University of Dayton

eCommons

Electrical and Computer Engineering Faculty Department of Electrical and Computer
Publications Engineering
5-3-2017

Using Phase for Radar Scatterer Classification

Linda J. Moore
Air Force Research Laboratory

Brian D. Rigling
Wright State University

Robert Penno
University of Dayton, rpennol@udayton.edu

Edmund G. Zelnio
Air Force Research Laboratory

Follow this and additional works at: https://ecommons.udayton.edu/ece_fac_pub

b Part of the Electrical and Computer Engineering Commons

eCommons Citation

Moore, Linda J.; Rigling, Brian D.; Penno, Robert; and Zelnio, Edmund G., "Using Phase for Radar Scatterer
Classification" (2017). Electrical and Computer Engineering Faculty Publications. 412.
https://ecommons.udayton.edu/ece_fac_pub/412

This Conference Paper is brought to you for free and open access by the Department of Electrical and Computer
Engineering at eCommons. It has been accepted for inclusion in Electrical and Computer Engineering Faculty
Publications by an authorized administrator of eCommons. For more information, please contact
mschlangen1@udayton.edu, ecommons@udayton.edu.


https://ecommons.udayton.edu/
https://ecommons.udayton.edu/ece_fac_pub
https://ecommons.udayton.edu/ece_fac_pub
https://ecommons.udayton.edu/ece
https://ecommons.udayton.edu/ece
https://ecommons.udayton.edu/ece_fac_pub?utm_source=ecommons.udayton.edu%2Fece_fac_pub%2F412&utm_medium=PDF&utm_campaign=PDFCoverPages
http://network.bepress.com/hgg/discipline/266?utm_source=ecommons.udayton.edu%2Fece_fac_pub%2F412&utm_medium=PDF&utm_campaign=PDFCoverPages
https://ecommons.udayton.edu/ece_fac_pub/412?utm_source=ecommons.udayton.edu%2Fece_fac_pub%2F412&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:mschlangen1@udayton.edu,%20ecommons@udayton.edu

Using phase for radar scatterer classification
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ABSTRACT

Traditional synthetic aperture radar (SAR) systems tend to discard phase information of formed complex radar imagery
prior to automatic target recognition (ATR). This practice has historically been driven by available hardware storage,
processing capabilities, and data link capacity. Recent advances in high performance computing (HPC) have enabled
extremely dense storage and processing solutions. Therefore, previous motives for discarding radar phase information in
ATR applications have been mitigated. First, we characterize the value of phase in one-dimensional (1-D) radar range
profiles with respect to the ability to correctly estimate target features, which are currently employed in ATR agorithms
for target discrimination. These features correspond to physical characteristics of targets through radio frequency (RF)
scattering phenomenology. Physics-based electromagnetic scattering models developed from the geometrical theory of
diffraction are utilized for theinformation analysis presented here. Informationis quantified by the error of target parameter
estimates from noisy radar signals when phase is either retained or discarded. Operating conditions (OCs) of signal-to-
noise ratio (SNR) and bandwidth are considered. Second, we investigate the value of phase in 1-D radar returns with
respect to the ability to correctly classify canonical targets. Classification performanceis evaluated vialogistic regression
for three targets (sphere, plate, tophat). Phase information is demonstrated to improve radar target classification rates,
particularly at low SNRs and low bandwidths.

Keywords: radar range profile, phase information, magnitude profile, classification, automatic target recognition, feature
extraction, Cramér-Rao lower bound, error analysis

1. INTRODUCTION

Inlegacy radar applications, to reduce storage and simplify exploitation, only magnitude dataiis used by target classification

algorithms. The increase in available data processing speed and storage capability, coupled with the decrease in size and

cost of the corresponding hardware, makes retaining phase information reasonable from a data management perspective.

Therefore, it is important to revisit the impact of phase in radar automatic target recognition (ATR) applications, as any

possible retention of usable information is imperative for continued improvement of ATR performance. An additional

argument in the past for discarding phase information was that the phase present in synthetic aperture radar (SAR) imagery

was largely due to diffuse scattering, or scattering from the naturally occurring environment, as opposed to scattering from

man-made objects.™:? Further, the usage of low resolution SAR sensors resulted in many scatterers per resolution cell and
the phase within a resolution cell was subsequently believed to be uniformly distributed between 7 and —7. 1 Due to the
current availability of high resolution sensors, the phase within a resolution cell is thought to be dominated by a single
scatterer and is no longer randomly distributed; thus, phase can be exploited for a number of purposes including target

identification.® In this manuscript, we first show that phase enables improved estimation of canonical target features from
noisy received radar signals. We then demonstrate that use of phase information within radar signals results in improved
classification of canonical scatterers compared to classification when phase is discarded.

This manuscript is organized as follows. Section 2 provides motivation for the research pursued in this effort. Section
3 offersasummary of previous research relating to the work presented here. Section 4 describes the electromagnetic phys-
ical scattering model, based on the geometrical theory of diffraction, employed for estimation of canonical target features
from 1-D radar range profiles. Section 5 demonstrates feature estimation performance when phase is excluded compared
to feature estimation when phase is retained; these results are then used to assist in predicting classification performance
for canonical targets. Section 6 describes electromagnetic physical scattering models employed for target classification
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studies given 1-D radar signatures. The scattering models in Section 6 are extensions of the model from Section 4 and
include additional degrees of freedom, such as the ability to specify length, height and radius of the canonical scattering
objects. Section 7 describeslogistic regression for multinomial classification. Section 8 details the process by which target
features were defined and generated for the classification studies presented in this manuscript. Section 9 provides classifi-
cation resultsfor canonical targets which demonstrate that phase information enablesimproved classification performance,
particularly at low signal-to-noise ratios (SNRs) and low bandwidths. Finally, Sections 10 and 11 offer conclusions and
suggestions for future work, respectively.

The following notational conventions are employed throughout this paper. Vectors are denoted by uppercase or lower-
case | etterswith an arrow or tilde placed abovethe letter, e.g., 5(-) or S(-). In general, vectors describing frequency-domain
data are denoted by uppercase letters, e.g., S (+), whereas vectors containing image-domain data are represented by lower-
caseletters, e.g., 5(-). One exceptionto thisis the vector describing noise present in collected radar frequency-domain data,
which isdesignated by 7i(-). Inthis case, the arguments of the vector function will denoteif the noiseisin the frequency or
image domain. Matrices are represented by lettersin bold font, e.g., Q. Elements of vectors or matrices are indicated by
lowercase subscripts, e.g., S;(-) or Q.- If the length of a particular vector is given by an uppercase letter, e.g., K, then
the subscript used to designate individual elements of the vector will be the corresponding lowercase letter, e.g., k. Scalars
may be signified by either uppercase or lowercase letters, but will not be displayed in bold font and will not have symbols
or accents placed above the letter.

2. MOTIVATION

ATR agorithms aim to achieve what humans achieve effortlesdly. It has been noted that humans seem to have an inherent
ability to recognize an object independent of its translation, rotations, or perspective viewing 3 and also have other invariant
recognition capabilities to changes in brightness, color, and to the partial occlusion of an object. 2 However, it is currently
unknown exactly how humans accomplish this seemingly automatic and reliable object recognition. ATR algorithms hope
to achieve this same level of success and ease of distinguishing targets from one another. One of the major difficulties,
for example, isthat in an electromagnetic sense, atarget may look drastically different when observed from various angles
due to the way the energy reacts to the object’s shape. Here we focus on quantifying the decrease in achievable target
characterization when phase information is discarded.

Thedistinct and complex challengesfacing an ATR system serve as a specific motivation for thiswork. ATR algorithms
aim to correctly classify an unknown target of interest given some information collected on the target by a sensor. Here,
the sensor is assumed to be aradar system. The ability to successfully identify an unknown target from data collected by a
sensor depends on a number of conditions. Some of these conditions can be controlled through ATR system design, such
as sensor parameters or choice of classifier, while others cannot, such as target motion and environmental contributors. 47
Since real world operating conditions (OCs) cannot be explicitly influenced, the best an ATR system can hope to achieve
is the optimal extraction of all available relevant information from a measured signal on a target of interest. This task,
however, is not straightforward and many strategies exist for information extraction and exploitation from collected target
data. A commonly employed approach, for example, is to extract features from measured target responses. These features
correspond to physical scattering characteristics of the target. The goal of these techniquesis to capture the most pertinent
target information available in the data to maximize target separability within an ATR system. Often, determining the use-
fulness of particular features embedded in measured signalsis achieved through extensive testing and evaluation involving
large data sets (some measured, some synthetically generated) and particular ATR algorithms or target classifiers. This
methodology lends itself to a considerable use of resources, including the time and cost of both the data collection and
the subsequent testing phase. In addition, some limitations on the accuracy of ATR system performance predictions are
naturally present given the lack of generality presumed.

Even assuming a target’s response is completely known, an ATR agorithm is still presented with a great challenge
when it must distinguish between a particular target and others that ook similar in an electromagnetic sense. It has been
noted that improvementsin sensor datawould naturally arise as aresult of athorough understanding of the limiting factors
in performance.® This research aims to identify the limiting factors in performance when phase information is discarded
prior to target classification. Further, we seek to predict the degradation in classification performanceif phaseis excluded
without having to perform extensive testing over awide range of potential ATR algorithms.

From the existence of target information in the real world, to the capture of some of that information through the
measurement of a signal, to the processing of collected data for the purposes of target classification, relevant information
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for ATR is changed or lost as a result of many differing nonlinear systems or channels through which the information
passes. Currently, alack of fundamental understanding exists as to how a single block in the information transfer chain,
representing a single way an information-encoded signal is transformed in a nonlinear fashion, ultimately affects classi-
fication performance. Given the limitations and expenses of empirical classification performance evaluation, we seek to
obtain a theoretical foundation for the prediction of ATR system performance with respect to one such block in a typical
information transfer chain that involves discarding phase information. Phase information has been historically discarded
after radar image formation and prior to target classification due to data storage and processing constraints. Advancesin
high performance computing (HPC) have resulted in the availability of increased processing and storage capabilities at
reduced size, weight and power for lower costs. With previous data management-related barriers now removed, we seek
to quantify the impact of information in radar phase as it relates to the ability to perform reliable target classification or
identification.

3. BACKGROUND

A commonly employed approach to ATR is to extract features from measured target responses. ® These features often
correspond to physical scattering characteristics of the target.® Several methods for feature extraction exist.®?* Some
feature extraction algorithms have exploited information in complex radar data. 22’ The goal of any feature extraction
technique is to capture the most important components of the data, from a target uniqueness perspective, that will alow

discrimination of a particular target from other targets that might also be observed by the sensor. The following literature
review demonstratesagrowinginterest in the radar community to evaluate, quantify and perhapsalter conventional thinking

regarding the retention and exploitation of phaseinformation. This research seeksto lay atheoretical framework built upon

the evaluation of canonical scattering phenomenology such that additional degrees of complexity may be added over time

in order to thoroughly understand and quantify the impact of phase on radar exploitation.

Previous work has addressed the information content of radio frequency (RF) phase measurements from a variety
of viewpoints. Some research addressed the issue of the estimation of target features from radar data when phase was
discarded. In one example, the author acknowledged ambiguity in the radar community over the usefulness of phase in-
formation.?® In particular, a definition of “functional” resolution was proposed over the traditional definition of resolution.
It was argued this functional resolution measure offers additional practicality over traditionally employed definitions be-
cause it not only requires that two nearby scatterers are indeed detected via two peaks within radar imagery, but also that
accurate estimations of the target locations are possible. The author showed that inclusion of phase information improved
the functional resolution by a factor of two. Additional work by this author argued that man-made objects exhibit dis-
persive scattering and that exploitation of complex imagery is necessary to extract all relevant information about detected
targets.?® Building upon that work,?® additional research demonstrated the recognition of dispersive scattering components
in complex SAR imagery.® These dispersive features capture the phenomenology of the dominant scatterers of complex
targets. In other work,3! phase information of 1-D high range resolution (HRR) profiles was investigated through direct
examination of a representative HRR model for stationary targets. This model contained target parameters of position
and complex-valued scattering coefficient, but did not contain an additional parameter, «, addressed in this manuscript,
which represents the target scattering geometry or curvature. In addition, an electronic warfare application motivated the
study of phase information impact on estimation of pulse time of arrival of detected RF waveforms. 3 Waveform param-
eter estimates are commonly performed using pulse envelopes, effectively discarding phase information. The cited work
showed that retention of phase information indeed improved accuracy of pulsetime of arrival estimates, which are used by
electronic warfare receivers for waveform classification and threat identification.

In other related works,%? the historical issue of random phase in SAR imagery was addressed given the use of low
resolution SAR sensors. High resolution sensors, especially those operating over urban environments where the large
presence of man-made objects promotes majority specular scattering instead of diffuse scattering, remove the historical
assumption that phase is uniformly distributed and therefore, uninformative. %2 These works devel oped statistical models
for characterizing the probability distributions of non-uniform phase within high resolution SAR imagery so that it can be
further exploited to achieve goal s such as target classification.

In early work on identification of complex targets with low frequency radar, it was found that inclusion of phase in-
formation reduced the probability of misclassification compared to performance observed when only magnitude data was
available.® In this case, a priori knowledge of the target’s aspect angle was assumed. In related work, 3 the utility of
phase in radar range profiles for target recognition was investigated by computing the correlations between range profiles
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with different aspect angles when phase is included or discarded. The authors concluded that phase contains valuable
information that may be applicable to radar target recognition problems. In other relevant works, 33 complex and real
HRR profiles were used for radar target recognition where features were determined using principal component analysis.
These works showed reduced error rates in target recognition experimentation; however, the authors acknowledged that
more work is required as many existing radar feature extraction algorithms simply will not accept complex data as inputs.
In another published work, 3" features were extracted from complex and real HRR profiles for the purposes of target recog-
nition. A minimal Euclidean distance classifier was used to demonstrate that retention of phase results in improved target
recognition rates.

In a ground penetrating radar (GPR) application, novel signal processing techniques were proposed that enable ex-
traction of both amplitude and phase information for buried objects. 3:3° The output signals are suitable for use in target
classification algorithms. The authors were motivated by the belief that amplitudes of measured radar signals allow for
detection and localization of a buried target while phase information will enable discrimination among targets.

In other research of interest,*’ a series of studies were performed to measure the impact of phase in SAR imagery
with respect to classification performance. Specifically, a number of divergence functions were considered, to include
Bhattacharyya distance, Jeffries-Matusita distance, Kullback—Leibler distance, and the Kolmogorov-Smirnov test. In all
applications of these probability distribution separation measures to a particular set of complex SAR data, the inclusion of
phase information resulted in larger pattern separations than when only the magnitude data was used. In another work, 27
target scattering features were extracted from complex and magnitude SAR imagery via the Hilbert-Huang transform.
Improvements in classification accuracy for a particular data set were demonstrated when radar phase was employed
compared to the use of magnitude SAR imagery.

In other works investigating radar phase, *>#? information content of complex-valued radar target signatures as awhole
were considered in the context of efficient target database development for ATR applications. A collection of 1-D radar
range profiles of a stationary target from similar aspect angles were considered to be independent samples of a random
process. Eigenvalue decomposition was performed on the covariance matrix representing this signal space in order to
identify the information content. Information theoretic principles, namely mutual information, were used to determine
similarity between targets using the described complex-valued signal space.

In related works by one author of this manuscript, *>#* the estimation of target parameters — location, scattering coef-
ficient, and frequency dependence (o) — was performed given 1-D radar range profiles and 2-D SAR imagery with phase
either retained or discarded. In those works, the target was assumed to be stationary, and the scattering was assumed to be
real-valued and therefore representative of a perfect electrical conductor (PEC). When phase was retained, the Cramér-Rao
lower bound (CRLB), previously derived, was validated against numeric estimation of target parameters using maximum
likelihood estimation (MLE). For the case in which phase was discarded, target parameter estimation was performed us-
ing aleast squares estimation (L SE) technique. The cited works demonstrated that inclusion of phase in target parameter
estimation improves the accuracy of the estimates. Building upon that research, phase information in 1-D radar range
profiles for stationary targets was further explored by the authors of this manuscript. *° Target scattering was assumed to
be complex-valued, thus removing the PEC assumption, and a novel analytical expression for the CRLB was derived for
estimation of target parameters when phase is excluded from 1-D range profiles. *° Target parameter estimation error was
initially presented in the cited work as a function of SNR for a single operating bandwidth at X-band; here, we provide
feature estimation error results for multiple bandwidths. Target parameter estimation was also performed via numeric
simulation using MLE and L SE to validate analytical CRLB expressions when phase was included and excluded, respec-
tively.*® The authors of this manuscript later derived a generalized CRLB expression for 2-D magnitude SAR imagery, of
which the CRLB for 1-D radar range profiles was shown to be a special case.“® In addition, the authors offered an analysis
of phase impact on target feature extraction from 1-D and 2-D SAR imagery given a range of realistic OCs, including
various bandwidths, SNRs and aperture extents (for 2-D SAR phase histories). *® CRLB studies investigating the impact of
radar phase on target feature extraction demonstrated improved feature estimation accuracy when phase was retained for
both 1-D radar range profiles* 46 and 2-D SAR imagery.“® The impact of phase on target parameter estimation, however,
was not equal for all target parameters.

4. PHYSICAL SCATTERING MODEL FOR FEATURE ESTIMATION

For target feature extraction, we employ an electromagnetic scattering model developed from the geometrical theory of
diffraction®’ to represent the radar phase history for a high range resol ution, real aperture radar as an aggregate of scattering

Proc. of SPIE Vol. 10201 102010J-4



Table 1: « Valuesfor Canonical Scatterers
| o | Scattering Geometries |
1 | flat plate at broadside; dihedral; trihedral
0.5 | singly curved surface reflection; tophat
0 point; sphere; straight edge specular
-0.5 edge diffraction
-1 corner diffraction

returnsfrom P canonical targets given N frequency samples, f,,|n—1.....n, in Hertz,*8
(3 jAT fo
_ n - n4p
=2 ( f. ) exp( ¢ ) ’ @

where ¢ is the propagation speed in meters/second, and f . isthe center frequency in Hertz. The measured 1-D radar phase
history from a single transmitted pulse given N frequency samples,

U(fn) = S(fn) +n(fn), n=1,..,N, ()

is corrupted by circular white Gaussian noise, n( f,,), with variance o2. Therefore, the real and imaginary parts of the noise
each maintain avariance of o2 /2. In (1), x,, isthe location, relative to scene center, in meters of the p" target’s scattering
center; A, symbolizesthe complex-valued scattering coefficient of the p " target; and «,, describes frequency dependence,
i.e., scattering behavior, of the p*" target. The frequency dependence parameter, o, can take on a finite set of values for

the specific geometries defined in Table 1. The scattering coefficient, A = A,,,e?“¢, can be represented by the magnitude
and phase, A,,, and A, respectively. Previous research*®#* presumed the parameter, A, in (1) was rea-valued; i.e., targets
behaved as perfect electrical conductors. Here, and in related works by authors of this manuscript, *>46 that assumption is
removed.

The 1-D electromagnetic scattering model in ( 1) representsthe RF response of complex targets as a sum of contributions
from canonical scattering components(e.g., dihedrals, flat plates, spheres, etc.), the properties of which are summarized by
parameters, or features, which can be estimated from the measured signals. Estimation of these canonical target parameters
from noisy radar signals represents a step within ATR algorithms in which target features are extracted (or estimated) and
then subsequently used for target discrimination. An increased ability to correctly estimate target features when phase is
retained, rather than discarded, will translate to improved ATR performance.

The 1-D electromagnetic scattering model in (1) was used for the derivation of novel CRLB expressionsfor target pa-
rameter estimation when phaseis discarded.*® A complex-valued 1-D radar range profile, or 1-D radar image, is generated
through application of an inverse discrete Fourier transform (IDFT) to the collected phase history data. 4*°° The resulting
imagery is modeled by a complex-valued Gaussian random variable, where the real and imaginary components of the com-
plex signal are zero mean Gaussian random variables with identical variance. Therefore, the magnitude of the complex
imagery is characterized by an uncorrelated Rician joint probability distribution function (pdf). 552 Both numerical and
“approximate” expressions for the Rician CRLB were derived for target feature estimation error given 1-D radar range
profiles.* The approximate Rician CRLB equations were shown to closely match the numerical solutions for al SNR,
while requiring significantly fewer computations. *

5. FEATURE ESTIMATION RESULTS

Results of feature estimation simulations are presented in Figure 1, shown as target feature estimation error versus phase
history domain SNR given noisy 1-D phase histories (Gaussian distributed) and 1-D radar range profiles (Rician dis-
tributed). CRLB curves report the square root of the CRLB, or the square root of the minimum achievabletarget estimation
error variance. The impact of phase on the ability to correctly estimate target features from noisy signalsis analyzed here
with respect to various bandwidths. CRLB curves with respect to SNR are generated for cases when phase is retained
(solid lines) and when it is discarded (dashed lines). Rician CRLB curvesin these figures represent implementations of the
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“approximate” expressions derived for 1-D magnitude imagery. > For all simulations, a center frequency, f., of 10 GHz is
employed; thus, an X-band radar system is assumed.

It is assumed that all target parameters are unknown prior to estimation, including A 4, which is not shown in Figure 1
since we cannot estimate it when phaseis discarded. In addition, for agiven 1-D phase history, asingle stationary detected
canonical target is assumed. This approach was chosen in order to identify if features of asingle target could be accurately
estimated when phase is discarded, i.e., a simple case in which the interference of multiple target returnsisignored. If
results had shown that phase did not significantly assist in target parameter estimation, further investigation into more
complicated target scene geometries would be futile. However, results do indeed demonstrate that frequency-dependent
scattering characteristics, described by target parameter «, cannot be reliably estimated when phaseis excluded.

Notethat o« maintainsthe set of valuesdefined in Table 1. Possible valuesfor the parameter « aretherefore[—1, —0.5, 0,
0.5, 1]. Thus, the estimation error for this target feature must be less than 0.25 in order to distinguish a particular value of «
from the next closest value of «. Figure 1c, offering CRLB curvesfor estimating «, also contains a solid black horizontal
line designating a constant parameter estimation error of 0.25, acrossall SNR, to demonstrate data collection regionswhich
alow for accurate estimation of «.. Specifically, regions below this constant error line represent conditions under which «
may be estimated from noisy data samples.

Target feature estimation accuracy resultsare shownin Figure 1. Bandwidthsof 500 MHz, 1 GHz, 2 GHz and 6 GHz are
simulated with a constant unambiguous range of 15 meters. The number of frequency samples, N = [51, 101, 201, 601],
changes with respect to bandwidths, BW =[500 MHz, 1 GHz, 2 GHz, 6 GHZ], respectively, in order to maintain a constant
unambiguous range or alowable scene size. For the results presented here, o maintains a value of zero, representative of
the scattering from a spherical target. The scattering coefficient maintains values of 10.6 and 0 for its magnitude (A ,,,) and
phase (A,), respectively. Therefore, for these experiments, the target exhibits PEC behavior. Figure 1 shows Rician and
Gaussian CRLB curves for estimation of target parameters © = [z, Am, a]. CRLB curvesincrease in line thickness as
bandwidth increases.

CRLB curves demonstrate that discarding phase does not significantly impact the ability to correctly estimate target
position, x, or target scattering magnitude, A,,,. Phase influences target parameter estimation accuracy more at low SNRs
than high SNRs for target position and scattering magnitude. It is evident, however, that availability of phase information
isimperative for estimation of the target frequency dependence parameter, .. Although an increase in bandwidth resultsin
an increase in absol ute parameter estimation accuracy, even with large bandwidths, « cannot be reliably estimated if phase
isdiscarded. In other words, while o estimation error undoubtedly decreases as SNR and bandwidth increases, the ratio of
the error when phase is excluded to the error achieved when phase is retained, does not change significantly with respect to
SNR for agiven bandwidth. Thisis seen by the nearly constant separation distance between pairs of Rician CRLB (dashed
lines) and Gaussian CRLB (solid lines) curves for a particular bandwidth value. Note that for a 6 GHz bandwidth, the
Rician CRLB curve crosses the solid black horizontal error line, i.e., the « estimation error is smaller than 0.25, at around
18 dB SNR. This suggests that given a6 GHz bandwidth at X-band, classification techniques employing features for target
discrimination may be able to distinguish between different target types with magnitude data within certain SNR ranges.

6. PHYSICAL SCATTERING MODELSFOR TARGET CLASSIFICATION

For target classification, we use physical scattering models of canonical scattering objects based on the geometrical theory
of diffraction®’ that contain additional degrees of complexity compared to (1), such as the ability to specify the length,
height and radius of the targets. Specifically, we will employ physics-based models for sphere, tophat and plate targets 53>
for multinomial classification studies. While these models can be used to describe bistatic far-field scattering phenomenol-
ogy, we assume the transmitter and receiver are co-located, i.e., a monostatic SAR collection geometry. > The general
model for the received signal is given as®

S(fu) =D PpMrgy)(fu, 6, ¢; 6y) exp(—j2m fuAR(6y)/c) 3)
p

where (6, ¢) denotes the azimuth and elevation angles, respectively. The function M,y characterizes the scattering

response of the p*" target and P, contains polarizationinformation. Thedistance, A R( ép), denotesthe round-trip distance
from the sensor to the p** target, relative to the distance for ascatterer located at the scene center. This distance equivalently
represents the range to the p*" target minus the range due to the target’s curvature. Features describing the p*” target are
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Figure 1: 1-D Target Feature Estimation Error for Various Bandwidths and Constant Unambiguous Range. CRLB for
bandwidths between 500 MHz and 6 GHz, with phase included (solid lines) or discarded (dashed lines), with respect to
SNR, isshown. A 10 GHz center frequency and a 15 meter unambiguousrange is assumed. Number of frequency samples
employed increases with increasing bandwidths. Results are shown for (@) range position, (b) scattering magnitude, and
(c) frequency dependence.
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contained within ©; these parameters include target location, orientation and size. The a parameter does not appear

symbolically within these target scattering model expressions because equations are derived for individual target types and

the corresponding o values are incorporated directly into the scattering equations. Note that in the referenced works, 354 9
denotes the elevation angle and ¢ denotesthe azimuth angle. In this manuscript, we assume the opposite to be true in order

to maintain consistency with the definition of @ as an azimuth angle in another publication. * The M and AR functions
for asphere are given as

Msphere = ﬁr (4)

ARP® = 2y (5

where r is the sphere radius. The Mt and AR functions for atophat are given as®
8r [j2nf |sin(¢), ¢ €[0,7/4]
M, =H|—\/—- 6
e = Hy [ 5 {cos<¢>, 6 € [r/4,7/2) ©

AR — 9 cos() )

wherer and H aretheradius and height of the tophat, respectively. Finally, the M - and A R functionsfor a plate are given
as'53

j2nfLH

e/

Myiae = (2w fLsin6 cos ¢/c)(2n f H sin ¢/ ¢) (8)

ARP#e =0 ©)

where L and H are the length and height of the plate, respectively. An available software package that generates phase
histories of canonical targets given these models was utilized for classification experimentation. 5354

7. LOGISTIC REGRESSION FOR MULTINOMIAL CLASSIFICATION

Logistic regression can be used to achieve multinomial classification through computation of posterior probabilitiesfor C
defined scatterer classes, labeled M ;, given amulti-dimensional feature vector, #. Specifically, an assumption is made that
the log-likelihood ratio for any pair of likelihoods within the scatterer classes can be represented as a linear combination
of the feature val ues,*

p(Z|M;)

— B+ 3TE = —
1D<W>_ﬁw+ﬁix, i=1,...,C—1 (10)

where 3; is a vector of weights associated with scatterer class or model, M;. The posterior probabilities can be thus
described by the following,

/ AT =
p(M;|7) = exp(Bio + 5 7) i=1,..0-1

1+ ch:ll exp(ﬁ;o + B;Tf) , (11)

1
p(Mc|%) = — =
14+ 37 exp(Blo + 6L )

where Bl = Bio + In(p(M;)/p(Mc)).

A defined procedure for assigning a class label to an observed feature vector is called a decision rule, and for logistic
discrimination, the decision rule relies solely on the previously defined linear functions of ( 11). The decision rule for this
classifier states that we assign the observed feature set, 7, to class M if the following holds, %

max{ﬁ£0+3?f}=ﬁ;0+ng> 0, i=1,...C—1; (12)
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otherwise, we assign the observed feature set, 7, to class M . The weights associated with each scatterer class, f;, must be
determined prior to execution of the decision rule. Note that knowledge of the class priorsis not necessary, asseenin ( 11).
The prior probabilities for the classes are folded into the weight values, specifically 5o, which will be directly estimated
from the test data.

To obtain the maximum likelihood estimates of the 3 weights, we employ the Newton-Raphson method. °” Values for
B are chosen such that the log-likelihood function, £, is maximized. For thislogistic regression classification framework,
the likelihood function of the observed featuresis given as™®

C N;
:HH plxir| M;) (13)

where Z;,.(: = 1,2,3;r = 1,..., N;) represent the observations within class M for a three-class problem, such as the
one we address in this manuscript. Since the features are assumed to be independent, and priors are included within the
model weights, maximizing the likelihood functionsis equivalent to maximizing the posterior probabilities. Therefore, the
logarithm of an aternative likelihood function, £, is described by>®

C N;
=3 In(p(M;]&;,)) (14)

=1 r=1

and maximizing this function is equivalent to maximizing the likelihood function of (13). Finally, the derivatives of the
log-likelihood function are computed for use by the Newton-Raphson method in generating maximum likelihood estimates
of the model weights or parameters, 3,

oln(L) _ 17

g~ N~ L
dm(L) _ - @
8(ﬁj)l (xJT L Zp M |.’E)

1 al x

i
Il

An available software package that performs logistic regression classification was utilized for experiments performed
here.®

8. TARGET FEATURE GENERATION FOR CLASSIFICATION STUDIES

Parametric scattering models of a sphere, tophat and plate that enable designation of the geometrical size attributes (height,

length, radius, etc.) are employed for classification experiments.®3%* These models were given in Section 6. Table 2
displays the specific parameters of the sphere, tophat and plate models used for the classification studiesin this manuscript.

A 10 GHz center frequency, f., and horizontal polarization (HH) is assumed for all classification experiments. In order to

ensurethethree scatterers are comparablefrom asignal power perspective, their sizes were chosen such that the magnitudes
of the three scattering responses are identical at f.. The magnitude at f. was chosen to be 10.6 for all three target models.
An azimuth angle of 0 degrees and an elevation angle of 5 degreesis assumed throughout. Note that the plate was rotated

by 90 degreesin roll, and —5 degreesin pitch, to ensure its magnitude return a f . matched that of the sphere and tophat
given the target model and sensing geometry definitions. °>* Figures 2 and 4 provide 1-D phase history domain magnitude
and phase profiles for the three models given bandwidths of 500 MHz and 6 GHz, respectively. These profiles provide
some insight regarding the classification results described later throughout the text. Figures 3 and 5 provide 1-D image
domain magnitude and phase profiles, formed via an inverse discrete Fourier transform, 4% for the three models given
bandwidths of 500 MHz and 6 GHz, respectively. While features employed for classification studies in this manuscript

are extracted directly from phase history domain data, Figures 3 and 5 indicate that phase information remains a source of
target discrimination within the image domain. Note that the magnitude profiles in the image domain are nearly identical.

The magnitude profilesin the phase history domain, as seen in Figures 2 and 4, are uniquefor each of the scattering models
employed here, thus motivating the use of phase history domain feature sets.
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Table 2: Canonical Model Parameters for Classification Studies
sphere | tophat | plate

radius | 6.0m | 0.3m -
height - 65m | 0.3m
length - - 0.3m
11 T T r - 1
—sphere HHHHHHHHHHHHAHAHAHA A
—+-tophat
10.91 |-e-plate -4 051 ]
g o /
o 2 L ]
S 1081 .E 0
E E —sphere
© 10.7 2 -05 —t+tophat |
g (0] -e-plate
= [%2]
= 2
210.6 S -1
£
105 1.54
10.4 . . . . 2 . . . . .
9.8 9.9 10 10.1 10.2 9.8 9.9 10 10.1 10.2
frequency (GHz) frequency (GHz)
(a) Magnitude Profiles (b) Phase Profiles

Figure 2: Given three test targets (sphere, tophat and plate), the (a) magnitude and (b) phase profiles of the 1-D complex
phase history are shown for a 500 MHz bandwidth and a 15 meter unambiguous range at X-band. Phase profiles represent
unwrapped angular valuesin radians.

12

——sphere
4 —+—tophat
10+ —e—plate

magnitude functions
(2]
phase functions

-6 -4 ) 0 2 4 6 ’ -6 -4 2 0 2 4 6
range (meters) range (meters)
(8) Magnitude Profiles (b) Phase Profiles
Figure 3: Given three test targets (sphere, tophat and plate), the (a) magnitude and (b) phase profiles of the 1-D complex
imagery (formed viainverse discrete Fourier transform) are shown for a500 MHz bandwidth and a 15 meter unambiguous
range at X-band. Phase profiles represent unwrapped angular valuesin radians.
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(a) Magnitude Profiles (b) Phase Profiles

Figure 4: Given three test targets (sphere, tophat and plate), the (a) magnitude and (b) phase profiles of the 1-D complex
phase history are shown for a 6 GHz bandwidth and a 15 meter unambiguous range at X-band. Phase profiles represent
unwrapped angular valuesin radians.

12 ‘ : ; ‘ ‘ : : 1r
——sphere — sphere
2 —+—tophat
10 —e—plate

magnitude functions
[}
phase functions

-6 -4 -2 0 2 4 6 ’ -6 -4 2 0 2 4 6
range (meters) range (meters)
(a) Magnitude Profiles (b) Phase Profiles
Figure 5: Given three test targets (sphere, tophat and plate), the (a) magnitude and (b) phase profiles of the 1-D complex
imagery (formed via inverse discrete Fourier transform) are shown for a 6 GHz bandwidth and a 15 meter unambiguous
range at X-band. Phase profiles represent unwrapped angular valuesin radians.
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We seek to quantify theimpact of phaseinformation with respect to radar scatterer classification for 1-D phase histories.
Thus, we consider two different feature sets. The first is derived from complex radar responses and the second is derived
from magnitude responses. In order to generate features from a set of noisy realizations, we first define complex templates
and magnitude templates in the phase history domain. We choose to define these templates, and subsequently compute
scatterer features, within the phase history domain since scattering characteristics are innately captured within this domain,
rather than in the image domain, by an RF sensor. Note that while formed imagery may be beneficial for detection of a
particular target within ascene, features of the target may be more distinctive within the domain in which they were sensed.
Thetemplates are bandwidth-dependent and vary in terms of the number of frequency samples. For all classification studies
performed in this manuscript, a fixed unambiguous range of 15 metersis assumed; thus, the number of frequency samples,
N, increases with increasing bandwidths. Assume the noiseless 1-D phase histories of the sphere, tophat and plate of
Table 2 are denoted Sghere(f), Stophat(f) and Spae(f). The complex templates, or complex responses, are thus defined
withina3 x 1 vector,

_Ssphere(f )

2?z’:ompk»( = Stophat(f ) . (16)
L Splate(f )

Similarly, the magnitude templates, or magnitude responses, for the three models are defined withina 3 x 1 vector,

[ Sephere(.f)]|
{magnitude: |Stophat(f )| . (17)
| [Spiae(f)]

For a given SNR/bandwidth combination, 1000 Monte Carlo noisy realizations are produced from the original signatures
for each of the three models, fromwhich 1000 feature vectorsare generated for each target class. Complex scatterer features
are computed through calculation of the mean squared error (M SE) between each noisy realization for a given target class
and each of the three complex templates. For example, given a fixed bandwidth and SNR, if the first complex noisy
realization of the sphere model is denoted U*"®, then the first complex feature vector (3 x 1) of this classis computed as
follows,

_ o
| Teomplex(1) — TP
)\spher
1

2
'sph | hi nd =
Aip ere(complex) _ /\tlop a | % <toomple<(2) _ \I,iphere> (18)
/\;ilate

2
¥ <Foomp|a<3> - fv?’““)
and similarly, the first magnitude feature vector (3 x 1) is computed as follows,
-
% (Fmagnitude(l) - |\Ijiphere|>
spher
71

2
msphere (magnitude) tophat | __ I =
1—‘1 ™ - A/lop - % (tmagnitude(Q) - |\Iliphere|> . (19)

plate
7

2
% (Fmagnitude(?)) - |\Ijiphere|>

Thus, for asingle classification experiment when phaseisincluded, 1000 feature vectors are employed for each of the three
target classes, given a particular bandwidth and SNR, as shown bel ow.

sphere sphere sphere sphere:
A A e MRS AT
sphere (complex) __ tophat tophat tophat tophat
A = [\l Ay D Vvl brivhs (20)
plate plate plate plate
AP DY e VD L i
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/\iphere )\;phere )\Z%I;ere )\?B%eg

Atophat (complex) _ /\tlophat )\t20phat )\goggat /\tlo(g)ggt (21)
e e v
)\iphere )\;phere )\Z%I;ere )\i%lge(r)e

Aplate(oomple() — )\tlophat )\tgophat )\goggat )\tlogggt (22)
e e Vi

Likewise, for a single classification experiment in which phase is removed, the following three sets of scatterer features
will be employed given a particular bandwidth and SNR.

- _ sphere sphere sphere sphere—
71 2 Y999 Y1000
sphere (magnitude) __ tophat tophat tophat tophat
r =N Y2 Y999 Y1000 (23)
plate plate plate plate
L1 V2 Y9099 Y1000
r . sphere sphere sphere sphere
T V2 Y999 Y1000
tophat (magnitude) __ tophat tophat tophat tophat
r =M V2 Y999 Y1000 (24)
plate plate plate plate
L 71 V2 Y999 V1000
sphere sphere sphere spher
T Y2 Y999 Y1000
plate (magnitude) __ tophat tophat tophat tophat
r = 1N Y2 Yag9 V1000 (25)
plate plate plate plate
T V2 999 71000

For the classification studies reported on in this manuscript, bandwidths between 500 MHz and 6 GHz are considered,
in 500 MHz increments. SNRs between 0 and 30 dB aretested in 1 dB increments. Note that each of the three scatterersis
represented by a data set which contains 1000 three-dimensional feature vectors for a particular SNR/bandwidth pair.

9. TARGET CLASSIFICATION RESULTS

We conduct aninitial series of experimentswhere the target scattering coefficients are assumed to be real-valued. Figures 6
through 10 show the probability of correct classification as afunction of phase history domain SNR for various bandwidths
given thethree scatterers (sphere, tophat and plate). Tables 3, 4 and 5 contain the probabilities of correct classification given
the results reported in Figures 8, 9 and 10, respectively. An available software package that performs logistic regression
classification was utilized for experiments performed here. >

Results of the simulations presented here validate the utility of phase information with respect to radar scatterer classi-
fication. Figures 6 and 7 provide curves of correct classification probability with and without phase for the three scatterers
given a 500 MHz and 6 GHz bandwidth, respectively. Note that at a moderate bandwidth of 500 MHz, reliable discrim-
ination between the scatterers is not possible for most SNRs considered when phase is discarded, as seen in Figure 6. In
fact, the probability of correct classification is roughly 30% when phase is discarded for all three scatterers, at SNRs less
than 15 dB, likening these classification decisions to a coin toss. Figure 7 demonstrates that as bandwidth increases, the
classification rate when phase is discarded convergesto the rate seen when phaseis included.

Figures 8, 9 and 10 provide curves of correct classification rates with respect to phase history domain SNR when phase
is either included or discarded for various bandwidths given the three targets. Bandwidths considered range from 500
MHz to 6 GHz with an incremental bandwidth value of 500 MHz. Line thickness increases with increasing bandwidth
value; i.e., the thinnest line corresponds to a 500 MHz bandwidth while the thickest line corresponds to a bandwidth of
6 GHz. We observe that when phase is included, the probability of correct classification is nearly one for all SNRs and
all bandwidths except the narrowest bandwidth under consideration, namely 500 MHz. Evenin this case, the probability
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Figure 6: Probability of Correct Classification via Logistic Regression for a 500 MHz Bandwidth. Results with simulated
data are shown with respect to SNR when phase is either included or discarded for the (a) sphere, (b) tophat and (c) plate.

of correct classification at the lowest SNR is 0.99 or a 99% classification rate. When phase is excluded, the probability
of correct classification will eventually convergeto one at large SNR values. The rate of convergence of the probability
of correct classification increases with increasing bandwidth values. The probabilities of correct classification for the
three scatterers given real-valued scattering coefficients are summarized in Tables 3, 4 and 5. Therratio of the probability of
correct classification when phaseisincluded to that when phaseis excluded is computed for each SNR/bandwidth pair. The
average of these ratios across all SNRs for a given bandwidth is then reported in each of the tables as the rightmost column.
Results suggest that phase information can improve scatterer classification by about a factor of 2.44 at low bandwidths.
Theimpact of phaseisless significant at higher bandwidths, with ratios of 1.03 — 1.21 at a6 GHz bandwidth for the three
scatterers. Note that for a6 GHz bandwidth, the probability of correct classification convergesto one around 10 dB when
phaseis excluded, as demonstrated in Tables 3, 4 and 5.

10. CONCLUSIONS

This work first examined the impact of phase on the estimation of scatterer features within 1-D radar range profiles.
A novel expression for the CRLB was employed for parameter estimates from magnitude imagery. Parameter estimation
performancewas considered for 1-D phase historieswith respect to SNR and radar operating bandwidth. Phaseinformation
was shown to improve estimation accuracy of scatterer features described by electromagnetic scattering models. The
most significant impact of discarding phase information was demonstrated in the decreased ability to accurately estimate
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Figure 7: Probability of Correct Classification via Logistic Regression for a 6 GHz Bandwidth. Results with simulated
data are shown with respect to SNR when phaseis either included or discarded for the (&) sphere, (b) tophat and (c) plate.
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Figure 8: Probability of Correct Classification via Logistic Regression for a Sphere Given Various Bandwidths. Line
thickness increases with increasing bandwidths from 500 MHz to 6 GHz at 500 MHz increments. Results with simulated
data are shown with respect to SNR when phase is either (a) included or (b) discarded.
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Figure 9: Probability of Correct Classification via Logistic Regression for a Tophat Given Various Bandwidths. Line
thickness increases with increasing bandwidths from 500 MHz to 6 GHz at 500 MHz increments. Results with simulated
data are shown with respect to SNR when phase is either (a) included or (b) discarded.
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Figure 10: Probability of Correct Classification via Logistic Regression for a Plate Given Various Bandwidths. Line
thickness increases with increasing bandwidths from 500 MHz to 6 GHz at 500 MHz increments. Results with simulated
data are shown with respect to SNR when phase is either (a) included or (b) discarded.

Table 3: Probability of Correct Classification via Logistic Regression for a Sphere Given Various Bandwidths and Signal-
to-Noise Ratios when Phase is Either Included (gray cells) or Discarded (white cells).

0dB 5dB 10dB 15dB 20dB 25dB 30dB
no no no no no no no Ave
phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | Ratio
500 MHz | 0.999 | 0.335 | 1.000 | 0.339 | 1.000 | 0.350 | 1.000 | 0.390 | 1.000 | 0.473 | 1.000 | 0.644 | 1.000 | 0.833 | 2.318
1GHz | 1.000 | 0.348 | 1.000 | 0.374 | 1.000 | 0.432 | 1.000 | 0.601 | 1.000 | 0.794 | 1.000 | 0.953 | 1.000 | 0.999 | 1.835
1.5GHz | 1.000 [ 0.371 | 1.000 | 0.462 | 1.000 | 0.602 | 1.000 | 0.782 | 1.000 | 0.952 | 1.000 | 0.999 | 1.000 | 1.000 | 1.550
2GHz | 1.000 | 0.407 | 1.000 | 0.558 | 1.000 | 0.742 | 1.000 | 0.922 | 1.000 | 0.996 | 1.000 | 1.000 | 1.000 | 1.000 | 1.384
2.5GHz | 1.000 | 0.465 | 1.000 | 0.651 | 1.000 | 0.847 | 1.000 | 0.979 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.270
3GHz | 1.000 | 0.510 | 1.000 | 0.742 | 1.000 | 0.920 | 1.000 | 0.998 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.200
35GHz | 1.000 | 0.582 | 1.000 | 0.810 | 1.000 | 0.981 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.139
4GHz | 1.000 | 0.645 | 1.000 | 0.883 | 1.000 | 0.989 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.099
45GHz | 1.000 | 0.706 | 1.000 | 0.927 | 1.000 | 0.999 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.071
5GHz | 1.000 [ 0.769 | 1.000 | 0.961 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.049
5.5GHz | 1.000 | 0.821 | 1.000 | 0.987 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.033
6GHz | 1.000 | 0.849 | 1.000 | 0.995 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.026
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Table 4: Probability of Correct Classification via Logistic Regression for a Tophat Given Various Bandwidths and Signal-

to-Noise Ratios when Phase is Either Included (gray cells) or Discarded (white cells).
0dB 5dB 10dB 15dB 20dB 25dB 30dB
no no no no no no no | Ave
phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | Ratio
500 MHz [ 0.999 | 0.334 | 1.000 | 0.334 | 1.000 | 0.334 | 1.000 | 0.335 | 1.000 | 0.347 | 1.000 | 0.422 | 1.000 | 0.659 | 2.441
1GHz | 1.000 | 0.334 | 1.000 | 0.335 | 1.000 | 0.340 | 1.000 | 0.388 | 1.000 | 0.595 | 1.000 | 0.897 | 1.000 | 0.997 | 2.016
1.5GHz | 1.000 | 0.335 | 1.000 | 0.344 | 1.000 | 0.394 | 1.000 | 0.584 | 1.000 | 0.903 | 1.000 | 0.999 | 1.000 | 1.000 | 1.875
2GHz | 1.000 | 0.339 | 1.000 | 0.375 | 1.000 | 0.524 | 1.000 | 0.850 | 1.000 | 0.992 | 1.000 | 1.000 | 1.000 | 1.000 | 1.770
25GHz | 1.000 | 0.347 | 1.000 | 0.429 | 1.000 | 0.707 | 1.000 | 0.964 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.656
3GHz | 1.000 [ 0.356 | 1.000 | 0.510 | 1.000 | 0.849 | 1.000 | 0.994 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.563
3.5GHz | 1.000 | 0.382 | 1.000 | 0.630 | 1.000 | 0.953 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.465
4GHz | 1.000 | 0.424 | 1.000 | 0.765 | 1.000 | 0.982 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.384
45GHz | 1.000 | 0.467 | 1.000 | 0.852 | 1.000 | 0.996 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.332
5GHz | 1.000 | 0.557 | 1.000 | 0.918 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.269
55GHz | 1.000 | 0.622 | 1.000 | 0.966 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.235
6GHz | 1.000 | 0.698 | 1.000 | 0.988 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.206

Table 5: Probability of Correct Classification via L ogistic Regression for a Plate Given Various Bandwidths and Signal-to-

Noise Ratios when Phaseis Either Included (gray cells) or Discarded (white cells).
0dB 5dB 10dB 15dB 20dB 25dB 30dB
no no no no no no no Ave
phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | phase | Ratio
500 MHz | 1.000 | 0.336 | 1.000 | 0.338 | 1.000 | 0.352 | 1.000 | 0.386 | 1.000 | 0.473 | 1.000 | 0.635 | 1.000 | 0.821 | 2.325
1GHz | 1.000 | 0.346 | 1.000 | 0.369 | 1.000 | 0.439 | 1.000 | 0.597 | 1.000 | 0.786 | 1.000 | 0.944 | 1.000 | 0.998 | 1.842
1.5GHz | 1.000 | 0.361 | 1.000 | 0.445 | 1.000 | 0.591 | 1.000 | 0.789 | 1.000 | 0.950 | 1.000 | 1.000 | 1.000 | 1.000 | 1.575
2GHz |[1.000 | 0.412 | 1.000 | 0.567 | 1.000 | 0.747 | 1.000 | 0.928 | 1.000 | 0.996 | 1.000 | 1.000 | 1.000 | 1.000 | 1.373
25GHz | 1.000 | 0.449 | 1.000 | 0.660 | 1.000 | 0.857 | 1.000 | 0.985 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.275
3GHz | 1.000 | 0.513 | 1.000 | 0.729 | 1.000 | 0.929 | 1.000 | 0.996 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.200
3.5GHz | 1.000 | 0.569 | 1.000 | 0.809 | 1.000 | 0.971 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.146
4GHz | 1.000 | 0.649 | 1.000 | 0.881 | 1.000 | 0.993 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.098
45GHz | 1.000 | 0.685 | 1.000 | 0.924 | 1.000 | 0.997 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.078
5GHz | 1.000 | 0.762 | 1.000 | 0.957 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.051
5.5GHz | 1.000 | 0.791 | 1.000 | 0.979 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.041
6GHz | 1.000 | 0.846 | 1.000 | 0.994 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 1.027

frequency-dependent scatterer curvature characteristics, i.e., the o parameter. Although an increase in bandwidth results
in an increase in parameter estimation accuracy, even with large bandwidths, o cannot be reliably estimated if phase is
discarded from 1-D radar range profiles.

In addition, we studied the impact of phase with respect to scatterer classification for simple canonical targets given
features drawn from 1-D complex data and 1-D magnitude data. We chose fundamental scattering geometries in order
to isolate the impact of phase information and to establish a theoretical foundation for future investigations into the use
of radar phase in classification of more complex targets such as civilian vehicles. A logistic regression classifier was
implemented to evaluate phase information in a principled manner. This classifier made no assumptions on the underlying
distribution of the data, although the features were considered independent. Inclusion of radar phase resulted in improved
performance in classification rates. Correct classification rates were roughly 1.03 — 2.44 times better when phase was
retained rather than discarded, with larger improvement gains seen at low bandwidths and low SNRs. Phase was shown to
enabl e discrimination between targets that have similar magnitude profilesin the image domain when correct classification
of the targets was not possible with magnitude data.

11. FUTURE WORK

A suggested approach to determining the usefulness of phase in radar ATR applications is to incrementally increase the
complexity of the problem so as to isolate the significance of each contributing factor. A natural extension of the work
presented here would be the consideration of nearby stationary canonical scatterersin a scene. Specifically, a meaningful
research avenue is the investigation of the impact of phase on scatterer feature extraction and/or classification when the
returns from neighboring scatterers interfere with the observed response of the scatterer of interest. Additional research
involves examining information in phase given more complex stationary targets, e.g., civilian vehicles, as it relates to the
ability to performreliabletarget recognition. Such an extension of the work presented here would exploit the characteristics
of high frequency radar scattering, described by the geometrical theory of diffraction, which allows the return of acomplex
target to be represented as a sum of the returns of individual canonical scattering elements. Finally, an additional research
area of interest involves examining the impact of phase when classifying moving targets. |f the additional degree of
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complexity of movement is introduced, it is suggested that the analysis begins with simple canonical scatterers that are
moving and progresses to more sophisticated moving targetsin amanner similar to that described here for stationary target
analysis. In summary, preserving and processing all measured information may not be practical in all situations. The
sheer volume of collected data may be a limiting factor for some applications, such as persistent surveillance. However, a
thorough understanding of the cost of areduction in datawith respect to radar target classification isimperative and serves
as amotivation for the work presented within this manuscript.
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