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ABSTRACT

DESIGN OF
AN ELECTROMAGNETIC CLASSIFIER FOR SPHERICAL TARGETS

AYAR, Mehmet
M.S., Department of Electrical and Electronics Engineering
Supervisor :Prof. Dr. Gonil TURHAN SAYAN

APRIL 2005, 92 pages

This thesis applies an electromagnetic feature extraction technique to
design electromagnetic target classifiers for conductors, dielectrics and
dielectric coated conductors using their natural resonance related late-time
scattered responses. Classifier databases contain scattered data at only a
few aspects for each candidate target. The targets are dielectric spheres of
varying sizes and refractive indices, perfectly conducting spheres varying
sizes and dielectric coated conducting spheres of varying refractive indices
and thickness in coating. The applied classifier design technique is suitable
for real-time target classification because of the computational efficiency of
feature extraction and decision making approaches. The Wigner-Ville
Distribution (WD) is employed in this study in addition to the Principal
Components Analysis (PCA) technique to extract target features mainly
from late-time target responses. WD is applied to the back-scattered

responses at different aspects. To decrease aspect dependency, feature



vectors are extracted from selected late-time portions of the WD outputs
that include natural resonance related information. Principal components
analysis is also used to fuse the feature vectors and/or late-time target
responses extracted from reference aspects of a given target into a single
characteristic feature vector for each target to further reduce aspect

dependency.

Keywords: Electromagnetic target classification, time-frequency analysis,
Wigner-Ville distribution, principal component analysis, feature

extraction.
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KURESEL HEDEFLER iGiN ELEKTROMANYETIK SINIFLANDIRICI
TASARIMI

AYAR, Mehmet
Y. Lisans, Elektrik ve Elektronik Muhendisligi Bolimu
Tez Yoneticisi : Prof. Dr. Gonul TURHAN SAYAN

APRIL 2005, 92 sayfa

Bu tez iletkenler, dielektrikler ve dielektrik kapli iletkenler igin bir hedeflerin
sacgllan sinyallerinin ge¢ zamanlarindaki dogal salinimlarini kullanan
elektromanyetik hedef siniflandiricilar tasarlamak icin bir elektromanyetik
hedef 6zcikarim teknigi kullanir. Siniflandirici veri bankalari her muhtemel
hedefin sadece bir kag agidaki sacgilim verilerini igerir. Hedefler buyuklUkleri
ve kirinim indeksleri farkli kireler, bayukltkleri farkh iletken kareler, kirinim
indeksleri ve kaplama kalinligi farkli dielektrik madde kapli iletken kirelerdir.
Uygulanan siniflandirici tasarim teknigi nitelik 6zgcikarim ve karar verme
yaklaismlari verimliligi sebebiyle gergcek zamanh siniflandirma igin
uygundur. Bu ¢alismada, hedeflerin ge¢ zaman tepkilerinden dézniteliklerini
cikarmak amaciyla Wigner-Ville Dagilimi (WD) hedeflerin ge¢ zaman Esas
Bilesenler Analizi (PCA) teknigine ilave olarak kullaniimistir. WD degisik
acilardan gelen geri sacilan tepkilere uygulanmigtir. Acisal bagimlihgi

azaltmak maksadiyla, 06z nitelik vektorleri WD ciktilarinin  dogal

Vi



rezonanslarla ilgili bilgileri iceren secgilmis ge¢ zaman bdlimlerinden
cikartilmistir. Esas Bilesenler Analizi teknidi, agisal bagimlihgr daha da
disirmek amaciyla, herbir hedef icin referans agilarinda dretilmis 6z nitelik
vektorlerinin ve/veya ge¢ zaman hedef tepkilerinin, hedefi tanimlayan tek bir

0z nitelik vektérinde toplanmasinda kullaniimistir.

Anahtar soézclkler: Elektromanyetik hedef siniflandirma, zaman-frekans
analizi, Wigner-Ville dagilimi, esas bilesenler analizi,

Oznitelik ¢ikarimi.
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CHAPTER |

INTRODUCTION

Design of an electromagnetic target classifier using the scattered
electromagnetic fields for target characterization is a difficult task. Since the
related scattering mechanisms are very complicated with signals being
strongly dependent on frequency, polarization and aspect angle of the
transmittance and reception, classification of targets is almost impossible
without using feature extraction. In particular, the aspect dependency makes
the recognition problem quite complex. Therefore, intelligent feature
extraction techniques should be used to characterize targets with minimized

sensitivity to aspect variations.

Two important problems exist in target classification. One is the feature
extraction problem from the input signals, and the other is the decision
problem based on the extracted features. The feature extraction can also be
called as the target characterization; its purpose is to extract some
distinctive features of a given target from its unprocessed scattered data.

Collecting of such features lead to construction of a feature vector.

The simplest feature vector associated with a scattered signal consists of its
linear expansion coefficients with respect to a basis, and the most common
expansion of this sort is the Fourier transform. However, the Fourier
transform does not provide localization both in time and frequency.
Recently, there has been an increasing interest in joint time-frequency
analysis (e.g., short-time Fourier transform, Wigner- Ville distribution, Gabor
expansion, wavelet transform, etc.) as feature extractors to fill this gap in

signal analysis [1]-[15].



The time-frequency techniques, which can be used for feature extraction,
can be classified into two main categories: linear transforms (e.g., Short-
Time Fourier Transform, Gabor expansion, Wavelet Transform) and
quadratic transforms (e.g., Wigner-Ville Distribution, Page Distribution, Choi-

Williams Distribution, etc.).

In the area of electromagnetic target recognition, various target
classification techniques have been proposed in literature. A considerable
amount of techniques make use of natural scattered response of a target
[2], [3], [16], [17], [18], [19]. Neural Network (NN) analysis based techniques
[1], [4], [12], [20], [21], [22], [23] are also very common. However, NN based
feature extraction techniques have two main disadvantages; first of all NN
needs a large set of scattering data at many different aspects for each
target in the database. A large database for each target is not desirable,
because generally it is neither feasible nor practical as in real world
applications obtaining data for practical targets may be very difficult.
Secondly, improving the database or adding a new target or a new
reference data in the case of a NN type classifier requires training the
whole network possibly with a new structure according to this new reference
database [2], [3]. Because of the disadvantages just mentioned, NN type

feature extraction techniques are not preferred in this thesis.

The main objective of the overall signal processing scheme used in this
work is to design a classifier which identifies spherical targets that has
different physical (material composition) properties or geometrical
parameters. To fulfill this objective, each target of concern will be
represented by a single characteristic feature vector in an almost aspect

independent manner [2], [3].



For this purpose first, moderately aspect dependent late-time energy feature
vectors are extracted from the extremely aspect-variant time-domain
scattered signals of a given target class at several designated reference
aspects. The Wigner-Ville Distribution (WD) is used as the main signal
processing tool for feature extraction as discussed in [2], [3] as distribution
of the target's natural-resonance related scattered energy over a selected
late time segment of the joint time frequency plane can be characterized in
this way. Feature extraction scheme employed in this procedure is inspired
by the Singularity Expansion Method (SEM) [24] which describes the
resonant behavior of scattered electromagnetic field when the target is
represented by a linear, time-invariant system model [25]. The WD-based
feature extraction technique is based on the resonance features of target
signatures when it makes use of sufficiently late-time scattered response
data. In this way, utilization of the highly dominant natural resonance
mechanisms of the targets become possible and leads to significantly
increased correct classification rates as demonstrated by Turhan-Sayan in
[2], [3]. Additional to the use of WD, Principal Component Analysis (PCA) is
also applied in the feature extraction procedure as the second step. Late-
time feature vectors (LTFV) obtained for a given target at different design
aspects are fused by using the PCA technique to obtain a single
characteristic late-time feature vector called the fused feature vector (FFV)
to represent this target. The resulting WD/PCA based feature
extraction/target recognition technique [3] offers a simple, easily repeatable
and a computationally efficient classifier design approach as compared to
the alternative electromagnetic target recognition techniques, including
techniques such as the E-pulse and K-pulse techniques which are also

based on natural resonance concept [17,19,26,27].

In this thesis, we will focus on designing an electromagnetic target classifier
to identify perfectly conducting spheres, perfect dielectric, and dielectric

coated conducting spheres using the WD/PCA based natural resonance



based feature extraction technique shortly explained using scattered data at
only a few reference aspects. This approach will provide high correct
classification rates, low memory consumption, and high detection speed as
well as high correct classification rates and robustness even under

excessive noise.

The organization of the thesis is as follows:

Chapter 2 describes the details of the WD/PCA and natural resonance

based feature extraction technique used in this thesis.

In Chapter 3, the process of the generation of back-scattering
electromagnetic signals in frequency domain will be discussed. The design
of classifiers for different target sets of perfectly conducting spheres, perfect
dielectric spheres, and dielectric coated conducting spheres will be
demonstrated. The noise performance of the classification technique will

also be investigated.

Finally, in Chapter 4, the concluding remarks will be presented.



CHAPTERII

BASIC THEORY AND A NATURAL-RESONANCE BASED FEATURE
EXTRACTION TECHNIQUE

2.1. Basics

The natural-resonance based feature extraction technique that is used in
this thesis for target recognition will be explained in this chapter with its
theoretical foundation. We will call this specific technique as the “core
technique” throughout this thesis. Following the preliminary research
reported in [2], the core technique has been introduced for the first time by
Turhan-Sayan [3] and applied for dielectric targets. Recently, its application
is extended to targets modeled by perfectly conducting wire structures by
Ersoy and Turhan-Sayan in [13]. In the present study, our main goal is to
investigate the applicability of this technique to large number of targets,
which differ from each other by their material composition, such as perfectly

conducting, dielectric and dielectric coated conducting spheres.

Shape, size and material properties of a target determine the values of
complex natural resonance (CNR) frequencies (or system poles as also
called) of a target. Target poles are known to be independent of aspect and
polarization conditions [24]. In the core technique utilized in this work, CNR
frequencies are not used directly, but their effects will be used indirectly

over the late-time region of time-domain scattered signals.

The well-known singularity expansion (SEM) method formulates the

complex natural resonance mechanism in linear system models of targets



[24, 35, 36]. In this context, in the complex frequency domain, the aspect-
dependent system function of the target which is modeled as a distributed

linear, time-invariant system, can be given as

- R,(s,Q)

H(s,Q)= A(s,Q)+ ; (2.1)
;1 (s —s,)(s—5,)

where

s =0+ jw (2.2)

is the complex frequency variable

with  w = 2zf (2.3)

being the angular frequency. 4 (s,Q ) is the an entire function having no
singularities in the complex frequency plane. The s,’s are complex-valued
system poles occurring in complex conjugate pairs. R, (s,Q ) ’s are the

residue system poles.

The Inverse Laplace transform of this expression can be expressed in the

general form,

h(t, Q)= a(t,Q)+ Zw“ b (Q)e "cos( w,t+60, ) (24)

n=1

where h(t,Q) is the aspect dependent impulse response of the target. The

symbol Q represents the aspect dependency in Equations (2.1) and (2.4).

The function a(z,Q) is needed to represent the forced response stemming

from the direct interaction of the excitation (the impulse function) with the
target. When the target is of finite size, the function a(z,Q2) is strictly an
early-time contribution lasting as long as the transition time of the excitation

over the target.



The summation in Equation (2.4), which is composed of damped sinusoidal
signals, is the natural impulse response of the target. The contribution of

each target pole pair (s, and s, *) to the target response depends on the
value of the associated residues, R ’s in Equation (2.1). As the aspect of

scattered signal changes, the residues of the target poles change
accordingly. Therefore, a pole pair which is very dominant at one aspect
may be weakly excited at another aspect contributing to the overall
response at a negligible level. On the other hand, a target pole pair leads to

a long lasting oscillation in time, if o, (the negative real parts of s, and s, *)

which is called the attenuation constant (or damping coefficient), is small in
magnitude. For these reasons, the scattering data of a target must be used
at a sufficiently large set of different aspects to capture information about
most of the dominant CNR frequencies available in late-time responses at
various aspect angles. This procedure helps reducing the aspect
dependency of the scattered data that complicates the problem of target
classification. To extract target specific information from the target response
in the late time region, we can use a joint time-frequency representation.
Theoretically, localization of the natural response over the joint time-
frequency domain is closely related to the real and imaginary parts of target
poles [2]. To avoid the effects of the highly aspect dependent nature of
early-time (forced) part of the target’s scattered response, the relatively late-
time portions of the time-frequency distribution matrices will be used in the

feature extraction process.

2.2. The Usage of WD in Feature Extraction Process

The auto Wigner-Ville Distribution (WD) is used to get useful energy related
information from the selected late-time portion of the target response signal
at every predefined aspect angle. The WD is considered to be more useful

than the other time-frequency distributions as it satisfies a large set of



desired properties including the important marginal properties. It is important
to note that the late-time feature vectors obtained by using this WD based
feature extraction technique, was found considerably less sensitive to
aspect variations as compared to the corresponding time-domain scattered

signals for spherical dielectric structures by Turhan-Sayan in [2].

For a classification problem, extracting feature vectors using a common time
interval and a common frequency-band for all candidate targets and for all
aspects is very important. For gain invariant classification, the total energy
of all the signals, used in classification database, are normalized to unity at
the beginning of the feature extraction process. The time-frequency analysis
of these normalized signals will be carried on by evaluating the auto WD of

each signal. The auto WD of a time signal x(¢) is defined as,

W (t, f) = jx(t+%)x*(t—§)e-ﬂ’ff’dr (2.5)

T

where the superscript (*) shows complex conjugation. WD satisfies marginal

properties

[w..df = p. o) =[x (2.6)
)

[w.t.pyde=P.f)=|x(H| (2.7)

where X(f) is the Fourier transform of the signal x(t), p . (rf)and P (f)

denotes the instantaneous power and the spectral energy density of the
signal, respectively. Satisfaction of marginal properties do not mean that the
WD output gives an exact time-frequency energy density defined at every
point in the time-frequency plane as explained by uncertainty principle which
does not allow infinite resolution in both time and frequency simultaneously

[37]. Since WD outputs have very strong and highly oscillatory interference



terms that may seriously deteriorate the identification capability of the
classifier [3]. Although no negative energy exists in real world, the WD
outputs may have negative values due to interference terms in joint time-
frequency plane. Getting rid of such unwanted negative entries by replacing
the negative entries by zeros in the WD output matrix is an empirical
remedy used to improve the classification performance remarkably as

discussed in [2].

The modified auto WD of a signal is constructed by taking only its non-

negative entries by using the formula in Equation (2.8).

W.(t, f)+abs(W.(t, f)) (2.8)
. .

.Gt /) =
Even after getting rid of such negative WD values, the discrete WD output
utilized in the matrix form is not found to be useful enough for target

classification.

2.3. Construction of Late-Time Feature Vectors

WD values needs to be further processed to obtain a partitioned energy

density vector for better characterization of the target.

Because, for all real-valued signals, the WD output matrix has even
symmetry with respect to frequency, it is enough to process on the non-
negative frequency portion of WD matrix which has a size of (N/2 x N).
Before WD calculations, the time-domain signal x(t) is normalized such that
its total energy is equal to unity. Then, the total time span Ty, is divided into

Q time bands which have equal length of To/Q seconds. The amount of



energy contributed to each time bands q by a spectral component f is

given by [2] as

E,(f,)= j(qqfl)AWx(t,fm )dt  for g=1,2,3,.....Q (2.9)

where A=T7,/Q, m=1,2,....,.N/2 and f, =(m-1)/(2T,).

Energies provided by each spectral component f into qth subinterval, can

m

be put into a vector form,

qu[Eq(fl) Eq(fz) ------- Eq(fN/Z)] (2.10)

Because there are Q bands at all, the partitioned energy density vector E is
given as a combined form of Equation (2.10) for each subinterval q;

E =[E, Eyeo F (2.11)

that has the length of N/2 x Q. This process is performed on total time span.
Since, we need to get natural resonance components that appear in late-
time region of data, taking two successive time bands (g*and g*+1) in
feature vector construction is useful to seize some discerning information
about the real parts of the natural resonance frequencies. By this way,
target characterization capability of the classifier can be enhanced

significantly as discussed in [3].

Selecting Q value which is the number of time bands that total time span Ty
would be divided into, and selecting discerning bands (q* and g*+1) are two
major milestones for designing a classifier based on technique discussed in
this thesis. Using late-time scattered field information is essential to utilize

feature extraction successfully. Because the feature extraction technique

10



used in this thesis is intended to utilize the target’s natural resonance

mechanisms.

We need to obtain a Late-Time Feature Vectors (LTFV) as to be
demonstrated in next chapter to construct the reference database of the

classifier using the LTFVs reduce aspect dependency of the classifier.

Q and g* are chosen by using scattered data only at the reference aspects.
In this work, five aspects are selected same as in reference [2] and [3]. The

optimum value of Q for a classifier design will be selected as follows:

First of all for a specific target, a set of partitioned energy density vectors is
computed for a given Q value, at all K reference aspects using (2.11). In this
work K is selected as 5 and the reference aspects are 180-5, 180-45,
180-90, 180-135 and 180-179. Secondly, the pair-wise correlation
coefficients between the resulting full-time feature vectors are computed
within this set. By this process, we construct a sequence of correlation
coefficients. Finally, the variance of this sequence is computed. The process
repeated for the same target for each candidate value of Q. We need these
computed variances to be as small as possible to determine the best value
of Q that provides the smallest aspect dependency. The Q value that
corresponds to the smallest varience should be chosen as the optimum Q
value for that target. The same procedure can be repeated for all targets in
the classifier to make sure that the selected Q value is suitable for all

targets.

After selection of the optimum value of Q, the optimum value of g,

determined as follows:

The value of q* is selected using Correct Classification Factor (CCF)

introduced in [2]. CCF can be computed by Equation (2.12) below,

11



1 .
matched mismatched
Z T Z T (2.12)

CCF (g*) = -
(@ M, K* M, -M, K>

tar

where My, is the number of targets and K is the number of reference
aspects, rij’;.”"’he" is the correlation coefficient between any two LTFVs which

mismatched

belong to the same target at different aspects (matched case), " is
the correlation coefficient between any two LTFVs which belong to different

targets (mismatched case).

Since high correlation coefficients between the matched feature vectors and
low correlation coefficients between the mismatched feature vectors are
expected, the factor CCF must be as large as possible to satisfy our design
objectives. The optimal value of gq* is selected to get the largest CCF value.
To stay away from the low SNR, which happens at the very late time zone
of the scattered data, and to keep as much of the useful resonance
information as possible the optimal value for q* is selected at a value for
which the CCF makes a big jump. The LTFVs are constructed for this

optimum g*.
2.4. Usage of PCA on extracted features

To reduce aspect dependency, principal component analysis (PCA) is used
for obtaining a single characteristic feature vector for each target from the
late-time feature vectors extracted at the reference aspects. The resulting
feature vector can effectively represent the target over a broad range of

aspects.
In general, PCA is a method for identifying patterns in data, and expressing

different sets of data in such a way as to highlight their similarities and

differences. Since patterns in data can be hard to find in data of high

12



dimension, where the luxury of graphical representation is not available,
PCA is a powerful tool for analysing data. The other main advantage of PCA
is data by reducing the number of dimensions, without much loss of
information. In this study, we will use the PCA technique for feature
extraction through multi-aspect feature fusion as introduced by Turhan-

Sayan in [3].

In the previous sections, we described how to select our design parameters
and construct LTFVs. Now, we will use Principal Component Analysis (PCA)
to reduce the computational time and to increase the classification

accuracy.

Owing to PCA, for a target, LTFVs of all reference aspects can be
integrated into a single vector which is called ‘Fused Feature Vector’ (FFV).
Test process can be done by comparing test LTFV with only FFVs of each
target. Because of that, dimensionality and consequently computational time
is reduced by a factor of number of reference aspects K. More importantly, b
using the PCA, we can further decrease aspect dependency and increase

accuracy performance of the classifier.

We will describe the basic procedure of this PCA-based multi-aspect feature
fusion technique as follows: Assume that we have K reference aspects, N is
the length of each corresponding LTFVs, and F is feature matrix of size K x
N whose rows are LTFVs of size 1xN each, belonging to a given target

class at K reference aspect.

=le e €k (2.13)

where T denotes the transpose operator.
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The covariance matrix S , of the feature matrix F, is a symmetric matrix (of

size K x K) is given as;

2
s, Spy e Sig
2
S 5 Sk
S, = (2.14)
2
| Sx1 Sk2 Sg |

where its off-diagonal entries s,=s, denote covariance between feature
vectors g, and e, , and the diagonal entries s; represents the variance of
feature vectors e, . The correlation coefficient ri; between the feature

vectors e; and e; be defined as;

= Sij (2.14)

The covariance matrix S, can be transformed into a diagonal matrix A

using similarity transformation;

(4 0 .. 0
0 A 0

A=U'S, U =| ' (2.16)
0 0 .. A

where U is the modal matrix in the form of
U =[u, Uy Uy ] (2.17)

with «,’s being the normalized eigenvectors corresponding to eigenvalues

of the covariance matrix S, . The eigenvalues A, are then solved from

14



det( S, — A1) =0 (2.18)

where | is the identity matrix of size K x K. Then, A, (eigenvalues) are
ordered from the highest to the lowest. The corresponding eigenvectors ¢,

are solved from
[S, —A,1]t, =0 i=1,2,...M (2.19)

These orthogonal eigenvectors are normalized for obtaining the orthonormal
eigenvectors,
t. it

i el |

(2.20)

to construct the matrix U that is used to transform the correlated feature

vectors into a set of uncorrelated vectors, z, for i=1,2, ..... K

z g, — mean (€)1,
e, — e,)l
7 =|% |=yr| &7 mean (@)1 (2.21)
Z . e, —mean (e, )1,

where [, is a unity row vector of length N and the resulting matrix Z has a
size of K x N same size with feature matrix F. z,’s will be called the

principal components (PCs) of feature matrix F. Each PC vector has zero-

mean, and variance of A,. The first PC of feature matrix F has the highest
correlation coefficients with LTFVs e, since A, has the highest percentage
in the summation of A, fori=1,2,.....,K as demonstrated in reference [3] and

as to be examined in following chapter. Therefore, the first principal

15



component can be regarded as the fused feature vector (FFV) of target by

itself neglecting the other principal components.

If needed, the other principal components can be linearly combined to

construct the FFV of the target by proper weighting factors (A1,) as
described in Equation (2.23) below,

K —_—
FFV =3 2z, (2.22)
i=1
where
I = A (2.23)
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CHAPTERIII

APPLICATIONS

3.1. General

In this chapter, we will present the results for various classifiers which are
constructed for perfectly conducting spheres of different sizes, dielectric
spheres of exactly the same size but of slightly different permittivity values,
dielectric coated perfectly conducting spheres of exactly the same external
size but of different permittivity values and of different inner conducting part
radius. Due to the presence of a large number of targets with high degree of
similarities, the classification problem tackled here is more difficult then the
classifier for dielectric only as targets discussed in [2] and [3]. The scattered
responses of all these spherical targets can be easily computed from the
available analytical solutions [34]. The classification technique employed in
this thesis is the same technique as the one proposed in references [2] and
[3]. In these references, the proposed technique is tested only to classify
dielectric targets. In this work, however, we will discuss and test the
performance of this technique to classify perfectly dielectric, conductor or
coated conductor spheres. Even, all of these targets will be considered at

once to form the catalog of a classifier.

For all the classifiers designed in this thesis the reference and test

databases are constructed based on following basic rules:
1. As indicated in Figure 3.1, target responses are synthesized for a
plane wave excitation that is linearly polarized in x-direction and

propagates in z-direction.

17



2. By using the analytical solutions depicted in the reference [34] the far
field scattered responses are computed at the ®= 1w / 2 plane for
different values of the angle 0 in the frequency domain from zero to a
maximum frequency of 19.1 GHz at 512 frequency sample points, i.e.
with frequency steps Af= for 37.3 MHz.

3. Bistatic scattered data are synthesized for all targets in the frequency
domain at thirteen different values of the bistatic aspect angle 6y
where 6, = 180° — 8 and the angle 6 assumes the values as follows:
B = 5° 15°, 30°, 45°, 60°, 75°, 90°, 105°, 120°, 135°, 150°, 165° and
179°.

O

I:>observation

&

A Einczax EO e-jkz

Figure 3.1 Problem geometry used to synthesize electromagnetic signals

scattered from the spherical targets.

4. The scattered impulse response waveforms, which are the scattered
impulse response waveforms in the approximate sense, are obtained
by using the Inverse Fast Fourier Transformation (IFFT) of the

windowed frequency-domain data, with 1024 sample points over a

18



3.2.

total time span of To = 26.81 nanoseconds i.e. with a time step of

At=26.8 microseconds.

. The resulting raw database is composed of “M, x 13” unprocessed

scattered signals as My, is the number of targets in the classifiers

catalog and each target is characterized at 13 bistatic aspects.

. “Miw@r X 57 of these signals are used to construct the reference feature

database of this M-target classifier while the remaining signals are

used for testing.

. Target features are extracted from time-domain scattered signals at

five reference aspects 6=5°, 45°, 90°, 135°, 179° (located in aspects

almost evenly by about 45 degrees separation).

Classifier Design for Perfectly Conducting Spheres

3.2.1. Construction of Classifier Database

In this section, three classifiers will be designed for nine different targets

where the candidate targets are loss-free perfectly conducting spheres

Tcon1, Tcon2, Tcon3, Tcon4, Tcon5, Tcon6, Tcon7, Tcon8, Tcon9 having
different radii of 8, 8.5, 9, 9.5, 10, 10.5, 11, 11.5, 12 cm respectively.

The theoretical background of the natural resonance-based feature

extraction technique is discussed in Chapter 2 and the basic rules followed

for database construction are given in section 3.1.

Three different classifiers designed for the conductor targets are described

below in Table 3.1. The design steps are given in detail next.
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Table 3.1 classifier description for conductor targets.

Classifiers | Targets

CLCON1 | Tcon1(r=8), Tcon5(r=10), Tcon9(r=12)

CLCON2 | Tcon1(r=8), Tcon3(r=9), Tcon5(r=10), Tcon7(r=11),
Tcon9(r=12)

CLCON3 | Tcon1(r=8), Tcon2(r=8.5), Tcon3(r=9), Tcon4(r=9.5),
Tcon5(r=10), Tcon6(r=10.5), Tcon7(r=11), Tcon8(r=11.5),
Tcon9(r=12)

Step 1: Complex Frequency Responses (CFRs) are numerically
synthesized for all targets at all aspects with basic assumptions listed in the
section 3.1. As an example to the outputs the magnitude plots of CFRs for

Tconb at 45, 90 and 165 degrees are plotted in Figure 3.2.

0.1

0.05} - (a)

0] 100 200 300 400 500

(b)

0] 100 200 300 400 500

Magnitude of CFR (far field )

0.1
0.05 (c)
0o 100 200 300 400 500

Frequency Sample Points
Figure 3.2 Magnitudes of CFRs for Tcon5 (a) 45° ; (b)90°; (c)165°
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Step 2: Time-domain scattered responses are obtained from the CFRs by
using the Inverse Fast Fourier Transformation (IFFT), with 1024 sample
points over a total time span of Ty= 26.81 nanoseconds. As an example to
this step, the scattered responses of Tcon5 at 45, 90 and 165 degrees are
shown in Figure 3.3 and Figure 3.4. Target features are extracted from time-
domain scattered signals in various ways:
a) Choosing a suitable late time portion of the time domain
responses.
b) Applying the PCA to the late-time scattered responses chosen
in (a).
c) Applying the WD operation, next the PCA analysis to the late-

time scattered response chosen in (a).

0.5

-0.5

0.5

-0.5

0.5

Scattered Responses

| | | | | | | | | |
0 100 200 300 400 500 600 700 800 900 1000
Time Index

Figure 3.3 Time domain responses of Tcon5 (a) 45°; (b)90°; (c)165°

21



200

180

160

140

0.5

0.0.
sasuods

oy paJdyes

Time Index

Figure 3.4 A focused view of time domain responses of Tcon5 (a) 45°;

(0)90°; (c)165°

Step 3: The auto-WD matrix w_ of the discrete scattered signal x(t) is

1024. This step is repeated for all target classes at all five

computed with N

reference aspects. To display the behavior of these time-frequency images

trices for the target Tcon5 at

w, ma

, contour plots of the

over aspect change

45°, 90° and 165° reference aspects are presented in Figure 3.5.
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Figure 3.5 Contour plots of modified auto-Wigner distribution outputs for the
target Tcon5 at (a) 45°; (b)90°; (c)165°.

Step 4: The optimum Q parameter is determined as discussed in Chapter Il.
The same procedure is repeated for all candidate targets of the classifier to
make sure that the selected Q value is suitable for all targets. The
correlation coefficients computed for the partitioned energy density vectors
of the all targets at all 5 reference aspects are plotted in Figure 3.6, for the
cases Q = 16, 32, 64, 128, 256 and 512 together with the correlation
coefficients computed for the impulse response. As subintervals get wider or
as Q value gets smaller, aspect dependency reduces. The optimal value of

Q is chosen as 32 for the design of all three classifiers shown in Table 3.1.
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Correlation Coefficient

(h)
Index of Referance Aspects

Figure 3.6 Correlation coefficients between the partitioned energy density
vectors of the target (a)Tcon1 (b)Tcon2 (c)Tcon3 (d)Tcon4 (e)Tcon5
(f)Tcon6 (g)Tcon7 (h)Tcon8 (i)Tcon9 at the reference aspects computed
against the partitioned energy density vector of the same target at 179
degrees, for different partition numbers Q and the full-time scattered signal.
The indices 1 through 5 on the horizontal axis refer to the reference aspects
of 179, 135, 90, 45 and 5 degrees.

Step 5: For the selected Q value, an optimal q* is determined. Correct
Classification Factor (CCF) for each possible g* value ranging from 1 to Q-1
is computed, using the partitioned energy density vectors of all candidate
targets extracted at all reference aspects. For this purpose, the CCF based

on the reference database is defined as
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1 1 _
CCF (q *) - - rimlatched _ rimlzsmatched (31 )
(M"‘"Kz) IZ/ N (Mtar2 - Mtar )K 2 IZ/ N

In this equation M;r = 3 and K = 5 are the number of candidate targets and
the number of reference aspects for the classifier CLCON1 respectively.
Miar=5 for the classifier CLCONZ2. Finally, M, = 9 for the classifier CLCONS.
As seen from (3.1) CCF is the difference of total matched-case correlation
coefficients and total mismatched-case correlation coefficients. To obtain
high CCF, the first normalized summation should be much larger than the
second one for a satisfactory target classification performance. So, the
factor CCF must be as large as possible to satisfy our design objectives.
The optimal value of q* is selected to get the largest CCF value without
using the low SNR time zone of the data. The CCF versus q* results are
displayed in the Figure 3.7 for CLCON1. As it can be realized from this
figure the CCF has a maximum at g = 10. Since CCF is a statistical
measure it gives an overall idea which may not work perfectly for all
individual cases. In the application related to Figure 3.7 for instance, based
on further manual inspection the parameter q* is chosen to be 9 instead of
10 to obtain 2-interval band as 9-10 instead of 10-11.

o
3
T

o
)
T

o o o
N w EN
T T T

°
o
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Corect Oassification Factar (CCF)

o

1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32

Late Time Index (%)

Figure 3.7 CCF plotted against g* to determine the optimal value of q* for
CLCONT1.

25



Step 6: The late-time feature vectors (LTFV) are extracted for all targets at
all reference aspects over the selected late-time window that corresponds to
the 9" and 10" time bands when Q=32, as discussed in Chapter Il. LTFV of
target Tcon5 at the reference aspects (6,,=5° 45° 90° 135° 179°) are
plotted in Figure 3.8.

>

" |
gG( 10° 100 200 300 400 500 600 700 800 900 1000

Lk : : : : : : : - | — at135°
1 1 1 1 | N 1 1 1 i 1

o M j | 1 j | | | 1
5(3( 10° 100 200 300 400 500 600 700 800 900 1000

H : : : : : : : P —— at179°
0 A 1 ‘ ‘ A i 1 i i ‘

0 100 200 300 400 500 600 700 800 900 1000
Index of Feature Samples

Late Time Energy Feature Vectors

Figure 3.8 LTFV of Tcon5 extracted at the reference aspects.

The first set of 512 sample points of the horizontal axes of this figure
represents the frequency sample points used in the WD calculations while
the corresponding values on the vertical axes refer to the spectral energy
values averaged over the 9" time band while the second set of 512 sample
points of the horizontal axes refers to the same set of sample frequencies

but the corresponding values on the vertical axes give the spectral energy
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averaged over the 10™ time band. The shape and the magnitude of the
LTFV change from the 9" time band to the 10" time band due to the fact
that the natural resonance components exponentially decay in time at

different rates.

Step 7: For each target, a feature matrix F, the principal components (PCs)
of the matrix F and the related eigenvalues are computed using K=5
reference aspects as discussed in Chapter Il. For the target Tcon5, the PCs
based on the late-time energy feature vectors plotted in Figure 3.9. By
applying the PCA technique to the set of LTFVs as explained in Chapter I,
we have constructed the Fused Feature Vectors (FFVs) for each target in

the classifier catalog.

5
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Index of Principal Component Samples

Figure 3.9 PCs for target Tcon5 based on LTFV extracted at five reference

aspects.
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Table 3.2 Correlation Coefficients between the reference LTFV’s and the

PC’s for the target Tcon5 together with the associated eigenvalues. (to the

classifier CLCON3 for FFV)
Eigenvalues PCs Oref
2,(10) | 1004, 179° 135° 90° 45° 5°
0.5050 | 98.12% | 41 | 0.9917 | 0.9975 | 0.9874 | 0.969 | 0.6311
0.0068 | 1.32% | 42 | 0.1215 | 0.0178 | -0.1498 | -0.1744 | -0.1737
0.0024 | 0.47% | 43 |-0.0384 | 0.0612 | 0.0379 | -0.1700 | -0.4413
0.0004 | 0.08% | 44 | 0.0167 |-0.0316 | 0.0332 | -0.0408 | 0.1512
0.0001 | 0.02% | 45 | 0.0024 |-0.0047 | 0.0021 | 0.0049 | -0.5949

Table 3.3 Correlation Coefficients between the reference LTSS’s and the

PC’s for the target Tcon5 together with the associated eigenvalues. (to the

classifier CLCONS for FSS)
Eigenvalues PCs Oref
2,(10%) | 1004, 179° 135° 90° 45° 5°
0.8428 | 99.6% | Z1 | 0.9980 | 0.9997 | 0.9988 | 0.9943 | 0.9918
0.0031 | 0.4% Z2 |-0.0624 | -0.0255 | 0.0488 | 0.1059 | 0.1256
0 0.0% Z3 | -0.0065 | 0.0059 | 0.0078 | -0.0107 | -0.0208
0 0.0% Z4 | 0.0010 | -0.0020 | 0.0018 | -0.0009 | -0.0050
0 0.0% Z5 | 0.0000 | 0.0000 |-0.0001 | 0.0003 |-0.0028

The leading principal component z1 is very dominant as discussed in [3]
and as seen in Table 3.2. and 3.3. (The eigenvalue 4, is noticeably larger
than all other eigenvalues). Therefore, the leading principal component z1 is
guaranteed to represent the major part of the variance across the whole
reference data and hence safely characterizes the target Tcon5 at all

aspects. In other words, the aspect dependent late-time behavior of the
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target Tcon5 can be represented by a single vector, zgry= z¢. LTFVs for

each reference aspect and FFV of Tcon1 are shown in Figure 3.10. The

FFV results obtained for the targets Tcon1, Tcon5 and Tcon9 are plotted in
Figure 3.11. FFV results obtained for all conductor targets 3.12. Each FFV
has the length N=1024, therefore, the total fused feature database of M-

target classifier can be stored in a matrix of size Mx1024. It uses a very

small storage memory.
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Figure 3.10 LTFVs for each reference aspect and the resulting FFV of the
target Tcon1.
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Feature Vectors
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Figure 3.11 FFV of Tcon1, Tcon5 and Tcon9
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Figure 3.12 FFV of all conducting targets.
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3.2.2. Performance verification of classifiers in noise free case

After constructing the feature databases for all three classifiers, in this part,
the performance test of the classifiers are presented. The performances can
be tested by using three different recognition criteria which are defined in

reference [3] as;

1. Maximum reference match (MRM) criterion looks for the reference index
that corresponds to the highest correlation coefficient between the tested
signal/feature and the reference signals/ features. The classifier's decision

is made in favor of the target class associated with this index.

2. Complete class match (CCM) criterion looks for a matching target class
whose reference signals/features have the highest correlation coefficients
with respect to the tested signal/feature at all reference aspects (i.e., all the
other target classes at all reference aspects produce lower correlation

coefficients).

3. Complete class match with at least 5 percent contrast margin (CCM-5%)
criterion looks for the CCM criterion with an additional requirement that the
maximum of the mismatched correlation coefficients is at least 5 percent
lower than the minimum of the matched correlation coefficients to reduce
decision uncertainty. If desired, this safety margin can be increased to test

the robustness of the classifier for highly noisy data in particular.
Actually, MRM and CCM is the same for a FFV based classifier. The correct

decision rate is then computed as the percentage of the number of correct

decisions among the total number of decisions.
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For, the first conductor classifier (CLCON1); since we have 3 targets and 13
test aspect (® (phi) =5, 15, 30, 45, 60, 75, 90, 105, 120, 135, 150, 165, 179
degrees) for each target, there are 39 (number of target x test aspects) test
signals. The indices in the Figure 3.13, are arranged such that the indices 1
to 5 corresponds to target Tcon1, indices 6 to 10 corresponds to target
Tcon5 and indices 11 to 15 corresponds to target Tcon9 for the horizontal
axis; the indices 1 to 13 corresponds to test signals of target Tcon1, the
indices 14 to 26 corresponds to test signals of target Tcon5, the indices 27
to 39 corresponds to test signals of target Tcon9 for the vertical axis.
Obviously, in the figure, the horizontal axis indices are related to the
reference information while the vertical indices are associated with the test
signals/features. For other classifiers same methodology can be used to

read figures Figure 3.14 and 3.15.

For the classifiers CLCON1, CLCON2 and CLCON3;

a. the correlation coefficient of each scattered test signal with respect to
each scattered reference signal is computed to form a correlation
coefficient matrix of size 39x15, 65x25 and 117x45, respectively, with
the resulting contour plot given in Figure 3.13 (a), Figure 3.14 (a) and
Figure 3.15 (a) together with a gray-scale bar to indicate the
correlation levels. As seen in these figures, in all of them, the
matched target blocks (the diagonal blocks) are completely lost as
target classification is impossible simply based on the comparison of
scattered signals.

b. Part (b)'s of Figure 3.13, Figure 3.14 and Figure 3.15 present the
contour plots of the correlation coefficient matrices which are
computed using the late-time scattered signals (LTSS)
[6.70ns,8.38ns] (based on time bands 1 through 32 and q*=9) both
as reference and testing. Matched and mismatched target blocks

start to form in this case.
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c. Figure 3.13(c), Figure 3.14(c) and Figure 3.15(c) show the contour
plots for the correlation coefficients for the testing LTSSs against the
fused scattered signals (FSSs).

d. Figure 3.13(d), Figure 3.14(d) and Figure 3.15(d) show the contour
plots for each possible pair of full size (based on time bands 1
through 32) energy feature vectors for the test and reference data.

e. Figure 3.13(e), Figure 3.14(e) and Figure 3.15(e) show the contour
plots for the correlation coefficient matrix computed for each possible
pair of late-time feature vectors extracted from the information on the
9" and 10" time bands only.

f. The correlation coefficient of each LTFV (late-time test feature
vector) with respect to each FFV (fused feature vector) is computed
and plotted in Figure 3.13(f), Figure 3.14(f) and Figure 3.15(f) where
for each target its FFV is assigned to all the reference aspects by

definition.
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Figure 3.13 Contour plots of correlation coefficients computed for all
possible pairs of the test data and the reference data for the classifier
CLCON1 wusing (a) the unprocessed scattered signals, (b) late time
scattered signals (LTSS) [6.70ns,8.38ns] (c) the testing LTSSs and fused
scattered signals (FSSs) (d) the full-size energy feature vectors, (e) the late-
time feature vectors (LTFVs) extracted on the late-time window
[6.70ns,8.38ns] and (f) the testing LTFVs and the reference fused feature
vectors (FFVs).

Correct decision rate (RDc) for CLCON1 is 100% based for LTSS, FSS and
FFV based classifiers with the MRM and the CCM criterion. RDc is also

100% for the CCM-5% criterion with 5% safety margin. These values states
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that our classifiers based on LTSS, FSS and FFV have reached perfect

decision rates. FSS based classifier has more safety margin.
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Figure 3.14 Contour plots of correlation coefficients computed for all
possible pairs of the test data and the reference data for the classifier
CLCON2 using (a) the unprocessed scattered signals, (b) late time
scattered signals (LTSS) [6.70ns,8.38ns] (c) the testing LTSSs and fused
scattered signals (FSSs) (d) the full-size energy feature vectors, (e) the late-
time feature vectors (LTFVs) extracted on the late-time window [6.70ns,8.38
ns] and (f) the testing LTFVs and the reference fused feature vectors
(FFVs).
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Figure 3.15 Contour plots of correlation coefficients computed for all
possible pairs of the test data and the reference data for the classifier
CLCON3 using (a) the unprocessed scattered signals, (b) late time
scattered signals (LTSS) [6.70ns,8.38ns] (c) the testing LTSSs and fused
scattered signals (FSSs) (d) the full-size energy feature vectors, (e) the late-
time feature vectors (LTFVs) extracted on the late-time window
[6.70ns,8.38ns] and (f) the testing LTFVs and the reference fused feature
vectors (FFVs).
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Table 3.4 Correct Decision Rates (RDc) of the LTSS-based, the LTFV-
based and the FFV based classifiers by three different decision criteria:
maximum reference match (MRM), complete class match (CCM)and the
CCM with at least 5 percent contrast (CCM-5%) criteria.

<
Y]
<
9]
9]
<

CCM-5%

CLCON1
CLCON2
CLCON3
CLCON1
CLCON2
CLCONS3
CLCON1
CLCON2
CLCONS3

LTSS-based
[6.70ns,8.38 | 100% | 100% | 100% | 100% | 100% | 92% | 100% | 100% | 54%

ns]

FSS-based 100% | 100% [ 100% | 100% | 100% | 100% | 100% | 100% | 73%

LTFV-based |100% |100% |[100%| 0% | 0% | 0% | 0% | 0% | 0%

FFV-based 100% | 100% | 97% [100% | 100% | 97% |100% | 100% | 80%

As it can be realized from the figures 3.13, 3.14 and 3.15 and the table 3.4;
although LTSS-based classifier results look good, its performance
decreases if we measure it with the CCM with safety margin. FSS-based
and FFV-based classifiers are more effective regarding both accuracy and
robustness. LTFV based classifier gives high RDc with MRM criteria.
Because of 5° reference aspects RDc goes to zero with the CCM and the
CCM-5% crirteria. If we get rid of 5° reference aspect, we can also obtain
higher decision rates for LTFV based classifier with the CCM and the CCM-

5% criteria.
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For demonstration of verification, a test signal which belongs to Tcon5 at
105 degree aspect is selected and the detection results of three classifiers

are plotted in Figure 3.16.
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Figure 3.16 The FFV-based classifiers are tested with Tcon5 at 105 degree.
The "unknown" scattered signal is plotted in (a) together with the bar chart
results that show the correlation coefficients computed between the testing
LTFV and the reference FFVs of the classifiers CLCON1 in (b), CLCON2 in
(c) , CLCONS in (d).
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3.3.Classifier Design for Perfect Dielectric Spheres

3.3.1. Construction of Classifier Database

In this section we will design two different classifiers CLDIE1 and CLDIE2
for dielectric targets as defined in Table (3.5). All targets has same

radius(r=10 cm), but different relative refractive indices (¢).

Table 3.5 Classifier description for dielectric type of targets

Classifiers | Targets

CLDIE1 Tdie1(e =3), Tdie3(e=4), Tdie5(¢=5), Tdie7(¢=6), Tdie8(e=7).
CLDIE2 Tdie1(e =3), Tdie2(e=3.5), Tdie3(e=4), Tdied4(e=4.5),
Tdie5(e=5), Tdie6(¢=5.5), Tdie7(¢=6), Tdie8(e=7).

These classifiers are designed using the same basic steps as followed in

the design of classifiers for conductor targets as described in section 3.2.1.

Step 1: As an example, magnitude of CFRs for the target Tdie5 at the
aspect angles of 45, 90 and 165 degrees are plotted in Figure 3.17.

Step 2: Time domain responses created using CFRs. Examples of

scattered signals for Tcon5 at 45, 90 and 165 degrees are plotted in Figure
3.18.
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Figure 3.17 Magnitudes of CFRs for Tcon5 (a) 45° ; (b)90°; (c)165°
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Step 3: The auto-WD matrix W, of the discrete scattered signal x(t) is
computed with N=1024 for all five reference aspects of all targets. As an
example to the behavior of these time-frequency images over aspect
change, contour plots of the magnitudes of the Wy matrices for the target

Tdie5 at 45°, 90° and 165° reference aspects are presented in Figure 3.19.
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Figure 3.19 Contour plots of the magnitude of the modified auto-Wigner
distribution outputs for the target Tdie5 at (a) 45°; (b)90°; (c)165°.

Step 4: Optimum Q is determined. The correlation coefficients computed for
the partitioned energy density vectors of all the targets at 5 reference
aspects are plotted in Figure 3.20, for the cases Q = 8, 16, 32 and 64
together with the correlation coefficients computed for the impulse
responses. As subintervals get wider or as Q value gets smaller, aspect
dependency reduces. The optimal value of Q is chosen as 16 for both

classifier designs.
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Figure 3.20 Correlation coefficients between the partitioned energy density
vectors of the target (a)Tdie1 (b)Tdie2 (c)Tdie3 (d)Tdie4 (e)Tdie5 (f)Tdie6
(g)Tdie7 (h)Tdie8 at the reference aspects computed against the partitioned
energy density vector of the same target at 179 degrees, for different
partition numbers Q and the full-time scattered signal. The indices 1 through
5 on the horizontal axis refer to the reference aspects of 179, 135, 90, 45

and 5 degrees.

Step 5: For selected Q value, an optimal g* is determined. q*=12 case is

selected as optimum band. (Figure 3.21)

Step 6: The late-time feature vectors (LTFV) are extracted for all targets at
all reference aspects over the selected latetime window that corresponds to
the 12" and 13" time bands when Q=16. LTFV of target Tdie5 at the
reference aspects (8,,=5°, 45°, 90°, 135°, 179°) are plotted in Figure 3.22
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Figure 3.21 CCF plotted against q* to determine the optimal value of q* for
CLDIE2.
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Figure 3.22 LTFV of Tdie5 extracted at the reference aspects.
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Step 7: For each target, a feature matrix F, the principal components (PCs)
of the matrix F and the related eigenvalues are formed at K=5 reference
aspects as discussed in Chapter Il. For the target Tdie5, PCs based on the
late-time energy feature vectors plotted in Figure 3.23. By applying PCA on

LTFV, we have constructed Fused Feature Vectors (FFVs) of each target.
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Figure 3.23 PCs for target Tdie5 based on LTFV extracted at five reference

aspects.
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Table 3.6 Correlation Coefficients between the reference LTFV and PCs for

Tdieb together with the associated eigenvalues.

Eigenvalues PCs Oref
2,(10°) | 1004, 179° 135° 90° 45° 5°
0.6871 | 78.30% | z4 0.9086 | 0.8939 |0.7930 | 0.7807 | 0.7906
0.1442 | 16.43 % | z» 0.4175 | -0.4187 | -0.3471 | -0.2841 | 0.1789
0.0365 | 4.16% |z3 |-0.0048 | -0.1584 | 0.4983 | 0.1032 | 0.0308
0.0089 {1.01% |zs |0.0038 |0.0228 | 0.0490 |-0.5468 | -0.1361
0.0008 | 0.09% |zs |-0.0021 |-0.0001 |-0.0002 |-0.0128 | 0.5687

The leading principal component z4 is very dominant as discussed in [3] and

as seen in Table 3.6. A¢ is much larger than the variances of all other PCs.
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Figure 3.24 LTFVs for each reference aspect and FFV of Tdie5
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The FFV results obtained for the dielectric targets are plotted in Figure 3.25.
Each FFV has the length N=1024, therefore, the total fused feature
database of M-target classifier can be stored in a matrix of size Mx1024.

It uses a very small storage memory.
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Figure 3.25 FFV of dielectric targets.

3.3.2. Performance verification of dielectric classifiers in noise
free case
After constructing the reference databases of both dielectric classifiers,
classifiers are tested for their correct classification performance in this part.
The approach introduced for performance testing in section 3.2.2 is also

used here.
For the first dielectric classifier (CLDIE1); since, we have 5 targets and 13

test aspects (® (phi) =5, 15, 30, 45, 60, 75, 90, 105, 120, 135, 150, 165,

179 degrees) for each target, there are (number of target x test aspects =)
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65 test signals. The indices in Figure 3.26, are arranged such that the

indices 1 to 5 corresponds to target Tdie1, indices 6 to 10 corresponds to

target Tdie3 and indices 11 to 15 corresponds to target Tdie5 and so on for

the horizontal axis; the indices 1 to 13 corresponds to test signals of target

Tdie1, the indices 14 to 26 corresponds to test signals of target Tdie3, the

indices 27 to 39 corresponds to test signals of target Tdie5 and so on for the

vertical axis. For the other classifier same methodology can be used to read

the similar Figure 3.27.

For both classifiers CLDIE1 and CLDIEZ;

a.

The correlation coefficient of each scattered test signal with respect
to each scattered reference signal is computed to form correlation
coefficient matrices of size 65x25 and 104x40 for the classifiers
CLDIE1 and CLDIE2 respectively whose contour plots are given in
Figure 3.26 (a) and Figure 3.27 (a) together with colorbars bar to
indicate the correlation levels.

Similar plots are given in Figure 3.26 (b), Figure and 3.27 (b) where
the correlation coefficient matrices are computed for late time
scattered signals (LTSS) [18.43ns, 21.78 ns] (based on time bands 1
through 16 and g*=12)

Figure 3.26 (c) and Figure 3.27 (c) plot correlation coefficients for the

testing LTSSs and fused scattered signals (FSSs).

. Figure 3.26 (d) and Figure 3.27(d) plot each possible pair of full size

(based on time bands 1 through 16) energy feature vectors for the
test and reference data.

Figure 3.26 (e) and Figure 3.27 (e) plot the correlation coefficient
matrices computed for each possible pair of late-time feature vectors
extracted from the information on the 12" and 13" time bands only.
The correlation coefficient of each LTFV (late-time test feature

vector) with respect to each FFV (fused feature vector) is computed
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and plotted in Figure 3.26 (f) and Figure 3.27 (f) where for each

target its FFV is assigned to all the reference aspects by definition.
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Figure 3.26 Contour plots of correlation coefficient matrices computed for all
possible pairs of the test data and the reference data for the classifier
CLDIE1 using (a) the unprocessed scattered signals, (b) late time scattered
signals (LTSS) [18.43ns, 21.78ns], (c) the testing LTSSs and fused
scattered signals (FSSs), (d) the full-size energy feature vectors, (e) the
late-time feature vectors (LTFVs) extracted on the late-time window
[18.43ns, 21.78ns] and (f) the testing LTFVs and the reference fused feature
vectors (FFVs).
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Figure 3.27 Contour plots of correlation coefficient matrices computed for all
possible pairs of the test data and the reference data for the classifier
CLDIEZ2 using (a) the unprocessed scattered signals, (b) late time scattered
signals (LTSS) [18.43ns, 21.78 ns] (c) the testing LTSSs and fused
scattered signals (FSSs) (d) the full-size energy feature vectors, (e) the late-
time feature vectors (LTFVs) extracted on the late-time window [18.43ns,
21.78 ns] and (f) the testing LTFVs and the reference fused feature vectors

(FFVs).
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Table 3.7 Correct Decision Rates (RDc) of the LTSS-based, the LTFV-
based and the FFV based classifiers by three different decision criteria:
maximum reference match (MRM), complete class match (CCM)and the
CCM with at least 5 percent contrast (CCM-5%) criteria.

MRM CCM CCM-5%
Classifier
CLDIE1 | CLDIE2 | CLDIE1 | CLDIE2 | CLDIE1 | CLDIEZ2
Name
LTSS-based
[18.43ns, 68% 57% 0 0 0 0
21.78 ns]

FSS-based 34% 28% 34% 28% 34% 28%

LTFV-based 100% 100% | 63.08% | 50% | 55.39% | 34.62%

FFV-based 100% 100% | 100% 100% | 98.46% | 98.08%

As it can be realized from the last two figures and table above, the FFV-
based classifier performs for better in terms of accuracy and robustness as
compared to the LTSS-based, FSS-based, and LTFV-based classifiers.

3.4.Classifier Design for Dielectric Coated Conductors

3.4.1. Construction of Classifier Database

In this section we will design six different classifiers for dielectric coated
conductor spheres. These classifiers and the related candidate targets are
defined in Table 3.8 below. All the targets in this study has the same outer
radii(r=10 cm), but different inner radii as well as different relative refractive

indices ().
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Table 3.8 Classifier description for dielectric coated conductor type of
targets.

Classifiers | Targets

CLCOA1 | Tcoal(rin==2 € =3), Tcoad(rin=4 € =3), Tcoa7(rn=7 € =3),
Tcoa10(rin=8 € =3), Tcoa13(rn=9¢ =3).

CLCOA2 | Tcoail(ri,-=2 € =5), Tcoad(rin=4 € =5), Tcoa7(rn=7 € =5),
Tcoa10(rin=8 € =5), Tcoa13(rin=9¢ =5).

CLCOA3 | Tcoal(rin==2 € =7), Tcoad(rin=4 € =7), Tcoa7(rn=7 € =7),
Tcoa10(rin=8 € =7), Tcoa13(rn=9¢ =7).

CLCOA4 | Tcoal(rin=2 € =3), Tcoa2(rin=2 € =5), Tcoa3(r,=2 € =7),
Tcoad(rin=4 € =3), Tcoa5(rin=4 € =5), Tcoab(r,=4 € =7),

CLCOAS | Tcoa7(rin=7 € =3), Tcoa8(rn=7 € =5), Tcoa9(rn=7 € =7),
Tcoa10(rin=8 € =3), Tcoa11(ri,=8 € =5), Tcoal12(ri,=8 € =7),
Tcoa13(rin=9¢ =3), Tcoa14(rin=9 € =5), Tcoa15(rin=9 € =7).

CLCOA6 | Tcoal(ri=2 € =3), Tcoa2(rin=2 € =5), Tcoa3(rn=2 € =7),
Tcoad(ri.=4 € =3), Tcoa5(rin=4 € =5), Tcoab(rn=4 € =7),
Tcoa7(rin=7 € =3), Tcoa8(rin=7 € =5), Tcoa9(rn=7 € =7),
Tcoa10(rin=8 € =3), Tcoa11(ri,=8 € =5), Tcoal12(ri,=8 € =7),
Tcoa13(rin=9¢ =3), Tcoal14(ri,=9 € =5), Tcoal15(rn=9 € =7).

The design steps used for the classifiers shown in Table 3.8 are the same
as the steps used for the design of classifiers for conductors (as described

in section 3.2.) and dielectrics (in section 3.3.)

Step 1: As an example, magnitude of the CFRs for the target Tcoa5 at the
aspect angles of 45, 90 and 165 degrees are plotted in Figure 3.28.
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Figure 3.28 Magnitudes of CFRs for Tcoa5 (a) 45° ; (b)90°; (c)165°

Step 2: Time domain responses are synthesized using the CFRs.
Examples of scattered signals for Tcoa5 at 45, 90 and 165 degrees are
plotted in Figure 3.29.
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Figure 3.29 Time Domain Responses of at the aspects Tcoa5 (a) 45°;
(b)90°; (c)165°
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Step 3: The auto-WD matrix Wy of the discrete scattered signal x(t) is
computed with N=1024 for all five reference aspects of all targets. As an
example to the behavior of these time-frequency images over aspect
change, contour plots of the magnitude of Wy matrices for the target Tcoab

at 45°, 90° and 165° reference aspects are presented in Figure 3.30.
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Figure 3.30 Contour plots of the magnitude of the modified auto-Wigner
distribution outputs for the target Tcoa5 at (a) 45°; (b)90°; (c)165°.

Step 4: Optimum Q is determined. The correlation coefficients computed for
the partitioned energy density vectors of the all targets at 5 reference
aspects are plotted in Figure 3.31, for the cases Q = 8, 16, 32 and 64
together with the correlation coefficients computed for the impulse
response. As subintervals get wider or as Q value gets smaller, aspect
dependency reduces. The optimal value of Q is chosen as 16 for all

classifiers design.
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Figure 3.31 Correlation coefficients between the partitioned energy density
vectors of the target (a)Tcoal (b)Tcoa2 (c)Tcoa3 (d)Tcoa4 (e)Tcoad
(fTcoa6 (g)Tcoa7 (h)Tcoa8 (i)Tcoa9 (j)Tcoal0 (k)Tcoal1 (I)Tcoal2
(m)Tcoa13 (n)Tcoal14 (0)Tcoal5 at the reference aspects computed against
the partitioned energy density vector of the same target at 179 degrees, for
different partition numbers Q and the full-time scattered signal. The indices
1 through 5 on the horizontal axis refer to the reference aspects of 179, 135,
90, 45 and 5 degrees.
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Step 5: For selected Q value, an optimal q* is determined for each

classifier. q*=11 case is selected as optimum band.
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Figure 3.32 CCF plotted against q* to determine the optimal value of q* for
CLCOA2.

Step 6: The late-time feature vectors (LTFV) are extracted for all targets at
all reference aspects over the selected late-time window that corresponds to
the 11™ and 12" time bands when Q=16. LTFV of the target Tcoa5 at the
reference aspects (0,,=5°, 45°, 90°, 135°, 179°) are plotted in Figure 3.33.
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Figure 3.33 LTFVs of Tcoa5 extracted at the reference aspects.

Step 7: For each target, a feature matrix F, the principal components (PCs)
of the matrix F and the related eigenvalues are formed at K=5 reference
aspects as discussed in Chapter Il. For the target Tdie5, the PCs based on
the late-time energy feature vectors are plotted in Figure 3.34. By applying
the PCA on LTFVs, we have constructed the Fused Feature Vectors (FFVs)

of each target.
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Figure 3.34 PCs for the target Tcoa5 based on LTFV extracted at five

reference aspects.

Table 3.9 Correlation Coefficients between the reference LTFV and PCs for

target Tcoab together with the associated eigenvalues.

Eigenvalues PCs Oref

2,(10°) | 1002, 179° 135° 90° 45° 5°
0.1319 [87.76 |z, [0.9919 |0.7493 | 0.6516 |0.7125 | 0.7864
0.0141 [9.38 |z, [0.1270 |-0.6265 | -0.5944 | -0.5041 | -0.0711
0.0028 |[1.86 |z3 |-0.0007|0.2122 |-0.4442|-0.1905 |-0.0760
0.0013 [0.86 |z; [0.0030 |0.0332 |0.1577 |-0.4487 |-0.2016
0.0002 [0.13 [zs [-0.0013|0.0009 |0.0015 |-0.0217 | 0.5746

The leading principal component z4 is very dominant as discussed in [3] and

as seen in Table 3.8. 4, is much larger than the variance of all other PCs.
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Figure 3.35 LTFVs for each reference aspect and the FFV of Tcoa5.

The FFV results are obtained for all the targets. Each FFV has the length
N=1024, therefore, the total fused feature database of M, -target classifier
can be stored in a matrix of size Mix1024. It uses a very small storage

memory.

3.4.2. Performance verification of classifiers in noise free case

After constructing reference databases of all six classifiers, they are tested
for performance concerning their decision accuracy using the same
approach as used for the performance testing of previously designed
conductor classifier (see section 3.2.2.) and dielectric classifiers (see
section 3.3.2.)
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For all these classifiers;

a.

The correlation coefficient of each scattered test signal with respect
to each scattered reference signal is computed to form correlation
coefficient matrices whose contour plots are given in Figure 3.36 (a)
through Figure 3.41 (a) together with proper colorbar to indicate the
correlation levels.

Similar plots are given in Figure 3.36 (b) through Figure 3.41 (b)
where the correlation coefficient matrices are computed for late time
scattered signals (LTSS) (based on time bands 1 through 16 and
q*=11)

Figure 3.36 (c) through Figure 3.41 (c) show the contour plot for the
correlation coefficient matrices for the testing LTSSs and fused

scattered signals (FSSs).

. Figure 3.36 (d) through Figure 3.41 (d) show similar plots each

possible pair of full size (based on time bands 1 through 16) energy
feature vectors for the test and reference data.

Figure 3.36 (e) through Figure 3.41 (e) show the contour plots for the
correlation coefficient matrices computed for each possible pair of
late-time feature vectors extracted from the information on the 11™
and 12" time bands only.

The correlation coefficient of each LTFV (late-time test feature
vector) with respect to each FFV (fused feature vector) is computed
for each classifier and are plotted in Figure 3.36 (f) through Figure
3.41 (f) where for each target its FFV is assigned to all the reference

aspects by definition.
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Figure 3.36 Contour plots of correlation coefficient matrices computed for all
possible pairs of the test data and the reference data for the classifier
CLCOA1 using (a) the unprocessed scattered signals, (b) late time
scattered signals (LTSS) (c) the testing LTSSs and fused scattered signals
(FSSs) (d) the full-size energy feature vectors, (e) the late-time feature
vectors (LTFVs) extracted on the late-time window and (f) the testing LTFVs

and the reference fused feature vectors (FFVs).
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Figure 3.37 Contour plots of correlation coefficient matrices computed for all
possible pairs of the test data and the reference data for the classifier
CLCOA2 using (a) the unprocessed scattered signals, (b) late time
scattered signals (LTSS) (c) the testing LTSSs and fused scattered signals
(FSSs) (d) the full-size energy feature vectors, (e) the late-time feature
vectors (LTFVs) extracted on the late-time window and (f) the testing LTFVs

and the reference fused feature vectors (FFVs).
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Figure 3.38 Contour plots of correlation coefficient matrices computed for all
possible pairs of the test data and the reference data for the classifier
CLCOA3 using (a) the unprocessed scattered signals, (b) late time
scattered signals (LTSS) [18.43ns, 21.78 ns] (c) the testing LTSSs and
fused scattered signals (FSSs) (d) the full-size energy feature vectors, (e)
the late-time feature vectors (LTFVs) extracted on the late-time window
[18.43ns, 21.78 ns] and (f) the testing LTFVs and the reference fused

feature vectors (FFVs).
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Figure 3.39 Contour plots of correlation coefficient matrices computed for all
possible pairs of the test data and the reference data for the CLCOA4 using
(a) the unprocessed scattered signals, (b) late time scattered signals (LTSS)
(c) the testing LTSSs and fused scattered signals (FSSs) (d) the full-size
energy feature vectors, (e) the late-time feature vectors (LTFVs) extracted
on the late-time window and (f) the testing LTFVs and the reference fused

feature vectors (FFVs).

64



> e = S 782
0 )ﬁ @ﬁ "f f-‘/# 75 o
100 Sotes catves p"" D L& s e S G
b 3 BTz

=0 o) G
el e 1 -5 @ @’%"3’:
LU T WA ¢

_Index of Test.Data

0 30 ' 40 10 20 30 40

Index gf Réference Data Index of Reference Data

Figure 3.40 Contour plots of correlation coefficient matrices computed for all
possible pairs of the test data and the reference data for the classifier
CLCOAS5 using (a) the unprocessed scattered signals, (b) late time
scattered signals (LTSS) (c) the testing LTSSs and fused scattered signals
(FSSs) (d) the full-size energy feature vectors, (e) the late-time feature
vectors (LTFVs) extracted on the late-time window and (f) the testing LTFVs

and the reference fused feature vectors (FFVs).
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Figure 3.41 Contour plots of correlation coefficient matrices computed for all
possible pairs of the test data and the reference data for the classifier
CLCOA6 using (a) the unprocessed scattered signals, (b) late time
scattered signals (LTSS) (c) the testing LTSSs and fused scattered signals
(FSSs) (d) the full-size energy feature vectors, (e) the late-time feature
vectors (LTFVs) extracted on the late-time window and (f) the testing LTFVs

and the reference fused feature vectors (FFVs).
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Table 3.10 Correct Decision Rates (RDc) of the LTSS-based, FSS-based

LTFV-based and FFV based classifiers by three different decision criteria:

maximum reference match (MRM), complete class match (CCM)and the

CCM with at least 5 percent contrast (CCM-5%) criteria.

MRM
CLCOA1 CLCOA2 CLCOA3 CLCOA4 CLCOAS5 CLCOAG6
LTSS 63% 60% 85% 64% 68% 59%
FSS 22% 20% 38% 21% 26% 17%
LTFV 85% 94% 100% 86% 100% 93%
FFV 65% 92% 98% 77% 86% 82%
CCM
LTSS 0% 0% 0% 0% 0% 0%
FSS 22% 20% 38% 21% 26% 17%
LTFV 15% 34% 49% 3% 56% 24%
FFV 65% 92% 98% 77% 86% 82%
CCM-5%
LTSS 0% 0% 0% 0% 0% 0%
FSS 20% 20% 38% 21% 26% 16%
LTFV 14% 32% 46% 1% 48% 19%
FFV 63% 66% 95% 50% 85% 70%

As it can be realized from the last six figures and table above, the FFV-

based classifiers are more effective

robustness.
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3.5.Classifier Design for The Whole Group of Perfect Dielectrics,
Perfect Conductors and Dielectric Coated Conductors.

3.5.1. Construction of The Classifier Database

In this section, we will design a new classifier (CLMIX1) whose database
includes a total of 27 targets such that we have considered three dielectric
spheres, nine conducting spheres and fifteen dielectric coated conducting
spheres as described in Table 3.11. All the targets have the same radii of 10

cm except conducting spheres.

Table 3.11 classifier description.

Classifiers | Targets

CLMIX1 Tdie1(e =3), Tdie5(¢=5), Tdie8(e=7), Tcon1(r=8),
Tcon2(r=8.5), Tcon3(r=9), Tcon4(r=9.5), Tcon5(r=10),
Tcon6(r=10.5), Tcon7(r=11), Tcon8(r=11.5), Tcon9(r=12),
Tcoal(rin=2 € =3), Tcoa2(rn=2 € =5), Tcoa3(rin=2 € =7),
Tcoad(ri-=4 € =3), Tcoa5(rin=4 € =5), Tcoab(ri,=4 € =7),
Tcoa7(rin=7 € =3), Tcoa8(rin=7 € =5), Tcoa9(r=7 € =7),
Tcoa10(rin=8 € =3), Tcoa11(rin=8 € =5), Tcoal12(rn=8 € =7),
Tcoa13(rin=9¢ =3), Tcoal14(ri,=9 € =5), Tcoa15(rin=9 € =7).

In this classifier design simulation, we find it useful to examine the
behaviour of cumulative energy curves of scattered signals for different
target types. After normalizing a scattered time domain signals to have unit
total energy (as we have already done at the beginning of our design

procedure, in general) the cumulative normalized energy curve e (¢)

associated with a scattered signal x(t) is defined as
z.(t) = j0’|f(r)|2dr (3.1)

where
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T(t) = x(1) (3.2)

[I: |x(r)|2d1]1/2

is the normalized scattered signal in time domain.
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Figure 3.42 Energy figures of (a) Condunting sphere Tcon5 at 179°(b)
Dielectric sphere Tdie5 at 179°(c) Dielectic coated conducting sphere Tcoab
at 179°.

It is known that a perfectly conducting sphere is a very high Q (quality
factor) target whose natural response decays very quickly due to very high
real parts of sphere poles. Therefore, the maximum normalized energy level
of unity is attained at much earlier time for a conducting sphere as
compared to dielectric sphere or a dielectric coated conducting sphere of
the similar overall size as seen from Figure 3.42. Due to the internal

resonance mechanism happening in the dielectric material, these later type
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of targets have long lasting late-time natural responses in their impulse
response type scattered data. These facts are reflected in Figure 3.43
where the time indices at which each scattered signal attains the 99.999
percent of its maximum normalized energy level is plotted against 416
different scattered test data indices. In this figure, we considered a total of
32 targets (8 dielectric spheres, 15 dielectric coated conducting spheres and
9 conducting spheres) at 13 different bistatik aspect angles each. We have
used the time domain scattered signals generatedso far in this study at
1024 time domain sample points. As it can be seen in this figure normalized
energy curves of spherical conductor type targets reach their maximum
value before the time index 300 while the other targets show this behaviour
between the indices 870 and 1024.
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Figure 3.43 Energy separation figure
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Using the observations, it is obviously possible to classify a test signal
coming from a perfectly conducting sphere at very beginning just by
examining its normalized energy curve. By using a threshold level at the
time index 400, for example, the conducting spheres can be easily
recognized, then a classifier which is the same as the CLCON3 classifier
(designed in section 3.2) can be used to identify the size of the conducting
sphere. For the other targets a new classifier will be designed as
summarized below. Note that after recognizing the conducting sphere
separately using the tresholding method and CLCONS classifier, we are left
with 3 dielectric spheres and 15 dielectric coated spheres ( a total of 18
targets) for this new classifier. Therefore, we have 18x5=90 reference
signals and 18x13=234 test signals to be used in the evaluation of this

classifier.

Since all the data needed for this classifier design are ready to use we can

continue from step 4.

Step 4: Optimum Q can be chosen as 16 using Figure 3.20 and Figure
3.31.

Step 5: For the selected Q value, an optimal g* is determined as q*=12. As

the optimum band indexbased on the result shown in Figure 3.44 below.

71



0.4

0.35

0.3

0.25

0.2

CCF

0.15

0.1

0.05

1.2 3 4 5 6 7 8 9 10 11 12 13 14 15
Late Time Index (q*)

Figure 3.44 CCF plotted against q* to determine the optimal value of q* for
CLMIX1.

Step 6: The late-time feature vectors (LTFV) are extracted for all targets at
all reference aspects over the selected late time window that corresponds to
the 12" and 13" time bands when Q=16.

Step 7: For each target, a feature matrix F, the principal components (PCs)
of the matrix F and the related eigenvalues are formed at K=5 reference
aspects as discussed in Chapter Il. By applying PCA on LTFV, we have

constructed Fused Feature Vectors (FFVs) of each target.
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3.5.2. Performance verification of the classifier CLMIX1 in noise
free case

The performance of the classifier designed for dielectric and dielectric
coated conductor targets (as a part of the the classifier CLMIX1) can be

summarized as follows:

a. The correlation coefficient of each scattered test signal with respect
to each scattered reference signal is computed to form a correlation
coefficient matrix of size, 234x90 whose contour plot is given in
Figure 3.45 (a) together with a colorbar to indicate the correlation
levels.

b. A similar plot is given in Figure 3.45 (b) where the correlation
coefficient matrix is computed for late time scattered signals (LTSS)
(based on time bands 1 through 16 and q*=12)

c. Figure 3.45 (c) plots correlation coefficients for the testing LTSSs and
fused scattered signals (FSSs).

d. Figure 3.45 (d) plots each possible pair of full size (based on time
bands 1 through 16) energy feature vectors for the test and reference
data.

e. Figure 3.45 (e) plots the correlation coefficient matrix computed for
each possible pair of late-time feature vectors extracted from the
information on the 12" and 13" time bands only.

f. The correlation coefficient of each LTFV (late-time test feature
vector) with respect to each FFV (fused feature vector) is computed
for each classifier and are plotted in Figure 3.45 (f) where for each

target its FFV is assigned to all the reference aspects by definition.
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Figure 3.45 Contour plots of correlation coefficient matrices computed for all

possible pairs of the test data and the reference data for the classifier

CLMIX1.
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Table 3.12 Correct Decision Rates (RDc) of the LTSS-based, Fss-based,

LTFV-based and FFV based classifiers by three different decision criteria:

maximum reference match (MRM), complete class match (CCM)and the

CCM with at least 5 percent contrast (CCM-5%) criteria results for only

dielectric and dielectric coated conductor type targets.

MRM CCM CCM-5%
(LTSS) 56 0 0
(FSSs) 18 18 15
(LTFV) 88 21 17
FFV based 66 66 53

Table 3.13 Correct Decision Rates (RDc) of the LTSS-based, Fss-based,

LTFV-based and FFV based classifiers by three different decision criteria:

maximum reference match (MRM), complete class match (CCM)and the

CCM with at least 5 percent contrast (CCM-5%) criteria results for all targets
in the CLMIX1 databese.

MRM CCM CCM-5%
(LTSS) 71% 31% 18%
(FSSs) 45% 45% 34%
(LTFV) 92% 47% 45%
(FFV) 77% 77% 62%
(FFV/FSS) 77% 77% 60%
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As it can be realized from Figure 3.45 and Table 3.12, the FFV-based
classifier is more effective for dielectric containing targets considering both
accuracy and robustness. Remember we have determined earlier in section
3.2, for conducting targets that FSS-based and FFV-based classifiers are
both found suitable leading to almost the same correct decision rates for
noise-free analysis. If we combine the correct desicion rates of FFV for
dielectric containing targets and the correct desicion rates of FSS for
perfectly conductor targets, we and up with 77% overall correct decision
rate for MRM and CCM cases and 60% for CCM-5% case for the CLMIX1

classifier as shown in Table 3.13.

3.6.Noise Performance Analysis of the Selected Classifiers

In this section, noise performance of two sets of classifiers will be
investigated. First, the classifier CLCOA3 (designed for dielectric coated
conducting sphere classification) will be tested at varying signal to noise
ratio (SNR) levels. The performances of the LTSS-based, FSS-based,
LTFV-based and FFV-based versions of the classifier CLCON2 will be
compared in detail. Next, the same noise analysis will be repeated for the
classifier CLCONZ2, which is previously designed for the conducting spheres
at varying SNR levels. Since similar analyses were already performed for a
dielectric classifier Turhan-Sayan in [3], noise performance analysis of a

dielectric sphere classifier is not repeated in this thesis.
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Figure 3.46 Correct Desicion Rates vs. for CLCOAS noise analysis.

120%

100%

80%

60%

Correct Desicion Rate

40%

20%

0%

CLCOAS3 Noise Analysis

=8=_TFV based (MRM)

=O=FFV based (MRM&CCM)

== TFV based (CCM) =X=LTFV based (CCM-5%)

FFV based (CCM-5%)

—
5 10 15 20 noise free
SNR

Figure 3.47 Correct Desicion Rates vs. for CLCOAS noise analysis.
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The noise performance analysis done for the classifier CLCOA3 can be
summarized as follows: The noise performances of the LTSS based, FSS
based, LTFV based and FFV based classifiers are compared at the SNR
levels of 20 dB, 15 dB, 10 dB and 5 dB using the test database of CLCOAS.
The correct decision rates for these classifiers are computed based on each
of the decision criteria MRM, CCM and CCM-5 % and plotted in Figure 3.46
and Figure 3.47. As sees Figure 3.47 curves of correct decision rates for
the FFV-based classifier (using the MRM/CCM and CCM-5% criteria) and
for the LTFV-based classifier (using the MRM criterion only) change very
similarly from 100% to about 65%-70% level as the SNR of the test signal
gets down to 5 dB. The LTFV-based classifier performs poorly for the CCM
and CCM-5% criteria with correct decision rates falling from 45%-50% level
to 10% level on the SNR drops from infinity (noise free case) to 5 dB level.
The performances of the LTSS-based and FSS-based classifiers are
summarized in Figure 3.46, similarly. It is observed in this figure that the
correct decision rate for the LTSS-based classifier with MRM criteria
changes from to 85% to 55% as SNR decreases down to 5 dB. LTSS-based
classifier for CCM and CCM-5% criteria makes no correct desicion. As a
result, the FFV-based classifier is proven to be the only acceptable solution
when a robust decision scheme with minimized decision uncertainty is also
required in addition to high correct decision rate, short decision time, small
storage memory and satisfactory noise performance even at very low SNR

levels.
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Figure 3.48. The FFV-based CLCOAZ3 classifier is tested by the "unknown"
target Tcoa15 at 165 degrees at 6 different SNR levels changing from
infinity to 13.5 dB.
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Figure 3.49. The FFV-based CLCOAZ3 classifier is tested by the "unknown"
target Tcoa15 at 165 degrees at 6 different SNR levels changing from 11.5

dB to zero decibel.
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For a randomly selected test signal which happens to be the test signal for
the target Tcoa15 at 165 degree aspect angle, a set of noisy test signals are
synthesized by adding white Gaussian noise to the noise-free scattered time
domain signal at the overall SNR levels of 40, 30, 20, 15, 13.5, 11.5, 10,
7.5, 5, 2.5 and 0 dB levels. In view of the fact that the proposed feature
extraction process essentially use the scattered information over the 11"
and 12™ time bands only, the corresponding effective SNR levels over this
late-time window are computed as 26.78 dB, 16.72 dB, 6.24 dB, 1.47 dB, -
0.10 dB, -2.70 dB, -3.78 dB, -5.63 dB, -9.10 dB, -11.76 dB and -13.90 dB,
respectively. The correlation coefficient values for FFV based classifier are
plotted in Figure 3.48 for the first six SNR levels starting from the noise-free
case for which the SNR is infinite down to SNR is infinite down to
SNR=13.5dB level. The rest of the results for the SNR levels of 11.5 dB to

zero decibel are reported separately (for clarity) in Figure 3.49.

The test target Tcoa15 (corresponding to the target index value of 5 in the
horizontal axis of Figure 3.48 and Figure 3.49) is correctly classified at the
overall SNR levels as low as 2.5 dB that corresponds to the effective SNR
of -11.76 dB in the selected late-time zone. In other words, even when the

1" and

noise power is about 15 times larger than the signal power over the 1
12" time bands, the test target can still be correctly identified with a contrast
margin of about 36 percent. At the zero dB overall SNR case finally, the
target is incorrectly classified to be the target Tcoa9 corresponding to target
index 3 in Figure 3.48 and Figure 3.49. It is also observed in these figures
that the correlation coefficient curve tends to shift to lower values with a
smaller dynamical range as the SNR of the test signal gets lower, as

expected.
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CLCON2 Noise Analysis
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Figure 3.50 Correct Desicion Rates vs. for CLCON2 noise analysis.
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Figure 3.51 Correct Desicion Rates vs. for CLCON2 noise analysis
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Secondly, the noise performance analysis results for the classifier CLCON2
can be summarized as follows: The noise performances of the LTSS based,
FSS based, LTFV based and FFV based classifiers are compared at the
SNR levels of 40 dB, 35 dB, 30 dB, 25 dB, 20 dB, 15 dB, 10 dB and 5 dB
using the test database of the classifier CLCONZ2. The correct decision rates
for these classifiers are computed based on each of the decision criteria
MRM, CCM and CCM-5 % and plotted in Figure 3.50 and Figure 3.51.

As seen in Figure 3.50 curves of correct decision rates for the FSS-based
classifier (using the MRM/CCM and CCM-5% criteria) and for the LTSS-
based classifier (using the MRM criterion only) change very similarly and
slowly from 100% to 15% as the SNR gets down to 5 dB level. The LTSS-
based results classifiers for the CCM and CCM-5% criteria drop more
sharply around the 35 dB level. As observed in Figure 3.51, on the other
hand, the recognition performance of the LTFV and FFV based classifiers
drop below the 40% level even for a very high SNR of 40 dB. In summary,
the FSS-based classifier provides best solution compared to the other type
of CLCON2 classifiers, but none of the classifiers examined here gives a
robust decision scheme with the SNR levels below 25 dB. In other words,
the noise performance of the target classifiers designed for conducting

spheres is found to be poor.

At a randomly selected target/aspect combination of Tcon9 at 165 degree, a
set of noisy test signals are synthesized by adding white Gaussian noise to
the noise-free scattered time domain signal at the overall SNR levels of 40
dB, 35 dB, 33.5 dB, 31.5 dB, 30 dB, 27.5 dB, 25 dB, 23.5 dB, 21.5 dB, 20
dB, 18.5dB, 16.5 dB, 15 dB, 13.5dB, 11.5dB, 10dB, 7.5dB, 5dB, 2.5 dB
and 0 dB. In view of the fact that the proposed feature extraction process

essentially use the scattered information over the 9" and 10™ time bands
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only, the corresponding effective SNR levels over this late-time window are
computed as 7.84 dB, 1.23 dB, 0.62 dB, -1.05 dB, -2.71 dB, -5.41 dB, -8.54
dB, -8.82 dB, -10.59 dB, -12.64 dB, -14.48 dB, -15.98 dB, -19.75 dB, -18.27
dB, -21.67 dB, -22.67 dB, -25.53 dB, -27.59 dB, -31.29 dB and -32.18 dB,
respectively. The correlation coefficient values for the LTSS based and the
FSS based classifiers are plotted in Figure 3.52 and Figure 3.53 for all

mentioned SNR levels including the noise-free case for which the SNR is

infinite.
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Figure 3.52 The FSS-based classifier is tested by the "unknown" target
Tcon9 at 165 degrees at 13 different SNR levels changing from infinity to
16.5 decibel.
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Figure 3.53 The FSS-based classifier is tested by the "unknown" target
Tcon9 at 165 degrees at 8 different SNR levels changing from 15 decibel to

zero decibel.

The test target Tcon9 (corresponding to the target index value of 5 in the
horizontal axis of Figure 3.50 and 3.51) is correctly classified at the overall
SNR levels from infinity down to 15 dB that corresponds to the effective

SNR of -19.75 dB. For lower SNR levels classification is coincidental.
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CHAPTER IV

CONCLUSION

This thesis has been focused in designing electromagnetic target classifiers
using a natural resonance based design technique, which aims the
formation of a minimal size classifier database via extraction and fusion of
target features from the reference data scattered at only a few aspects not
only for dielectric or perfectly conducting spheres but for also dielectric
coated conducting spheres and mixture of all these targets. The
classification problem tackled here is difficult to solve as the targets have
basically the same geometrical shape and the same overall size but slightly
different material composition leading to similar target pole patterns. This
similarity becomes stronger among the dielectric containing targets. The
technique used for classifier design was originally introduced by Turhan-
Sayan [2,3] and demonstrated for dielectric spheres. The application of the
same technique was reported for perfectly conducting wire target structures
just recently in [13]. In this thesis, the aim has been to solve more
complicated classification problems regarding the material composition of
the targets as well as the size and variety of target classes used in
classification. Classification catalogs containing a large number of targets
are formed for the simulation problems. In some of the classifier design
simulations, both loss-free dielectric spherical targets and dielectric coated
conducting spheres are used as candidate targets. Even perfectly
conducting spherical targets are included into these extended target sets in
the last classifier design problem presented. It should be also mentioned
that the classifier design technique introduced in references [2] and [3] is

applied to dielectric coated conducting targets for the first time in this thesis.
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Main objective of the above mentioned core technique is to represent each
target class by a single fused feature vector to be used at any possible
testing aspect with sufficient accuracy. To fulfill this objective, it is obviously
necessary to minimize the aspect dependency of the reference feature
database. The Wigner-Ville Distribution (WD) and the Principal Component
Analysis (PCA) are the main signal processing tools employed in the core
technique for this purpose. Using the WD, the natural resonance-related
late-time energy feature vectors are extracted from the scattered data. After
then, feature vectors belonging to a few different reference aspect angles

are fused by using the PCA technique.

Applied design technique is successfully demonstrated for different
classifiers where the targets are perfectly conducting spheres whose sizes
slightly vary, equal-size dielectric spheres whose relative permittivities
slightly vary from one to another, equally large dielectric coated conducting
spheres whose relative permittivities and/or inner radius slightly vary from
one to another. The reference databases of the classifiers are constructed
using scattered data at five distant aspect angles. Real-time classification
decisions in a test case can be completed in less than a second for worst
case (with the largest database), using a laptop computer with a
microprocessor of 2.2 GHz speed and in MATLAB 6.1 programming

environment.

Based on the simulation results, it is observed that for larger relative
permittivity (¢;) values used for coating, better classification results are
obtained. When the ¢, gets smaller, it becomes more and more difficult to
differentiate coated spherical conductors from each other based on the
differences in their inner conductor radii. The perfectly conducting spheres
(with their infinitely large ¢;), on the other hand, can be easily recognized as
they display a noticeably different late-time behavior as compared to

dielectric and/or dielectric coated conducting targets.
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For small bistatic aspect angles (see Figure 3.1) correct decision rates are
almost perfect, for larger bistatic angles approaching to 180 degres false
identification is more likely due to reduced signal (i.e. worse SNR) levels.
Considering typical radar operations, return signals from reasonably small
bistatic aspect angles or at monostatic aspects are needed. So, the
classification technique is suitable for bi-static radar or electronic warfare
(EW) systems, not for the conventional high frequency, narrow band radars

but for the ultrawide band (UWB) radars of the future generation.

Advantages of classifiers designed in this thesis are mainly high correct
decision rate, very high decision speed, low memory requirements, need for
reduced amount of reference data, simplicity, repeatability and

computational efficiency.

As indicated in [13] the electromagnetic target classifier design technique
suggested in references [2] & [3] can be further simplified in the case of
perfectly conducting structures such that the WD computation and LTFV
extraction steps can be skipped altogether. Instead, the PCA fusion
technique can be directly applied to the suitably chosen late-time portions of
the conducting target responses to construct the final form of the classifier's

fused feature database.
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