becomes not the availability of signals

but the choice of which signal to use. Because the system user controls neither the

transmitter signal nor transmitter parameters, limitations within the application and

extent in use of the passive radar system arise. Recent studies [8–10] have shown

that within any given passive radar scenario, certain transmitter/receiver pairings

have advantages over others, based upon the application being exploited and the

limitations placed upon the transmitters and/or receiver(s). The limitations could

include location, flight path restrictions, operational frequency, bandwidth etc. Cur-

rent studies approach the passive radar scenario from an optimal pairing choice or

decision from an exhaustive search over definitive and finite parameters and con-

straints. This research approaches passive radar pairing optimization from a receiver

design standpoint using a genetic algorithm (GA) to optimize a multi-objective model.

In radar applications, as with many other disciplines, often two or more desired

objectives compete with each other. A simple example of two contradictory objectives

is signal to noise ratio (SNR) and crossrange range resolution. As will be shown in
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Chapter II, because both are functions of frequency, one cannot be optimized without

degrading the other. This forced trade-off is most often the case when dealing with a

multi-objective optimization.

Consider a simple multi-objective optimization (MOO) problem in the general

form of

γ =


γopt1

...

γoptn

 = argmin Fi(x)
i=1,2,··· ,n

s.t. Gj(x)
≤
=

≥
Cj

j=1,2,··· ,m

(1)

where x represents the vector of k design variables across the n objectives and the

set of m constraints. A problem in the general optimization form of (1) could be rel-

atively simple or complex. The n objective functions Fi could assume many different

properties individually such as linear, non-linear, convex or non-convex and could be

integer valued, discrete valued or continuous. The objectives may map into a com-

plex field. The variables x upon which the objective functions are dependent could

also be of mixed properties. If the objectives are simple, convex and continuous with

variables that are not mixed, then the solution to the optimization could be achieved

through a number of ways, such as an exhaustive search or gradient decent algorithm.

As the complexity and interdependencies of objectives and variables increases, the so-

lution space surface becomes more pitted and steeped. Simpler optimization methods

such as gradient descent become unfeasible. The inability of simpler methods is due

to computational complexity or an inability to solve reliably due to multiple local

optimums across the objective space. Because radar has complex and often mixed

variables and metrics, particularly bi-static SAR imagery formation, use of a genetic

algorithm optimization is well suited.

2



The optimization of transmitter/receiver pairing has limited research. This re-

search applies a multi-objective optimization of the form shown in (1) upon a simple

passive bi-static synthetic aperture radar (PBSAR) scenario to identify trade-offs due

to conflicting objectives. The optimization allows for various receiver configurations

given established transmitter parameters. The objectives for the optimization within

this research are derived from established bi-static metrics. A genetic program is used

for the optimization of the multi-objective model. The receiver settings identified by

the optimization are used to generate SAR images of a simple scene consisting of point

scatterers. The images generated from the identified optimal settings are compared

to illustrate the trade-offs between non-dominating points.

The remainder of this document is organized as such: Chapter II will discuss in

more depth the current research relative to passive radar and transmitter/receiver

pairing selection. Chapter II will also discuss the theory of optimization and bi-static

radar. Chapter III will discuss the methodology used by this research to accomplish

the optimization of the MOO model described herein. Chapter IV will show and

discuss the results obtained by this research. Finally, Chapter V will discuss the

conclusions drawn by the analysis of this research and discuss applications of future

work.

3



II. Background

This chapter expands upon the problem of emitter selection and receiver optimiza-

tion introduced in Chapter I, as well as discusses current research applicable to the

optimization of a passive radar system. This chapter discusses various optimization

methods generally used and the gaps within the published literature this research

attempts to fill. It is assumed the reader has a basic understanding of radar opera-

tion, communication concepts, signal processing techniques and general optimization

methods.

2.1 Passive Radar

Increasing demands for wireless public communication continually restrict the

available frequency space. The past several years have seen a marked rise in the

exploration of using communication signals for radar implementations. The feasi-

bility of using an orthogonal frequency multiplex division (OFDM) communication

signal within a radar application is well established [11–22] with particular interest

in digital video broadcasting (DVB), digital audio broadcasting (DAB), world wide

interoperability for microwave access (WiMAX), and long term evolution (LTE) sig-

nals [4, 8, 23–35]. With the defined ability to use communication signals in PBSAR

and passive multi-static synthetic aperture radar (PMSAR), the problem of how to

optimally configure receiver settings to optimize radar applications arises.

The decision problem of which transmitter(s) a receiver should pair with to opti-

mize available data is depicted in Figure 1. A single receiver located within an urban

environment that contains many transmitters has multiple pairing choices. While the

optimal receiver configuration across several metrics could be simply computed for

4



a few transmitters through an exhaustive analysis, adding additional receivers and

several transmitters quickly prevents a timely solution through an exhaustive search.

One reason for the the heightened interest in using communication signals for radar

application is the increasingly crowded spectral space. As communication methods

increase with the advances in communication signals and methodologies, the avail-

able spectrum for radar use becomes increasingly tightened. The Spectrum Sharing

Innovation Test-Bed by the National Telecommunications and Information Adminis-

tration (NTIA), Federal Communications Commission (FCC) and Federal agencies is

one example of the efforts to improve spectral management of national airwaves [36].

With such a potentially dense spectral coverage of communication signals in urban

environments, determining which signals of opportunities will yield the greatest re-

sults becomes a concern.

Optimization across the field of radar is continuously a topic of interest, whether it

be the optimization of detection [37], the optimization of a waveform [1,37–39], or the

optimization waveform selection [40]. Even an optimal receiver path to identify and

track moving targets for an active multi-static system consisting of a single transmitter

and multiple receiver has been examined [41]. A recent study was conducted examin-

ing the optimization of a SAR image by exhaustively searching the available pairings

for a marine receiver with terrestrial communication transmitters [42]. Most recently

a fast wide-area passive synthetic aperture radar (PSAR)/inverse synthetic aperture

radar (I-SAR) performance prediction was looked at [43], where the performance of a

system was tied to a single indicative metric of point spread function (PSF). There is,

however, very limited research into the optimization of receiver design for a PBSAR

system.

5



Figure 1. A multi-channel receiver needing to image the scene defined by the square
has many transmitters to choose from. Each transmitter has unique parameters which
the receiver accepts once it is matched to that transmitter’s frequency.
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An initial attempt upon emitter selection criteria optimization for a PMSAR was

accomplished by Stevens [9]. A receiver with a fixed flight path and flight duration

within an environment of 24 transmitters of various signal types was optimized for

up to 4 possible receiver channels. The optimization was based upon a weighted

utility function defined by five metrics: multi-static signal to noise ratio (MSNR), ef-

fective multi-static resolution area (EMRA), ambiguity function integrated side-lobe

level (AF-ISL), point target contrast ratio (PTCR) and distributed target contrast

ratio (DTCR). The derivation of the metric definitions were a major part of the work

and the calculations were extensive for many of the metrics. The metrics were shown

to contribute to the defined quality of a SAR image. The feasibility of a pairing was

preselected against two requirements: (i) adequate SNR and (ii) frequency overlap be-

tween receiver and transmitter operating frequencies. With the defined constraints of

up to 4 receiver channels, SNR above -30 dB and frequency overlap, there were 2680

possible combinations. The selection criteria was evaluated through an exhaustive

search and produced a ranked ordering for all feasible transmitter(s)/receiver com-

binations. While Stevens’ work evaluated possible pairings of platforms with fixed

parameters, this research examines the optimization of pairings by allowing receiver

parameters to vary.

This research furthers the aforementioned emitter selection work into a general

constrained multi-objective optimization of receiver design. The focus of the opti-

mization begins with the optimization of a single receiver across two variables with

five transmitters of opportunity, building up to multiple receivers with flight paths

that can be varied in the x-y plane. The optimization optimizes bi-static SAR im-

age quality as determined by defined metrics within the constrained multi-objective

7



optimization.

2.2 Optimization Methods

Generally, optimization has been an area of interest for decades and as such there

are many differing types of optimization methods. Many classical methods include

exhaustive search, analytical, simplex, line minimization, weighted sum, Benson’s

Method and value function, to name only a few [44, 45]. Regardless of the method

all optimizations have a few things in common. All methods assume there is some

cost associated with the problem. The currency of the cost could be time, asset us-

age, or a metric of performance. All optimization methods assume there is a known

mathematical representation of the cost function and is often called an objective or

objective function. The objective is often parcel to certain constraints that limit the

domain of the inputs or limit the range of the objective. All optimization methods

are searching the objective or cost space to find the optimal value [44].

Optimization in its simplest form can be described as the pair f and X. Let f be

the cost or objective function that maps the set of possible solutions X into the set

of real numbers: f : X → <. To find the global minimum of X means there exists

some s∗ ∈ X such that f(s∗) ≤ f(s) for all s ∈ X. The optimal cost is then f(s∗)

with s∗ being the optimal solution. Often the default of optimization is to minimize,

but the mathematical generality of doing so is not lost as you can simply say f(s∗)

≥ f(s) for all s ∈ X [45]. Figure 2 illustrates the mapping relationship between X

and f .

One of the simplest methods for optimization is analytical optimization, also

known as gradient descent. With gradient descent, as with many of the simpler

8



Figure 2. Graphical representation of the mapping from the decision space (X1, X2, X3)
to the objective space (F1, F2).

optimization methods, a smooth function f(s) or differentiable function is assumed

for all of s ∈ X. Finding the roots of the first function gradient ∆f(X), identifies

the extrema and a simple search across all extrema can yield the global optimum

within the space defined by f(X) subject to all applicable constraints. However, not

all gradient decent models complete a search across all possible gradient roots and

often lead to a local optimization.

Most often optimization problems are “hard” problems consisting of multi-objective,

non-continuous, non-linear, non-convex functions and/or design spaces [45]. Tradi-

tional methods cannot be applied to obtain solutions that are reliable and exact.

Modern strategies examine the search space yielded by the domain of X to discover

desirable solutions to the objective(s). Evolutionary algorithms, also known as ge-

netic algorithms, have proven very adept and successful at exploiting the search space

of complicated and difficult problems [46].
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2.3 Genetic Programming

Evolutionary program, or genetic programming research lies within the discipline

of computer science, but has implication and use across all research disciplines. Ge-

netic programming research thus lies way beyond the scope of this research; as such

we will present a basic tutorial of its beginnings and terminology necessary to under-

stand the implementation and use of the GA used in this work, Matlab’s R© gamultiobj.

Genetic programming (GP) has seen exponential growth in interest since 1989

when the first literature on the subject was published. Only one article on genetic

programming (GP) was published in 1989, compared to an estimated 13,000+ in

2016 across all disciplines [47]. GP has more in common with the selective breeding

method proposed by Mendel than it does with classical optimization methods. The

name genetic programming and much of the terminology arises from the commonness

with selective breeding and Darwinism [46].

Figure 3 shows the basic progression of a genetic algorithm program. The program

generates an initial group of solutions, a subset of X, which is called the population.

This initial population draw can be done at random, from a priori knowledge or from

the results of an earlier run. The a priori knowledge typically comes from the con-

straints placed upon the optimization problem or from user preference/knowledge.

The members of the population are evaluated against the objectives. Some of the

population is selected based upon the resulting objective values for the evaluation.

At this point one generation within the algorithm has been completed. If the se-

lected members of the population constitute a sufficient solution based upon defined

algorithm termination conditions, the program stops. If the selection does not re-

sult in a sufficient solution, another population is generated and the process repeats

10



until termination conditions are achieved. The “new” population begins the second

generation and are the children of the first or parent generation. The population for

the“new” generation is created through the use of mutation and crossover criteria

against members of the parent population.

Crossover is defined as the making of a new single population member by using

some of the attributes of two members from the previous population exactly as two

parents have a child. The child will share some of the genetic attributes of both

parents. From a code standpoint, the crossover point directs where the algorithm

splits the coded gene of each parent. For floating point numbers the crossover works

as such. If the crossover point is “3”, the offspring is set at “2”, and the parents are

respectively:

xdad =



1

2

5

1

8

3


xmom =



0

7

4

6

0

1


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Figure 3. Flow chart for a basic genetic algorithm.

where the horizontal bar indicates the crossover point. Typically, crossover algo-

rithms utilize two “selected” population members in an attempt to select for the

desired attributes the parents exhibited, much as Mendel’s selective breeding. How-

ever, crossover can occur between ”non-selected” parents or one “selected” and one

“non-selected” depending on the algorithm and crossover function settings.

Mutation is just as it sounds; some of the attributes from one or more members

of the previous population are altered slightly to produce new attributes for a single

population member. Mutation typically occurs for those members of the population

not selected in an attempt to retain a diverse population. Maintaining a diverse

population is critical for the GA’s ability to avoid basins of attraction and maintain

searching the entirety of the objective space. Both crossover and mutation algorithms

can be customized in most GP programs.
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The selection criteria for the population, as discussed above, is accomplished based

upon the dominance or rank of the population members. Dominance deals with the

n objective functions of a MOO such as that presented in (1). The C operator is

used to denote that a C b means a is better than b for generality to cover both

minimization and maximization objectives. Using this notation, solution dominance

is defined as: [45]

Solution x1 dominates solution x2 if both conditions 1 and 2 are true:

1. fi(x1) 7 fi(x2) ∀ i = 1, 2, · · · , n

2. fi(x1) C fi(x2) for at least one i ∈ 1, 2, · · · , n.

(2)

This means that solution x1 is no worse than solution x2 in all objectives and solution

x1 is strictly better than solution x2 for at least one objective.

Based on the definition of dominance, there are exactly three outcomes of a domi-

nance check between any two solutions. First, solution 1 dominates solution 2, second,

solution 1 gets dominated by solution 2 and third, neither 1 nor 2 dominates the other

solution. The third condition creates a situation often found when optimizing across

two conflicting objectives, like that of SNR and cross range resolution, pointed out in

Chapter I. Figure 4 shows the plot of 11 various points in the objective space. Since

function F1 is optimal at a maximum value, a point further right of any other point

dominates with regard to objective F1. F2 is optimal at a minimum value, thus any

point below of any other point dominates with regard to objective F2. Comparing

points 1 and 2, in Figure 4 we can see that point 2 dominates point 1 in both F1 and

F2, since point 2 is better than point 1 in both objectives. Point 2 is larger (further to

the right) for objective F1 and smaller (lower) across the vertical axis, F2. Comparing

13



points 3 and 5, however, we see that neither solution dominates the other. Point 3

is lower than point 5 and dominant in F2, but point 5 is further right of point 3 and

dominant in F1. Being better in one objective but being worse in at least one other

objectives brings about the concept of non-dominance.

Given a finite solution set X, all pair-wise comparisons can be made across the ob-

jective space. If we compose a set of solutions P which contains all the non-dominated

solutions across the entire set of X, P constitutes the Pareto set or Pareto-optimal

set [45]. Since it is assumed that all objectives within the MOO are important, it

is not possible to say which solutions contained in P are better then the others in

P . One solution will improve across one or more objectives, but deteriorate in one

or more of the remaining objectives. The Pareto set is used to describe the portion

of the search space where non-dominance occurs. The connection of these solutions

within the search space constitutes the Pareto front. Figure 5 illustrates the Pareto

front for the four different combinations of objective types across the same search

space, namely min-min, min-max, max-min and max-max. The designation of the

Pareto front gives the user options for a solution, and is one of the major advantages

of GPs.

When dealing with a complicated, multi-objective problem, GPs have been proven

to be effective. Haupt [44] shows the efficiency and effectiveness of a GP through an

example of locating the highest peak in a specified section of the Rocky mountains,

namely the Rocky Mountain National Park in Colorado. Using a quantized contour

map 128 × 128 in size, the GP finds the optimal solution, Long’s Peak. An exhaus-

tive search would require 128 × 128 = 16,384 objective evaluations, while the GP

took only 29 objective function evaluations, 0.18% of an exhaustive search. Haupt
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Figure 4. Solution population for a max-min optimization. Figure modeled after [45].

Figure 5. Pareto Fronts for the four combinations of two objectives within the objective
space. Figure modeled after [45].
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acknowledges the solution could have been found by someone simply looking at the

topographical map. However, a computerized search, specifically one done by a clas-

sical optimization, would have had extreme difficulty with the problem due to the

inordinate local maximums [44].

Genetic programs have been shown to have many advantages over classical opti-

mization methods to include [44]:

• Optimizes over continuous or discrete variables

• Objectives do not have to be differentiable

• Searches simultaneously across the entirety of a wide solution space

• Can handle large numbers of variables

• Can be parallelized

• Can handle variables with complex cost surfaces

• Produces an optimal solution set versus a single solution

There are as many different types of GPs as there are applications of GPs and

within each type there are various configurations leading to a near limitless possibility

of “unique” GPs. A few current GPs are listed in Table 1 [48].
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Table 1. Some current Genetic Programs.

Genetic Programs

neighborhood cultivation genetic algorithm (NCGA)

neighborhood constraint method (NCM)

niched Pareto genetic algorithm (NPGA)

niched Pareto genetic algorithm 2 (NPGA2)

non-dominated sorting differential evolution (NSDE)

non-dominated sorting genetic algorithm (NSGA)

non-dominated sorting genetic algorithm II (NSGA-II)

non-dominated sorting memetic algorithm (NSMA)

non-inferior surface tracing evolutionary algorithm (NSTEA)

orthogonal multi-objective evolutionary algorithm (OMOEA)

orthogonal multi-objective evolutionary algorithm II (OMOEA-II)

Pareto converging genetic algorithm (PCGA)

parallel multi-objective algorithm (PMOGA)

parallel evolutionary multiobjective optimization-

using hypergraphs evolutionary algorithm (PMOHYPEA)

Of the GAs listed in Table 1, we will use a NSGA-II type algorithm. The NSGA-II

algorithm is a fast elitist GA for solving non-convex, non-continuous multiobjec-

tive optimizations. NSGA-II algorithm improves upon other non-dominated sorting

multi-objective genetic programs, which are criticized because of their computational

complexity, non-elitism approach and the need to define a shared parameter [49].

The computational complexity of NSGA-II is MN2 where M is the number of ob-

jectives and N is the population size [49]. The NSGA-II was chosen because of the

ease of acquiring and the adaptability allowed for in Matlab’s R© gamultiobj function

17



implementation of NSGA-II.

2.4 Bi-static synthetic aperture radar (SAR)

Bi-static radar is similar to mono-static radar with the main difference being the

dependence of modeling and processing upon the geometry of the scene. Figure 6

shows the defined geometry of a general bi-static radar scene where Rr and Rt are

range from scene center to receiver and transmitter, β is the bi-static angle, φr and φt

are receiver and transmitter azimuth angles, with θr and θt receiver and transmitter

elevation angles. For the general bi-static radar scene, crossrange resolution defined

by [50] is

ρ⊥ubi =
c

4fr sin ∆φr
2

cos(θr) cos(β/2)
where β = arccos

(
r • tj
‖r‖ ‖tj‖

)
(3)

where c is the speed of light, ∆φr is the azimuth extent of the receiver, θr the receiver

elevation, β is the bi-static angle between the receiver and transmitter. The receiver

position vector is r = (xr, yr, zr), and tj = (xtj , ytj , ztj) is the transmitter position

vector in meters.

Bi-static range resolution is defined by [50] as

ρu =
c

2Bj cos(β/2)
(4)

where Bj is the bandwidth common to the receiver and jth transmitter.

With λr = c
fr

, the bi-static signal to noise ratio (BSNR) is defined as [50]

SNRbi =
c2PtjGtjGrσj

f 2
r (4π)3R2

tjR
2
rkT0FrBr

. (5)
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where subscript j is the jth transmitter, Pt is transmitter power, Gt and Gr are linear

transmitter and receiver antenna gains, λr is ideal wavelength of the receiver center

frequency, and σj is the bi-static cross-section of the scatter relative to the receiver

and jth transmitter pair. Rt is the range from transmitter to scene center, Rr the

range from receiver to scene center, k is Boltzmann’s constant, T0 is 290◦K, with Fr

and Br the linear noise figure and filtered bandwidth of the receiver respectively.
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Figure 6. Geometry of a bi-static scene.

20



III. Methodology

In this chapter we define a specific multi-objective optimization (MOO) model

patterned after the general form discussed in Chapter I. The methods used to solve

the multi-objective optimization (MOO) through implementation of Matlab’s R© ga-

multiobj function are also described.

3.1 Optimization

The receiver optimization problem incorporates many objectives: good resolution,

strong signal, adequate frequency space coverage, as well as multiple constraints im-

posed due to transmitter parameters and receiver limitations. Stevens [9] made an

exhaustive search model for a multi-static system where all parameters were known.

Receiver parameters did not contribute to the combinations of the search within

Stevens’ model. Our model allows the configuration of receiver parameters to opti-

mize across transmitter pairings. Expanding upon the general MOO model presented

in Equation (1) of Chapter I, we define a general receiver optimization model as

γopt =



argmax
γ∈[Rr,φr,θr,fr]

SNRbi(fr, Rr, Rtj)Ind(fr, ftj)

argmin
γ∈[Rr,φr,θr,fr]

ρ⊥u
(
fr, β(φr, θr, φtj , θtj)

)
Ind(fr, ftj)

argmin
γ∈[Rr,φr,θr,fr]

ρu
(
β(φr, θr, φtj , θtj)

)
Ind(fr, ftj)

s.t.

Rr ∈ [Rrmin
, Rrmax ]

φr ∈ [φrmin
, φrmax ]

∆φr = a◦

θr ∈ [θrmin
, θrmax ]

fr ∈ {ft1 , . . . , ftNT
}

(6)

where Ind(fr, ftj) is an indicator function defined as

Ind(fr, ftj) =

 1 if fr = ftj

∅ else


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so that each objective is evaluated using the jth transmitter parameters [Rtj , φtj , θtj , ftj ]

if fr = ftj .

The range of receiver frequencies is constrained to the set of transmitter fre-

quencies, since it is impractical to have a receiver operate outside of an available

transmitted frequency. Choosing fr = ftj determines the paired transmitter, and all

parameters associated with the jth transmitter are now carried into metrics which

require any transmitter parameter. The problem formulation as modeled in (6) is

easily extended to the multi-static case by simply defining and using multi-static ob-

jective functions and multiple transmitters and/or receivers.

In this work, we study a simplified receiver optimization that tunes only recevier

frequency and azimuth location. Thus, we study the optimiztaion problem

γopt =



argmax
γ∈[φr,fr]

SNRbi(fr)Ind(fr, ftj)

argmin
γ∈[φr,fr]

ρ⊥u
(
fr, β(φr, φtj)

)
Ind(fr, ftj)

argmin
γ∈[φr,fr]

ρu
(
β(φr, φtj , )

)
Ind(fr, ftj)

s.t.

Rr = 12, 000

φr ∈ [0, 2π)

∆φr = 30π
180

θr = 30π
180

fr ∈ {ft1 , . . . , ftNT
}.

(7)

To illustrate the impact of transmitter selection upon receiver design, let’s look

at the first metric in the MOO (7), SNRbi. If a bi-static pairing of Receiver 1 and

Transmitter 5 were selected, calculating the BSNR as defined in (5) would not only

select the receiver center frequency to equal the transmitter center frequency, it would

also populate the equation with the power (Ptj), gain (Gtj) and range (Rtj) of the

chosen jth transmitter. Thus any transmitter parameter is a function of or dependent

upon fr from the MOO’s perspective, since choosing fr = ftj locks in the subsequent

22



geometries and parameters inherent to the jth transmitter.

With both BSNR (5) and bi-static crossrange resolution (3) dependent upon the

inverse of signal frequency, 1
fr

, increasing the frequency will reduce both BSNR and

crossrange resolution. However, since it is the goal of the optimization to maximize

BSNR and minimize crossrange resolution (7), these two objectives compete against

each other and the trade space between them must be established by the decision

maker.

A genetic algorithm is used to perform the receiver design optimization described

in (7), due to the complexity of the optimization. The complexity comes from the

optimization being a constrained, multi-objective, combinatorial problem, with both

discrete and continuous parameters and variables. [45,49,51,52]. Matlab’s R© gamulti-

obj function is one genetic algorithm multi-objective optimization (GAMOO) adapt-

able for multiple constraints upon multiple, mixed variables across multiple objective

functions.

Matlab’s R© gamultiobj works across the specified or constrained sample space of

the problem. The gamultiobj pulls a “sample” population from the defined constraints

and algorithm parameters at random from a Gaussian distribution. The algorithm

parameters have default values but most can be set by the user to create customizable

criteria for algorithm termination, population size, number of generations, as well as

mutation and crossover points to name a few.

Once the initial population is drawn, the objective functions are then applied to

the selected population, a subset of the variable domains. The next population or
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variable values are chosen using the non-dominated rank and distance measure of

the individuals in the current population. If one individual, a, in a population has

a higher rank than another, b, a is dominant to b as described in Section 2.3 and

shown in Figure 4. If two individuals are of the same rank, the algorithm uses the

distance measure to compare the two. The distance measure is the Euclidean dis-

tance from one individual to another of the same rank [53] within the objective space.

Matlab’s R© gamultiobj uses a controlled elitist genetic algorithm which is a variant

of NSGA-II [45]. As such, the algorithm prefers individuals within the population

space which have a higher rank, but also has a preference for those that increase the

diversity of the population. The preference for diversity means the algorithm includes

individuals who help increase diversity even if they are lower ranking. The diversity

in the population is vital to obtain a convergence upon the Pareto front by avoiding

local optima and is controlled in the algorithm using the algorithm’s “ParetoFrac-

tion” and “DistanceFcn”options. The “ParetoFraction” limits the number in the

current population that are on the Pareto front. The “DistanceFcn” maintains popu-

lation diversity by giving favor to those individuals on the front that are relatively far

apart [54]. The default “ParetoFraction” is 0.35 and the default for “DistanceFcn”

is to measure the distance in the objective or function space [53].

The gamultiobj function requires a minimum of two declared inputs: the ob-

jective functions and the number of variables. The other possible inputs of linear

constraints, equality constraints, upper and lower variable bounds, nonlinear con-

straints, and “options” can be left blank if none are desired. The input values can all

be customized by the user. The “options” input allows for myriad customizations, to

include customized creation functions, population initialization, termination require-

24



ments, mutation functions and crossover points. The “options” input also allows for

various parameters to be plotted or displayed. An example of this is the option to

plot the Pareto front as the algorithm runs.

Outputs of the gamultiobj function include: resulting optimal variable values, cor-

responding optimal objective values, reason for algorithm termination, state of the

random number generator before algorithm started, total number of generations, to-

tal number of function evaluations, maximum constraint violation, final population

values as well as the ranks of final population to name a few.

The objectives are defined in Matlab as functions which allow for vectored vari-

ables x = [x(1), x(2) . . . , x(numvar)], where numvar is the number of variables. The

multiple objective functions are then concatenated into one “fitness function” for

the gamultiobj algorithm. By customizing mutation and crossover functions of the

algorithm, Matlab’s R© gamultiobj can be configured to operate on discrete or continu-

ous variable, also called “mixed variable” problems. Custom mutation functions and

crossover functions were required because of the mixed nature of our model (7). Cus-

tomized mutation and crossover functions, allow the user to declare which variables

are discrete as well as to ensure that any subsequent mutation and mating of parents

results in a discrete offspring. In our case, this allowed for frequency selections from

the set of specified frequencies corresponding to the transmitter frequencies. The

customized mutation and crossover functions accomplished discrete offspring by forc-

ing any resulting child to an integer value within the constrained variable set. In our

custom crossover and mutation functions we round to the nearest viable integer value.

With the discrete integer values declared in the upper and lower bounds of the
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frequency variable, it was necessary to map the frequency integer obtained by the

algorithm to the corresponding transmitter frequency. Mapping was accomplished

by customizing the objective functions to use the integer value passed by the algo-

rithm population results to reference the appropriate transmitter frequencies. The

customized mapping of the the integer to the corresponding transmitter also mapped

other transmitter parameters such as location. As with the MOO model defined in

(7), implementation of the model into gamultiobj function can be easily expanded to

multi-static scenarios with mixed variables by simply defining the respective multi-

static objectives.

3.2 Bi-static synthetic aperture radar (SAR)

Generated SAR images of a predefined scene are used to illustrate the effectiveness

of the receiver design optimization, by analyzing the resulting image quality as defined

by the metrics of the MOO in Equation (7). Images for pairings identified as optimal

for bi-static imaging by the GAMOO are compared against themselves to evaluate the

trade space. All SAR images generated are accomplished using the back-projection

algorithm [55]. It is assumed that the phase history of the scene was perfectly captured

by the matched filter and, thus, no degradation of the reflected signal occurred. It is

also assumed that all sampling was above the Nyquist sampling rate required so no

aliasing occurred due to sampling deficiencies [56].
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IV. Results

This chapter examines the results of Matlab’s R© gamultiobj implementation of the

MOO and examines the computational efficiency of the selected genetic algorithm

multi-objective optimization (GAMOO) against an exhaustive search model. SAR

images of a simple scene are used to show the trade space for image quality identified

by the GAMOO Pareto front.

4.1 Scenario

For all results the same general scenario was used with a receiver placed at 12000

meters from scene center whose azimuth angle could range from [0, 2π). All transmit-

ters in the scene were placed at a range of 8000.1 meters and whose azimuth angles

were linearly spaced across the interval [0, 2π). There are NT transmitters equally

spaced in azimuth. The first scenario uses 5 transmitters as shown in Figure 7. Az-

imuth angle and frequency were the only parameters that varied from transmitter

to transmitter. Those parameters which remained constant across all scenarios for

both transmitter and receiver are shown in Table 2. The radar cross section for all

scatterers in the field is 1 dB/m2.

The frequency range used for all simulated scenarios is defined by the interval

[87.56 MHz, 4.0 GHz]. This frequency range was chosen because of the large con-

centrations of available signals for use by a passive radar receiver in an urban envi-

ronment. This range incorporates the International Telecommunication Union (ITU)

defined very high frequency (VHF), ultra high frequency (UHF) and the Institute

of Electrical and Electronics Engineers (IEEE) defined S band. The set of defined

transmitter frequencies is linearly spaced between the interval [87.56 MHz, 4.0 GHz],
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Figure 7. Basic scene scenario with 5 transmitters.
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Table 2. Parameters common to all scenarios.

Parameter Symbol Value
Transmit Power Pt 25 kW

Transmit Antenna Gain Gt 36 dB
Transmitter Elevation θt 2π/180

Transmitter Range Rt 8000.1 m
Receiver Antenna Gain Gr 36 dB

Receiver Elevation θr 30π/180
Receiver Range Rr 12000 m

Receiver Azimuth extent ∆φr 30π/180
Receiver Bandwidth Br 160 MHz

Receiver Noise Figure Fr 3.2 dB

as listed in Table 3, for NT transmitters with NT ∈ [1, 20, 50].

Table 3. Frequencies for sets of 5, 20 and 50 transmitters with corresponding step

values and calculated SNR.

5 Frequencies Steps of: 978.1100 MHz

87.56 MHz 1065.67 MHz 2043.78 MHz 3021.89 MHz 4000 MHz

13.8486 dB 16.2842 dB 19.6811 dB 25.3374 dB 47.0437 dB

20 Frequencies Steps of: 205.9179 MHz

87.56 MHz 293.48 MHz . . . 3794.08 MHz 4000 MHz

13.8486 dB 14.3077 dB . . . 36.5383 dB 47.0437 dB

50 Frequencies Steps of: 79.8457 MHz

87.56 MHz 167.41 MHz . . . 3920.15 MHz 4000 MHz

13.8486 dB 14.0237 dB . . . 41.4144 dB 47.0437 dB

Again, it is of particular note that because the defining of the objective functions

in the coding is dependent upon pairing choice, picking transmitter 1 subsequently

establishes the receiver center frequency to match that of transmitter 1. Further

more, the pairing choice then populates all objective values with the parameters of
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the chosen transmitter. It is this method of defining the objective functions that

allows the optimization to be defined as truly a receiver design optimization. It is

also this interdependency on pairing choice that makes holding all transmitter values

constant, besides frequency and azimuth angle, necessary for this research. Calculated

SNR values are relatively high based upon the parameter settings chosen. However,

since the goal of this research was to examine the effectiveness and efficiency of a

GA to solve the multi-objecitve optimization, unrealistically high SNR values did not

impact this work. If examining the trade space provided by the GA relative to real-

world, more true to life SNR values would need to be obtained through appropriate

platform parameter settings.

4.2 Exhaustive Search

To begin with, a subset of the MOO (7) was implemented using two of the three

objectives (BSNR and crossrange resolution) to more easily express and interpret the

resulting Pareto front values. As shown in Table 2, the bandwidth common to each

transmitter/receiver pair was held constant in the model, so optimizing crossrange

resolution also results in optimized range resolution in this case. The two objective

model programmed in Matlab was

γopt =


argmax
γ∈[φr,fr]

SNRbi(fr)Ind(fr, ftj)

argmin
γ∈[φr,fr]

ρ⊥u
(
fr, β(φr, φtj)

)
Ind(fr, ftj)

s.t.

Rr = 12, 000

φr ∈ [0, 2π)

∆φr = 30π
180

θr = 30π
180

fr ∈ {ft1 , . . . , ftNT
}

(8)

To fully describe the entire trade space defined by the two objectives of BSNR
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and cross range resolution, an exhaustive search is accomplished. The exhaustive

search is conducted for all feasible bi-static pairs across two variables: receiver fre-

quency (fr) and receiver azimuth (φr) for five transmitters as depicted in Figure 7.

The discrete range of receiver frequencies matches available transmitter frequencies

of ft, fr ∈ {87.56 MHz, 1.0657 GHz, 2.0438 GHz, 3.0219 GHz, 4.000 GHz }. Receiver

azimuth has an integer discrete value range φr ∈ [0, 2π) as discussed above in Sec-

tion 4.1. While the domain of receiver azimuth is in theory wholly continuous, the

discretization for the simulation is integer. Searching the entire design space of the

two objectives across the two variables allows us to definitively find the optimization

of the two objectives, or to perfectly describe the Pareto front for the discrete space.

With the variable domain of receiver frequency and receiver center azimuth defined

above and having two objectives, 5× 360× 2 = 3600 objective function calculations

are required to complete the exhaustive search, ignoring any subsequent “lower level”

or nested calculations needed within the objective equations themselves.

The image plot of the crossrange resolution as a function of frequency (fr) and

receiver azimuth (φr) is shown in Figure 8. As expected from Equation (3) there is a

non-linear rise in crossrange resolution value as frequency decreases. The values are

clipped on the image plot at 12 m to more fully display the behavior of crossrange

resolution at the lower values. The main peak of 25 m at π or 180◦ makes sense since

this occurs at the lowest frequency, which corresponds to Tx1 whose azimuth is 0.

Looking at the equation for crossrange resolution (3) we can see if the frequency is

held constant, the bi-static angle becomes the only varying value as receiver azimuth

changes. With cos(β/2) in the denominator, crossrange resolution will have its great-

est value when the bi-static angle is 180◦. With transmitter azimuth changing for

each transmitter, the anomalies appearing off the main peak of the crossrange reso-
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lution plot are explained by examining the bi-static angle as a function of frequency

and receiver azimuth.

The dependence of bi-static angle (β) upon receiver frequency (fr) and receiver

azimuth (φr) is displayed in Figure 9. Receiver azimuth (φr) affects receiver location,

and thus the bi-static angle. The bi-static angle contributes to crossrange resolution

through the ratio of 1
cos(β/2)

as discussed above and shown in (3). The ratio accounts

for the anomalies that are inconspicuous in the crossrange resolution surface plot.

The anomalies are due to the fact that each of the five transmitters are at different

locations. As the receiver frequency is changed, the transmitter/receiver pairing is

changed. Moving from one transmitter to another, the resulting bi-static angle is also

changed being a function of receiver and transmitter location. For a single frequency,

and thus a single transmitter location, the bi-static angle ranges from 0 to π as the

receiver azimuth is varied on the interval of [0, 2π]. The bi-static surface becomes a

sinusoidal shape along the single frequency cut. With five locations tied to five dif-

fering frequencies, the bi-static angle surface becomes a wave of five sinusoidal peaks.

The value of the peaks does not range from the expected [0,π] or [0◦, 180◦] but falls

≈ 30◦ short at each end of the interval. The reduced interval of beta values is due

to the elevation angles of the platforms and the resulting 3D bi-static angle. The

resulting bi-static image pattern can be seen in the crossrange resolution image (com-

pare Figures 8 and 9), but at attenuated values due to the dependence of crossrange

resolution upon frequency.
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Figure 8. Crossrange resolution image plot across receiver frequency and azimuth.

Figure 9. Bistatic angle (β) image plot across receiver frequency and azimuth.
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The independence of BSNR upon receiver azimuth (φr) is shown in Figure 10. The

value of BSNR does not change for any one frequency across all azimuths. The inverse

relation of BSNR to frequency, 1/f 2
r as described in (5), is also displayed in Figure 10.
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Figure 10. Signal to noise ratio (SNR) image across receiver frequency and azimuth.

Plotting every point obtained from the exhaustive search on the objective axes

of SNR and crossrange resolution results in Figure 11. The five frequencies used are

shown by the groupings along the SNR axis in Figure 11. The closer proximity of the

groupings as you move left on the SNR axis in Figure 11 is due to the 1/f 2 ratio in the

bi-static SNR (5). As f increases, f 2 increases at a non-linear rate thus decreasing

SNR non-linearly and crowding to the left of the plot quickly as f increases. All five

frequency clusters are discernible with SNR shown in dB scale. At each of the fre-

quency groups, 360 azimuth angle points are shown. The elongation of the groupings

across the crossrange resolution shows the increased sensitivity of crossrange resolu-

tion to azimuth angle at decreasing frequencies. The increased sensitivity is expected

looking at the ratio 1
f cos(β/2)

defined by (3). With cos(β/2) restricted to (0,1] as the

frequency decreases, the effect of the cos(β/c) trending toward zero through a change

in azimuth (φr) has a greater influence to increase the value of the ratio 1
f cos(β/2)

. The
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lowest crossrange resolution for each frequency group is indicated by a red triangle in

Figure 11 and constitutes the resulting Pareto front of the exhaustive search.

Table 4. Exhaustive Search Pareto Points for 5 Transmitters.

SNR (dB) CrossRes (m) Freq (MHz) RxAzimuth (deg)

13.8486 0.1715 4000.00 288

16.2842 0.2270 3021.89 216

19.6811 0.3357 2043.78 144

25.3374 0.6437 1065.67 72

47.0437 7.8349 87.56 0

Increasing the number of transmitters, and thus frequencies, from 5 to 20, to 50

increases the density of the groupings across the SNR axis, more fully describing

the objective space and resulting Pareto front as seen in Figures 12 and 13 respec-

tively. Beyond this increased fidelity within the space, little additional information

is obtained regarding the behavior of bi-static SNR and crossrange resolution ρ⊥u ,

objective functions.
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Figure 11. Exhaustive search across 5 transmitters.

Figure 12. Exhaustive search across 20 transmitters.
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Figure 13. Exhaustive search across 50 transmitters.

4.3 Genetic Algorithm Optimization

While the exhaustive search allows us to perfectly describe the constrained objec-

tive space and subsequent Pareto front, it can be quite computationally demanding.

For the simple bi-static scenario with five transmitters and an optimization of two

objectives across two variables, it required 3600 upper level calculations. The MOO

described in (8) was designed and implemented using Matlab’s R© gamultiobj to de-

scribe the same trade space found using the exhaustive search in Section 4.2 above.

Again the two objectives bi-static SNR and crossrange resolution, are evaluated across

two variables: receiver frequency (fr) and receiver azimuth (φr).

Running the GA with 5 transmitters produces the plot shown in Figure 14. The

objective values as well as the variable values for frequency and receiver azimuth are
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displayed in Table 5. The numbers in the left column of Table 5 correspond to the

numbered points in Figure 14. It is clearly seen comparing Tables 4 and 5 that the

Pareto points obtained by the GA perfectly match those obtained by the exhaustive

search from Section 4.2.

Table 5. Objective and variable values obtained by the GA for 5 transmitters.

Point SNR Cross. Res. Freq. Rx Azimuth

(dB) (m) (MHz) (deg)

1 13.8486 0.1715 4000.00 288.0000

2 16.2842 0.2270 3021.89 216.0000

3 19.6811 0.3357 2043.78 143.9999

4 25.3374 0.6437 1065.67 72.0007

5 47.0437 7.8349 87.56 0.8183

Figure 14 shows the trade-space available for the maximization of SNR and the

minimization of crossrange resolution found by the GA. Because the two objectives

have conflicting conditions for optimization, the optimal value for one results in the

worst value for the other as expected and shown in the exhaustive search. As de-

scribed in Section 2.3, each point in Figure 14 is non-dominant.

As with the exhaustive search, the number of transmitters, and thus available

frequencies, was increased from 5 to 20, to 50 within the GA. The resulting plots

are shown in Figures 15 and 16 respectively. Because the GAMOO algorithm limits

the number of points on the front, there is little additional information obtained by

increasing the frequency set from 20 to 50 for this scenario, due to the “continuous

like” Pareto front defined by the two objectives. Increasing the frequency set would
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Figure 14. Pareto front obtained by the GA plotted with Pareto front values from
exhaustive search for 5 transmitters.
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have yielded additional information about the subsequent Pareto front, had there

been a discontinuous portion of the front at a frequency within the set of 50 that was

not in the set of 20. The values for the 20 and 50 transmitter sets from the GA are

shown in Tables 6 and 7. The values for the 20 and 50 transmitter sets are similar

to those from the 5 transmitter set shown in Table 5 but provide different spacing

in the frequencies selected due to increased set size; 20 and 50 versus 5. Because of

the random draw of the initial population, the frequencies for the Pareto points will

differ unless a the random number generator is seeded.
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Figure 15. Pareto front obtained by the GA plotted with Pareto front values from
exhaustive search for 20 transmitters.
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Figure 16. Pareto front obtained by the GA plotted with Pareto front values from
exhaustive search for 50 transmitters.
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Table 6. Objective and variable values obtained by the GA for 2 objectives across 20

transmitters.

Point SNR Cross. Res. Freq Rx Azimuth

(dB) (m) (MHz) (deg)

1 13.8486 0.1715 4000.0000 340.8162

2 13.8486 0.1715 4000.0000 340.8162

3 19.2542 0.3196 2146.7389 177.4186

4 21.1043 0.3955 1734.9032 146.8206

5 22.2017 0.4487 1528.9853 126.0130

6 23.4582 0.5185 1323.0674 108.1385

7 24.9276 0.6141 1117.1495 90.0020

8 24.9276 0.6141 1117.1495 90.0020

9 26.6972 0.7528 911.2316 71.9651

10 26.6972 0.7528 911.2316 71.9651

11 28.9222 0.9726 705.3137 54.0000

12 28.9222 0.9726 705.3137 54.0000

13 31.9209 1.3737 499.3958 35.9857

14 31.9209 1.3737 499.3958 35.9857

15 36.5383 2.3375 293.4779 18.0000

16 36.5383 2.3375 293.4779 17.9999

17 47.0437 7.8360 87.5600 2.2090

18 47.0437 7.8360 87.5600 2.2090
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Table 7. Objective and variable values obtained by the GA for 2 objectives across 50

transmitters.

Point SNR Cross. Res. Freq. Rx Azimuth

(dB) (m) (MHz) (deg)

1 13.8486 0.1716 4000.0000 348.0741

2 13.8486 0.1716 4000.0000 348.0741

3 23.1866 0.5027 1365.0914 112.4657

4 24.8625 0.6111 1125.5543 84.9139

5 27.7613 0.8513 806.1714 68.3998

6 28.6672 0.9445 726.3257 57.5722

7 29.6787 1.0611 646.4800 50.4081

8 30.8238 1.2107 566.6343 43.1199

9 32.1430 1.4092 486.7886 35.9985

10 32.1430 1.4092 486.7886 35.9985

11 33.6991 1.6858 406.9429 28.8000

12 33.6991 1.6858 406.9429 28.8000

13 35.5963 2.0973 327.0971 21.6003

14 38.0270 2.7745 247.2514 14.3926

15 38.0270 2.7745 247.2514 14.3926

16 41.4144 4.0983 167.4057 8.8473

17 47.0437 7.8564 87.5600 8.8473

18 47.0437 7.8564 87.5600 8.8473

The full MOO described in (7) was implemented within the Matlab R© gamultiobj

with the set of 20 transmitters to verify functionality of the algorithm with more

than two objectives. The three dimensional objective space for SNR, crossrange
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resolution, and range resolution is shown in Figure 17. It appears at first that the

Pareto front has an unexpected shape in the range resolution space. This is due to the

relatively small scale of the range resolution axis. Because there is such little change

in range resolution across the entirety of the space, a receiver azimuth that does not

result in a perfect 0 bi-static angle will result in a significantly small difference in

range resolution. If the values for range resolution are rounded to the nearest cm,

the values become constant at 52 cm. The relative consistency in range resolution

across all frequencies is expected, since there were no constraints placed upon receiver

azimuth allowing the bi-static angle (β) to always be ≈ 0 and bandwidth was held

constant.

Each of the three 2-dimensional Pareto fronts are shown in Figures 18 - 20. As

expected the Pareto front in the SNR and crossrange resolution plane, Figure 18,

mimics nearly identically the results obtained above for the two objective implemen-

tation of the GA, Figure 14. The other 2-dimensional Pareto fronts of SNR/range

resoltuion, Figure 19 , and cross range resolution/range resolution, Figure 20, are flat

along the range resolution axis when rounding range resolution to the nearest cm as

expected (4). Table 8 shows the objective and variable values for the three objective

GAMOO whose values are consistent with those in Table 6 for two objectives.
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Figure 17. GA Pareto front for 3 objectives: SNR, crossrange resolution, and range
resolution for 20 transmitters.
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Figure 18. 2 dimensional SNR and crossrange resolution GA Pareto front for 20 trans-
mitters.
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Figure 19. 2 dimensional SNR and range resolution GA Pareto front for 20 transmit-
ters.
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Figure 20. 2 dimensional crossrange and range resolution GA Pareto front for 20
transmitters.
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Table 8. Objective and variable values obtained by the GA for 3 objectives across 20

transmitters.

Point SNR Cross. Res. Range Res. Freq. Rx Azimuth

(dB) (m) (m) (MHz) (deg)

1 13.8589 0.1716 0.5170 4000.0000 338.7331

2 13.8589 0.1716 0.5170 4000.0000 338.7331

3 15.3160 0.2039 0.5170 3382.2463 275.7969

4 19.2645 0.3234 0.5170 2146.7389 161.6093

5 20.1404 0.3563 0.5170 1940.8211 146.8530

6 21.1146 0.3955 0.5170 1734.9032 142.0761

7 22.2120 0.4487 0.5170 1528.9853 125.8533

8 23.4685 0.5185 0.5170 1323.0674 108.0412

9 24.9379 0.6141 0.5170 1117.1495 90.0130

10 24.9379 0.6141 0.5170 1117.1495 90.0130

11 26.7075 0.7528 0.5170 911.2316 72.0212

12 28.9325 0.9726 0.5170 705.3137 53.9996

13 28.9325 0.9726 0.5170 705.3137 53.9996

14 31.9312 1.3737 0.5172 499.3958 35.9934

15 31.9312 1.3737 0.5172 499.3958 35.9934

16 36.5486 2.3375 0.5197 293.4779 17.9919

17 36.5486 2.3375 0.5212 293.4779 17.9919

18 47.0540 7.8347 0.5232 87.5600 0.1038

The Pareto fronts obtained in this Chapter appear smooth for our model of bi-

static objectives. Because of the apparent well behaved nature of the Pareto fronts

it could be argued that a traditional optimization approach would be appropriate.
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However, the point of this research was to show the effectiveness of a GA in solving

a general MOO and the flexibility the model has to handle multiple objectives with

multiple variables. Keep in mind that our model only varied two variables within

the bi-static metrics. Introducing more variable variations as well as more objec-

tives would quickly force the well behaved Pareto fronts into objective spaces with

many local optimum and discontinuities. Expanding the model and GA application

to multi-static scenarios would exceed the capabilities of traditional optimization

methods.

4.4 Computational Complexity

While the Pareto front is shown in greater detail within the exhaustive search

when increasing the frequency set, the exponential shape of the Pareto front remains

unchanged. The number of objective function calculations required by the exhaustive

search jumps from 3600 for 5 frequencies, to 36,000 for 50 frequencies. In contrast,

the increasing the frequency set number has no increase of computations within the

GAMOO across the sets 5, 20 and 50 frequencies. With the population size of the

algorithm set to 50 and the termination conditions set to a function tolerance of 1e−4,

generation limit of 400, and time termination of infinity, the algorithm terminates for

all three cases due to function tolerance. The maximum number of computations by

the GA was reached with the set of five frequencies, due to the algorithms design to be

most efficient with large problems. The set of 5 frequencies required 270 population

generations and 11,501 objective computations. The 20 and 50 frequency sets, for

both two and three objectives, required 10,151 functional computations across 202

population generations. A side-by-side comparison of the required computations is

displayed in Table 9.
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Table 9. Number of objective value computations required for the exhaustive search

and GA.

Number of Number of Exhaustive Genetic

Objectives Transmitters Search Algorithm

2 5 3,600 11,501

2 20 14,400 10,151

2 50 36,000 10,151

3 20 21,600 10,151

3 50 54,000 10,151

The point made by comparing the number of objective value computations is that

the information obtained by the GAMOO at each frequency set required roughly the

same computations regardless of the variable set size or number of objectives for our

problem. It is clear that GAMOO provides the same Pareto Front as the exhaustive

search but requires less computations. Our scenario was a simple one but if one

were to increased the complexity of the scenario by increasing the variables and/or

objectives, the computations necessary for the GAMOO to obtain the Pareto front

are quickly dwarfed by the number of computations needed to complete an exhaustive

search.

4.5 SAR Image Quality

Images for the transmitter/receiver pairings identified by the GAMOO are gener-

ated using the backprojection algorithm. The simple scene used in image generation

consists of 43 point scatterers at varying spacing are oriented to spell “AFIT”, as

shown in Figure 21. The radar cross section of all scatterers was arbitrarily set at 1

dB/m2. Since all transmitters sets 5, 20, and 50 covered the same frequency interval
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of [87.56 MHz, 4.0 GHz] only those from the set of 5 frequencies were evaluated based

on the dominate influence of frequency upon resulting objective values. Parameters

common to all image generations are shown in Table 10 and meet all Nyquist sampling

criteria.

Table 10. Common bi-static SAR image parameters.

Parameter Value
∆φ 30π/180

Receiver φ step size 0.05/180
Receiver θ 30π/180

Transmitter θ 2π/180
Frequency Bins 1024

Samples in Frequency 2 ×1014

Common Bandwidth 300 MHz

Figure 22 shows the resulting image from the variable settings of Table 5, Point

1. Point 1 constituted the best crossrange resolution but worst BSNR of all points on

the Pareto front. All scatterers are clearly differentiable and the image is fairly clear

despite BSNR being the lowest of all points. Figure 23 shows the image resulting from

the variable values of Table 5, Point 5. Point 5 had the worst cross range resolution

but the highest BSNR of all the points obtained by the GA. It is clear that the

crossrange resolution from 0.1715 m to 7.8347 m has a major negative impact upon

the image quality. Comparing Figures 22 and 23 it is apparent that while BSNR

varied from ≈ 13 dB to nearly 50 dB, degradation of BSNR had little impact on

image quality. The lack of impact by BSNR upon image quality is due mainly to the

assumption of perfect phase history capture. In another scenario where range was

increased as well as clutter and noise introduced, BSNR could be expected to play a

more influential role in determining image quality.

The image generated using the values of Table 5, Point 3 shows moderate degra-

dation in crossrange resolution as seen in Figure 24. The exponential increase in
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Figure 21. Simple scene layout for bistatic image generation.
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Figure 22. “AFIT” scene SAR image of Table 5, Point 1.

Figure 23. “AFIT” scene SAR image of Table 5, Point 5.
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crossrange resolution as frequency increases was shown by the Pareto Front (Figure

14. It would be expected that the degradation in crossrange resolution would be rel-

atively minimal at frequencies ≥ 1 GHz. Comparing the image for values of Table 5,

Point 4 in Figure 25 with that of point 5 (Figure 23) we see the expected degradation

in crossrange resolution. Table 11 shows the image parameters for all 5 points in

Table 5.

Table 11. Bi-static SAR image parameters for 5 Pareto Points in Table 5.

Point SNR Cross. Res. Range Res. Freq.
(dB) (m) (m) (MHz)

1 13.8486 0.1715 0.5170 4000.00
2 16.2842 0.2270 0.5170 3021.89
3 19.6811 0.3357 0.5170 2043.78
4 25.3374 0.6437 0.5170 1065.67
5 47.0437 7.8349 0.5170 87.56

The image generation for Figures 22 - 25 utilized platform parameters that yielded

high SNR values with no noise injected into the phase history data. The calculated

SNR values are for the center frequency fr only and approximate the system per-

formance across the sampled bandwidth. In reality, even with a perfectly matched

filter, some white Gaussian noise (WGN) would be introduced to the system across

all sampled frequencies in the bandwidth. To illustrate the impact WGN has on SAR

image quality, we generate images for a scene with a single point scatter at scene

center. WGN noise, respective to the frequency of the sampled points, is introduced

into the phase history. Figures 26 and 28 show the image quality of the single point

scenario with WGN added for Points 1 and 5 in Table 5 respectively. The objective

values (SNR and crossrange resolution) are the same as those contained in Table 11.

Not much noise is present again due to the high SNR values (≈ 13.8 dB and 47 dB

respectfully). However, if we increase the dynamic range to -75 dB, the noise begins

to appear as shown in Figures 27 and 29. Decreasing the SNR to nearly 0 dB while
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Figure 24. “AFIT” scene SAR image of Table 5, Point 3.

Figure 25. “AFIT” scene SAR image of Table 5, Point 4.
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maintaining the same dynamic range enhances the WGN’s presence. Figure 30 shows

the increased noise influence at a lower SNR.
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Figure 26. Single point scatter scenario SAR image of Table 5, Point 1 containing noise.

Figure 27. Single point scatter scenario SAR image of Table 5, Point 1 containing noise
and increased dynamic range.
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Figure 28. Single point scatter scenario SAR image of Table 5, Point 5 containing noise.

Figure 29. Single point scatter scenario SAR image of Table 5, Point 5 containing noise
and increased dynamic range.
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Figure 30. Single point scatter scenario SAR image of Table 5, Point 1 containing noise,
increased dynamic range with decreased SNR ≈ 0 dB.
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V. Conclusion

While there is a high interest in using communication transmitters in urban en-

vironment for passive radar, very little has been done to explore a true optimization

of transmitter/receiver pairing(s) through receiver design. This research shows the

feasibility of using a genetic algorithm (GA) to optimize receiver design, and the in-

creased efficiency a GA has over previously used exhaustive search models. We have

introduced a general multi-objective simulation model for bi-static multi-objective

optimization across mixed variables with discontinuous, non-convex functions. Our

model focuses on receiver design optimization for a constrained passive radar envi-

ronment. We have shown the ability of the MOO model and related GA to operate

efficiently and effectively. Because of the generality of the model and the robustness

of genetic algorithms, this research is easily expanded to more complicated and con-

voluted optimization radar problems, specifically multi-static SAR imagery.

Future work could include the expansion of the model for multi-static SAR. Ex-

panding the model for multi-static imagery would require objectives to be defined

based on multi-static metrics that fit into the general model architecture of vectored

variables. Multi-static metrics are complicated and iteratively dependent upon sys-

tem geometries. If sufficient multi-static objectives can be defined, the generality of

this model could easily be expanded to the analysis of all aspects in multi-static SAR

imagery. The analysis could also include the impact of current assumptions widely

accepted within the field namely platform location error and the variability of system

parameters.
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AFIT Air Force Institute of Technology

AF-ISL ambiguity function integrated side-lobe level

ATR automatic target recognition

BSNR bi-static signal to noise ratio

DAB digital audio broadcasting

DTCR distributed target contrast ratio

DTFT discrete time Fourier transform

DVB digital video broadcasting

EMRA effective multi-static resolution area

FCC Federal Communications Commission

GAMOO genetic algorithm multi-objective optimization

GIQE general image quality equation

GA genetic algorithm

GP genetic programming

IEEE Institute of Electrical and Electronics Engineers

I-SAR inverse synthetic aperture radar

ITU International Telecommunication Union

LTE long term evolution

MME motion measurement error

MOEA multi-objective evolutionary algorithms

MOO multi-objective optimization

MSAR multi-static synthetic aperture radar

MSNR multi-static signal to noise ratio

NCGA neighborhood cultivation genetic algorithm

NCM neighborhood constraint method
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NPGA niched Pareto genetic algorithm

NPGA2 niched Pareto genetic algorithm 2

NSDE non-dominated sorting differential evolution

NSGA non-dominated sorting genetic algorithm

NSGA-II non-dominated sorting genetic algorithm II

NSMA non-dominated sorting memetic algorithm

NSTEA non-inferior surface tracing evolutionary algorithm

NTIA National Telecommunications and Information Administration

OFDM orthogonal frequency multiplex division

OMOEA orthogonal multi-objective evolutionary algorithm

OMOEA-II orthogonal multi-objective evolutionary algorithm II

PBR passive bi-static radar

PBSAR passive bi-static synthetic aperture radar

PCGA Pareto converging genetic algorithm

PMOGA parallel multi-objective algorithm

PMOHYPEA parallel evolutionary multi-objective optimization using hypergraphs
evolutionary algorithm

PMSAR passive multi-static synthetic aperture radar

PSAR passive synthetic aperture radar

PSF point spread function

PTCR point target contrast ratio

RCS radar cross section

SAR synthetic aperture radar

SNR signal to noise ratio

UHF ultra high frequency

VHF very high frequency

WGN white Gaussian noise

WiMAX world wide interoperability for microwave access
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