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CHAPTER 1

INTRODUCTION

Throughout the eighteenth century, scientists such as Coulomb, Ampere, Faraday, and

Maxwell studied the nature of electricity. In the late nineteenth century, the relationship

between electricity and magnetism was also discovered and studied. The electromagnetic

(EM) �eld consists of the electric �eld and the magnetic �eld. These �elds are perpen-

dicular to each other and are perpendicular to the traveling direction of the wave. The

characteristic of a far-�eld EM wave is de�ned by the propagating direction, polarization,

frequency, magnitude, and phase. Analysis of EM waves from both the signal processing

and microwave design sides has grown signi�cantly since the requirements of electronic

devices have become stricter in order to serve various applications.

One application of EM analysis is the EM wave propagation and scattering emulation.

EM wave emulation has long been studied in the radar communities [1] [2] [3]. There is a

growing need to simulate real-time complex EM wave interactions between multiple radar

targets, transmitters, and receivers (Figure 1.1). The study will permit the evaluation of

radar systems [4], antenna designs [5], and stealth technologies [6]. In radar scenarios, EM

waves from transmitters illuminate radar targets. Modulated EM waves are then scattered

toward the receivers. The modulation of the scattered signals is determined by the materials

and geometry of the radar target, impacting the propagation channel between receivers and

transmitters. The radar cross section (RCS) represents the re�ection pro�le of a radar target.

It is known as the cross-section area of a perfectly electric re�ecting sphere that produces

the same re�ectivity as the target:

� = lim
r !1

4�r 2 Ss

Si
(1.1)

1



whereSs is the scattered power density from the target.Si is the incident power density

at the target.r is the distance between the target and the observer. The RCS can also be

de�ned as:

� = lim
r !1

4�r 2 jEsj2

jE i j2
(1.2)

whereEs andE i are the scattered and incident EM insensitivity, respectively. In addition,

RCS can represent the complex numbered re�ection pro�le of a radar target and is an

angular dependent frequency response. Monostatic RCS data consists of RCS where the

incident angle and scatter angle are identical, while bistatic RCS data consists of RCS

where the angles differ as shown in Figure 1.2. The monostatic RCS data is a subset of the

bistatic RCS data.

Figure 1.1: Illustration of the real-time EM wave interaction for radar applications

(a) Monostatic (b) Bistatic

Figure 1.2: RCS for two scenarios

High performance computing (HPC) EM emulators can be used to simulate real-time

complex EM wave interactions between numerous radar targets. Conventionally, when the

HPC EM emulator simulates the scattering effect, the transmitted signal is decomposed

2



Figure 1.3: Black-boxed function

with Fourier transform. Then, each frequency component is multiplied by the RCS of the

scattering target at the aspect angle and corresponding frequencies. The total scattered

signal is computed as the summation of these modulated signals. The re�ection pro�les

of radar targets are oftentimes required to be stored as a table. The needed storage size

increases linearly with the frequency sampling density and the number of target types used

in the emulator. In addition, with denser aspect angle sampling, the needed storage size

increases quadratically in the monostatic RCS data and with the fourth power in the bistatic

RCS data. The large quantity of data needed often exceeds storage capability and limits the

feasibility of manipulation and representation of the objects. We implement optimization

methods to compress the data in a way such that the HPC emulators can use it directly as

part of the computations.

Another arising application of EM analysis is microwave design optimization problems.

The optimization problem can be written as:

min/max
x

f (x ) subject tox 2 X (1.3)

wherex is the vector of input parameters,f (x ) is the objective function, andX is the feasi-

ble range of input parameters, also called the design space. Linear and convex optimization

problems (LP and CP) can be solved ef�ciently using iterative methods or linear algebraic

techniques due to the properties of simple function surfaces [7] [8]. However, in microwave

design scenarios, the nonconvex function surfaces often consist of many local optima and

make the optimization problems more challenging. In addition, the black-boxed nature of

3



the problem (Figure 1.3) indicates the lack of gradient information. In addition, due to the

complex EM structures in microwave designs, the function evaluationf (x ) often requires

lengthy EM simulations. We manage to optimize two emerging system designs, namely

the beamforming antenna in package design for wireless communication and the wireless

power transfer (WPT) for the Internet of Things (IoT), where the dimensionality of the

problems to be addressed needs to be quite large.
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CHAPTER 2

LITERATURE SURVEY

In this Chapter, methods of radar cross section (RCS) compression are reviewed. The

objective of these RCS compression methods is to identify a model that represents the

RCS of a given object. Multiple microwave design strategies are also reviewed along with

encountered issues while implementing Bayesian optimization to high dimensional design

problems.

2.1 Prior Arts for RCS Compression

RCS data is often compressed using the point scatterer model transformation. The point

scatterer model, also referred to as the scattering center model, includes the scatterer posi-

tions and a re�ection pro�le of each scatterer. Hurst [9] proposed the damped exponential

point scatterer model, where the re�ection pro�le is de�ned as an exponential function that

depends on the signal frequency. Potter [10] constructed a geometrical theory of diffraction

(GTD) based parametric model, where GTD is an extension of geometrical optics which

accounts for diffraction [11]. The GTD-based model also extracts frequency-dependent

scattering information. It estimates not only the amplitude of each point scatterer, but

also a parameter characterizing the geometry of each point scatterer. Compared to the

damped exponential model, the GTD-based model successfully describes more details of

the diffraction scattering behaviors.

Bhalla [12] found a 3D point scatterer model based on the shooting and bouncing ray

(SBR) technique, which is a ray-tracing algorithm used to simulate the RCS of realistic

object models [13]. The 3D image of the object is �rst computed with the SBR-based

inverse synthetic aperture radar (ISAR) algorithm [14] making use of the target motions

to create the synthetic aperture. Then, the CLEAN algorithm is used to extract the 3D

5



positions and strengths of the point scatterers by choosing the dominating points from

the image. Gerry [15] also constructed frequency-dependent scatterer models to analyze

synthetic aperture radar (SAR) measurements.

Hugh [16] also created the ISAR image to obtain the re�ective information of radar

objects. The locations of the scatterers are computed with a modi�ed genetic algorithm

(GA), which mimics the process of natural selection and improves the performance using

mutation, crossover, and selection from a population in the parameter space. Wang and

Schuler conducted similar approaches to compute the point scatterer model by extracting

the highly re�ected areas of the ISAR images [17] [18]. The results show good representa-

tions of the highly re�ected areas yet ignore the nuances of the detailed re�ection pro�les

of the radar target. Also, these methods represent a small view angle range of the RCS with

a large number of scatterers. A binary space partition tree is required to select different

point scatterer models according to the aspect angle.

Analyzing the dominant features of a radar object is the most classical method for RCS

representation. A complex object can be represented using a number of primitive scattering

shapes (plates, cylinders, etc.). Each shape has its own RCS and can be computed analyt-

ically [19]. For example, the dominant RCS contribution of an aircraft is from the wings

and fuselages. Complex radar targets can also be modeled as a collection of scattering

elements randomly distributed throughout the spatial region of the radar target [20]. The

randomness of the RCS data can also be represented according to the probability density

functions. Delano [21] used this statistical model to analyze RCS and the glints of radar

targets.

2.2 Challenges for RCS Compression

The large quantity of storage needed for the RCS data table exceeds the capability and

limits the feasibility of manipulation and representation of the objects. The frequency-

dependent scatterer models mentioned in the previous section �t the RCS data well. Yet, the

6



frequency dependency hinders the feasibility of HPC EM emulator computations. More de-

tails will be discussed in Chapter 3. In addition, these approaches generate a large number

of point scatterers needed for each radar object, which also hinders ef�cient EM emulations.

Although the larger RCS values of radar objects can be captured using primitive scattering

shapes, the lower values cannot be captured since the resonance effects are signi�cantly

dependent to the complex geometric con�guration. We propose to simulate real-time com-

plex EM wave interactions between multiple radar targets, transmitters, and receivers with

high performance computing (HPC) based EM emulators. The problem is described by

introducing a new perspective of the point scatterer model and channel model used for the

HPC EM emulator. Then, a number of innovative approaches for constructing 3D point

scatterer models are presented. By de�ning real numbered and frequency-independent re-

�ection gains, the channel between the EM waves before and after the modulation can be

implemented as a �nite impulse response (FIR) �lter.

2.3 Prior Arts for Microwave Design Optimizations

Beamforming array antennas have been used in 5G/6G wireless communication systems to

ease to manufacture process and reduce component failures [22]. Beamforming array an-

tennas electronically steer the beam to the desired direction without physically moving the

antennas. This is achieved by the digital beam controllers, which are variable phase shifters

behind the array elements. As the operating frequency and number of array elements in-

crease, the negative effect from sidelobes becomes non-negligible and the interference from

other radiating sources may degrade the performance of the antenna.

One solution is constructing nonuniform spacing linear antenna array where the param-

eters are de�ned as the spacing between array elements of a linear antenna array. Zaman

[23] proposed to solve the spacing using the �re�y algorithm and a modi�ed particle swarm

optimization (PSO) algorithm. PSO is a powerful method for gradient-free optimization

problems. In this algorithm, a number of candidates, denoted as particles, are updated iter-
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atively using the information of the global optimal particle position and the local optimal

particle positions. The particles are guaranteed to converge to the global optima with a

suf�ciently large number of particles and iterations [24]. The �re�y algorithm is the gen-

eralized version of the PSO algorithm and mimics the �ashing behavior of �re�ies [25]

[26]. Both algorithms solve the optimization problem by improving a candidate solution

with regard to a given evaluation of cost in an iterative fashion. The allowed spacing dis-

tance between the elements is constrained to avoid mutual coupling between the elements.

The sidelobes reduction can also be achieved by other global optimization approaches as

well. Yet, the search spaces of the parameters are usually large and the algorithms become

time-consuming due to the large number of iterations.

Another approach for sidelobe nulling is to optimize selected elements in the linear

antenna arrays. For example, Mohammed [27] added a small number of controllable ele-

ments on each side of the linear antenna array. Then, the beam controllers, which include

the ampli�ers and phase shifters, of the extra elements are optimized. Furthermore, he pro-

posed to optimize the beam controllers for the extra elements with less computational time

using GA. The method can be extended to creating multiple nulls at undesired directions to

reduce the unwanted gains towards certain aspect angles. The nulls are created by turning

off selected elements in the uniformly spaced linear arrays by means of binary GA [28].

For applications that require large arrays, the cost and size can be reduced by grouping

elements into subarrays as shown in Figure 2.1, that form the entire array. To reduce the

sidelobes, Haupt [29] computed amplitude tapers for each subarray, where the elements

in a subarray are tapered at the same amount. The result shows that the sidelobes are re-

duced, and the performance can even be further improved with GA. Yang [30] constructed

a large antenna array with subarrays of different orientations. The element positions of the

subarrays are optimized to obtain low sidelobe levels for the entire antenna using the PSO.

The spacing between elements is also constrained in this optimization process to reduce the

coupling effect. He further proposed a modi�ed PSO algorithm to solve the optimization

8



problem with this constraint.

Figure 2.1: Top-view antenna array con�guration illustration

A WPT system targets power transmission and conversion without wires or physical

links. The power is transmitted through the magnetic �elds with inductive couplings by

coils. The challenges arise when the coils are operated at high frequency due to the low

ef�ciency and increased power loss [31] [32]. The goal of this design problem is to maxi-

mize the RF-to-DC conversion ef�ciency of IoT devices. Literature shows that increasing

the number of power receivers enhances the power transfer ef�ciency. Yet, it also increases

the cost, the number of design parameters, and space wastage of IoT devices. In addition,

the crosstalk between multiple receivers interferes the performance [33] [34]. As in the

problem of antenna designs, GA and PSO were proposed to optimize the matching capaci-

tors while maximizing the power transfer ef�ciency [35] [36].

The above mentioned microwave design problems are usually treated as black-boxed

functions, where the black-boxed nature of the problems indicates the lack of gradient in-

formation. Thus, gradient-free global optimization algorithms have been proposed to solve

optimization problems using heuristic methods [37]. For example, GA has also been used

for designing the 3-dimensional integrated circuits [38]. It has also shown promising re-

sults optimizing the shape and topology of EM structures [39]. Several other applications

using PSO for microwave design problems have been discussed as well [40] [41] [42]. Due

to the complex EM structures in microwave designs, the function evaluation often requires
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lengthy EM simulations. The accumulated computation time hinders the feasibility of GA

and PSO due to the large number of iterations that these algorithms require. Bayesian Op-

timization (BO) is a machine learning based method that enables fast convergence towards

a global optimum and is well-known for reducing the computation time by ef�cient sam-

pling. This is achieved by �tting a probabilistic surrogate model with existing data and

optimizing the acquisition function to decide the next sampling point in a heuristic manner.

This method has shown promising optimization results for functions without closed-form

expressions [43] [44] [45].

2.4 Challenges for Microwave Design Optimizations

A general problem with BO is the low dimensionality of the problem that needs to be ad-

dressed which is contrary to microwave design that often requires many parameters to be

optimized with precision. The challenges of implementing conventional BO to high dimen-

sional problems are due to the curse of dimensionality [46] [47]. For example, the search

space expands exponentially as the number of input parameters increases. Thus, the surro-

gate models cannot well represent a function without an extremely large number of data.

This is infeasible for microwave designs due to the CPU-intensive and time-consuming

EM simulations. In addition, the acquisition function optimization becomes unsolvable

or time-consuming, which leads to poor suggestions of the next sampling point. Existing

literature suggests a high to low dimensional linear mapping to the input space [48] [49].

However, this linear mapping is oftentimes not obtainable and provides unstable solutions.

Also, applying a linear mapping to a function without such linear characteristics leads to

poor function approximation. Another common solution to high dimensional BO prob-

lems is assuming additive structures [50] [51], which assumes that the objective function

is decomposed into a summation of multiple low dimensional functions. Yet again, this

decomposition is not always obvious. We propose an innovative method that prioritizes a

subset of the design parameters for GP regression and acquisition function optimization in
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each iteration, where the subset selections are based on the estimated sensitivity of each

parameter to the objective function. This process is then applied to two emerging system

designs, namely the beamforming antenna in package design for wireless communication

and the wireless power transfer for Internet of Things (IoT).

In the following chapters, we present a number of innovative approaches for construct-

ing concise point scatterer models that the HPC EM emulators can use as part of the compu-

tations to solve the RCS compression problem. To solve the high dimensional black-boxed

microwave design problems, we propose an innovative method that prioritizes a subset of

the design parameters for GP regression and acquisition function optimization in each iter-

ation, where the subset selections are based on the estimated sensitivity of each parameter

to the objective function.
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CHAPTER 3

POINT SCATTERER MODELS

Electromagnetic (EM) wave propagation and scattering emulation have long been studied

in the radar communities. High performance computing (HPC) based EM emulators are

used to simulate real-time complex EM wave interactions between multiple radar targets,

transmitters, and receivers. We describe the problem by introducing the point scatterer

model and the channel model used for the HPC EM emulator. Then, a number of innovative

approaches for constructing 3D point scatterer models are presented.

3.1 Problem Description

The re�ection pro�le of a radar target can be represented as a point scatterer model, which

consists of a number of isotropic or anisotropic scatterers. An isotropic scatterer modulates

and scatters signals identically in all directions, while an anisotropic scatterer modulates

and scatters signals differently depending on the aspect angle. The aspect angle consists

of the incident angle and the scatter angle. The incident angle indicates the direction of

where the signal is illuminating the scatterer from. The scatter angle indicates the direction

Figure 3.1: Spherical coordinate illustration
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Figure 3.2: Single scatterer example

of the scattered signal. The incident angle and scatter angle are represented in elevation

0 � � � � and azimuth0 � � < � using spherical coordinates as shown in Figure 3.1 and

are denoted by	 inc = [ � inc ; � inc ]T and	 sca = [ � sca; � sca]
T , respectively. We denote the

unit vectors of the incident angle and the scatter angle direction in Cartesian coordinates as

d inc anddsca, respectively. As shown in Figure 3.2, the point scatterer model possesses a

local coordinate origin in the 3D space. The position of each scattererp is x p. � p is the time

delay between the signal illuminating scattererp and the signal illuminating the scatterer at

the origin as shown in

� p =
� (hx p; d inc i + hx p; dscai )

c
(3.1)

wherec represents the speed of light andh�; �i is the standard inner product inR3.

The RCS, namely the re�ection frequency response, of the point scatterer model is

shown in Equation 3.1. It is important to note that Equation 3.1 accounts for the propagation

from the transmitter to the scatterer and the propagation from the scatterer scattering back

to the receiver.

G (f ; 	 inc ; 	 sca) =
KX

p=1

� pe� i 2�f � p =
KX

p=1

� pei 2�f (hx p ;d inc )+ hx p ;dsca i )=c (3.2)

In Equation 3.2,K is the total number of scatterers,� p is the frequency-independent re�ec-
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tion gain of thepth scatterer andf is the signal frequency. The� of the isotropic scatterers

are identical across all aspect angles, while the� of the anisotropic scatterers depend on

	 inc and	 sca. Constructing an isotropic point scatterer model means �nding the positions

x and the angular independent re�ection gains� for all K scatterers, while constructing

an anisotropic point scatterer model means �nding the positionsx and the angular depen-

dent re�ection gains� (	 inc ; 	 sca) for all K scatterers, which best represent a given radar

target.

3.2 De�ning the Channel Models

There are two channel models to choose from while simulating the EM propagation, namely

the path delay model and the scatterer separable model. The fundamental concepts of these

channel models are addressed below.

3.2.1 PathDelayModel

The path delay model views each end-to-end propagation path as a channel as shown in

Figure 3.3. The channel starts with a transmitter sending signals to a radar target. The

target then scatters the modulated signals to another target. The signals are repeatedly

scattered until a receiver receives the end signals. As shown in Equation 3.3, the bistatic

scattered frequency response is dependent to both the incident and scatter angles. The

channel model can include multiple objects.

G(f ; 	 inc ; 	 sca) =
KX

p=1

� p(	 inc ; 	 sca)e� i 2�f (� (hx p; d inc i + hx p; d sca i )=c) (3.3)

3.2.2 ScattererSeparableModel

In the separable channel model, each transmitter, target, or receiver is represented as an

object that receives and/or transmits signals as shown in Figure 3.4. Each pair of two ob-

jects de�nes a channel. The received signals of an object come from all other objects in the
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Figure 3.3: Path Delay Model

Figure 3.4: Scatterer Separable Model

EM environment. The transmitted signals of an object include the signal generated from its

own source and the scattered signals. The modulation of the scattered signals is determined

by the point scatterer model of the illuminated object as described in Equation 3.4. It is

important to note that the re�ection gains should be two separable functions of the incident

and scatter angles, respectively. This model is primarily used when the number of radar

targets is large or when accounting for signals that are scattered multiple times.

G(f ; 	 inc ; 	 sca) =
KX

p=1

� inc;p (	 inc )� sca;p(	 sca)e� i 2�f (� (hx p; d inc i + hx p; d sca i )=c) (3.4)

By de�ning real numbered and frequency-independent re�ection gains, the channel
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between the EM waves before and after the modulation can be implemented as a �nite

impulse response (FIR) �lter withK taps, where the tap locations are de�ned based on

the scatterer locations, and the tap coef�cients are de�ned based on the re�ection pro�les

of the scatterers. In other words, when simulating the scenario of an object scattering

EM signals back to a radar, the signal received by the radar can be computed by passing

through the transmitted signal through the FIR �lter. When K is reduced, the simulation of

the scattering effects can be performed ef�ciently in the hardware.

The complex numbered angular dependent frequency response, namely the RCS, de-

notes the magnitude and phase changes of the scattered far-�eld EM wave signal after the

EM wave interacts with the radar target. The RCS of a target can be either measured from

the real object [52] or generated approximately using an EM �eld simulation software such

as CST Studio Suite which uses physical optics-based methods [53][54]. Our objective is

to �nd a point scatterer model which has frequency-independent re�ection gains, where the

point scatterer model best represents such RCS data.

3.3 Constructing the Scatterer Models

We proposed two modeling methods that are suitable for the path delay channel model:

• Shape Approximation

• Anisotropic Ellipsoid Scatterer Model

In addition, we proposed two modeling methods suitable for the scatterer separable channel

model:

• Isotropic Sphere Point Scatterer Model

• Spherical Harmonic based Anisotropic Point Scatterer Model
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3.3.1 ShapeApproximation

A complex object can be represented using a number of simple shapes (plates, cylinders,

etc.), each with its own RCS, which can be computed analytically. Although the larger val-

ues of the RCS data of objects can be captured using this approach, the lower values cannot

be captured since the resonance effects are signi�cantly dependent to the complex geo-

metric con�guration. We therefore further propose constructing a more accurate scatterer

model using the RCS data of objects available from the EM solvers by solving a nonlinear

least square optimization problem.

3.3.2 IsotropicSpherePointScattererModelandAnisotropicEllipsoidScattererModel

In the isotropic sphere point scatterer model, each scatterer point is represented as a perfect

electric conductor (PEC) smooth sphere with radiusr . The analytical RCS representation

of the scatterer is�r 2 and the re�ection gain is
p

�r 2, which are constant at all aspect

angles. The scatterer separable model can be computationally ef�cient with the isotropic

scatterer model due to its separable property. We de�ne the scatterer locations in the local

coordinate system and the radii of the spheres as control variables.

Besides spheres, other simple shapes such as plates and cylinders with anisotropic scat-

tering properties also have analytical RCS solutions. However, only the RCS of an ellipsoid

is frequency-independent, which is consistent with the channel models shown in Equa-

tion 3.3 and Equation 3.4. Therefore, we use the analytical RCS representation of a large

PEC ellipsoid shown in Equation 3.5, wherea, b, andc represent the principal semi-axes of

the ellipsoid, as the basis function to determine the angular dependency of the RCS of each

scatterer [55]. Anisotropic scatterer models capture the re�ection features better because

the ellipsoid model has high degrees of freedom as compared to the spherical model. We

de�ne the scatterer locations, principal semi-axes, and rotation angles (de�ned as the offset

angles of� and� ) of the ellipsoids as control variables.
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4�a 2b2c2 [(1+ cos� inc cos� sca )cos(� sca � � inc )+ sin� inc sin� sca ]2

[a2 (sin� sca cos� sca + sin� inc cos� inc )2+ b2 (sin� sca sin� sca + sin� inc sin� inc )2+ c2 (cos� sca + cos� inc )2 ]2 (3.5)

The re�ection frequency responses of both scatterer models can be computed as de-

scribed in Section 3.1, where� p is computed using Equation 3.6, and the model RCS,

� Model , is computed using Equation 3.7:

� p =
p

� p (3.6)

� Model = jG(f ; 	 inc ; 	 sca)j
2 (3.7)

where� p is the RCS of thepth sphere or ellipsoid. Ellipsoid scatterer models are limited

to the path delay channel model where its RCS �delity is more accurate than the isotropic

point scatterer model.

Using the RCS data of the radar target, the problem is then posed as a least square

inverse problem with the loss function of a root mean square error (RMSE) between the

RCS data (from EM simulations) and the RCS of the point scatterer model as shown in

Equation 3.8:

Loss Function =

r
1
N

X
[10log(� T rue ) � 10log(� Model )]2 (3.8)

where� T rue and� Model represent the vectors consisting of the RCS data (from EM simula-

tions) and the RCS of the scatterer model, respectively, andN represents the length of the

vector. It is important to note that the vectors are the RCS values evaluated at all frequency

and aspect angle samples.

Since the RCS data at different aspect angles is signi�cantly affected by the complex

geometric con�guration, it is dif�cult to obtain a highly correlated result even if the number

of scatterer points is increased. We therefore divide the model into multiple regions, where
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each region covers a set of aspect angles. The RCS at each region is then represented by

a point scatterer model. We call this the “shadowing effect” since a radar target should be

represented using different point scatterer models at different aspect angles. For example,

if the incident and scatter angles are both on the front side of the radar target, the back

side of the target is shadowed, and only the front side geometry of the target contributes

to the re�ection. Thus, a single optimization problem may be decomposed into multiple

problems, each with a smallerN .

Ellipsoid Model Simulation Results

We demonstrate the feasibility of the proposed approach using the monostatic RCS data of

a 60-meter-long aircraft made up of PEC. The incident and scatter angles are the same. The

aircraft geometry STL �le is obtained from [56] and is shown in Figure 3.5. The RCS data is

generated from the EM simulator CST Studio Suite [53] [57] with horizontal polarization

at the 3 frequencies of 1GHz, 1.5GHz, and 2GHz. The angle sampling increment is 10

degrees for both� and� . We consider the shadowing effect by equally dividing the aspect

angles into 4 regions as shown in Figure 3.6 and discuss 6 cases:

(i) 16 isotropic point scatterer model without considering the shadowing effect.

(ii) 4 isotropic point scatterer model for each region.

(iii) 16 isotropic point scatterer model for each region.

(iv) 16 anisotropic point scatterer model without considering the shadowing effect.

(v) 4 anisotropic point scatterer model for each region.

(vi) 16 anisotropic point scatterer model for each region.

These case de�nitions are also shown in Table 3.1. We use the Sequential Quadratic

Programming solver in MATLAB [58]. The initial settings are shown in Table 3.2. The el-

lipsoid model of case (i) is shown in Figure 3.7. When using the anisotropic point scatterer
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Figure 3.5: Aircraft Geometry

Figure 3.6: Region division visualization

20



model without considering the shadowing effect, as the number of ellipsoids increases, the

RMSE decreases steadily and the computation time steadily increases, as shown in Fig-

ure 3.8. Figure 3.9 presents comparison results of the RCS data from CST Studio Suite and

the modeled RCS in an image form. Figure 3.10 shows the 2D polar plot matching results

for the RCS data from CST Studio Suite and the modeled RCS at� = 0 � and� = � 90� .

Table 3.3 shows the RMSE results of all cases.

Table 3.1: Case models de�nition

Case Number Scatterer Type Shadowing Effect Number of Points
i Isotropic Not considered 16
ii Isotropic 4 region, 4 point/region 16
iii Isotropic 4 region, 16 point/region 64
iv Anisotropic Not considered 16
v Anisotropic 4 region, 4 point/region 16
vi Anisotropic 4 region, 16 point/region 64

Table 3.2: Initial settings

Isotropic Model Anisotropic Model
Initial Positions [0, 0, 0] [0, 0, 0]

Initial Radii/ Semi-Axes 1m [1, 1, 1]m
Initial Rotations NA [0� ; 0� ]
Position Bounds [� 10� 10] [� 10� 10]

Radii Bounds [10� 5 � 15]m [10� 5 � 15]m
Rotations Bounds NA [� 45� � 45� ]

The anisotropic scatterer model exhibits better �tting than the isotropic scatterer model

since cases (i), (iii), and (v) results in lower RMSE compared to cases (ii), (iv), and (vi),

respectively. For the same point number, though the shadowing effect results provide a

better correlation in the anisotropic case, it does not improve the results in the isotropic

case. This may be due to the lack of degrees of freedom used in the spherical isotropic

model. Anisotropic scatterer models are limited to the path delay channel model. The
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Figure 3.7: Ellip model of case (i)

Table 3.3: RMSE comparison between different models

Case Number RMSE
i 6.71
ii 6.78
iii 5.25
iv 5.97
v 5.43
vi 3.93

downside of the path delay model is that it is only applicable to a small number of radar

targets. Yet, its RCS �delity is more accurate than that of the isotropic point scatterers.

To conclude the isotropic sphere and anisotropic ellipsoid scatterer modeling, we pre-

sented an innovative approach for representing objects using a 3D point anisotropic scat-

terer model for use in a radar HPC emulator. Anisotropic point scatterer models are more

accurate than that of the isotropic point scatterers. The scatterer model that best represents

the RCS data is obtained by solving a least square inverse problem. To improve the cor-

relation with EM solvers, we further break down the optimization problem by considering

the shadowing effect and using multiple models to represent a subset of the RCS data.

The results show that the anisotropic scatterer model can effectively represent the RCS

data of complex targets. More detailed information can be found in our conference paper

[59]. Another anisotropic point scatterer model based on spherical harmonic functions is

discussed in the next Chapter. The re�ection gains of the model are de�ned to be both
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(a) Effects on RMSE

(b) Effects on computation time

Figure 3.8: The effects of increasing the ellipsoid scatterer number when not considering
the shadowing effect

frequency-independent and separable, thus is suitable for the separable channel models.
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Figure 3.9: Images of the RCS data at frequencies 1GHz, 1.5GHz, and 2GHz from top to
bottom, respectively
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(a) Case i (b) Case ii (c) Case iii

(d) Case iv (e) Case v (f) Case vi

Figure 3.10: 2D polar plot of the RCS data at frequencies 1GHz, 1.5GHz, and 2GHz from
top to bottom, respectively
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CHAPTER 4

SPHERICAL HARMONIC BASED ANISOTROPIC POINT SCATTERER

MODEL

So far, we developed an anisotropic point scatterer model using the RCS of ellipsoids as

basis functions [59]. By varying the sizes and shapes of the ellipsoids, the RCS power of

an object is captured. In this section, we present another innovative approach for construct-

ing a spherical harmonic based anisotropic 3D point scatterer model from the precomputed

RCS data. This inverse problem is solved as an optimization problem. This model is

constructed off-line and can be used by the HPC EM emulator to simulate EM wave inter-

actions in real-time. This proposed model outperforms the isotropic sphere and anisotropic

ellipsoid scatterer models in three aspects:

1. Spherical harmonic functions are orthogonal, therefore the spherical function that

represents the RCS can be approximated better.

2. The spherical harmonic based bistatic RCS model is separable.

3. The proposed model captures the complex-numbered RCS data while the ellipsoid

model captures only the RCS power.

Recall that a non-separable channel model considers each path of a transmitter, target,

and receiver as a channel and makes use of the function� (	 inc ; 	 sca) in the simulation.

The separable channel model, on the other hand, enables the HPC EM emulator to more

ef�ciently simulate the EM wave interactions between multiple radar targets by separat-

ing the re�ection gain� into two spherical functions of the incident and scatter angles,

respectively, as shown below:

� p (	 inc ; 	 sca) = � inc;p (	 inc ) � sca;p (	 sca) (4.1)
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In the separable channel model, each transmitter, target, or receiver is represented as an ob-

ject that receives and/or transmits signals. The received signals of an object come from all

other objects in the EM environment. The transmitted signals of an object include the signal

generated from its own source and the scattered signals. The modulation of the scattered

signals is determined by the point scatterer model of the illuminated object as described in

Equation 3.3. By de�ning real numbered and frequency independent re�ection gains, the

channel between the EM waves before and after the modulation can be implemented as a

�nite impulse response (FIR) �lter withK taps, where the tap locations are de�ned based

on the scatterer locations, and the tap coef�cients are de�ned based on the re�ection pro-

�les of the scatterers. In other words, when simulating the scenario of an object scattering

EM signals to a radar receiver, the signal received by the radar can be computed by passing

through the transmitted signal through the FIR �lter. WhenK is reduced, the simulation of

the scattering effects can be performed ef�ciently in the hardware.

Since we use spherical harmonics as the basis for the spherical functions, the mathe-

matical foundation of spherical harmonics is presented.

4.1 Spherical Harmonic

Spherical harmonic functions are well studied in mathematics and physical sciences [60][61].

We propose to use spherical harmonic functions to construct the re�ection gains� inc and

� sca of each scatterer. That is, we assume that� inc and � sca of each scatterer are lin-

ear combinations of a �nite number of spherical harmonics. Consider the real numbered

vector space of square integrable functionsf (�; � ) de�ned on the unit sphere or 2-sphere

S2 , f u 2 R3 : ju j = 1g, wherej � j denotes the Euclidian norm. This spherical vector

space is parameterized by the elevation0 � � � � and azimuth0 � � < 2� , and is a

Hilbert space with a valid inner product
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hf 1; f 2i =
Z �

� =0

Z 2�

� =0
f 1(�; � )f 2(�; � ) sin �d�d� (4.2)

Real numbered spherical harmonic functionsY m
l (�; � ) of all degreesl � 0 and orders

� l � m < l form a complete orthonormal sequence of the spherical vector space as shown

in Figure 4.1. The spherical harmonics are de�ned as

Ylm (�; � ) =

8
><

>:

�Plm (cos� ) cosm� if m � 0

�Pl jmj(cos� ) sin jmj� if m < 0
(4.3)

where the normalized associated Legendre functions�Plm are given by

�Plm (� ) =

s

(2 � � m0) (2l + 1)
(l � m)!
(l + m)!

Plm (� ) (4.4)

and� ij is the Kronecker delta function. The unnormalized associated Legendre functions

are derived from the standard Legendre polynomials using the relations

Plm (� ) =
�
1 � � 2

� m=2 dm

d� m
Pl (� ) (4.5)

Pl (� ) =
1

2l l !
dl

d� l

�
� 2 � 1

� l
(4.6)

Basically, any spherical function can be decomposed into a sum of the orthonormal ba-

sis f (�; � ) =
P 1

l=0

P l
m= � l cm

l Y m
l (�; � ) , wherecm

l is the coef�cient of the corresponding

Y m
l (�; � ). By assuming that the spherical functions which represent the re�ection gains,

namely� inc and� sca, of each scatterer are linear combinations of a �nite number of spher-

ical harmonics, the problem becomes �nding the spherical harmonic coef�cients.

The complex numbered angular dependent frequency response, namely the RCS, de-

notes the magnitude and phase changes of the scattered far-�eld EM wave signal after the

EM wave interacts with the radar target. The RCS of a target can be either measured from
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Figure 4.1: Spherical harmonic functions (�gure from Wikipedia)

the real object [52] or generated approximately using an EM �eld simulation software such

as CST Studio Suite which uses physical optics-based methods [54] [57]. Our objective is

to �nd a point scatterer model which has separable and frequency-independent re�ection

gains, where the point scatterer model best represents such RCS data. Next, we illustrate

methods to �nd the model by solving the position and the spherical harmonic coef�cients

of each scatterer.

4.2 Constructing the Scatterer Model for Monostatic RCS Data

In this section, we use the monostatic RCS data, to solve the positions and spherical har-

monic coef�cients of the scatterers. Since in the monostatic RCS data, the incident an-

gle and the scatter angles are the same, we de�ne	 = 	 inc = 	 sca and � (	 ) =

� inc (	 inc ) � sca (	 sca) for each scatterer. The problem is formulated as a linear least

squares problem which has a constraint. We solve this problem with a modi�ed orthog-

onal matching pursuit (OMP) algorithm.

4.2.1 LeastSquaresLinearProblem

Two assumptions are made:
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1. The angular dependent re�ection gain� (	 ) of each anisotropic scatterer is a linear

combination ofY m
l (�; � ) with degreeL. The number of spherical harmonics isH =

(L + 1) 2.

2. A �nite number, �K , of possible scatterer positions are known. For example, we

assume that all scatterers are located in a 10m×10m×10m grid in the local coordi-

nate system. That is, we assume the components ofx of each scatterer are integers

between 0 and 10.

With these assumptions, solving the scatterer positions and the spherical harmonic co-

ef�cients becomes a linear least squares problem with a sparsity constraint. The problem

is de�ned in Equation 4.7� Equation 4.11.

�S� = r (4.7)

2

6
4

SRe

SIm

3

7
5 � =

2

6
4

r Re

r Im

3

7
5 (4.8)

S =

2

6
6
6
6
6
4

e� i 2�f 1 � (x 1 ;	 1 )Y1 (	 1) : : : e� i 2�f 1 � (x 1 ;	 1 )YH (	 1) e� i 2�f 1 � (x 2 ;	 1 )Y1 (	 1) : : : e� i 2�f 1 � (x �K ;	 1 )YH (	 1)
...

...
...

...
...

...
e� i 2�f m � (x 1 ;	 m )Y1 (	 m ) : : : e� i 2�f m � (x 1 ;	 m )YH (	 m ) e� i 2�f m � (x 2 ;	 m )Y1 (	 m ) : : : e� i 2�f m � (x �K ;	 m )YH (	 m )

...
...

...
...

...
...

e� i 2�f F � (x 1 ;	 M )Y1 (	 M ) : : : e� i 2�f F � (x 1 ;	 M )YH (	 M ) e� i 2�f F � (x 2 ;	 M )Y1 (	 M ) : : : e� i 2�f F � (x �K ;	 M )YH (	 M )

3

7
7
7
7
7
5

(4.9)

� =
�

a1 a2 : : : a �K

� T

(4.10)

ap =
�

a1
p a2

p : : : aH
p

� T

(4.11)

whereSRe andSIm represent the real and the imaginary parts ofS, respectively.r Re and

r Im represent the real and imaginary parts of the monostatic RCS data vector, respectively.
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ah
p represents the spherical harmonic coef�cients of thehth spherical harmonic function of

thepth scatterer. The sizes of the matrices and vectors areSRe; SIm 2 RF M � H �K ,� 2 RH �K ,

andr Re; r Im 2 RF M , whereF andM is the number of signal frequency samples and that

of aspect angle samples, respectively.

If the optimal positions are known, meaningK = �K , solving the least squares problem

with pseudo inverse gives us the spherical harmonic coef�cients for all scatterers. With

these coef�cients, the re�ection gains� (	 ) of all scatterers can be formed and the modeled

RCS of the target can be computed from the point scatterer model. Yet,�K is often greater

thanK . Therefore, solving the positions of the scatterers is also required. This can be

formulated as a sparsity constraint.

4.2.2 SparsityConstraint

In addition to solving the linear least squares problem, a group sparsity constraint is used to

limit the number of scatterers by choosingK optimal scatterer positions among the �nite

possible scatterer positions. We de�ne allH coef�cients of one scatterer as a “group”.

Our goal is to solve� with K groups consisting of nonzero coef�cients while�K � K

groups consisting of zero coef�cients. We propose a modi�ed Orthogonal Matching Pursuit

(OMP) method to solve this problem.

OMP is a sparse approximation algorithm that solves a system of linear equations with

the speci�ed number of nonzero entries in the variable vector [62]. The basic algorithm

iteratively and greedily �nds the entry in the vector variable which corresponds to the col-

umn in the system matrix that is the most correlated with the residual. Instead of �nding

the column in the system matrix that is the most correlated with the residual, the proposed

algorithm �nds which vector space of group columns is the most correlated with the resid-

ual.

As shown in Algorithm 1, we �rst initialize the algorithm by setting the residuale as

the monostatic RCS datar . Let �Sj be thej th group of columns in�S. With singular value
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decomposition (SVD), the orthonormal basis of�Sj can be computed and de�ned as�Sorth, j .

We can then use the standard inner product of�Sorth, j and the residual as the correlation

measurement. That is, we �nd the vector space:

� = arg max
�Sj

kbej k2 = arg max
�Sj




 
 �Sorth ;j ; e

� 




2
(4.12)

wherebej is the residual projected on the vector space of�Sj . We then de�ne the group of

columns as� and collect them into the set� . The columns in� are used to solve for the

corresponding entries in� . Then we update the residual and repeat by �nding the next

vector space that is the most correlated with the residual.

With � solved, the re�ection gains� (	 ) of K scatterers can be formed. The modeled

monostatic RCS of the target can be computed from the point scatterer model as well. This

approach provides a point scatterer model that represents the monostatic RCS data.

Algorithm 1: Modi�ed OMP
Result: � n

Initialization: e1 = r ; � 0 = ; ;
Compute�Sorth ;j for all j with SVD;
for n = 1 ! K do

� n = arg max �Sj




 
 �Sorth;j ; en

� 




2
� n = � n � 1 [ f � n g
� n (i 2 � n ) = arg min � kS� n � � r k2 ; � n (i =2 � n ) = 0
en + 1 = r � �S� n � n

end

4.3 Constructing the Scatterer Model for Bistatic RCS Data

In this section, we further construct the point scatterer model that can represent the full

bistatic RCS data. We assume that the scatterer positions are the same as the positions

solved from the monostatic RCS data. This leaves us with the problem of solving the

separable spherical functions of the incident and scatter angles for each scatterer, namely

� inc (	 inc ) and� sca (	 sca). By assuming that these functions are linear combinations of
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spherical harmonics, the problem becomes solving2HK spherical harmonic coef�cients.

This can be formulated as a bilinear least squares problem.

4.3.1 LeastSquaresBilinearProblem

The problem of solving the spherical harmonic coef�cients can be formulated as a bilin-

ear problem as shown in Equation 4.13, which proceeds to the least squares optimization

problem with the cost,J (� ; � ), as shown in Equation 4.14.

� T �Qm � = r m (4.13)

min
� ;�

J (� ; � ) = min
� ;�

1
2FM

2F MX

m=1

�
r m � � T �Qm �

� 2
(4.14)

where� is the vector consisting ofHK coef�cients which form� inc (	 inc ), and� is the

vector consisting ofHK coef�cients which form� sca (	 sca). r is a vector of the RCS

data at the sampled frequency and aspect angle, where its real and imaginary parts are

stacked vertically. �Q is the real and imaginary parts of the 3D matrixQ stacked in the

third dimension. �Qm is themth 2D slice of the �rst two dimension of�Q. Each �Qm is a

block diagonal matrix with block sizeH � H . Again, F and M are the number of signal

frequency samples and that of aspect angle samples, respectively. The sizes of the matrices

and vectors are� 2 RHK , � 2 RHK , �Q 2 RHK � HK � 2F M , andr 2 R2F M as shown in

Figure 4.2. To better explain the matrices and vectors above, we give an example of� ; � ,

andQm whenH = 2 andK = 2:

� =
�

a1
1 a2

1 a1
2 a2

2

� T

(4.15)

� =
�

b1
1 b2

1 b1
2 b2

2

� T

(4.16)
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Qm = Q (f m ; 	 inc;m ; 	 sca;m) =

2

6
6
6
6
6
6
6
4

q11 q12 0 0

q21 q22 0 0

0 0 q33 q34

0 0 q43 q44

3

7
7
7
7
7
7
7
5

(4.17)

q11 = e� i 2�f m � (x 1 ;	 inc;m ;	 sca;m )Y1 (	 inc;m ) Y1 (	 sca;m) (4.18)

q21 = e� i 2�f m � (x 1 ;	 inc;m ;	 sca;m )Y2 (	 inc;m ) Y1 (	 sca;m) (4.19)

q12 = e� i 2�f m � (x 1 ;	 inc;m ;	 sca;m )Y1 (	 inc;m ) Y2 (	 sca;m) (4.20)

q22 = e� i 2�f m � (x 1 ;	 inc;m ;	 sca;m )Y2 (	 inc;m ) Y2 (	 sca;m) (4.21)

q33 = e� i 2�f m � (x 2 ;	 inc;m ;	 sca;m )Y1 (	 inc;m ) Y1 (	 sca;m) (4.22)

q43 = e� i 2�f m � (x 2 ;	 inc;m ;	 sca;m )Y2 (	 inc;m ) Y1 (	 sca;m) (4.23)
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q34 = e� i 2�f m � (x 2 ;	 inc;m ;	 sca;m )Y1 (	 inc;m ) Y2 (	 sca;m) (4.24)

q44 = e� i 2�f m � (x 2 ;	 inc;m ;	 sca;m )Y2 (	 inc;m ) Y2 (	 sca;m) (4.25)

Figure 4.2: Vectors and matrices dimension illustration

4.3.2 NormalizedIterativeAlgorithm

There are several methods for solving the bilinear least squares problem Equation 4.14

[63]. One commonly used approach is the normalized iterative algorithm. The costs in

Equation 4.14 with variables[� ; � ] and[z� ; 1
z � ] are equal for constant scalarz. We can

restrict the variable vectors by assumingk� k = 1 and the �rst non-zero entry of� is

positive. The normalized iterative algorithm solves� and� in a back-and-forward manner.

When either� or � is �xed, solving another becomes a linear inversion problem and can

be easily solved with the pseudo inverse. This algorithm is shown as Algorithm 2.

With solved� and� , the re�ection gains� inc (	 inc ) and� sca (	 sca) of all scatterers

can be formed. The modeled bistatic RCS of the target can be computed from the point
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scatterer model as well.

Algorithm 2: Normalized Iterative Algorithm
Result: � n ; � n

Initialization:� 0 = 1=
p

HK
for n = 1 ! MaxIteration do

� n = arg min � 2 RHK J (� n� 1; � )
� n = arg min � 2 RHK J

�
� ; � n

�

Let � n = � 1 be the sign of the �rst non-zero entry of� n

� n = � n � n=k� nk
� n = � n � nk� n j

end

4.4 Monostatic and Bistatic Point Scatterer Model Simulation Results

Same as in the previous simulation results section, we demonstrate the feasibility of the

proposed approach using the RCS data of a 60-meter-long aircraft made up of PEC. The

aircraft geometry STL �le is obtained from [56] and is shown in Figure 4.3. The RCS data

is generated from the EM simulator, CST Studio Suite, with horizontal polarization.

Figure 4.3: Aircraft Geometry

We sample one frequency at 1GHz i.e.F = 1. The angle sampling increment is 20

degrees for� inc , � inc , � sca, and� sca which meansM = 9 � 18� 9� 18 = 26244. Our goal

is to �nd 16 scatterers (i.e.K = 16) where all scatterers are located in a 10m×10m×10m
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grid in the local coordinate (i.e.�K = 1000). Since we use spherical harmonics of degree

12,H = (1 + 12) 2 = 169.

Using the computation mentioned earlier, the monostatic point scatterer model is con-

structed and shown in Figure 4.4. Each scatterer has a position coordinate and an angular-

dependent spherical harmonic based re�ection gain. The brightness indicates the value of

the real numbered re�ection gain at the corresponding aspect angle. The comparison of the

dB scaled RCS power between the true data from CST, the spherical harmonic model, and

the ellipsoid model [59] is provided in Figure 4.5.

Figure 4.4: Re�ection gains� (	 ) and positions of the monostatic point scatterer model

We take the scatterer positions and proceed to the bistatic point scatterer model com-

putation. Note that matrix�Q 2 R2704� 2704� 52488 is extremely large and hard to compute.

We leverage its low-rank property to resolve this issue. Figure 4.6 shows the constructed

bistatic point scatterer model. Each scatterer has a position coordinate and two angular-

dependent spherical harmonic based functions. The re�ection gain is determined by the

multiplication of two functions evaluated at the incident and scatter angle, respectively, as

mentioned in Equation 4.1.
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Figure 4.5: Comparison of the dB scaled RCS power between the true data from CST, the
spherical harmonic model, and the ellipsoid model

Figure 4.7 shows the simulated bistatic RCS data from CST and the modeled bistatic

RCS of the point scatterer model at� inc = 80o and� inc = 260o. Figure 4.8 shows that

at � inc = 100o and � inc = 280o. As shown in Figure 4.7 and Figure 4.8, the real and

imaginary parts of the bistatic RCS data are effectively represented by the point scatterer

model, especially at the highly re�ected areas. Particularly, in Figure 4.8, the simulated

RCS and the modeled RCS at� sca = 270o show the same pattern of dark and light distribu-

tion. Figure 4.9 shows the minimized error de�ned in Equation 4.14 between the modeled

RCS and the simulated RCS from CST using different spherical harmonic degrees (L) and

numbers of scatterers. As the number of spherical harmonics increases, the minimized cost

decreases. This �gure also includes the minimized cost of the same simulation but with 24

scatterers (i.e.K = 24). The minimized costs are lower when more scatterers are used.

The root mean square errors (RMSE) can be obtained by taking the square root of the costs.

The lowest RMSE computed with 16 and 24 scatterers are 11.7 and 10.9, respectively. This

shows that the RMSE is reduced by 7% by increasingK from 16 to 24. The MATLAB

code of this example is publicly available at https://github.com/howeri/SHBiAnisoPSM.
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