
Copyright

by

Ann Marie Raynal

2008



The Dissertation Committee for Ann Marie Raynal

certifies that this is the approved version of the following dissertation:

Feature-based Exploitation of

Multidimensional Radar Signatures

Committee:

Hao Ling, Supervisor

Edward J. Powers, Jr.

Mircea Driga

Ali E. Yilmaz

Sean M. Buckley

Rajan Bhalla



Feature-based Exploitation of

Multidimensional Radar Signatures

by

Ann Marie Raynal, B.S., M.S.

Dissertation

Presented to the Faculty of the Graduate School of

The University of Texas at Austin

in Partial Fulfillment

of the Requirements

for the Degree of

Doctor of Philosophy

The University of Texas at Austin

August 2008



To my family.



Acknowledgments

I would like to thank my supervisor, Dr. Hao Ling, for his enthusiasm,

guidance, knowledge, and example as a researcher. My sincerest gratitude

also goes to Edward J. Powers, Jr., Mircea Driga, Ali E. Yilmaz, Sean M.

Buckley, and Rajan Bhalla for serving on my committee, adding to my un-

derstanding of many subjects, and offering their time and suggestions for the

betterment of this work. I would further like to acknowledge The University

of Texas at Austin Cockrell School of Engineering Thrust Fellowship Program

under the endowment of Motorola, the Gates Millennium Scholars Program,

and the Innovative Signal Analysis Fellowship Program for their financial sup-

port. Thanks also go to Dr. Rajan Bhalla, Science Applications International

Corporation, and Dr. Yong Zhou for their research contributions which have

enabled this work. Lastly, I extend special thanks to my family and friends

for their lifelong encouragement and support.

Ann Marie Raynal

The University of Texas at Austin

August 2008

v



Feature-based Exploitation of

Multidimensional Radar Signatures

Publication No.

Ann Marie Raynal, Ph.D.

The University of Texas at Austin, 2008

Supervisor: Hao Ling

An important problem in electromagnetics is that of extracting, in-

terpreting, and exploiting scattering mechanisms from the scattered field of

a target. Termed “features”, these physics-based descriptions of scattering

phenomenology have many and diverse applications such as target identifica-

tion, classification, validation, and imaging. In this dissertation, the feature

extraction, analysis, and exploitation of both synthetic and measured multi-

dimensional radar signatures are investigated.

Feature extraction is first performed on simulated data of the high-

frequency electromagnetics solver Xpatch. The scattered, far-field of an elec-

trically large target is well-approximated by a discrete set of points known

as scattering centers. Xpatch yields three-dimensional (3D) scattering centers

of a target one aspect angle at a time by using the shooting and bouncing

ray technique and a computer-aided design (CAD) model of the target. The

feature extraction technique groups scattering centers across multiple angles

that pertain to the same scattering mechanism. Using a nearest neighbor clus-
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tering algorithm, this association is carried-out in a multidimensional grid of

scattering center angle, bounce, and spatial location, wherein distinct scatter-

ing mechanisms are assumed to be non-overlapping. Synthetic monostatic and

bistatic feature sets are extracted and analyzed using this algorithm.

Additionally, feature sets are exploited to assist humans in electromag-

netic CAD model validation. The generation of target CAD models is a chal-

lenging, resource-limited, and human-experience-based process. Target fea-

tures extracted from a CAD model in question are compared individually to

measured data from the physical target by projection of their radar signatures.

CAD model disagreements such as missing, added, or dimensionally inaccu-

rate components, as well as measurement imperfections are analyzed. Target

traceback information of the features identifies flawed areas of the model. The

projection value quantifies the degree of disagreement.

The feature extraction methodology is next modified for measured radar

signatures which lack readily available scattering center and bounce informa-

tion. First, many ground plane synthetic aperture radar images of overlapping,

limited apertures in azimuth are formed from the measurement data. Then,

two-dimensional scattering centers of all images are estimated using a modi-

fied CLEAN algorithm. Feature extraction is lastly performed as with Xpatch

data, though a reduction in grid dimensionality and orthogonality occurs. Fi-

nally, measured feature sets are exploited for sparse elevation 3D imaging and

improved CAD model validation. The first application estimates the truth 3D

scattering center of each feature using linear least squares to then visualize

a composite 3D image of the target. The second application projects both

synthetic and measured feature radar signatures to mitigate errors from the

intersection of features in the combined measurement signature.
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Chapter 1

Introduction

1.1 Background

1.1.1 A Selective History of Imaging and Feature Ex-

traction in Radar

In the late 1880’s, Heinrich Hertz demonstrated experimentally using a

rudimentary pulse radar that radio waves reflect from metal objects [1]. The

first application of radar, that is RAdio Detection And Ranging of reflecting

objects, was investigated in the early 1900’s by Christian Hulsmeyer. He

largely improved upon Hertz’s radar and is credited with building the first

monostatic (or co-located receiver and transmitter) pulse radar for collision

avoidance of ships at sea. Ironically, due to a lack of interest in the device at

the time, his invention dissipated from the collective memory of science.

In the 1920’s many individuals, including Marconi, rediscovered radio

detection and localization. Taylor and Young from the U.S. Naval Research

Laboratory placed a continuous-wave radar transmitter and receiver on op-

posite banks of a river and observed a trip-wire effect when ships crossed the

bistatic (non co-located receiver and transmitter) radar path in 1922. However,

the importance of radar did not truly surface until the late 1920’s and early

1930’s when it became necessary to detect the newly designed all-metal, high-
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altitude, long-distance, heavy-artillery, bomber aircraft of post World War I

through all-weather and lighting conditions.

Many sensors were investigated as long-range military warning systems

against the bombers including sound locators, radiated radio-frequency engine

noise detectors, infrared sensors, and even the bistatic continuous-wave radar.

Only the monostatic pulse radar proved capable of all-weather and lighting,

long-range radio detection and localization for three main reasons. First, the

frequency of operation had low energy absorption through atmospheric phe-

nomena such as cloud cover. Second, the radar was an active device which

provided its own controllable energy source for transmission and consequently

radiated energy reception. This design factor made the radar independent of

day or nighttime operation and tunable for desired ranging. Third, the mono-

static radar depended on simple backscattered energy reception rather than a

more complex and usually weaker bistatic scattering return.

In the 1930’s, very low frequency radars (of less than 600 MHz) for ships

or aircraft were developed and deployed almost simultaneously and indepen-

dently by most of the countries that would later form the Axis and Allied

Powers of World War II. The quality and extent of deployment of radars for

these countries led greatly to their success or defeat in many encounters dur-

ing the war. The advancement of radar systems throughout World War II was

unprecedented. A particularly great accomplishment was the invention of the

high-power cavity magnetron by the British in 1940, which was disclosed to the

U.S. for further collaborative development of high-frequency microwave radar

systems. The MIT Radiation Laboratory and Naval Research Laboratories

were major contributors in the effort. The antennas of the new high-frequency

designs were smaller and more portable, which allowed the radars to be ubiqui-
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tous in air, land, and sea. These radars were applied to early warning systems,

fire control, and target detection for the British and Americans during the war.

The initial focus of radar was on target detection and tracking [2]. Crude

images by early scanning radars contained blips representing targets (amidst

large amounts of clutter) on polar plot displays. These displays provided the

location in range and azimuth angle of the targets. One such radar, the Plan

Position Indicator (PPI), created images by physically rotating the antenna

about a fixed point on the radar platform and displaying the results on a cath-

ode ray tube screen [3]. Unfortunately, little information could be deciphered

from the on-screen blobs as to the nature of the targets due to insufficient

resolution. A solution was provided by high resolution radars (HRR) that uti-

lized larger absolute bandwidth pulses to achieve greater range resolution [2].

The higher resolution effectively separated the backscattered blob echo into a

discrete set of reflection points of the target, known as scattering centers, that

occurred along the line of sight of the radar. The one-dimensional image plot

of resolved scattering center magnitude versus range at a particular look angle,

called a range profile, became an early means for employing feature extraction

for target recognition. Limited and generic information of value about a target

at a particular look angle could be deduced from the various scattering center

peaks forming a profile such as size (whether large or small), type (whether

jet, helicopter, ship, tanker, missile, or aircraft carrier), and purpose (whether

civilian or military) [1]. Range profiles varied drastically as a function of angle

and had no resemblance to two-dimensional optical images, which complicated

their individual use for more sophisticated target recognition by humans or the

electronics at the time.

The development of better cross-range resolution radars for target imag-
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ing and recognition as well as terrain mapping began in the early 1950’s [3].

The side-looking airborne radar (SLAR) utilized a real aperture, meaning that

the resolution in azimuth angle for an airborne platform imaging a strip of

ground perpendicular to the direction of flight was limited by the physical size

of the antenna. SLAR’s were mostly used for military terrain reconnaissance

and surveillance. In 1953 Carl A. Wiley filed a patent for the concept of the

first synthetic aperture radar (SAR), which provided enhanced azimuth reso-

lution to the SLAR by transmitting and processing a series of short duration

pulses during platform flight to create the effect of a large aperture antenna

[4]. The first SAR’s were built and demonstrated by Goodyear Aerospace

Corporation and the University of Illinois shortly thereafter. All SAR work

was classified until the late 1960’s, during which time various spaceborne as

well as airborne systems were developed and deployed for mapping of terrain

or stationary ground targets. Many organizations contributed to these efforts

and continue to do so to this day, including the Jet Propulsion Laboratories,

Sandia National Laboratories, University of Michigan, Hughes Aircraft, and

NASA. Although SAR brought a vast improvement in microwave imaging,

due to the nature of microwave scattering, data acquisition, and processing

the spatial geometry of the results did not look like an optical photograph. In

the late 1960’s, the use of interferometry in SAR (IFSAR or INSAR) enabled

the extraction of height from the phase information of two different data ac-

quisitions over the same area and the correction of some topographic issues

of SAR images. Leveraging the SAR concept, Chen and Andrews developed

inverse synthetic aperture radar (ISAR) as a radar of opportunity to image

moving ships and aircraft in the late 1970’s [5]. Contrary to the operation of

SAR, in ISAR, the radar platform was stationary while the target was required

4



to be in motion to obtain an image. These imaging radars remain important

for a variety of remote sensing applications today.

The processing, interpretation, and exploitation (preferably in a robust

and automated fashion) of useful information embedded in microwave radar

signatures or images, which do not resemble the optical frequency equivalent

that humans are accustomed to viewing, has always been challenging. The

extraction of features, that is scattering mechanisms of a target or important

scattering information from a scene, their physical understanding in terms of

electromagnetics, and their application, has formed an active aspect of research

since World War II. The advent of the digital age in the early 1980’s enabled

large growth in the number of systems, applications, and algorithms of imaging

radars [6]. Before then, processing large amounts of data was prohibitive due

to the analog systems in place. High-speed digital computers opened the path

to digital signal processing and Fourier analysis of radar signatures from HRR

range profiles to images. Currently, a trend for unmanned autonomous vehicles

and the prevalence of existing radar sensors throughout the earth and space

signifies an abundance of multidimensional radar data. As a result, the need

for feature extraction to condense, assimilate, and exploit essential scattering

information from large quantities of data with signal processing techniques is

a current topic of interest.

5



1.1.2 The State of the Art in Feature Extraction and

Exploitation for Multidimensional Radar Signa-

tures

Feature extraction, or the automated selection of attributes that are of

informational value in a data set, is a diverse area of data analysis in many

disciplines. Numerous model-based and data-driven approaches exist to per-

form feature extraction. Model-based techniques use simplified mathematical

representations of more complicated physical processes to predict and extract

meaningful information from the available data. In contrast, data-driven tech-

niques use statistical or algorithmic approaches, devoid of any physical process

representation, for the same purpose.

In the case of radar, both approaches are used in target recognition

and the understanding of electromagnetic scattering and prediction for mul-

tidimensional radar signatures. Data-driven feature extraction techniques for

high-frequency radar signatures tend to focus on target recognition and classifi-

cation. Neural networks and support vector machines are some classifiers in use

[7]-[9], as well as Gaussian classifiers [10], hidden Markov chains [11, 12], au-

toregressive moving average techniques [13] and genetic algorithms [14]. These

methods primarily focus on statistical variations in sequential HRR range pro-

files across aspect. Many segmentation and clustering techniques exist as well,

though their focus is on feature extraction from SAR images rather than that

of multidimensional radar signatures.

Model-based feature extraction techniques in high-frequency radar com-

monly stem from the work of Keller in 1962 regarding the ray-optics-based

geometric theory of diffraction (GTD) [15]. According to the GTD, the scat-
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tered, electromagnetic, far-field from an electrically large target, as compared

to the wavelength of an incident plane wave, can be well-approximated by

attributing the field to a discrete set of points on the target known as scatter-

ing centers. This approximation is especially true of man-made targets. The

scattering center model,

E(k) =
N∑

i=1

Aie
−j2k·ri , (1.1)

is a sparse and simple abstraction of a target’s radar signature per the GTD.

In equation (1.1), Ai and ri are the complex amplitude and range vector of

scattering centers, respectively; k is the wave vector; and E(k) is the scattered

field. If the amplitude and range of the scattering centers of a target can

be parameterized, then the target’s radar signatures can be recreated, as can

range profiles (1D spatial domain), sinograms (range profiles as a function of

aspect), and images (2D or 3D spatial domain) of the target.

Note that the complex amplitude Ai is in general a function of frequency

and can be expressed more explicitly by its dispersive behavior as ai(
f
fc

)α

[16]. In this expanded definition, ai is the complex amplitude; ( f
fc

) is the

normalization of frequency by the center frequency, fc; and α is a half-integer

number ranging from ±2 to yield the degree of dispersion in the backscattering

of typical canonical objects involving curves and edges (e.g. spheres, cylinders,

corners, and flat plates). For many applications involving imaging with high-

frequency radars, the dispersive behavior in the amplitude term grows rather

slowly and may be ignored by some models. This assumption holds when the

absolute bandwidth is sufficiently large to yield good range resolution, but the

relative bandwidth, that is, the absolute bandwidth compared to the center

7



frequency, is narrowband (or less than 10%).

As with any model, the scattering center model is not free from lim-

itations. First, the scattering center model assumes isotropic scattering and

visibility. Yet the true physics of even simple structures reveals that scattering

occurs over constrained angular visibility. For instance, a corner reflector has

a 90◦ visibility sector. Furthermore, complex interactions among target com-

ponents such as shadowing, can affect the theoretical visibility of a scatterer.

Second, the scattering center model fails to account for complex frequency res-

onances, which commonly occur in engine inlets and other accessible cavities

of a target. Methods have combined the scattering center exponential model

with a pole model to compensate for this shortcoming with some success at the

cost of greater complexity [17, 18]. Notwithstanding, the GTD-based scatter-

ing center model has been utilized with great success over the course of more

than four decades and continues to be a strong tool for high-frequency electro-

magnetic scattering, where the scatterer size is large as compared to the radar

wavelength.

Feature extraction using the scattering center model has acquired many

layers in its definition, purpose, and scope for high-frequency radar over time.

Traditionally, feature extraction has focused on the parameter estimation of

scattering centers from synthetic or measured data. Features in this case are

the scattering centers themselves, that is, their amplitude, spatial location or

ranging, and possibly their dispersive amplitude factor parameterizations. The

analysis of range profiles by HRR’s prompted this type of feature extraction

versus Fourier-based methods. Fourier techniques (that is, the inverse discrete

Fourier transformations of frequency-aspect radar data) are limited in range

resolution by the absolute radar bandwidth or ∆r = c
2B

, where ∆r is the

8



range resolution, c is the speed of light, and B is the absolute bandwidth

of the radar [2]. A Fourier resolution limit likewise occurs for two and three-

dimensional data acquired as a function of look angle, specifically c
2fcφ

, where φ

is angular aperture. Lastly, Fourier methods require uniform sampling in order

to achieve computational efficiently via the inverse fast Fourier transform,

which is determined by the Nyquist criterion.

Feature extraction using the scattering center model is favorable for

many reasons. First, model-based approaches are not limited by the afore-

mentioned Nyquist sampling rate or uniform sampling requirement [16, 19].

Second, they characterize the scatterers in the data based on physical pa-

rameters. Third, model-based feature extraction provides a sparse means by

which to store and recreate the acquired data with better resolution and dy-

namic range. The disadvantages to feature extraction using the scattering

center model are added computational expense in time and complexity as

well as model mismatch or estimation error as compared to Fourier meth-

ods. However, the pros outweigh the computational inconvenience when data

acquisition and storage is limited or expensive to obtain. Radar signature pre-

diction for high-frequency electromagnetic solvers is one such area where the

feature extraction of scattering centers from sparse data sets has served well

to interpolate or extrapolate the available data for electromagnetic scattering

prediction and save on the much greater computational expense of the solvers

[20]-[24]. The measurement community has also benefited from this type of

feature extraction in order to obtain super-resolved or noise-free results from

data that is sparsely or poorly acquired [25]-[27].

Three decades of scattering center extraction techniques and analysis

since Keller’s work have led in the last decade to higher levels of abstrac-
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tion about new potential features in radar signatures based on the scattering

center and electromagnetic scattering corpus of knowledge. Research from

the Ohio State University provides an excellent example of this transition in

feature extraction. Potter et al. first proposed the amplitude frequency de-

pendent scattering center model in 1995 [16]. This model was followed by

an attributed scattering center model to parameterize the angular visibility of

scattering centers. The model characterizes the extent to which a scattering

center is spatially distributed in angle; some scatterers are spread-out, as is

true for a dihedral (two-sided corner), while others are localized, as in the

case of a trihedral (three-sided corner) [28, 29]. This new definition of a scat-

tering center has been applied to parameter estimation for automatic target

recognition [30] and high-fidelity SAR target imagery [31]. More recently, the

attributed scattering center model has been used by Jackson and Moses for

the detection and reconstruction of 3D primitive targets based on canonical

shapes for both cooperative and sparse, nonlinear collection scenes [32, 33],

and for through-wall building structure prediction by Ertin and Moses [34].

Furthermore, an attributed scattering center model has been defined for the

bistatic scattering of canonical targets by Rigling and Moses [35]. In addition,

the Ohio State University has investigated the use of fully polarimetric data

in the estimation of scattering centers and target pose [36]. All of these efforts

involve the use of model-based parameter estimation for feature extraction

of enhanced scattering center information; the model and applications have

changed but the general feature extraction approach remains the same. Com-

puters and parameter estimation algorithms have grown and improved along

with the increased parameter search spaces of the expanded scattering center

model. Yet the complexity of parameterizing multidimensional data with an
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augmented scattering center model is by no means a trivial task.

The University of Texas has also been involved in a feature extrac-

tion transition. In the 1990’s, an electromagnetics solver was designed to

extract three-dimensional scattering centers from a computer-aided design

(CAD) model of a target [37]. Xpatch [38, 39], as the solver came to be

known, has become an industry and government standard. Xpatch uses a ray

tracing method known as the shooting and bouncing ray (SBR) technique to

determine the scattered field [40, 41]. Given a particular incident look angle,

the SBR method directs a dense uniform grid of rays at a target. Using ge-

ometrical optics, each ray is traced as it bounces about the target. When a

ray exits the target, its contribution to the total scattered field at that point

is summed. When the ray summation is performed in the image domain, a

three-dimensional inverse synthetic aperture radar (ISAR) image of the target

can be formed by,

ISAR Image(x, y, z) =
N∑

i=1

Aih(x − xi, y − yi, z − zi), (1.2)

where h is the point spread response of the radar. Leveraging the CLEAN al-

gorithm, originally developed for radio astronomy in 1974 [42] and adopted for

microwave imaging applications since 1988 [43], the set of scattering centers

{Ai, xi, yi, zi} from the formed ISAR image of equation (1.2) are extracted

one at a time. The scattering centers are iteratively identified and removed

from a progressive residual of the image in order from strongest to weakest.

This process allows for each scattering center to be more accurately identified

in the absence of the energy of prior, stronger scattering centers. All scatter-

ing centers for a target at the observation look angle are identified when the
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residual reaches an established noise floor or total scattering center criteria.

As mentioned, from scattering physics, a scattering center of a target

is expected to persist as a function of angle over some visible region [44, 45].

That is, Ai and ri of equation (1.1) are functions of azimuth and elevation.

Bhalla, et al. described a global scattering center representation of a target,

in order to account for the angular behavior of scattering centers in [44, 45].

First, the local scattering center representation of a target over a hemisphere

of individual azimuth and elevation look angles was computed with Xpatch.

Then, all scattering centers were placed on a spatial grid and grouped at the

approximately similar spatial location as a function of angle. This approach

was to capture target scattering physics and scattering center angular visibility

in azimuth and elevation for the computed hemisphere or data dome. A scat-

tering center’s target traceback location could be found using the ray-tracing

utility of Xpatch. [45] states that such a process could be used for feature-

based applications. The methodology of this approach is only appropriate in

grouping scattering centers that are stationary across angle. However, scat-

tering center spatial movement is found to occur along curved surfaces and

flashes.

The hybrid idea of a data-driven approach to compose hierarchical fea-

tures from extracted model-based scattering center features was utilized in

2005 by Zhou [46] to group all combinations of spatial and angular movement

of scattering centers, or lack thereof. The approach generated the local scat-

tering center representation of a target one angle at a time using Xpatch. The

scattering centers were then separated by their ray bounce count. Next, scat-

tering centers were grouped in a multidimensional grid space where different

spatial and angular behaviors would be non-overlapping. Finally, a nearest
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neighbor algorithm was applied to group and extract the scattering centers

into features. Target traceback information was preserved from the ray trac-

ing utility of Xpatch. The focus of this work was on feature extraction methods

and was presented for a single elevation cut of a canonical target, leveraging a

grid space in azimuth, xyz-space, and ray bounce. Hence a global scattering

center representation was not considered and no applications of this work were

expounded upon.

1.2 Objectives and Approaches of the Disser-

tation

This dissertation seeks to advance the state of the art in feature extrac-

tion, analysis, and exploitation of both synthetic and measured multidimen-

sional radar signatures. We first undertake the task of extending the work of

Zhou to perform feature extraction on a synthetic monostatic data dome by

expanding the multidimensional clustering space for the additional elevation

dimension. The objective of the augmentation is to allow for feature extrac-

tion and interpretation of scattering center behavior exhibited along the new

visibility plane. The greater scope is to offer more comprehensive insight into

the scattering physics of a target and feature visibility for features that flash or

exist in specific elevation regions. We also examine bistatic feature extraction

for distinct observation and incidence azimuth angles to gain insight into this

little studied and less understood form of electromagnetic scattering.

The second focus of this dissertation is on the exploitation of extracted

synthetic monostatic features for electromagnetic CAD model validation. A
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normalized projection is executed to compare individual extracted features of

a synthesized CAD model target to a measured data set of the same. Robust-

ness of the approach to measurement imperfections is considered by including

angular variabilities as well as sparsity. The primary objectives of the approach

are to determine where modeling problems lie on the CAD model facets, what

scattering bounce or phenomena are affected, and the degree of model mis-

match, including the identification of gross errors in the CAD model such as

new, missing, or dimensionally different components between the simulated

and actual target.

The third focus of this dissertation is on the feature extraction and

analysis of measured multidimensional radar signatures. The objective is to

extend the multidimensional clustering algorithm developed for synthetic data

to extract features from measured data and gain an understanding for the

new extracted features. Feature extraction is performed by first forming many

ground plane SAR images of overlapping and limited aperture in azimuth, and

then estimating two-dimensional scattering centers of all images using a mod-

ified CLEAN algorithm. Multidimensional clustering of the scattering centers

is then carried out as with synthetic data though at a reduced dimensionality

and with greater possibilities for feature overlap.

The final focus of this dissertation is on the exploitation of extracted

measured monostatic features. The first aim is to exploit measured features

for sparse elevation 3D imaging by estimating the truth 3D scattering center

of each feature using linear least squares. All scattering centers are then visu-

alized as a composite 3D image of the target. The second aim is to improve

CAD model validation by projecting both synthetic and measured features

onto each other as compared to the original technique above.
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1.3 Organization of the Dissertation

This dissertation is organized as follows. In Chapter 2, the feature

extraction algorithm for synthetic data is detailed, demonstrated, and inter-

preted for monostatic and bistatic data of prototypical targets. The exploita-

tion of synthetic feature sets for CAD model validation is covered in Chapter 3.

Chapter 4 details modifications to the feature extraction process for measured

data. Chapter 5 delves into an application of measured feature sets for 3D

imaging of sparse elevation data. CAD model validation is revisited in Chap-

ter 6 to improve the methodology by utilizing both synthetic and measured

feature sets. Conclusions follow in Chapter 7.
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Chapter 2

Feature Extraction of Synthetic

Multidimensional Radar

Signatures

2.1 Introduction

As mentioned in Chapter 1, accurately and compactly describing the

scattering physics of a target is fundamental to feature-based applications.

Features that represent scattering physics well and succinctly enable the un-

derstanding of electromagnetic scattering from complex targets and the use

of that understanding for target recognition or recreation of useful informa-

tion about the target such as the scattered field or image. Traditionally, the

scattering physics of targets has been characterized by scattering centers, a

collection of points on a target with complex amplitude that can approximate

the scattered field if their responses are summed using superposition as noted

in Equation (1.1). Scattering center representations of targets have served

well as features to characterize high resolution range profiles, or single-look

1D representations of a target, usually by means of parameter estimation.

However, changes in visibility and spatial extent of scattering centers occur
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across multiple looks of a target. The prevalence of 2D and 3D scattered field

data acquisitions of targets has rendered the use of scattering centers insuf-

ficient in accurately and compactly describing more global scattering physics

of a target. Feature extraction of more hierarchical abstractions of scattering

center behavior across look angle have become more appropriate. The use

of the scattering center as a building block for features that encompass the

scattering physics of a target across all look angles has been embraced in two

different ways. One philosophy has been to expand the scattering center model

to account for and parameterize angular and spatial behavior in the new an-

gular dimensions. A second philosophy has been to track and group scattering

centers derived at single look angles according to their angular and spatial

behavior in a multidimensional space. The latter philosophy is adopted in this

chapter to first extract physics-based features of the global-look or multiple-

look scattering representation of a target for both backscattered and bistatic

scattering and secondly to study the complex electromagnetic scattering of

targets over many angles using these features.

The correspondence in aspect between scattering centers extracted one

look angle at a time over a dense hemisphere of azimuth and elevation angle

radar data, or data dome, can reflect any of three main types of scattering

mechanisms [47]. Point features have scattering centers with a fixed spatial

3D location but angularly variable scattering center correspondence. Such

features arise from the scattering of corner reflectors for example. Curved

surfaces and cavities have scattering centers that move both angularly and

spatially. A flash return has scattering centers that are static in angle but

spatially mobile. All features must be captured by an extraction algorithm in

order to consider such a technique as successful.
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Figure 2.1: Sinogram of a backhoe

Conventionally, scattering mechanisms are viewed in a collapsed space

known as a sinogram. Figure 2.1 shows the sinogram for a backhoe target.

A sinogram is a three-dimensional plot of scattering center magnitude as a

function of its range with reference to an origin and the changing radar line

of sight in the azimuth plane at a fixed elevation. For SBR simulations, the

reference origin is target bottom-centered. Range is then the projection of the

3D scattering center location onto the radar line of sight relative to the refer-

ence origin. The colorbar of a sinogram indicates the strength of the scattering

return in dB scale, and zero range denotes the reference origin. The curvature

in range as a function of azimuth angle of the scattering is due to the fact that

as the azimuth angle is varied, an incident wave transitions between hitting
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the scatterer prior to the origin, causing negative range; hitting the scatterer

at the same time as the origin, causing zero range; and hitting the scatterer

after the origin, causing positive range. The nature of the curve traced by a

perfect scattering center with respect to the reference origin is a sine function,

hence the nomenclature “sinogram”. Perfect scattering centers, those that are

spatially static and visible in all aspects and scatter isotropically, are a rarity.

Sinograms for complex targets usually display many intermittent or limited

extent tracks that do not resemble an ideal sine wave. An individual track

nonetheless describes a scattering mechanism. However, discerning the track

of a particular scattering mechanism is not easily accomplished for complex

targets because of the sheer number, overlap, intersection, and varying visibil-

ity and angular behavior of tracks. This visual confusability is demonstrated

in the backhoe sinogram of Figure 2.1. Zhou developed a parametric model

and iterative extraction algorithm in [46] to characterize individual sinogram

tracks. Likewise, Bhalla, et al. used optical flow in [48] to achieve the same

purpose. Both methods had limited success in accurately modeling and ex-

tracting the different types of scattering mechanisms.

A less conventional manner of conceptualizing scattering mechanisms is

by placing the single-look scattering centers that comprise these mechanisms in

a multidimensional space. In a high dimensional space, each type of scattering

center correspondence is ideally non-overlapping and separable into a feature

of the target as shown in Figure 2.2 for a tophat, corner reflector, and specular

flash located at different areas of a target. Feature extraction is facilitated by

the improved separability as compared to the sinogram. [44] attempted this

concept for a data dome by grouping spatially similar scattering centers across

angle. The technique best described point features because the spatial mobility
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Figure 2.2: Non-overlap of scattering mechanisms in a multidimensional space

of scattering centers across aspect (i.e. azimuth and elevation look angle) was

not considered in the algorithm implementation.

A more general, multidimensional nearest neighbor clustering approach

was also employed in [46] to succinctly describe the three distinct types of

scattering center correspondence (point feature, curved surface, or flash) and

the underlying physics for a single elevation cut. Conceptually, the CAD ren-

dering in Figure 2.3a) representing a generic target yields typical scattering

mechanisms. Each mechanism is comprised of a collection of single-look scat-

tering centers extracted by the SBR technique that are connected in the multi-

dimensional space, yet isolated in aspect and distance from other mechanisms,

such that they can be extracted as a feature and exploited for their angular be-

havior. In practice, the raw single-look scattering center data extracted from

the SBR simulation is organized as a function of aspect without any angular

correspondence. This data is in effect reorganized after the clustering process
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Figure 2.3: Multidimensional clustering concept for synthetic SBR data. a)
Slicy CAD rendering and scattering features in multi-dimensional space, b)
Scattering center extraction and clustering algorithm data organization, re-
spectively, c) Sinograms of target and clustering algorithm, respectively
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into a stack of features representing scattering mechanisms as in Figure 2.3b).

The challenge of decomposing the sinogram of the raw data in Figure 2.3c) is

met by the multi-dimensional clustering process. Numerous sinograms result

from the feature-separated data, with each depicting an individual track or

target scattering mechanism.

The success of [46]’s multidimensional clustering technique prompted

its adoption for this dissertation and extension in use to a full data dome. K-

means clustering [49], another data-driven statistical feature extraction tech-

nique, was attempted before the adoption of [46]’s nearest neighbor algorithm.

However this technique had limited success because the number of features in

a data set needed to be known a priori or else had to reach convergence it-

eratively with great computational expense and time. Furthermore, point

features were well separated, but mobile scattering centers were difficult to

group about a mean successfully. Further discussions about this technique are

excluded from this dissertation for this reason.

2.2 Algorithm

For monostatic data synthetically acquired using SBR, the multidimen-

sional clustering algorithm is as follows. As in [44], a data dome of scattering

centers is first computed one look angle at a time. All scattering centers are

then sorted according to their scattering bounce count, which is provided by

the SBR simulation. This is done to separate different order scattering mech-

anisms such as dihedrals and trihedrals, multiple cavity returns, or multiple

scattering interactions between target components. The clustering process

is then accomplished for each bounce count by placing those scattering cen-
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ters in a 3D spatial (xyz) and 2D aspect (azimuth-elevation) five-dimensional

grid. Those scattering centers having close proximity within this space are

then grouped using a nearest neighbor algorithm of [46] to form a feature as

detailed below.

1. Establish an empty search list and feature list.

2. Place a seed at a non-zero pixel; place the pixel into the feature list; and

remove it from the N-dimensional space.

3. Find all non-zero neighbors of the seed; place them in the search and

feature lists; and remove them from the N-dimensional space.

4. Repeat step 3 for all pixels in the search list, deleting each pixel from

the search list after its neighbors have been identified.

5. When the search list has been exhausted, tag those pixels in the feature

list as a feature.

6. Repeat steps 2-5 for the remaining pixels in the N-dimensional space to

identify subsequent features.

Once all features have been identified, they are sorted by their energy contri-

bution to the global target representation. Feature energy is determined by

first forming the scattered field of the feature using Equation (1.1) and the

scattering centers that comprise the feature, and then integrating the square

of the field over all angles and frequencies second. The resulting value is used

to rank the features from strongest to weakest contributor to the target scat-

tered field. Feature extraction can be extended to synthetic SBR bistatic data,
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without loss of generality, if the multidimensional grid increases by two dimen-

sions to include four aspect dimensions for incidence and observation azimuth

and elevation.

2.3 Monostatic and Bistatic Feature Set Anal-

ysis

Physical and quantitative explanations of each feature provide physical

insights into the target scattering that can be useful for signature exploita-

tion, target recognition, and furthering the understanding of complex target

electromagnetic scattering. Selected results for Slicy [50], a typical canonical

target, and a more complex backhoe target [51] are presented for illustrative

purposes of monostatic feature extraction. Results for Slicy are presented for

bistatic feature extraction as well. In addition, monostatic feature set angular

and spatial behavior is investigated for a canonical (Slicy), ground (backhoe),

and air (airplane) target.

2.3.1 Monostatic Results

3D scattering center extractions were carried-out in range for elevations

(EL) from 6◦-78◦ and azimuth (AZ) angles from 0◦-360◦ in 3◦ and 1◦ steps,

respectively. The center frequency was 9.5GHz with 5GHz of bandwidth.

Vertical polarization was considered. The corresponding data was clustered in

the multi-dimensional position and aspect space using the approach described

in Section 2.2. Approximately 170 and 1400 features were tracked for the Slicy

and backhoe, respectively. The backhoe has more features because it is a more
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Figure 2.4: Feature energy and scattering center counts for the: a) Slicy, and
b) Backhoe.

complex target. A metric for determining the quality and compactness of the

features is to track feature energy versus the raw scattering centers. As can

be seen in Figure 2.4a) and b), merely 21 and 50 clustered features model 99%

and 98% of the energy in the scattering center sets for the Slicy and backhoe

targets, respectively.

Slicy

Slicy, shown in the left image of Figure 2.3a), is a primitive representa-

tion of a target containing five main canonical shapes. Three corner reflectors

are formed at the two front steps and top trihedral. Two structures known as

tophats are formed by the top plane and cylinders. The left cylinder is open

at the top to form a cavity whereas the right cylinder is closed. The origin of

the target is bottom centered with the positive x-axis toward the front steps

and positive y-axis toward the tall cylinder. A sinogram of Slicy is shown in
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the left plot of Figure 2.3c) for a single elevation. Sinograms exist for each

elevation angle.

Figures 2.5 through 2.12 show examples of select features extracted for

Slicy. The top left plot in each figure is a two-dimensional projection or top

view of the scattering centers that comprise the feature. The top right image

in each figure visually shows two pieces of information. First, the facets shaded

in color of the CAD model are those which contribute to feature scattering

phenomenology. This traceback information given by the SBR simulation

represents facets of the target that were hit by rays in the SBR technique

to produce a scattering center. Second, the fuscia points on the target are

the spatial locations of the scattering centers comprising that feature. The

bottom left plot in each figure depicts the angular visibility map with the dB

color scale indicating the magnitude of the complex sum of scattering center

strengths for the particular mechanism at the specified aspect angles. The

bottom right plot in each figure is a selected sinogram at a single elevation of

the target.

Figure 2.5 shows the scattering from the tall cylinder. The scattering

centers form a ring, as expected, since they are spatially and angularly mobile

at the base of a tophat. In the visibility plot, shadowing from the trihedral

and the short cylinder, shown as blue regions of low visibility, occur at about

10◦ and 90◦ in azimuth, respectively, with shadowing in azimuth and elevation

in proportion to the physical dimensions of the component. Note that these

shadows also occur in the 6◦ elevation sinogram as a break in the track.

Figure 2.6 demonstrates the scattering from the left step corner reflec-

tor. The three-bounce return is a localized point feature for which the 90◦

angular extent in azimuth can be seen in the visibility plot and sinogram.
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Blockage by trihedral 

Blockage by short cylinder 

Figure 2.5: Slicy tall cylinder feature
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Figure 2.6: Slicy left step feature
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Blockage by tall 
cylinder 

Figure 2.7: Slicy small cylindrical cavity feature

Figure 2.7 shows the scattering from the small cylindrical cavity. The

visibility plot for this feature is the same as its physical visibility, since the

cavity scatters whenever the opening is visible at sufficiently high elevations

to an incident plane wave. Note that obstruction from the tall cylinder occurs

as well.

The algorithm is able to distinguish interior and exterior returns as

shown by Figure 2.8, the outer base scattering of the small cylinder. Note

the increased visibility span, as well as the prominent tall cylinder shadowing
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Figure 2.8: Slicy small cylinder exterior feature
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Figure 2.9: Slicy higher-order cavity feature

about 270◦ in azimuth and slight trihedral shadowing at 310◦ in azimuth.

Figure 2.9 shows higher-order multiple scattering from the cavity. Since

rays are phase delayed by the increased bouncing inside the cavity, the scat-

tering centers form a feature greater than the physical size of the cavity. The

scattering centers do not form a complete ring due to shadowing from the tall

cylinder, which can be seen in the feature spatial distribution, visibility plot,

and sinogram. The incidence angles at which rays are trapped for multiple

bounces is limited in elevation angle as shown by the visibility plot.

Figure 2.10 shows dihedral, or two-bounce, scattering from the top cor-
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Figure 2.10: Slicy top corner dihedral feature
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Figure 2.11: Slicy top corner trihedral feature

ner reflector, which is distinguishable from the trihedral three-bounce return

in Figure 2.11 based on its visibility and spatial distribution. The dihedral re-

turn is essentially a flash scattering mechanism in azimuth unlike the trihedral

point feature.

Finally, Figure 2.12 shows a more complicated scattering mechanism

comprising the interaction between a cylinder, the top plane, and the opposing

cylinder. This complex interaction is limited in its visibility of occurrence. An

incident wave hits the target from the back side around 100◦ to 250◦ in azimuth

to create this multiple component scattering.
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Figure 2.12: Slicy multiple interaction feature

The visibility plot, spatial location of scattering centers comprising the

scattering mechanism, and single-track sinogram for each feature reaffirm suc-

cessful feature extraction of the three types of scattering center correspondence

in aspect of complex targets. Point features are seen in the spatially static

three-bounce corner reflectors. The tall cylinder and small cavity show angu-

lar and spatial mobility. Dihedral and multiple target component interactions

show angularly static flash features (i.e. spatially distributed scattering cen-

ters over limited azimuth or elevation angles). An important revelation about

the scattering mechanisms of this canonical target is that even in their rela-
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tive simplicity, their scattering center correspondence is rarely spatially static

and angularly persistent isotropically as the ideal scattering center requires.

The angular persistence noted in the visibility plot and spatial mobility noted

in the CAD model plot for all features falls short of ideal. A lack of persis-

tence shows up as an break in the sinogram track of a feature and the spatial

mobility skews the perfect sine curve. Bhalla emphasizes this fact quantita-

tively in [47] because SAR imaging depends upon all target features being

spatially static and isotropically visible in order to create a well-focused im-

age. Clearly, feature spatial stability and angular visibility is only achievable

for limited apertures of a target. Therefore, understanding and quantifying

feature behavior can lead to optimal aperture selection in SAR imaging and

avoid defocused images of a target.

Backhoe

The backhoe is often utilized as a generic complex target that represents

a ground vehicle. The origin of the backhoe is bottom centered with the pos-

itive x-axis protruding toward the front scoop and positive y-axis protruding

toward the right side of the vehicle from a frontal view. Figures 2.13 through

2.17 show selected feature extraction results for the backhoe.

The interior right side of the front scoop produces a three-bounce re-

turn as shown in Figure 2.13. This feature represents a corner reflector-like

response. The visibility of the feature is more limited for the backhoe than

for Slicy because the target is more complex. At higher elevations or wider

azimuth apertures, the sides and top of the scoop impede an incident plane

wave from scattering off of the particular corner reflector area of the scoop.

This observation about limited visibility features is true for many features of
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Figure 2.13: Backhoe interior right front scoop feature
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Blockage by back 
arm 

Figure 2.14: Backhoe interior back scoop feature

the backhoe.

Figure 2.14 shows an interior back scoop feature that is complicated

in spatial and angular extent. From 100◦ to 250◦ in azimuth, the feature is

shadowed by the back scoop arm. Scattering from the interior is limited to

high elevation angles just as in the cavity example for Slicy. Just as with Slicy,

higher order multiples from the front and back scoop cavities are included in

the feature set, as demonstrated by the six-bounce front scoop return in 2.15.

Figure 2.16 represents a mechanism from the sides of the body of the backhoe.

Note the on-off scintillation in the visibility plot and sinogram as one looks
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Figure 2.15: Backhoe higher-order interior front scoop feature
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Scintillation 

Figure 2.16: Backhoe body side feature
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Tire close-up 

Figure 2.17: Backhoe tire feature
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at different azimuth angles at a fixed elevation. This effect is due to more

complicated shadowing and interactions with components. Lastly, Figure 2.17

shows the scattering phenomenology from the left front tire. The treads of the

tire can be discerned from the scattering centers that compose the feature in

the CAD model and 2D projection plots.

Monostatic Feature Set Visibility and Mobility Study

Angular visibility and spatial mobility of select features of the Slicy and

backhoe have been discussed. Next the angular visibility and spatial mobility

of the feature sets is studied for a canonical target (Slicy), a ground target

(backhoe), and an air target (an undisclosed airplane). Note that the data

dome for the airplane was collected from −15◦ to 15◦ in elevation in increments

of 5◦, since air targets can be imaged from below as well as from above. All

other parameters were kept the same.

Figure 2.18 shows plots from top to bottom for each target, respectively,

that indicate mobility versus visibility of the extracted features of the target.

The visibility metric is defined by the total number of angles over which the

feature is visible in its feature visibility plot normalized by the total number of

angles computed for the data dome. The mobility metric is defined by taking

the bounding box spatial span of a feature in the x, y, and z dimensions

normalized by the composite bounding box span of all the target’s features.

The bounding box span is computed as the cubed root of the product of the

spatial spans in each dimension. In this manner, the visibility metric denotes

the angular distribution of a feature, and the mobility metric represents the

spatial distribution of the feature.

The Slicy feature set demonstrates our expectations for mobility and
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Figure 2.18: Slicy, backhoe, and airplane feature set visibility and mobility
trends. B is an abbreviation for ray bounce.
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visibility of the target. Based on the three main types of scattering mecha-

nisms, we expect curved surfaces such as tophats and cavities to have large

spatial mobility and angular visibility. They appear toward the upper right

portion of the Slicy plot. Classifications of the tophats and other scattering

mechanisms on the plot are made by examining the features of Slicy individu-

ally according to their visibility and mobility metrics, as well as their sinogram,

visibility, spatial distribution, and CAD model scattering plots. Higher order

cavity returns are expected to persist less in angle but be very mobile due

to range delay. These features appear toward the upper left area of the plot.

Spatially distributed but angularly static features such as dihedrals or flashes

are expected to have low visibility but some mobility. These Slicy features

appear toward the left portion of the plot. Point features such as trihedrals,

that are spatially static but angularly distributed, should have little mobility

but some visibility. These Slicy features appear toward the lower areas of the

plot. Note that the mobility of a feature is expected to depend to some degree

on the physical dimensions of the component generating the feature. Also ob-

serve that multiple component interactions range from low to high in mobility

but tend to be low in visibility compared to tophats and cavity returns.

The backhoe feature set is different from the canonical target in mobility

and visibility. The backhoe does not have tophat structures, so its plot does

not show any features with extreme visibility like the Slicy. In fact, the backhoe

has many edges and sharp angles, which contribute to a numerous amount of

low visibility and mobility flashes and point features in the plot. Some of the

physically larger edges along the body or scoops of the backhoe contribute to

greater visibility and mobility features such as dihedrals, trihedrals, component

multiple interactions, and higher order returns (particularly from the back

43



scoop). The backhoe demonstrates that an overwhelming majority of features

of a complex ground target with many edges are low in visibility and mobility

compared to the canonical Slicy target.

The airplane feature set is again unique from the prior two targets in

mobility and visibility. The airplane is a very smooth target with curved

surfaces, so it does not have many flashes and point features concentrated

near zero mobility and visibility like the backhoe. The air target does have

high mobility and large visibility features from trihedral and dihedral returns

of the wings and body or tail and body interactions. The engine inlets of the

aircraft act much like the cavity in the Slicy to provide a range in visibility and

mobility that depends on the order of the cavity return feature and visibility

of the inlet to achieve the particular ray bounce. One feature of the airplane is

extremely mobile and visible at the upper right area of the plot. This feature

is a single bounce return of the entire plane that is due to the smooth and

curved surface characteristics of the target.

From the study of these three target feature sets we note that visibility

and mobility of target features is largely dependent on the physical target

structure and components. The most important observation across the three

feature sets is that extremely visible but immobile features, which form the

basic assumption of target scattering for focused SAR imaging, do not exist

(lower right corner of plots). These results are in line with Bhalla’s statements

in [47] that well-focused SAR imaging is only achievable for limited apertures

that are target-dependent.
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Monostatic Data Dome Summary

To summarize, a multidimensional nearest neighbor clustering algo-

rithm has been used to extract scattering mechanisms of a target from a full

backscattered dome of SBR technique simulated scattering centers. Results

are shown for two targets: the Slicy and backhoe. Thousands of scattering

centers that make up a data dome are converted into only tens of scattering

mechanisms. These mechanisms describe the scattering physics across aspect

of angularly and spatially static point features, angularly static and spatially

distributed flash features, and angularly and spatially distributed curved sur-

face features. Higher order and complex multiple interactions are also captured

by the features. CAD model scattering information for each feature is retained

to trace the areas of the target that give rise to the feature. As a result of the

feature extraction, the sinogram of a target becomes separated into its individ-

ual tracks, where each track represents a single scattering mechanism feature.

Spatial mobility and limited angular persistence of scattering mechanisms are

unfortunate complications to ideally focused SAR imaging.

2.3.2 Bistatic Results for Slicy

All prior discussions have been regarding monostatic radar simulations

and backscattered fields. That is, the radar transmitting and receiving anten-

nas are collocated in space so that the angle of incidence and observation of

the scattered field is the same. When the transmitting and receiving antennas

are not at the same location such that the angle of incidence and observation

of the scattered field depends on the antenna configuration, the situation is

termed “bistatic”. The bistatic setup, though more complicated in practice
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and scattering details [53], is gaining interest in the surveillance and imaging

communities [54] with the advent of unmanned autonomous vehicles (UAV’s).

Bistatic radar is able to capture SAR images not possible through the mono-

static setup such as targets that are designed to minimize backscatter and

instead shed energy in other directions [55]. Bistatic configurations are also

less prone to clutter (i.e. speckle artifacts from ground/water surfaces). ISAR

imaging also benefits from a higher imaging rate and stealth of a passive re-

ceiver, or even a receiver network [56].

In the monostatic case, scattering mechanisms were extracted using

the multidimensional clustering technique and were useful for understanding

monostatic scattering phenomenologies for a single data dome both sparsely

and simply. Per [52], SBR simulations can also be done for the bistatic

scenario. The SBR technique is performed much like the monostatic case

where a ray tracing summation is done to form a 3D SAR image that is then

CLEANed to extract scattering centers. The difference between the monos-

tatic and bistatic SBR method lies in the down-range direction used for the

image formation, which is taken to be the angle bisector of the incident and

observation angle for the bistatic case. Leveraging the bistatic SBR results,

the multidimensional clustering algorithm can be increased in dimensionality

to accommodate bistatic scattering angles, as mentioned in section 2.2.

Bistatic scattering mechanism feature extraction of Slicy is tested by

acquiring SBR data from 0◦ to 360◦ in 10◦ increments for both incident and

observation azimuth angles at a constant incident and observation elevation

of 60◦. All other parameters are kept as before. Figures 2.19 through 2.21

show bistatic features. The visibility plot on the left of the figure represents

incident versus observation azimuth angles for these cases.
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The bistatic visibility plot of a feature is expected to demonstrate three

main characteristics. First, a strong return is expected at the monostatic

angles of feature visibility (i.e. when the observation angle equals the incidence

angle) because the backscattered ray path is shorter than that for most bistatic

configurations and leads to comparatively less decay of the scattered field.

Consequently, the backscattered flash angles of a dihedral (2-bounce scattering

from two flat plates having a common seam) or 90◦ of monostatic visibility of

a trihedral (3-bounce scattering from three flat plates forming a corner) are

expected to be strong returns in the bistatic visibility plot for example.

Second, reciprocity is expected in the visibility plot for all features be-

cause in general, the reciprocity theorem of electromagnetics states that inter-

changing the source and observation points yields similar results. That is, the

same return is expected for a particular azimuthal incidence and observation

angle pair and the angle pair formed by reversing the direction of incidence

and observation. In other words, the visibility plot should be symmetric about

the line where the incident angle equals the observation angle (which occurs

from lower left to upper right diagonal line in the plot).

Third, bistatic visibility is expected to encompass a larger angular do-

main than monostatic visibility alone since bistatic configurations capture en-

ergy shed in diverse directions. The CAD model facet contribution to a feature

and spatial shape form by scattering centers comprising a feature are expected

to remain similar in general location on the target for similar monostatic fea-

tures since the same target components will be yielding the bistatic features.

Their distribution is expected to be somewhat different than the monostatic

case, however, since the bistatic ray path will touch different CAD model facets

and consequently give rise to a different scattering center.
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Lack of 
reciprocity 

Figure 2.19: Bistatic Slicy dihedral left step feature

Figure 2.19 shows a dihedral two-bounce return from the left step of Sl-

icy. As expected, strong monostatic returns are demonstrated in the visibility

plot at 0◦ and 90◦ for the dihedral flash from the top left and bottom faces

of corner and the dihedral flash at 90◦ from the top right and bottom faces

of the corner. Reciprocity is observed for the latter dihedral flash but not the

former. The 0◦ dihedral flash return shows bistatic scattering at (0◦, 359◦)

in (observation, incidence) azimuth angle, but not at (359◦, 0◦) in the lower

right corner of the plot. This observation is more than likely due to a poor

feature extraction, though the CLEAN and ray-tracing portions of the SBR
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scattering center extraction could also play a role. The breadth of the bistatic

visibility is much larger than the monostatic case though it focuses about the

monostatic dihedral flash angles. The general location of CAD model facets

that are highlighted for the feature and the feature shape formed by its scat-

tering centers is similar to the purely monostatic case. A marked difference

between bistatic and monostatic scattering is visible, however, in the spatial

extent of the feature, which is much more diffuse for the bistatic case.

Figure 2.20 is a four-bounce interior cavity scattering mechanism. As

expected, the visibility of this higher order multiple occurs along the diagonal

from lower left to upper right, which represents the monostatic case, with

some breadth in the visibility about these angles. Note that the areas of

visibility in the upper left and lower right corners a due to wraparound effect

in angle. The monostatic returns for this feature are more speckled in strength

than expected. The degree of reciprocity in the visibility of this feature is

high. However, some aberrations to the reciprocity theorem are noted in the

strength of interchanged incident and observation angles as well as asymmetric

shadowing by the tall cylinder around 250◦ in incidence and observation for

this feature. Again, this phenomenon may be due to poor feature extraction,

though the discretization of the CAD model for the curved cylinder surface

and SBR extraction might influence results. Observe that the feature spatial

shape and CAD model facets that contribute to it are as expected, though the

spatial distribution of scattering centers is once again highly diffuse.

Figure 2.21 shows a three-bounce corner reflection from the left step.

Again, the mechanism is more diffuse spatially than the monostatic results,

though the spatial shape and general location of the CAD model facets that

contribute to the feature are similar to the monostatic results. The feature
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Figure 2.20: Bistatic Slicy higher-order cavity feature
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Spatial  
diffusivity 

Figure 2.21: Bistatic Slicy trihedral left step feature

is strongly visible in the 0◦ to 90◦ monostatic span with some breadth due

to bistatic configurations as expected. Reciprocity of the feature visibility is

non-ideal once more.

The spatial diffusivity of the scattering mechanisms proves problematic

for the clustering algorithm. The expectation that in the higher dimensional

clustering space different scattering mechanisms are unlikely to overlap in all

dimensions is violated in this bistatic case for Slicy. Figure 2.22 shows a two-

bounce feature that is actually a conglomeration of three distinct mechanisms:
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Figure 2.22: Bistatic Slicy poorly extracted feature

the small cylinder, the tall cylinder, and the top trihedral. The image on the

right is a projection of the scattering center locations onto the xy-plane. No-

tice how the tall cylinder and trihedral are practically one indistinguishable

mass. Dynamic range limitations provide little added distinction amongst the

features. This poor feature extraction performance due to spatial diffusivity

is the likely culprit of many of the aberrations in reciprocity of the scattering

mechanisms above that were able to be separated since the nearest neigh-

bor algorithm may have failed to symmetrically group some scattering centers
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exhibiting large diffusivity to their main feature in the discretized multidimen-

sional space.

The authors in [55] compare monostatic and bistatic images of the same

targets using the monostatic to bistatic equivalence theorem developed by Kell

in 1965 [57]. The theorem states that the monostatic and bistatic scattering

scenario of a target is similar if the monostatic radar is placed at the angular

bisector of the bistatic receiver and transmitter, as long as the monostatic fre-

quency is scaled by the cosine of the bisected angle. The results in [55], which

use a Method of Moments electromagnetic solver, demonstrate a diffusivity

between the bistatic and monostatic mechanisms that appear in both images,

which are consistent with the SBR observations. Additional scattering is also

evident in the bistatic images, mainly due to more higher order scattering and

less shadowing opportunities as compared to the monostatic case. This diffu-

sivity and decreased shadowing of bistatic scattering mechanisms challenged

the nearest neighbor algorithm beyond its limits. As a result, the current

multidimensional clustering technique is considered inadequate for the overall

successful feature extraction of bistatic SBR data.

2.3.3 Summary

CAD Model 
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6-D Space 
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Scattering Center 
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Scattering Center 
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Synthetic 
Features 
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Figure 2.23: Synthetic feature extraction methodology flow chart
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This chapter discussed and demonstrated results for a multidimensional

nearest neighbor clustering algorithm to extract scattering mechanisms of a

target from a full backscattered dome of SBR technique simulated scattering

centers. Figure 2.23 summarizes the feature extraction methodology. Boxed

text indicates an action or process, whereas circled text indicates the output

of an action or process. The main conclusions to be drawn from the approach

are as follows. The monostatic feature extraction process works well to: a)

compactly describe thousands of scattering centers that make up a data dome

into only tens of scattering mechanisms that make up most of the global target

energy (e.g. 21 features for 99% of Slicy’s energy); b) describe the scattering

physics across aspect of each of the three aforementioned scattering center cor-

respondence cases in terms of features; c) describe higher order and complex

multiple interactions such as shadowing, which implies that the physics-based

descriptions are accurate and amenable to feature-based applications; d) re-

tain CAD model scattering information for each feature to associate scattering

mechanisms with affected parts of the target; e) separate the sinogram of a

target into its individual tracks; and f) demonstrate that spatial mobility and

limited angular persistence of scattering mechanisms are unfortunate compli-

cations to ideally focused SAR imaging.

This chapter also discussed and demonstrated results for the same algo-

rithm on bistatic SBR simulations at one elevation cut. The main conclusions

of the feature extraction process for bistatic scattering in addition to the above

are that: a) the visibility of some scattering mechanisms closely follows the

monostatic case with some angular spread, and b) the spatial diffusivity of the

scattering mechanisms complicates the successful general use of this feature

extraction approach.
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Chapter 3

Synthetic Feature Set

Exploitation for CAD Model

Validation

3.1 Motivation

In Chapter 2, a procedure to extract scattering mechanisms from the

3D scattering center representation of a target is described. The shooting

and bouncing ray (SBR) method is first used to extract the 3D scattering

center model of a target from its 3D CAD model. The extraction is carried

out over a dense grid of elevation and azimuth look angles to characterize

the full target. Complex scattering mechanisms of the target, which become

separated by the one-angle-at-a-time SBR technique, are grouped together by

a second automated step. Scattering centers pertaining to the same scattering

mechanisms are identified and grouped using a nearest neighbor clustering

algorithm in a multidimensional space consisting of the backscatter angle,

3D spatial location of scattering centers, and the ray bounce number. In

this higher dimensional space, different scattering mechanisms become well

separated. Those scattering centers pertaining to the same mechanism are
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extracted as a physics-based feature of the target. Useful qualities of these

features that can be leveraged are the target scattering information of the ray

bounce and affected 3D CAD model facets, ability to generate radar signatures

of the feature or sums of features using the scattering center model, and angular

visibility.

In this chapter a methodology is presented to exploit these feature sets

of a target for the validation of 3D CAD models. Target validation is a multi-

level and iterative process, existing at the electromagnetic solver, model, and

measurement level [58]. 3D CAD model generation largely depends on the

available resources concerning an actual target such as photographs, physical

dimension measurements, and the practicality of modeling components. The

challenge of 3D CAD model generation and validation is that it relies solely on

a human expert’s decision of visual agreement and understanding of scattering

physics between the simulated and actual target. A complex target’s scattering

physics is not obvious nor easily traced to a location on a target for areas

of disagreement between radar signature sets. Furthermore, error tracking

between model iterations is equally difficult for the same reasons.

In 1999, Martin [59] attempted to automate and standardize the valida-

tion of electromagnetic compatibility (EMC) of computational electromagnetic

results against measured results. The approach is known as feature selective

validation [59]-[61]. The method in essence creates both global and local sta-

tistical measures of the agreement between two data sets and then translates

these measures into human language ratings. The ratings have aligned well

with actual human expert responses. IEEE has recently promoted a project

for the creation of cross-validation standards in EMC [58]. The interest in

this arena is to ensure that electromagnetic data that is arrived at by differ-
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ent simulation techniques or solvers can be fairly and consistently judged for

its resemblance to measured results. From these activities in the EMC com-

munity, one can conclude that examining all other layers of validation might

be worthwhile. The aforementioned work concerns standardization of data

comparison evaluations for EMC. However, it does not include in its scope

resolving the causes of a poorly derived data set, except insofar as mathe-

matically and grammatically describing data regions of poor agreement. The

focus of this chapter is on identifying poor agreement amongst data sets using

physics-based features and helping to resolve the causes of these poor agree-

ments for the application of electromagnetic target CAD model validation.

3.2 Methodology

The proposed approach to using features for 3D CAD model validation

is illustrated in Figure 3.1. Given a 3D CAD model of a target, the feature set

for the global scattering center representation of a target is derived as detailed

in Section 2.2. Next, the extracted, physics-based features from a 3D CAD

model are used as synthetic bases to compare against the available measure-

ment data of a target. Formally, the available measured data is projected onto

individual features to determine the degree of agreement between the mea-

sured data and the synthetic features. The intent is for deduction of 3D CAD

model errors to become more apparent to a human validator by combining

the projection results and the target scattering information available for each

basis.

For this work, we define the projection as a normalized inner product
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Figure 3.1: Feature-based 3D CAD model validation overview

in the sinogram space as follows:

< Emeasured, Efeature >

< Esimulated, Efeature >
, (3.1)

where Emeasured is the measured data and Efeature is the synthetic feature

basis. Esimulated refers to the synthetic sinogram generated by summing all

features. All quantities are functions of range, azimuth, and elevation. The

inner product is defined as < A(x), B(x) >=
∫ ∞
−∞ A(x)B(x)∗dx over complex

continuous data. Coherent, or complex data, sinogram comparisons are highly
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sensitive to frequency and aspect variations according to Li and Yang in [62],

whereas incoherent, or magnitude-only data, sinogram comparisons are more

tolerant to these data variabilities. Due to difficulty in aligning complex data

from different sources (measured and synthetic) and expected frequency or

aspect variabilities in measured data, incoherent data comparisons are adopted

here. However, error tracking amongst synthetic iterations will benefit from

more sensitive coherent data comparisons.

Equation (3.1) can be thought of as a type of correlation. Since the

measured data may only be available over a limited number of angles, the

inner product of the denominator is confined over the available measured data

parameters of range, azimuth, and elevation for normalization. The resulting

projection is then a ratio of how similar the experimental data is to the pre-

dicted feature versus how similar the total simulated data is to the predicted

feature. This projection allows us to gauge the difference between measure-

ment and simulation expectations. When the projection score in Equation

(3.1) is close to 1, it means the feature is modeled fairly well, while values

far below 1 indicate the feature is missing from the measured data. With

this scoring system, problem features and their facet locations in the 3D CAD

model can be identified.

3.3 Slicy 3D CAD Model Validation

The 3D CAD model validation approach is applied to the standard tar-

get Slicy. Measurement data taken at the National Ground Intelligence Center

(NGIC) ERADS Program for a 1/16 built scale model of Slicy collected at a

center frequency of 519.5GHz and bandwidth of 18GHz [63, 64] is used. A de-
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tailed, full-scale, electromagnetic, 3D CAD model of Slicy is used as our model

to be validated [50]. The scattering center representation and feature set of

the 3D CAD model are developed at Ka band using the method described in

2.2. Two assumptions are made when performing the CAD model validation.

Mainly, measurements are assumed to be truth data for comparison with the

solver solution, which is also assumed to be reliable. NGIC measurements are

assumed to be validated independently for repeatability and accuracy. Like-

wise, the SBR solution provided by Xpatch is assumed to have been compared

independently with other solvers for reliability and verification for over fifteen

years, thus making it robust for problems it is designed to solve and having

its limitations as a solver be well understood.

Feature Score
1 0.7417 
2 0.9736 
3 1.1956 
4 1.0964 
5 1.1769 
6 0.8959 
7 0.5940 
8 0.9302 
9 1.2007 

10 1.1053 
11 1.2066 

Table 3.1: Slicy feature projection results at EL=40◦, AZ=0◦-360◦ for a step
dimension change

The actual built target and measured sinogram at 40◦ of elevation and

0◦ to 360◦ in azimuth are featured below the 3D CAD model and synthetic
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Feature 1 
Right Step Trihedral 

Feature 2 
Left Step Trihedral 

Feature 6 
Left Step Dihedral 

Feature 7 
Right Step Dihedral 

Feature 8 
Right Step Dihedral 

Figure 3.2: Highlighted features corresponding to affected left and right steps
of Slicy

sinogram in Figure 3.1. No apparent distinctions can be made between the syn-

thetic and measured sinograms by visual comparison. Table 3.1 shows the 3D

CAD model feature projection scores onto the measured data. The highlighted

features in the table (1, 2, 6, 7, and 8) yield projections below 1, signaling a

model mismatch. Figure 3.2 shows the problem features’ traceback informa-

tion as highlighted facets on the 3D CAD model. Based on the traceback

information, the features are identified to pertain to the left and right steps of

Slicy. Specifically both the trihedral (three-bounce) and dihedral (2-bounce)

scattering mechanisms are affected near the curved surface that separates the

two steps. All other features have scores greater than or equal to 1 meaning

that the rest of the model features are present in the measured target.
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Step Dimension Change 

Measured Data a)

b)

Figure 3.3: Slicy validation a) Built target CAD model and measured sino-
gram, b) Simulation CAD model and synthetic sinogram

The problem features identified through the projection lead to the con-

clusion that the front steps of the 3D CAD model require a dimensional ad-

justment about the curved surface. We are able to verify with a 3D CAD

model of the built target that was provided in [63] that the curved surface of

the built target and simulated target are indeed dimensionally different. The

model mismatch between the two CAD renderings is shown in Figures 3.3a)

and 3.3b). The right step is clearly more altered than the left by visual inspec-

tion. This observation is corroborated by the projection values for features 1

and 7, pertaining to the right step, which deviate from a projection value of

1 more severely than the left step features. This dimensional discrepancy be-
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Feature 5 
Added Trihedral 

Figure 3.4: Slicy 3D CAD model, synthetic sinogram, and feature 5 for an
added trihedral and step dimension mismatch

tween the 3D CAD model and NGIC target was not deliberately devised, but

coincidentally illustrates the effectiveness of our model validation approach for

this type of model error.

3.4 Component Mismatch and Data Variabil-

ity Studies

3.4.1 Extra and Missing Components

Other prototypical 3D CAD model errors of interest for further study

are discussed next. These include an added component (in Figure 3.4 and

Table 3.2) and a missing component (in Figure 3.5 and Table 3.3) from the 3D

CAD model. The errors are intentionally introduced by respectively adding

a trihedral to the top backside in Figure 3.4 and removing the top trihedral

from the 3D CAD model in Figure 3.5. The feature extraction and projection

processes are then performed with the measured results. In the left column
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Feature Score 
1 0.7419 
2 0.9744 
3 1.1658 
4 1.1197 
5 0.5662 
6 1.1189 
7 0.8051 
8 0.4776 
9 1.2432 

10 1.1959 
11 1.1669 
12 1.1462 
13 0.7556 
14 1.1212 
15 1.2254 
16 1.2173 

Table 3.2: Slicy feature projection results at EL=40◦, AZ=0◦-360◦ for an added
trihedral and step dimension mismatch

of Figure 3.4, the 3D CAD rendering is depicted. In the middle column, the

corresponding synthesized sinogram of all features is shown. The last column

shows the traceback information for feature 5 from Table 3.2. The table shows

that feature 5 has a severe deviation below 1; it corresponds to the added

trihedral return. The step dimension mismatch is evident in all remaining

features (1, 2, 7, 8, 13) that have projection values below 1. These features

occur in the same order and are consistent in projection value and scattering

phenomenology with those of the prior study, though their feature numbers

are assigned differently because all features are sorted in order of decreasing

energy during the feature extraction.
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Feature Score 
1 0.9812 
2 0.7480 
3 1.2067 
4 1.2377 
5 0.7247 
6 0.6140 
7 0.9465 
8 1.2150 
9 1.2427 

Table 3.3: Slicy feature projection results at EL=40◦, AZ=0◦-360◦ for a miss-
ing trihedral and step dimension mismatch

Table 3.3 shows the projection values for the case of the missing trihedral

from the 3D CAD model. The highlighted features with values below 1 confirm

the step dimension mismatch only. These features and their scores are again

consistent with the prior study, except that feature 1 and 2 are reversed due

to the sorting by energy. The projection and target traceback functionality is

unavailable for capturing the missing trihedral error because synthetic features

pertaining to that component do not exist. However, the residual of such a

scenario at the very least gives a good indication of the affected look angles

and range to the problem areas, as indicated in the third column of Figure

3.5. The residual was obtained by weighting all features by their projection

score, summing them, and subtracting their energy from the measured results.

These operations were performed using the incoherent (that is, magnitude-

only) feature and measured sinograms.
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Figure 3.5: Slicy 3D CAD model, synthetic sinogram, and residual sinogram
energy for a missing trihedral and step dimension mismatch

3.4.2 Measurement Data Imperfections

High-quality measured data may not always be available for target val-

idation. For example, measured data on some targets may be captured under

imperfect and unrepeatable operating conditions. Here, we conduct studies to

determine the robustness of our 3D CAD model validation process to angu-

lar variability from instrumentation error and sparsity in measurement data

acquisition. Two different scenarios are investigated for each study.

For measurement data sparsity, the first scenario assumes only every

fifth degree of measurement data from 0◦ to 360◦ in azimuth is made avail-

able. The second assumes only blocks of data are available at every degree

from 0◦ to 45◦, 135◦ to 225◦, and 315◦ to 360◦ in azimuth. The synthetic

features utilized in the comparison are still those extracted from the full dense

data dome in Chapter 2. However, recall that the projection score only uses

synthetic data at the available measured data angles for comparison. Note that

pruning either the individual features or the composite synthetic sinograms to

the available data set, but not both, is necessary. Those angles not in common
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Slicy Azimuth Sparsity Slicy Azimuth Variability

Feature Full Data 
AZ=0-360

Scenario 1 
AZ= [0:5:360]

Scenario 2 
AZ=[0:45],[135:
225],[315:360]

Scenario 1 
+/- 0.5 Degree 

Ambiguity,  
AZ=[0:1:360]

Scenario 2 
+/- 2.5 Degree 

Ambiguity,  
AZ=[0:5:360]

1 0.7417 0.7433 0.8288 0.5138 0.6331 
2 0.9736 0.9829 0.9943 0.8875 0.9351 
3 1.1956 1.1378 1.2181 1.1534 1.0614 
4 1.0964 1.0448 1.0964 1.0507 0.9117 
5 1.1769 1.0911 1.1726 1.1833 1.064 
6 0.8959 0.9454 0.8584 0.8469 0.8653 
7 0.5940 N/A 1.1462 0.3152 N/A
8 0.9302 1.1814 N/A 0.8413 0.7174 
9 1.2007 1.0545 1.2017 1.1028 1.0253 

10 1.1053 1.0334 N/A 1.0310 1.0102 
11 1.2066 1.548 1.0584 1.0419 1.3508 

Table 3.4: Slicy projection results under measurement imperfections

between the feature synthetic sinogram and measured or synthetic composite

sinograms vanish in the inner product computations. Pruning both feature

and composite sinograms saves on unnecessary inner product computations.

Therefore, when only every fifth degree of measured data is made available,

then every corresponding fifth degree of synthetic feature and composite sino-

gram data are used in the projection score. Likewise, when only blocks of

measured data are made available, only the corresponding blocks of synthetic

data are used in the projection to maintain consistency, particularly in the

normalization of the denominator inner product of the projection score. The

projection results are shown in column 3 and 4 of Table 3.4, next to the orig-

inal results of Table 3.1, which are repeated for convenience. The sparsity of

the first scenario affects some features having small angular visibility because

they become unavailable for comparison to the shortened measurement data
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set. For instance, feature 8, which pertains to the right step dihedral shown

in Figure 3.2, suffers from this issue. The feature is visible only about its

flash angle of 270◦, which is not included in the measured data set with block

sparsity. This angular unavailability of features for a projection comparison

is denoted by N/A in the table and worsens slightly for the second scenario

where larger blocks of measurement data are made unavailable. Furthermore,

some features such as 7 and 8 exhibit significant biasing of their projection

values to the extent that they no longer are identifiable as problem features.

Figure 3.6 aims to explain this phenomenon by emphasizing that although a

feature may have overall poor agreement with an actual target, the projection

over available data may have high agreement, leading to a false interpreta-

tion. With these exceptions, the algorithm still seems to identify the problem

features of the model fairly well under sparse measurement situations.

Good Agreement Simulated
Feature

Measured
Feature

Overall
Agreement 
PoorUnavailable Data 

Figure 3.6: Projection biasing from measurement sparsity

The accurate control of a platform during actual field measurements

in order to acquire data at desired poses is limited by instrumentation ac-

curacy and platform response. Pose estimation error contributes to angular

variability in the acquired data. To model this type of error, we assume the
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measured data is acquired at the desired pose of every azimuth degree from

0◦ to 360◦. The actual pose and measured data provided by the platform ac-

quisition and instrumentation is uniformly distributed about the desired pose.

The first scenario forces the measured data at every azimuth degree from 0◦

to 360◦ to take on the value corresponding to a different azimuth angle that is

uniformly distributed within ±0.5◦. The projection values shown in Table 3.4,

column 5 change slightly in comparison with the unaltered, original column

2 results. However, the identified problem features remain consistent. The

second scenario combines measurement sparsity and more severe angular vari-

ability by forcing the measured data at every fifth degree in azimuth from 0◦

to 360◦ to take on the value corresponding to a different azimuth angle that is

uniformly distributed within ±2.5◦. The results shown in column 6 of Table

3.4 demonstrate disturbances in the projection values, but still identify the

original problem features except for those made unavailable due to the mea-

surement data sparsity. The projection value of feature 4, which corresponds

to the tall cylinder of Slicy, falls below 1 and becomes falsely identified as a

problem feature due to this more severe variability. Thus, as angular variabil-

ity increases, more error is introduced in the projection score. However, overall

the algorithm is shown to be tolerant to angular variability, data sparsity, or

a combination thereof.

3.5 Summary

This chapter presented a method and results for 3D CAD model val-

idation using the scattering mechanism features derived in Chapter 2. The

difficulties of 3D CAD model validation include understanding and identifying
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Figure 3.7: CAD model validation using synthetic feature sets methodology
flow chart

errors on a model that may involve complex scattering physics; adequately fix-

ing the errors; and tracking that an error fix has been effective and not caused

other problems with the 3D CAD model. Currently, solely human experts are

tasked to resolve these difficulties.

The method discussed in this chapter projects a measured data set of

a target onto its simulated feature set for comparison. Figure 3.7 summarizes

the procedure in a flow chart. Error determination and tracking is facilitated

by the known 3D location of a feature on the CAD model and its physics-based

relationship to the target scattering. Features are used to determine where a

problem is on 3D CAD model facets, what scattering bounce or phenomenon

is affected, and the degree of model mismatch. Trends across problematic

features are also utilized to understand the type of errors in the 3D CAD model

such as additional, missing, or dimensionally different components between the

simulated target model and the actual target.

The algorithm was shown to be relatively robust in the presence of

multiple 3D CAD modeling errors and measurement imperfections such as an-

gular sparsity and variability which slightly alter the projection values. While
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the methodology is by no means perfect, it is a step in the right direction to

improve the challenging CAD model validation task by using physics-based

features.
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Chapter 4

Feature Extraction of Measured

Multidimensional Radar

Signatures

4.1 Introduction

Prior chapters dealt with feature extraction, understanding, and ex-

ploitation of synthetic multidimensional radar signatures. Synthetic processes

are useful in reducing the costs of design and construction of physical targets,

as well as providing noise-free results of target scattering. However, the de-

mand for the feature extraction, understanding, and exploitation of measured

multidimensional radar signatures is also present. After all, synthetic processes

are primarily simulacra to aid in the physical practice of remote sensing.

This chapter provides a methodology to extract the scattering mecha-

nisms of a target from measured multidimensional radar signatures. In Chap-

ter 2, a multidimensional nearest neighbor clustering technique is adopted to

extract the scattering mechanisms of a target from SBR-produced 3D scat-

tering centers across aspect. In this chapter, we attempt to apply the same

approach to measured data. However, three main differences exist between
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synthetic and measured data that impede the direct application of the algo-

rithm.

First, the measurement multidimensional space is reduced in dimen-

sionality from that in Section 2.2. Ray bounce is not easily determined in

measurement data and therefore unable to be utilized as a strong scattering

mechanism separator. As a result, some mechanisms of the same component

will be merged into one, such as dihedral and trihedral returns from the same

corner reflector. Furthermore, the elevation angle dimension is useful only if

multiple elevation cuts of data are acquired, which is quite difficult and costly

to accomplish in practice for airborne platforms in particular. Dense azimuth

data at a single elevation is more typical. Consequently, unless data collection

in the elevation dimension permits the formation of 3D SAR images and ex-

traction of 3D scattering centers, only a 2D image can be formed where the z

dimension of scattering centers will be projected onto the xy-plane of the 2D

image. These reduced dimensionality issues make the partitioning of measured

data into scattering features more challenging.

Second, note that target traceback information regarding the scatter-

ing mechanisms is absent from the measurement data. Target traceback is

a convenient by-product of SBR simulations that is useful for understanding

scattering physics. This effect is only reproducible for measurement data by

solving complex inverse scattering problems. This challenge is not addressed

in this dissertation, but is certainly a worthwhile feature-based exploitation.

Third, SBR simulations provide the proper spatial locations of scatter-

ing centers, whereas the 2D scattering center locations extracted in the case

of a single elevation cut of dense azimuth data are shifted by the projection

of their 3D height in a phenomenon known as layover. Sinograms created
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from these 2D scattering centers are still similar to the synthetic results of

Chapter 2, but scattering center spatial locations are not as meaningful in the

absence of elevation data to obtain the height dimension. The extraction of

3D scattering centers from measured data is possible in various ways, which

are discussed in greater detail in Chapter 5 where a new method of extracting

this height information is attempted.

Understanding the limitations of measured data, we proceed to develop

an algorithm in this chapter that leverages the multidimensional nearest neigh-

bor clustering technique. We assume frequency-aspect measured data in the

elevation dimension is difficult to acquire but dense azimuth data at a sin-

gle elevation is feasible. If we are to cluster measured scattering centers in

a multidimensional space, we need to image the measured data to derive the

scattering centers first. Wide-angle SAR images tend to have defocused scat-

tering centers in their images because of the limited persistence and visibility

of non-ideal scattering centers. Consequently, sequential 2D small-angle SAR

images over the azimuth span are used to derive focused scattering centers that

demonstrate angular and spatial behavior across angle. Furthermore, overlap-

ping small-angle images are chosen to observe scattering center correspondence

more clearly across the transition between image sequences. Multiple SAR

images consume large amounts of memory in the multidimensional space un-

necessarily because many pixels have no scattering centers at all. To solve this

memory constraint, we develop an image domain CLEAN technique to extract

discrete 2D scattering centers from the image sets. Lastly, these 2D scattering

centers are then grouped for their angular and spatial behavior using the near-

est neighbor multidimensional clustering process with reduced dimensionality

due to measured data limitations (i.e. lack of ray bounce, elevation, and z
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dimensions). We describe this methodology in detail in the next section and

then show results of measured feature extraction for the Slicy target at two

different elevation angles with dense azimuth data.

4.2 Methodology

Before multidimensional clustering can take place for measured radar

signatures, preprocessing of the radar cross section (RCS), frequency versus

aspect reflectivity sensor data, is performed to extract scattering centers as

a function of angle. The preprocessing step assumes RCS data is feasible

to acquire densely in azimuth over a target, which is certainly the case for

spotlight-mode, circular SAR and chamber measurements using a turntable.

The overall methodology is shown in Figure 4.1. Given an elevation cut of

RCS data, multiple small aperture 2D radar images are first created from

overlapping angular sectors of data that run the full azimuth span. Two-

dimensional scattering centers are then extracted from each image using an

image domain CLEAN technique. Next, the scattering centers are placed in a

multidimensional grid of 2D space (xy), azimuth (center angle from the image

construction), and elevation angle. Lastly, scattering center correspondence

across angle is done using nearest neighbor to obtain scattering mechanisms

of a target as in Section 2.2. A single track sinogram of each scattering mech-

anism is produced as in Chapter 2 to determine the successful extraction of

mechanisms from the composite target sinogram (1D IFFT of the frequency

dimension of the RCS data).

The process of forming 2D SAR images from frequency-aspect RCS data

involves the following steps illustrated in Figure 4.2. RCS data is collected
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Figure 4.1: Overview of feature extraction for measurements
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uniformly in frequency and aspect. A 2D SAR image is formed by performing

a 2D inverse Fourier transform of the k-space version of the RCS data. In k-

space, the data resembles a ring-like strip of a cone as shown in Figure 4.2a),

where the cone tip is the origin and the side of the cone is the k vector direction

or line of sight of the radar. The data is not uniformly sampled on a rectangular

grid in k-space. A direct 2D inverse discrete Fourier transform of the k-space

data will yield an image at great computational expense. Inverse fast Fourier

transform methods are more desirable but cannot be used unless a uniform

rectangular grid of data is established in k-space. The process of interpolating

frequency-aspect RCS data to a uniform, rectangular k-space grid is known

as polar reformatting. The grid can be constructed in what is known as the

slant plane (data collection plane), or the ground plane (projection of the slant

plane onto the xy-plane) as is shown in Figure 4.2b). Typically, the slant plane

is chosen, though we select the ground plane due to a feature-based imaging

application covered in Chapter 5 and for reasons explained there.

A ground plane image is constructed by first selecting the angular sector

size in azimuth which will yield a reasonable cross-range resolution and par-

titioning a particular sector of data. The non-uniform k-space ground plane

projection is defined by

kx =
4πf

c
cos φ sin θ and

ky =
4πf

c
sin φ sin θ.

The uniform k-space is determined by choosing a bounding box that en-

compasses all values of kx and ky and then creating a uniformly-spaced k-

space grid keeping to the Nyquist sampling that ∆kx = Kx/(Nf − 1) and
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∆ky = Ky/(Nφ − 1), where ∆k signifies spacing, K is a bounding box size,

and Nf and Nφ are the number of unique frequency and azimuth data points

available in the sector, respectively. Many interpolation techniques exist, but

bilinear interpolation is chosen for its simplicity and general success. As noted

in Figure 4.2c), bilinear interpolation estimates the far-field known on four

uniform grid points in f and φ to non-uniform grid points f ′ and φ′ that cor-

respond to the new uniformly defined k-space. The bilinear interpolation is

defined as

E(f ′, φ′) ≈ E(f1, φ1)

(f2 − f1)(φ2 − φ1)
(f2 − f ′)(φ2 − φ′)+

E(f2, φ1)

(f2 − f1)(φ2 − φ1)
(f ′ − f1)(φ2 − φ′)+

E(f1, φ2)

(f2 − f1)(φ2 − φ1)
(f2 − f ′)(φ′ − φ1)+

E(f2, φ2)

(f2 − f1)(φ2 − φ1)
(f ′ − f1)(φ

′ − φ1).

The non-uniform f ′ and φ′ are related to the uniform k-space by the Pythagorean

identity with

f ′ =
c

4π sin θ

√
k2

x + k2
y and

φ′ = tan−1

(
ky

kx

)
.

Once the data is interpolated, a 2D IFFT is applied with zeropadding to yield

the SAR image.

The image domain CLEAN technique is performed as follows. CLEAN

is traditionally an image processing algorithm which iteratively selects point

scatterers one at a time from strongest to weakest in the image domain and
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extracts their energy to form a residual in the frequency-aspect domain by

using the scattering center model. The back and forth transition between

two-dimensional domains is slow. Therefore, a point spread response (PSR)

function is used instead to form the image domain response of the selected

scatterer. The PSR is the image of a scatterer centered at the origin and of

unit magnitude obtained by imaging a far-field angular sector of unit magni-

tude by the process described earlier. To extract a scattering center in the

image domain, the PSR is scaled by the scatterer strength and shifted to the

appropriate location of the scatterer. Note that the PSR must be twice as

large as the image but discretized identically so that it may be shifted to any

location in the image and extract the full scatterer image extent at the loca-

tion. Then the energy of the scatterer is subtracted from the image and the

next strongest scatter is selected to repeat the process until a desired residual.

By these means, the x, y, amplitude, and center azimuth sector angle of each

scatterer in an image are extracted for all SAR images. This data is fed to the

multidimensional clustering algorithm.

4.3 Measured Feature Set Analysis for Slicy

The algorithm described above is applied to the Slicy target data mea-

sured by NGIC and used in Chapter 3. RCS data is collected very finely at

every 0.01◦ from 0◦ to 360◦ in azimuth, at two different elevation cuts of 40◦

and 5◦, and with 128 frequency points about a center frequency of 519.5GHz

and bandwidth of 18GHz. To form overlapping SAR images that are square

in dimension, the angular sector is chosen to be 1.98◦ in width and sectors are

partitioned every degree to give half a sector of overlap between images and
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scattering center extractions at every degree. The images are then CLEANed

and the scattering center correspondence is found as described in the method-

ology. A sample SAR image and corresponding CLEANed scattering center

image are shown in Figure 4.3. The 2D scattering center sets are finally placed

in the reduced dimension multidimensional space and clustered using nearest

neighbor to group the scattering centers across azimuth angle.

Figure 4.3: SAR image and CLEANed image of Slicy about AZ=0◦

Selected feature extraction results for Slicy at 40◦ of elevation are shown

in the sinograms of Figure 4.4. The first sinogram is of the full measurement

data for comparison to the single track scattering mechanism sinograms. From

left to right and top to bottom the mechanisms are the tall cylinder, small

cylinder, top trihedral, left step, right step, and small cavity. Note that the

proper visibility of the mechanisms is preserved as can be seen by the 90◦

extent of the sinogram tracks for the corner reflectors and 360◦ extent for

the cylinder returns except where the components shadow each other such as

around 270◦ where the tall cylinder obstructs the small cylinder and cavity.
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Figure 4.4: Sinograms of measured Slicy and selected features at EL=40◦
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Figure 4.5: Sinograms of measured Slicy and selected features at EL=5◦
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Selected feature extraction results for Slicy at 5◦ of elevation are shown

in the sinograms of Figure 4.5. The first sinogram is the measurement data

composite followed by the tall cylinder, small cylinder, top trihedral, left step

and right step from left to right and top to bottom. Once again, note the

visibility of the mechanisms is accurate for the corner reflectors and tophats.

Shadowing of both top hats occurs in this case at about 270◦ for the small

cylinder and 90◦ in azimuth for the tall cylinder. Note that the small cavity

shows resonant behaviors at 5◦ in the full measurement sinogram. At this

angle, the incident wave is nearly grazing on the cavity opening and significant

range delayed ringings are observed. These returns are difficult to extract

due to their low strength which presents a challenge for CLEAN to capture

the mechanisms. For both elevation cuts of Slicy, the methodology works

successfully to extract scattering mechanisms of the target.

4.4 Summary
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Target Data 

2D Small Angle 
Image, AZ=0˚ 3-D Space 
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Clustering
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Scattering Center 

Extraction

Measured 
Features 

Figure 4.6: Measured feature extraction methodology flow chart

In this chapter, a methodology and results are presented to extract

scattering mechanisms of a target pertaining to measured multidimensional

radar signatures. The process is summarized in Figure 4.6. The methodology

leverages multidimensional nearest neighbor clustering from Section 2.2 to ob-

tain angular correspondence of scattering centers extracted from SAR images
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formed from RCS collection data of a target over multiple angles. SAR images

are formed by polar reformatting the RCS data with bilinear interpolation

in the ground plane and then applying a zeropadded 2D IFFT. An image-

domain CLEAN algorithm is presented to extract the scattering centers by

using a point spread response function. Measurement results are not as ver-

satile as SBR simulation results due to a lack of ray bounce, target traceback,

and elevation data. However, sinogram results show successful extraction of

scattering mechanisms and their visibility extent.
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Chapter 5

Measured Feature Set

Exploitation for Sparse

Elevation 3D Imaging

5.1 Introduction

Dense data collection in azimuth and elevation is a time consuming

and costly task that requires repeat passes over a target or multiple antennas

to acquire various elevation slices. The process is possible, though taxing,

for chamber measurements and cooperative targets but highly implausible for

hostile targets. As a result, the ability to obtain data adequately sampled

at the Nyquist rate to create a 3D image by Fourier inversion is unlikely.

Therefore the challenge of extracting the height dimension from 2D images

or sparse elevation data is of great interest. This chapter investigates the

possibility of sparse elevation 3D imaging using the measured feature sets

developed in Chapter 4.

Several sparse elevation 3D imaging techniques already exist with vary-

ing degrees of success. For instance, Soumekh mentions in [65] that producing

a 2D image at a particular non-zero height value brings scattering centers of
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that height into focus while blurring others. Generally, a height of zero is

assumed for 2D images. If a sequence of images of the same data with varying

height is iteratively displayed instead, one will see the height values of the

scattering centers come into and out of focus. However, Soumekh does not

address the extraction of the height of each scattering center when it becomes

optimally focused in order to produce a pristine 3D image.

Alternative imaging transforms such as the Radon transform are used as

well. The Radon transform, otherwise known as convolution backprojection,

is a common 3D imaging technique in computed tomography. The method

effectively integrates the sinogram track of a scattering center over all angles

to find its image projection value. Much like the inverse discrete Fourier

transform, convolution backprojection is limited by high sidelobe interference

and sometimes aliasing when sparse elevation sampling is used [66].

Parameter estimation techniques, though often computationally expen-

sive, are also utilized for sparse imaging. For instance, [66] uses the attributed

scattering center model to extract canonical shapes that primitively represent

the 3D image of a target. The Hough transform is used by Zhou, et al. in

[67] to estimate parameters associated with non-moving 3D scattering centers

of a target. The method uses the fact that the sinogram track of a scattering

center forms a portion of a sphere that is tangent to the origin in Cartesian

space. The actual 3D location of the scattering center in Cartesian space is

the point lying on the sphere that is diametrically opposite to the origin. [67]’s

Hough transform effectively fits a sphere tangent to the origin through all pos-

sible combinations of data points and determines the best fitting sphere by

popular vote. The true sphere will have the highest redundancy in occurrence

because more data point combinations will yield the true sphere as a fit than
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any other combinatorial fit. Based on the selected sphere’s parameters, the

3D scattering center location is found.

IFSAR is perhaps the most common 3D imaging method used in prac-

tice. IFSAR extracts height information from the phase difference between

two coherent phase, repeat passes of a platform or single pass, multiple an-

tenna platforms. This technique has been used for many years to orthorectify

images and create digital elevation maps. The technique works well as long

as adequate baselines (the separation of the antenna phase centers) are ac-

quired to maintain phase coherency and any 2π phase ambiguity is overcome

with phase unwrapping. The selection of baselines is non-trivial however be-

cause the most accurate height estimation is often yielded by long baselines

but successful phase coherency and phase unwrapping become problematic if

the baselines are too long. Furthermore, when multiple scattering centers lie

in the same image resolution cell height errors are introduced. Multi-baseline

IFSAR helps to mitigate this problem as noted in [68]. [69] goes a step further

and combines multi-baseline IFSAR with the parameter-estimation algorithm

ESPRIT to determine the heights of all scattering centers in each resolution

cell.

The extracted feature sets of Chapter 4 from measured data are well-

described by their sinogram tracks. However, the scattering centers comprising

the features are only two-dimensional. The extraction of height from the 2D

scattering centers in order to have full 3D scattering centers of each feature is

desired to enhance electromagnetic understanding of the features in compari-

son to their SBR simulation counterparts, as well as for pragmatic 3D radar

target imaging and recognition purposes. In this chapter, a single-elevation

imaging technique is first investigated. In literature, only Soumekh’s itera-
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tive height imaging method and the Hough transform technique of Zhou et

al. achieve some form of 3D image with such limited data. We investigate

whether the extracted features can facilitate the formation of 3D images. To

improve the robustness, two-cut elevation imaging is also studied.

5.2 Single Elevation 3D Imaging

5.2.1 Methodology

The scattering centers composing each measured feature of Chapter

4 are only two-dimensional and appear displaced from their xy locations as

shown in Figure 5.1, where the left plot is simulated SBR scattering center

data of Slicy at an elevation angle of 40◦ and the right image is the CLEANed

measured NGIC data. Both images are generated at an azimuth angle of

0◦. The scattering centers in the right plot represent a 2D projection of the

location of the scattering centers onto the image plane, which was chosen as

the ground plane. Note that the measured image has all scattering centers

shifted toward the right in the x dimension by varying amounts as compared

to the SBR results. This geometric distortion is known as layover and occurs

irrespective of whether the slant or ground plane is chosen for the projection

[6]. Furthermore, the geometric distortion in general occurs in both x (range)

and y (cross-range) depending on the center azimuthal angle of the image,

though the example only exhibited range layover.

Three main reasons exist for selecting the ground plane for our imaging

situation. First, slant and ground plane imaging exhibit layover in an image

in different ways. For ground plane imaging, scattering centers of zero height
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Figure 5.1: Layover effect of scattering center locations in ground plane SAR
images. Left image is actual scattering center locations; right image is the
range layover location.

appear in their orthographically correct locations (optical equivalent top view)

and elevated targets layover. No optical imagery equivalent view exists for all

scattering centers in this plane. For slant plane imaging, all scattering centers

layover and appear as the optical equivalent of what one would see by viewing

the scattering centers in a direction normal to the slant plane. No scattering

center is orthographically correct in this plane unless the data acquisition

elevation is zero (that is, a true 2D image). Although a slant plane image can

be warped to be orthographic, this introduces problems of skewed sidelobe

structures aside from adding additional processing considerations. We desire

an orthographic view of a target in order to determine its 3D image.

Second, the data collection surface for CSAR and turntable chamber

measurements is curved in shape. Defocused imagery results from the blind

processing of the data as if it is collected along the slant plane because phase

errors are introduced from the non-planar Fourier collection space. The po-

tential problem can be corrected by projecting the collected data onto the
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slant plane first and then imaging. In sum, a data projection is required, re-

gardless of the image plane chosen, so it may as well be the ground plane.

Third, projection to the ground plane also has potential benefits in that the

impulse response structure remains constant irrespective of the imaging geom-

etry used as long as polar-reformatting inscribes the region of available data

so that image consistency between multiple look angles is maintained.

The 3D scattering center projections in the ground plane are well under-

stood and can be utilized to extract the 3D spatial position of the scattering

centers. The following is a derivation of the range layover projection results

using the small angle approximation. Note that the small angle approximation

is used for illustrative purposes in this derivation only. The approximation is

not a requirement for imaging, and in fact, not used in the dissertation results.

All images are accomplished using polar reformatting.

The scattering center model of the scattered field, E, for an elevation

greater than zero can be written as:

E(f, φ, θ) =
∑

i

Aie
−j2k(xi cos φ sin θ+yi sin φ sin θ+zi cos θ),

where f is frequency, φ is the counterclockwise angle from the x-axis in the

xy-plane or negative azimuth, θ is the downward angle from the z-axis or 90◦

minus elevation, Ai is the complex amplitude of a scatterer, xi, yi, zi is the

scatterer 3D location, c is the speed of light, and k is the wave number or 2πf
c

.

If a small angular sector in φ and centered about 0◦ is chosen to be

imaged, then the small angle relationships cos φ ≈ 1 and k sin φ ≈ kcφ hold,

where kc is the center wave number. Substituting the small angle approxima-

91



tions into the scattering center model yields:

E(f, φ, θ) =
∑

i

Aie
−j2k(xi sin θ+zi cos θ)e−jyi2kcφ sin θ.

The first exponential can be rearranged by factoring out a sin θ term to be:

E(f, φ, θ) =
∑

i

Aie
−j2k sin θ(xi+zi/ tan θ)e−jyi2kcφ sin θ.

In terms of small angle approximations, k-space then becomes:

kx = 2k cos φ sin θ ≈ 2k sin θ,

ky = 2k sin φ sin θ ≈ 2kcφ sin θ, and

kz = 2k cos θ.

Therefore the scattered field in k-space is:

E(kx, ky, kz) =
∑

i

Aie
−jkx(xi+zi/ tan θ)e−jkyyi .

Applying the 2D inverse Fourier transform to the scattered field as:

Image(x′,y′) =
∑

i

∫
ky

∫
kx

Aie
−jkx(xi+zi/ tan θ)e−jkyyie+jkxxe+jkyydkxdky,

the resulting image of point scatterers is:

Image(x′,y′) =
∑

i

Aiδ(x − (xi + zi/ tan θ))δ(y − yi),

where the 3D scattering center location after projection and imaging to the
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ground plane is x′ = xi + zi

tan θ
and y′ = yi. At φ = 90◦, layover will only

occur in cross-range, and the x and y values in the preceding equations will be

swapped. At φ = 180◦, pure range layover will occur again but in the opposite

direction to that of φ = 0◦. Likewise purely negative cross-range layover will

occur at φ = 270◦. For angles of incidence of φ in between these values, layover

will occur in both range and cross-range proportionately such that for a full

sweep in φ from 0◦ to 360◦ the layover effect will cause the projected scattering

center location to rotate in a circle about the true location xi, yi. 3D scattering

center locations in 2D images are in general therefore given by:

x′ = xi +
zi cos φc

tan θ
and (5.1)

y′ = yi +
zi sin φc

tan θ
, (5.2)

where φc is the center of the small angle sector.

Equations (5.1) and (5.2) are linear in x′ and cos φc

tan θ
, and y′ and sin φc

tan θ
,

respectively. Furthermore the system is generally overdetermined for a single

scattering center because there are three unknowns (xi, yi, zi), but two equa-

tions for each angular sector (one for x and one for y) and many sectors in

the case of CSAR and turntable measurements. A linear least squares (LLS)

algorithm is proposed to find the true 3D scatterer location. That is,

A P = b


1 0 cos φc

tan θ

0 1 sin φc

tan θ







x

y

z


 =


x′

y′




P = (ATWA)−1ATWb.
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The LLS algorithm is weighted by scattering center strength, W =
√|Ai|

which is a function of center angle, in order to make the process more robust

against outliers. This weighting is multiplied by the matrices A and b prior

to fitting.

Note that the linear least squares solution will determine a single scat-

tering center location. Therefore this method is only feasible if it can be done

on a single scattering mechanism with sufficient visibility to allow a deter-

mined system that is strictly a point feature. The multidimensional clustering

algorithm of Section 4.2 ideally provides single scattering mechanism features

for fitting, though all features are not point features. This issue is investigated

in the next sections. The 3D scattering centers of all features form the 3D

image of the target.

To summarize, the methodology for single elevation cut 3D imaging is

to perform multidimensional feature set extraction on the measured data as

in Section 4.2. Then Equations (5.1) and (5.2) are used to perform weighted

linear least square fitting of the 2D projected scattering center data of each

feature (which is a function of angle). The result arrives at a single 3D scatter-

ing center location that describes the entire feature. Once the 3D scattering

centers of all features are found, they can be combined to form a single 3D

image of the target.

5.2.2 Synthetic Point Scatterer Results

The weighted LLS approach is demonstrated first on a perfect point

scatterer simulation of eight scattering centers arranged as a cube shape. The

scattering centers occur at ±1 meter in all dimensions with different amplitudes
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Figure 5.2: Scattering center cube arrangement and synthetic sinogram at
EL=40◦

created at random within a 20dB range in magnitude. The simulation is

done at 40◦ of elevation with 0.3125◦ increments from 0◦ to 360◦ in azimuth

and a center frequency of 3GHz and 1GHz of bandwidth. Figure 5.2 shows

the cube formation on the left and the sinogram of the entire target on the

right. Even for a simple eight scattering centers, the target sinogram is busy.

The multidimensional clustering algorithm is applied to the synthetic data for

overlapping image sectors to make a square image roughly every degree.

Figure 5.3 shows an image on the left of the target near 0◦ where two

scattering centers from the top of the cube layover in range adjacent to the

scattering centers diametrically opposite to them. The right image shows the

scattering center result at the same angle after using the CLEAN algorithm.

The near overlap in scattering centers at the cardinal angles 0◦, 90◦, 180◦, and

270◦ challenges the multidimensional nearest neighbor clustering algorithm.

Nonetheless, Figure 5.4 demonstrates the successful extraction of each scat-

tering center feature in sinogram form. The 2D scattering centers of these

features are subjected to the weighted LLS algorithm. Figure 5.5 shows the
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Figure 5.3: SAR image and CLEANed image of cube arrangement at a center
azimuth angle of 0.3125◦

resulting LLS cube formation in large dots with the true location at the center

of the circles. The agreement in 3D space of the truth and LLS-estimated

scattering centers is well within the approximately 5cm of resolution granted

by the imaging process as shown by the actual LLS scattering center locations

in Table 5.1. This exercise demonstrates the feasibility of single elevation cut

3D imaging of perfect point scatterers using this technique.

5.2.3 Measured Slicy Results

Single elevation cut 3D imaging of the measured NGIC Slicy target is

conducted next. Multidimensional feature extraction of the target scattering

mechanisms was accomplished in Chapter 4. A first attempt at 3D scattering

center predictions by weighted LLS for 3D imaging Slicy are shown in Figure

5.6 for both the 5◦ and 40◦ elevation cases in the left and right images, re-

spectively. Note that the weighted least squares technique estimates only one
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Figure 5.4: Scattering center cube arrangement feature extraction sinogram
results
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Figure 5.5: Linear least squares scattering center image versus truth for syn-
thetic cube arrangement

scattering center per feature, as would be the case for point features. (Note

that the display software used to create these images is unable to display the

estimated scattering centers for the tophats at 5◦ of elevation because they are

located beyond the CAD model dimensions, though they do exist at the center

of the tophats and an incorrect height.) Alas, all scattering mechanisms are

not point features on real targets.

Two main difficulties exist with the LLS algorithm for single elevation

cut 3D imaging of any scattering mechanism feature. First, the measured

feature extraction technique is not capable of extracting overlapping dihedral

and trihedral mechanisms because ray bounce is not an available clustering

parameter of measured data as it was for SBR simulation data. Therefore,

trihedral corner reflectors tend to be well imaged in 3D as long as dihedral
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Scattering Center (SC) Location SC#
x (m) x (m) z (m) 

1 -1.007 1.001 -0.995 
2 -0.986 1.027 1.000 
3 -0.974 -1.004 0.994 
4 0.994 -1.005 -0.997 
5 -1.004 -1.001 -0.996 
6 1.008 -0.994 0.998 
7 1.001 0.997 0.996 
8 0.999 1.001 -1.002 

Table 5.1: Linear least squares scattering center estimation for synthetic cube
arrangement

returns do not form a part of the feature when applying LLS. Estimation of

two scattering mechanisms at once leads to the erroneous height of the corner

reflectors in Figure 5.6. Figure 5.7 shows a LLS estimate of Slicy with data

from the dihedral angles of all the corner reflectors removed beforehand based

on the scattering mechanism results of the SBR simulations for Slicy. The

erroneous height is corrected. In summary, only single scattering mechanisms

can be well imaged in 3D by LLS, just as IFSAR has estimation difficulties

with multiple scattering in the same resolution cell.

Second, tophats, dihedrals, and other scattering mechanisms that are

represented by mobile scattering centers are not well-suited for imaging by a

single scattering center in the image domain. Performing LLS on small angular

windows seems like a reasonable attempt at 3D imaging these mechanisms in

the way SBR simulations also extract scattering centers one angle at a time.

However, the technique does not work for a single elevation cut for angularly

mobile scattering centers from components such as the tophat. The reason
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Elevation=5˚ Elevation=40˚

Inaccurate corner 
reflector height due to 

dihedral feature overlap 

Figure 5.6: Single elevation 3D imaging of Slicy at 5◦ and 40◦ with feature
overlap

is that the layover effect of perfect scattering centers as a function of angle

produces in the ground plane image a scattering center that rotates circularly

in its 2D projection about its correct position. The mobile scattering center

of a tophat also precesses in a circle as a function of angle as mentioned

in Chapter 2. The center of the circle is not the correct scattering center

position to describe a tophat. The location is merely a degeneracy that mimics

the angularly mobile scattering center of a tophat. Therefore, irrespective

of whether the LLS technique is accomplished on smaller angular windows

to emulate SBR extraction of scattering centers or not, what is consistently
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Elevation=5˚ Elevation=40˚

Corrected corner  
reflector height by 

removing dihedral overlap 

Figure 5.7: Single elevation 3D imaging of Slicy at 5◦ and 40◦ without feature
overlap

estimated is the degenerate scattering center of Figure 5.7 for each tophat.

The degeneracy varies in height as a function of elevation but is consistent in

its xy-plane location. The degenerate scattering center can in fact recreate

the accurate sinogram track of the tophat feature it represents, but it makes

for an unsuccessful 3D image of the component.

Despite these two problems of the weighted linear least squares tech-

nique, the method is capable of producing a 3D composite image of a target

out of a single elevation of data, unlike Soumekh’s depth of focus visual tech-
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nique. The Hough Transform method is comparable in performance in that

both methods are designed to ultimately image only point features in 3D space.

A second elevation angle and windowed LLS will be required to image in 3D

non-point feature components.

5.3 3D Imaging Using Two Elevation Cuts

3D imaging of a single elevation using the feature-based linear least

squares technique met limited success. The technique is next attempted with

two elevation angles for the sake of extracting height information from the

different elevation cuts in the philosophical bent of interferometry but by using

spatial layover effect rather than phase. The main motivation for the approach

is that not all data is suitable for interferometry because phase coherency or

phase ambiguity determination is not always possible.

5.3.1 Methodology

The most effective means of performing multiple elevation feature-based

LLS 3D imaging is as follows. First, imaging and extraction of the 2D pro-

jected scattering centers for each elevation cut is performed as described in

Chapter 4. Clustering of all scattering centers in a multidimensional feature

space of x, y, z, φ, θ is then performed to extract a feature set. Overlapping

windowed and weighted linear least squares is then applied to each feature

to find 3D scattering center representations of the mechanism and form a 3D

composite image of the target from all features. This approach works well if

the elevation cuts are in close proximity such that nearest neighbor clustering

in the elevation dimension proves fruitful.
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If elevation angles are drastically separated, as is the case for the two

measured Slicy angles, a different approach is considered. Single elevation

feature extraction is executed as in Section 4.2. A correspondence problem

exists between the feature sets of each elevation cut and the scattering mecha-

nisms common to both sets. To resolve this problem in an automated fashion,

weighted, non-windowed, linear least squares 3D imaging is performed on each

elevation cut feature set. The 3D scattering centers pertaining to the same

scattering mechanisms will have the same xy locations, but generally different

heights. Performing feature pair matching by computing a distance metric in

the xy-plane manages to correspond the features in both elevation cuts per-

taining to the same scattering mechanism. Windowed and weighted linear

least squares is then applied to the combined feature pair’s original 2D pro-

jected scattering centers to find 3D scattering center representations of the

mechanism and form a 3D composite image of the target from all features

pairs. Note that some features may not have a match at a different elevation

angle due to shadowing and persistence of features in complex targets. These

features are not imaged as they revert to the single elevation 3D imaging issues.

5.3.2 Measured Slicy Results

Single elevation 3D imaging gave a poor image of Slicy. Only corner

reflectors were imaged well, and even those results were achieved by neglect-

ing data pertaining to any dihedral return that overlapped with the trihedral

return in a feature. As mentioned in the methodology, the available measured

results for NGIC’s Slicy were at two elevation cuts with a separation of 35◦.

The features extracted in Chapter 4 were consequently corresponded by using
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Least Squares Image SBR Image 

Correct mobile and point 
feature 3D locations 

Shadowing and lack of feature 
correspondence in elevation 

Figure 5.8: Two-elevation 3D imaging of Slicy using Linear Least Squares
versus SBR results at EL=40◦

the xy locations of the single elevation imaging results in Figure 5.6. The

result of imaging feature pairs using a 18◦ angular window and weighted LLS

technique is shown in Figure 5.8 in the left image as compared to a composite

of all 3D scattering centers from the SBR simulation at 40dB of dynamic range

on the right. The window size was determined by analyzing the LLS error over

varying window size and selecting the optimal LLS fit. Higher order multiple

interactions that occur in the cavity or with several components are lacking in

the measurement 3D image because they only occur at a single elevation and
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therefore have no feature pair for 3D imaging. Shadowing is demonstrated in

the 3D images of the cylinders which do not form a complete circle because

they obstruct each other’s path of incident radiation at 90◦ and 270◦ for the

tall cylinder and cavity, respectively. Note also the errors in estimating the

tall cylinder which are due to the fact that more shadowing of the tall cylinder

occurs at 5◦ than at 40◦ therefore 3D imaging near the shadow region is in-

consistent. Dihedral returns are also evident in the corner reflectors with this

technique.

Overall, the feature-based windowed and weighted LLS technique for 3D

imaging is successful for mobile and stationary scattering mechanisms when at

least two elevation cuts are used. Furthermore, this 3D imaging technique is

accomplished for elevation cuts that are well separated in angle, which would

conventionally be difficult if not impossible to image with interferometric tech-

niques that rely on phase. Note that the persistence and visibility of Slicy’s

features, because it is a canonical target, allowed 3D imaging at such a large

breadth in elevation. Scattering mechanisms of complex targets tend to have

lesser persistence and visibility, which would limit the possibility of 3D imag-

ing from data with exaggerated separations in elevation as adequate feature

pairs would be lacking.

5.4 Summary

In this chapter, a 3D imaging method is developed for sparse elevation,

dense azimuthal measured radar signatures. The process is summarized in

Figure 5.9. The 2D scattering centers of the features extracted in Chapter

4 are exploited for their layover projections of the true perfect 3D scattering
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Figure 5.9: Two-elevation cut, measured feature, 3D imaging methodology
flow chart

center location of a point feature. A weighted linear least squares technique

is developed based on the layover projection equations of scattering center

locations to extract 3D scattering centers. For single elevation data, only

point features can be 3D imaged using this technique, much like when using

the Hough transform. The addition of a second elevation cut of data and

overlapping windowing of the weighted least squares estimation allows for the

imaging of point features and spatially or angularly distributed features as a

function of angle such as tophats and dihedrals. 3D imaging is demonstrated

for a canonical target with large separation in the elevation baselines, where

interferometric techniques tend to have difficulty employing phase differencing.
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Chapter 6

Feature Set Exploitation for

CAD Model Validation,

Revisited

6.1 Introduction

The objective of the work presented in this chapter is to improve on the

CAD model validation approach of Chapter 3. Three main reasons exist as

motivation to improve the method. First, although the results in Chapter 3

look promising for CAD model validation using a feature set approach, the pro-

jections of certain features onto the full target in the sinogram space are biased

by overlapping scattering mechanisms (the crisscross in the sinogram tracks).

This feature overlap results from the necessary collapse of the multidimen-

sional feature space onto a two-dimensional sinogram space for measurement

data comparison. Consequently, some features sharing the same range and

azimuth bin influence their respective projections. Features such as dihedral

and trihedral returns of a corner reflector are one such example. They have

a different scattering bounce but overlap in the sinogram space for their en-

tire visibility. Other features may intersect at a particular range and azimuth
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bin due to the scattering physics and visibility of different components on the

target. On the Slicy for instance, the sinogram tracks of the tophats intersect

with each other at 180◦.

Second, the method in Chapter 3 can distinguish and identify extra

components in the CAD model versus those in the actual target because a

feature sinogram exists in the CAD model set that does not exist in the full

target sinogram. Identifying missing components in the CAD model is a more

challenging problem because the CAD model set does not have a feature to

compare to the full target sinogram. In Chapter 3, the solution is to extract all

the energy of the existing CAD model features from the full target sinogram

and observe the residual sinogram. The leftover energy in the target sinogram

is then concluded to be from the missing feature, along with any other CAD

model features that were poorly matched to the actual target. This technique

is highly qualitative and only aids in target traceback of the problem area

of the CAD model in as much as it gives the general look angle where the

problem exists.

Third, due to the superpositioned sum of scatterer reflectivities at the

look angles of these overlapping features, our projection results can be greater

than one in Chapter 3 because more energy is evident in the target than the

single feature that is being projected. This notion of a projection that cannot

be normalized to 1 is not the most desirable metric, since one can never be

sure of the degree of accuracy of a feature in the CAD model in the absence

of feature overlap. In this chapter, we leverage the feature extraction proce-

dures for both synthetic and measured radar signatures to develop a method

that compares individual features of both data sets against each other. Each

synthetic feature is to be projected onto each measured feature to compute
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a cross-correlation coefficient matrix. Since the projection is to be done on

single measured features rather than the full measured target as in Chapter

3, projection bias from intersecting or overlapping features is eliminated and

a properly normalized projection score is utilized to ameliorate these short-

comings of the method in Chapter 3. In addition, the problem of identifying

missing features in the CAD model set, which was insufficiently addressed in

Chapter 3, is shored-up by the feature-by-feature projection. If a particular

synthetic feature has no direct match (that is, a low cross-correlation coeffi-

cient) against all measured features, the synthetic feature is superfluous in the

CAD model set. Likewise, if a measured feature has no direct match against

all synthetic features, then a synthetic feature is missing from the CAD model

set. The 3D imaging process of Chapter 5 is leveraged to specify the location

of the missing synthetic feature (that is, the extra measured target feature)

on the faulty CAD model.

6.2 Methodology

The improved CAD model validation procedure is as follows. First,

feature extraction is performed on the measured data set. Second, feature

extraction is performed on the synthetic SBR data set with two modifications

to the original technique of Chapter 2. One, the 3D scattering centers are pro-

jected onto the ground plane according to the layover phenomena of Equations

(5.1) and (5.2). Two, the dimensionality of the clustering space is reduced to

that of the measured feature extraction procedure (that is, no bounce pre-

sorting and no z). These modifications are done to keep the feature extraction

procedures and resulting feature sets as similar as possible between the mea-
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sured and synthetic data sets. The third step in the procedure is to find the

projection of each feature in the synthetic set against those of the measured

set. The projection is simply the standard cross-correlation coefficient between

the measured feature and the synthetic feature, defined as follows:

< Emeasured, Esimulated >√
< Emeasured, Emeasured >< Esimulated, Esimulated >

, (6.1)

where Emeasured and Esimulated are the sinograms of the measured and synthetic

features, respectively. All quantities are functions of range, azimuth, and

elevation. The projections are taken over incoherent (magnitude-only) data

once again. Equation (6.1) yields a score of exactly 1 if the features are

identical and 0 if they are not. The projection is essentially the computation

of a correlation coefficient. Any score in between 0 and 1 means the features

have something in common, with higher scores signifying more agreement than

lower scores. If a feature receives low scores against all features, it is missing

from the comparison data set. For missing components in the CAD model,

application of the imaging techniques of Chapter 5 to pinpoint that feature on

the CAD model and facilitate a model fix is then possible.

6.3 Results

The improved CAD model validation procedure is tested once again on

the NGIC Slicy at 40◦ of elevation. The three cases investigated previously are:

the original dimension mismatch between the two targets, an extra trihedral in

the back of the SAIC CAD model, and a missing top trihedral from the SAIC

CAD model. The features that are chosen for validation and their projection
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results using the new method are shown in Tables 6.1 through 6.3 for each

case, respectively. The blue highlighted areas are features with a projection

score above 0.9, which means they have good agreement even if it is not an

exact match. Yellow highlighted areas have varying degrees of disagreement.

NGIC Measured Slicy Features 

0.9768 0.0811 0.1175 0.2199 0.2296 0.2142 

0.0963 0.9346 0.0177 0.17 0.0745 0.1266 

0.1311 0.0104 0.6249 0.0394 0.0592 0.0349 

0.2287 0.1692 0.053 0.9717 0.2042 0.17 

0.2544 0.0696 0.0699 0.2046 0.9558 0.0834 SA
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0.2699 0.1391 0.0302 0.172 0.0792 0.7324

Table 6.1: Feature projection results for measured versus synthetic Slicy with
dimension mismatch

We examine first the original dimension mismatch between the two tar-

gets. In Table 6.1, the right step of Slicy as well as a cavity return disagree

significantly between the data sets. The right step disagreement (0.6249) is

due to a dimension difference pointed out in Chapter 3. In the Chapter 3
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technique, this conclusion was arrived at by examining three different bounce

features of the same component (i.e. the dihedrals and trihedral return) that

were exhibiting mismatch. In this chapter’s method, the returns are all one

feature because the synthetic feature extraction bounce separation is collapsed

for similar comparison to the measured features that lack bounce information.

Recall that biases to the projection scores of synthetic bounce-separated fea-

tures, such as individual dihedrals and the trihedral of the same corner reflec-

tor, occurred in Chapter 3 because they were compared against the combined

energy of their overlapping feature tracks in the measured sinogram. The

consistent lack of bounce separation in the synthetic and measured features in

this chapter’s method eliminates the feature sinogram track overlap projection

problem present in Chapter 3. Note also that the problem of feature sinogram

track intersections in the measured full target of Chapter 3 influencing pro-

jection scores is also solved in this chapter’s method by the feature-by-feature

comparisons between measured and synthetic data sets.

The right step feature sinograms for measured and synthetic data, as

well as target traceback information are shown in Figure 6.1. The differences

between the measured and synthetic tracks are very difficult to identify visu-

ally, especially when they are embedded in the sinogram of the entire target.

By performing feature extraction, their difference is much easier to sift out.

The cavity return difference (0.7324) is due to an on-off scintillation in am-

plitude of the synthetic CAD model feature, which can be attributed to the

CAD model facetization and approximate ray-optical calculation of the cavity

return. This scintillation is expected and evident in all the cavity returns,

though worse for the higher order returns because the ray-optics approxima-

tion error increases with each ray bounce. The slight dimension difference of
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SAIC Slicy CAD Model Right 
Step Feature (Bounces 1-3) 

Synthetic Sinogram of 
Slicy Right Step 

NGIC Measured Sinogram 
of Slicy Right Step 

Figure 6.1: Measured and synthetic right step sinograms and CAD model
traceback
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Extra Trihedral Feature in Slicy CAD Model 
(Bounces 1-3) 

Figure 6.2: Synthetic extra trihedral feature sinogram and CAD model trace-
back

the left step, which was identified in Chapter 3, is reflected in the slightly lower

projection value (0.9346) in Table 6.1. In Figure 3.3 of Chapter 3 we showed

the step dimension mismatches between the SAIC and NGIC CAD models.

Next we examine the case of an extra trihedral placed toward the back

middle top section of the synthetic CAD model, as was shown in Figure 3.4 of

Chapter 3, that is missing from the measured target. In Table 6.2, an entire

row has very low scores meaning that feature is non-existent in the measured

set and superfluous in the CAD model. This feature corresponds to the added

trihedral in the CAD model as shown in Figure 6.2. SBR target traceback

information shows this feature is a 1, 2, and 3-bounce overlapping return from

the extra trihedral. Note that all other features remain consistent in their

projection scores to within one significant digit of the original CAD model

results in Table 6.1.
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NGIC Measured Slicy Features 

0.9624 0.082 0.1245 0.2159 0.2406 0.2037 

0.0937 0.9295 0.0001 0.1682 0.0631 0.1273 

0.1293 0.0003 0.6171 0.0387 0.0474 0.0356 

0.2169 0.1719 0.0531 0.9562 0.1957 0.1734 

0.2455 0.0687 0.0741 0.2139 0.9446 0.0785 

0.2384 0.1407 0.0161 0.1632 0.0822 0.7791E
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0.1699 0 0 0.2512 0 0.0784

Table 6.2: Feature projection results for measured versus synthetic Slicy with
extra trihedral and dimension mismatch
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NGIC Measured Slicy Features 

0.9578 0.086 0.1163 0.2239 0.2505 0.2211 

0.0937 0.9297 0.0001 0.1683 0.0631 0.1272 

0.1292 0.0003 0.6165 0.0387 0.0475 0.0355 

0.2159 0.1665 0.0533 0.9659 0.1886 0.1738 
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0.2346 0.1406 0.0166 0.164 0.0828 0.7763

Table 6.3: Feature projection results for measured versus synthetic Slicy with
missing trihedral and dimension mismatch

Lastly, we examine the case of a missing trihedral from the original syn-

thetic CAD model, as was shown in Figure 3.5 of Chapter 3, that is superfluous

in the measured target. In Table 6.3, an entire column has low projection scores

meaning that the feature in the measured data set is missing from the CAD

model. Figure 6.3 shows the extra measured feature sinogram and identifies

the missing feature on the SAIC CAD model as the top surface corner reflector

by superimposing the imaging results for the measured feature of Chapter 5

on the validation CAD model. Recall that in Chapter 5, the 3D scattering

centers of the measured features were found by using a windowed linear least

squares algorithm of two elevation cuts of data to form a composite 3D image
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Missing Trihedral Feature in Slicy CAD Model 

Figure 6.3: Measured extra trihedral feature sinogram and CAD model trace-
back of scattering centers

of the target. The 3D scattering centers were estimated from their 2D scatter-

ing center layover projections used in Chapter 4 to perform feature extraction

of the measured radar signatures. As such, this CAD model validation ap-

proach exemplifies the synergism of all aspects of feature-based exploitation of

multidimensional radar signatures presented in this dissertation: feature ex-

traction and scattering understanding of measured and synthetic signatures,

feature projection for CAD model validation, and 3D sparse elevation imag-

ing of measured targets. This avenue for identifying missing features is more

quantitative and informative qualitatively than the residual observations of

Chapter 3. No facets can be attributed to the missing feature in the target

traceback, but at least the general location and shape formed by the scat-

tering centers of the feature can aid in identifying the missing component in

the CAD model. Again, other feature results remain consistent in projection
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value. Observe that the cross-correlation of dissimilar features is small but

non-negligible (as high as 0.25) for many features in Tables 6.1 through 6.3.

This energy overlap due to intersecting features from dissimilar components

is precisely what made the prior validation results somewhat uncertain and

makes this method better calibrated to pass judgment on feature agreement.

6.4 Summary

CAD Model 
Synthetic 
Feature 

Extraction 

Cross-
Correlation 

CAD Model 
Problem Areas 

Identified 
Built Target 

Measured 
Feature 

Extraction 

Synthetic 
Feature 

Sinograms

Measured 
Feature 

Sinograms

Figure 6.4: Cad model validation using synthetic and measured feature sets
methodology flow chart

This chapter develops an improved CAD model validation algorithm

which compares measured and synthetic feature sets using a normalized in-

ner product (cross-correlation) to determine poorly modeled areas of a CAD

model. Figure 6.4 summarizes the validation methodology. Dimensionally dif-

ferent, extra, and missing components from a CAD model can be distinguished

and identified with greater certainty due to a true normalized projection score

where 1 is an exact match and 0 is no match. Furthermore, lack of feature

overlap from different components of a target and similar feature overlap for

the same components of a target that deal with bounce separation are elimi-
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nated in this method. In short, the new technique shores up many of the faults

of the prior method at the expense of an additional and a slightly modified

feature extraction cycles of the measured and synthetic radar signatures. For

missing features on the CAD (a real serious problem), once the feature is iden-

tified from the measured set, one can use the 3D imaging technique developed

in Chapter 5 to pinpoint the location of the missing component. Therefore,

leveraging the developments of Chapters 2, 3, 4, and 5, an improved CAD

model validation procedure is now in place.
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Chapter 7

Conclusions

In this dissertation, the important electromagnetic problem of extrac-

tion, interpretation, and exploitation of useful information from the scattered

field of a target is studied. Information that characterizes the scattered field

in an insightful way is termed a “feature” and forms the basis of many ap-

plications. For high-frequency electromagnetics, a discrete set of points on

the target, known as scattering centers, have been utilized as features that

model the scattered field for well over half a century. Scattering centers are

a basic building block or microscopic component for understanding radar sig-

natures but as multidimensional data is acquired, hierarchical or macroscopic

descriptions of scattering center behavior are required to better understand

the increasingly complex scattering environment. For multidimensional radar

signatures, scattering centers can form higher level features of a target known

as scattering mechanisms. These mechanisms are physics-based descriptions of

scattering phenomenology from target components and have many and diverse

applications such as target recognition, classification, validation, and imaging.

This dissertation presents new approaches for the feature extraction, analysis,

and exploitation of scattering mechanisms for both synthetic and measured

multidimensional radar signatures in order to advance the state of the art.

Chapter 2 conducts the feature extraction and analysis of a full mono-

static dome of synthetic radar signatures in elevation and azimuth of a tar-
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get by leveraging simulated single-look scattering centers produced by the

shooting and bouncing ray technique and a multidimensional nearest neighbor

clustering algorithm. These features contribute to a better understanding of

electromagnetic scattering in complex targets in the following ways. A small

set of extracted scattering mechanisms of the target manage to compactly

describe the existence of thousands of scattering centers. Scattering center

behavior across aspect is embedded in these features to describe angular and

spatial persistence and mobility, as well as a lack thereof. The features de-

scribe scattering phenomenology such as shadowing, multiple interactions, and

higher order returns of components. Computer-aided design model scattering

information for each feature is retained from the SBR technique to associate

scattering mechanisms with parts of the target that originated them. The

complicated, crisscrossing, multi-track, two-dimensional range-aspect target

scattering plot, known as a sinogram, becomes separated into individual tracks

for each feature. Spatial mobility and limited angular persistence of scattering

mechanisms are observed to be unfortunate complications to ideally focused

SAR imaging, even for simple targets.

Chapter 2 additionally conducts feature extraction of azimuthal bistatic

(non co-located receiver and transmitter) synthetic radar signatures at a sin-

gle elevation using multidimensional nearest neighbor clustering of SBR scat-

tering centers. The monostatic feature set observations hold along with the

following. The visibility of some scattering mechanisms closely follows the

monostatic case with additional angular spread. The features have increased

spatial diffusivity in terms of the scattering centers that compose them such

that the successful general use of nearest neighbor multidimensional feature

extraction is limited.
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Chapter 3 presents a method for 3D CAD model validation by exploit-

ing synthetic scattering mechanism feature sets. This application of features

aids human validators whom are tasked to determine, fix, and validate the

correction of 3D CAD model errors which often include the understanding

of complex scattering physics. A mathematical projection compares the sino-

gram of each feature of a CAD model target with the complete sinogram of the

measured and built target. Features are used to determine where a problem is

on 3D CAD model facets, what scattering bounce or phenomenon is affected,

and the degree of model mismatch. Error determination and tracking is facili-

tated by the localized nature of a feature and its physics-based relationship to

the target scattering. Similarities across problematic features are utilized to

understand error types in the 3D CAD model such as additional, missing, or

dimensionally different components. The technique is robust in the presence

of multiple errors and measurement imperfections such as angular sparsity and

variability.

Chapter 4 develops a methodology to extract scattering mechanisms of

a target pertaining to measured multidimensional radar signatures. Multiple-

look ground plane SAR images are formed as a function of angle and scattering

centers are extracted with an image domain CLEAN algorithm. The process

emulates the single-look scattering center extraction of SBR simulations with

limitations arising from the measured data (lack of ray bounce and physical

target scattering traceback). The scattering centers are then clustered using

nearest neighbor in a multidimensional space much like their synthetic SBR

counterparts in order to form features. The methodology and results focus on

sparse elevation measured data from CSAR or turntable measurements. Elec-

tromagnetic understanding of the scattering of complex physical targets is

122



affirmed in conjunction with the simulation results in Chapter 2. Once again,

a small set of features represents the behavior of many scattering centers by

depicting their angular and spatial correspondence, or lack thereof. Shadow-

ing, multiple interactions, and higher order returns are also noted. Sinogram

results show successful extraction of single tracks for each feature versus the

complicated total target sinogram.

Chapter 5 develops a technique for sparse elevation 3D imaging of dense

azimuthal measured radar signatures of CSAR or turntable chamber environ-

ments by exploiting measured feature sets. An examination of ground plane

multiple-look 2D SAR imaging leads to linear equations describing the layover

effect of projecting 3D scattering centers onto the 2D image plane. Weighted

linear least squares is applied to the 2D scattering centers composing a feature

to recover the 3D scattering center that generated them for a single elevation.

The results for all features are combined to form a 3D image of the target.

Single elevation imaging proves to be feasible for point features only. An

overlapping window, weighted linear least squares approach is subsequently

applied to two elevation cuts in order to describe spatially or angularly dis-

tributed features as a function of angle, as well as point features. 3D imaging

is demonstrated for a canonical target with large separation in the elevation

cuts, which would be challenging to accomplish by other imaging techniques.

Chapter 6 develops an improved CAD model validation technique which

compares single measured and synthetic features to determine poorly modeled

areas of a CAD model. Dimensionally different, extra, and missing components

from a CAD model can be distinguished and identified with greater certainty

due to a normalized inner product projection score. Feature overlap projection

biases of the prior method are eliminated or incorporated into the calibration

123



of the new method. Missing components from the CAD model are able to be

identified and attributed to an actual feature of the measured data set and

traced back to the CAD model areas as well.

This dissertation contributes to the advancement of the state of the art

in feature extraction, analysis, and exploitation of both synthetic and mea-

sured multidimensional radar signatures in four main areas. First, algorithms

are developed to extract physics-based scattering features of a target from

synthetic and measured multidimensional radar data. Second, an improved

electromagnetic understanding of the global scattering mechanisms in com-

plex targets is garnered through analysis of these features. In particular, this

enhanced comprehension of scattering is accomplished by tying these mecha-

nisms at the lower level to the target geometry and at the upper level to the

observed features. Third, methods are developed to exploit these extracted

features to assist humans in CAD model validation, which is a thorny issue.

Fourth, a technique is developed to exploit measured features to create sparse

elevation 3D images of targets.

This dissertation leaves the following studies for future work. First, im-

provements to the feature extraction algorithms for enhanced separability of

scattering features need to be considered perhaps by incorporating polarization

diversity or entirely new feature extraction algorithms for bistatic feature ex-

traction in particular. Second, the exploitation of these physics-based features

for other applications needs to be investigated such as target identification and

radar signature extrapolation or interpolation.
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