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ABSTRACT

The ADAPT computer programs, (a series of empirical
data analysis programs based on the concept that pattern
recognition and regression analysis should be preceded by
a reduction in the dimensionality based on the Karhunen-
Loe ve expansion), were applied to composite radar signatures
of two classes of targets to develop, study and recommend
classification laws and mechanisms for separating the two
classes. The study was based on two different sets of
data.The first data set consisted of the incoherent radax
back scatter from 200 pulses and was made up of 225 learn-
ing cases plus 85 independent test samples., This data set
was used for exploratory analysis to guide the processing
required for the second data set and to determine the
effect of varying from 10 to 200 pulses. The second data
set consisted of the coherent radar back scatter from 10
radar pulses for 260 learning cases and 2,140 independent
test cases. The first data set included seven different
target types and the second data set included five differ-
ent target types. The remainder of the variation in both
of these data sets was due to variations created by
simulations of target dynamics and radar-target geometry.

This report summarizes the results obtained from the
entire study and presents the detailed results for the
analysis of the second data set. The analysis of the first
data set showed that the 10 pulse signatures were adequate
for the classifications desired and illustrated several
mechanisms for classifications based on the differences in
the characteristics of the means of the two classes. The
analysis of the second data set showed that the most effective
classification scheme for separating the two types of targets
was based on the significantly greater variation observed
in the second class of targets., This classification mechanism
could be most effectively utilized by using a 10 oxr less
pulse radar signature constructed from the separate squares
of the real component and the imaginary component of the
principal polarization. Linear classification schemes
considered proved superior to the non-linear schemes and
the recommended procedure is a multi-step procedure consisting
of successively thresholding the projections of the data
vectors on the ADAPT optimal coordinates (i.e. the principle
components of this data set)., Using this classification
procedure, the estimated performances is a detection probabil-
ity of .99 with no observed false alarms in the data set used,
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1.0 INTRODUCTION

This report presents the results of a study which
employed the ADAPT techniques to derive and compare
numerous quick-look classification schemes for utilizing
composite radar signatures to derive techniques suitable
for real time classification of two types of targets.
The first type of target is designated as the 101 Class.
The second type of target is designated as the 20X and
the 21X Class. The 20X Class was made up of six sub
classes designated as 201, 202, 204, 205, 206 and 207.
The 21X Class was made up of four sub classes designated
211, 212, 213 and 214.

The study was divided into two tasks. The first
task considered the development of classification laws
to separate the 101 Class from the 20X Class using data
which could be derived from incoherent radar signatures.
The effect of the amount of radar data required to perform
the classification was evaluated by considering 10, 30
and 200 pulse data sets. The major objectives of this
first task were: 1) to determine the best approach to
processing the data, 2) to provide an estimate of the
potential for separating the two types of targets and
3) to determine the number of radar pulses that would be
required to provide adequate information to accomplish
the classification.

Task 2 of this study utilized coherent radar signatures.
Based on the results of Task 1, the study was limited to
data obtained from 10 radar pulses, but further investigation
of radar resources was carried out by considering the effects
of using only the principal polarization of the data and the
effect of using only the data in the time domain. In addi-
tion to evaluating the effect of the radar resources the
second task had as a major objective the development and
demonstration of a classification procedure for separating
these two classes of targets.

Section 2 of this report will present the summary of
the results of the entire study obtained in both the Task 1
and the Task 2 studies. The detailed analysis leading to
these results for the Task 1 studies is presented in
Reference 1 and will not be repeated here. The detail
analysis leading to these results for Task 2 is presented

13



in Sections 3 through 5 of this report.

These studies were performed using the empirical
analysis techniques incorporated in the ADAPT programs
which have been under development since 1964 and are
described in considerable detail in Reference 1. The
ADAPT approach is based on the concept that one should
precede an empirical analysis by determining the optimal
(in Karhunen-Loeve sense) representation of the data.

This representation of the data may then be used instead
of the original data in performing the empirical analysis.
The optimal representation is obtained by transforming

to the ordered optimal coordinate system defined by the
Karhunen-Loeve expansion. This optimal representation

is also known as the principle components expansion,

as an expansion in the optimum empirical orthogonal
functions or as an eigenfunction expansion. The specific
techniques utilized to accomplish this are described in
more detail in Reference 1. The ADAPT program can accom-
plish this transformation for an unlimited number of data
vectors of up to 2,000 components each. The data are
usually adequately represented for most analyses in this
optimal coordinate system using one-tenth to one-hundredth
as many components as in the original system. 1In addition,
to savings in computation which are realized as a result
of this reduction in dimensionality, one also achieves
other significant advantages such as an analysis of the
learning data, a decrease in the number of learning cases
required and an empirical validity criteria. These
advantages resulting from this optimal representation will
enhance the ability to perform empirical analysis in
general and the development of the classification algorithms
required for the present study in particular.

The radar back scatter data used for Task 1 of this
study were the amplitude and quantities which could be
derived from the amplitude. Pre-processing was performed
on the data by taking the Fourier transform of the data,
by taking logarithm of the amplitudes involved and by an
equalization of the data histories by a technique which
is described in detail in Reference 1. The data histories
utilized for the analysis initially included all these
pre-processings and an ADAPT output, the relative importance
vector, was examined to determine which of these pre-
processings appeared to make the greater contribution to
the decisions. Based on the results of the examination
of these relative importance vectors, the final analysis

14



used 225 data histories made up of the tandem amal-
gamation of three sets consisting of the amplitude,
amplitude and phase of the Fourier transform of the
data derived from both the principal and orthogonal
polarization of the radar back scatter. Since the
logarithm was taken of the amplitude measurements and
not of the phase measurements, the equalization process
utilized highlighted different types of behavior for
the amplitude measurements then for the phase measure-
ments in the Task 1 studies.

The learning data utilized for the Task 2 studies
consisted of the real and imaginary portions of the
principal and orthogonal polarization of the coherent
radar return from 260 targets. The initial studies
combine this with the corresponding real and imaginary
parts of the Fourier transform of this data. Equaliza-
tion was not performed on this data set. However, in
addition to evaluating the performance using this entire
data set, the effect of using only the principal polariza-
tion portion of this data set, only the time domain
portion of this data set and the effect of squaring each
component of the data prior to the processing was also
evaluated. For all of the data histories used in both
Task 1 and Task 2, the final pre-processing step was to
form a single average of all the data histories and to
subtract this average from the individual history before
processing through the ADAPT programs to find the optimal
representation.

Although a number of different methods were used to
estimate the performance of classification schemes during
the development and selection of classification procedures,
the performance of the recommended procedure was evaluated
using the experimentally calculated Receiver Operating
Curve (ROC) derived from 1800 independent test cases.
These test cases were derived in the same manner and for
the same targets as the Task 2 learning data but for
different dynamic histories. Two sets of test data were
used for the Task 2 analysis. The first consisted of
340 cases, supplied with the learning data. This test
set will be called the 340 case test set and included
100-101 Class signals and 60 signals for each of the 21X
target types. The second independent test set used for
the Task 2 studies will be called the 1800 case test set
and consisted of an additional 1800 cases. This test set
included 1000-101 Class signals and 200 signals for each
of the 21X target types.

15



2.0 RESULTS AND RECOMMENDATIONS

The results and recommendations which will be
presented in this section of the report are based on
the analysis described in detail in Sections 3 through
5 of this report and in Reference 1. The purpose of
this section is to provide the reader with a summary
of what has been learned as a result of this study
and therefore the justifications of the results will
be limited to those required to understand the results.
If the reader is unfamiliar with the ADAPT terminology,
it is recommended that the first portion of Section 2
of Reference 1 be reviewed. The ADAPT presentations
described there will be used to explain the results
which are presented in this section.

The performance of the various classification schemes
considered will be compared using the Receiver Operating
Curve. This curve consists of a plot of the probability
of detecting the 101 Class, Py, versus the probability of
falsely identifying a member of the 2XX Class, Peoy, as a
member of Class 10l. Figure 2.1 is an example of such
a classification trade-off curve. For the Task 1 results
presented on this figure, these curves are based on the
assumption of Gaussian distribution for the detection
statistic and the mean and standard deviation for this
distribution were determined from an independent test
set consisting of 85 cases. For the Task 2 studies, the
experimental ROC curve based on an independent test set
consisting of 1,800 cases is used. Section 4.2 of this
report justifies the requirement to use the experimental
ROC curve for the Task 2 data and describes the procedures
for dbtaining these curves. Another major difference
between the comparisons of the Task 2 and Task 1 perfor-
mance is that the Task 1 performance is evaluated using
the entire 20X Class whereas the Task 2 performance is
evaluated in dependently for each of the four Class 21X
sub classes. This differente will tend to over-rate the
performance of the Task 1 results by approximately a
factor of five.

In general, the effect of the various classification

laws were significantly different on each of the 21X
targets. This is illustrated in the classification trade-
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FIGURE 2.1 - CLASSIFICATION TRADE-OFF CURVE COMPARING THE
FISHER CLASSIFICATION PERFORMANCE FOR VARIATIONS
IN TARGETS, NUMBER OF PULSES AND COHERENT VERSUS
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off curve shown in Figure 2.1. The solid lines represent
the performance of the Fisher discriminant on the 211
'and 214 targets. We see that the performance on the 211
target is approximately an order of magnitude better

than that on the 214 target. The results presented in
Section 4 of this report show that in general this is

the case. Specifically, the 214 and 212 targets are
always considerably more difficult to classify then

the 211 and 213 targets. Although there are sometimes
significant differences between all four targets for

many classifiers, the 212 and 214 targets are classified
with approximately the same performance. The majority

of the performance comparisons presented in this section
of the report will only consider the performance on

the 214 target. For the detailed performance on the
other three targets, the reader is referred to Sections 4
and 5.

2.1 Selection of Radar Signatures

The comparison of the performance of various classi-
fication schemes using different radar signatres has
led to the recommendation that for the set of procedures
examined in this study the signature used for the classi-
fication of the 101 versus 2XX targets should have the
following four characteristics: 1) the signature should
be from 10 or less pulses, 2) the signature should consist
of the separate squares of the real and imaginary portions
of the coherent return, 3) the data should not be trans-
formed to the frequency domain, and 4) only the principal
polarization of the return need be used.

The 'cqnclusion regarding the use of only 10 pulses
is based on the results of the Task 1 studies. The major
arguments leading to these conclusions consist of the
performance of the 30 pulse versus the 10 pulse classi-
fication laws shown in Figure 2.1. In Reference 1, it
is shown that this performance difference is essentially
that which would be expected by the improvement in the
knowledge of the statistics due to the use of three times
as many cases. Thus, the classification mechanism is the
same for 30 and 10 pulses. Analysis of the relative
importance vectors for the 30 and 10 pulse algorithms
shown in Figures 2.2 and 23 substantiate this conclusion.
These relative importance vectors show that although a
finer structure is apparent on the 30 pulse relative
importance vector, this fine structure has a very noise-

like character, a much smaller amplitude and is super-
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FIGURE 2.¢ - RELATIVE IMPORTANCE OF SIGNAL ELEMENT
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imposed on the same over-all structure as observed for

the 10 pulse relative importance vector. Similar compari-
sons with the 200 pulse relative importance vector led to
the conclusion that even the 200 pulse data vector did
not introduce a new mechanism for the classification.
Thus, 10 pulses should be adequate to obtain the physical
information which is available for classification.

It is recommended that the 214 data histories be
processed in an incoherent manner to provide a comparison
of the coherent and incoherent processing. However, in
lieu of this direct comparison, an analysis of the relative
importance vector for the Fisher classification law presented
in Figure 2.1 has been carried out in Section 4.5 which
suggests that use of the coherent portion of the return
would result in both a significant gain of total information
and an increase in the performance of the classification
algorithm. Thus, it is recommended that coherent processing
be used.

Figure 2.4 compares the performance of the minimum
variation ratio classifier™ on signatures composted of
1) the square of the real and imaginary portions of the signal
and 2) the unsquared real and imaginary portion of the
signal. This comparison shows an advantage for the use of
the square of the real and imaginary portions of the signal.
The analysis presented in Section 4.5 shows this conclusion
toke valid for all of the linear classifiers. Since this
requires very little additional complexity in the classifica-
tion scheme and yields significant improvements in classifi-
cation performance, it is recommended that the signature
used for this study be composed of the separate squares of the real
and imagainary components.

The second comparison shown in Figure 2.4 is between
the classification performance obtained using the real and
imaginary components of both the principal and orthogonal
polarizations and the performance obtained using these
components from only the principal polarization. This
comparison shows that when the real and imaginary components
of the signature are used the deletion of the opposite
polarization does not significantly degrade the classifica-
tion performance. Examination of the relative importance

1) See Section 4.1 for definition of this classification scheme
which is also known in the literature as, *Simultaneous
Diagonalization®



FIGURE 2.4 - CLASSIFICATION TRADE-OFF CURVE COMPARING MINIMUM
VARIATION RATIO CLASSIFIER PERFORMANCE FOR

SEPARATING THE 214 TARGET USING DIFFERENT

PROCESSING AND PORTIONS OF THE RADAR SIGNATURES

0.999 T T 17T T TTTT T T T 11110001
2, T2
R T )
- R3T
&N i K;I)PP"GVLT / "
0.995 y ] 4 0.005
] -
0.99f / ' ] . 0.01
I
|
- | .
/]
] [ R
A / :
o.ss»L / ] f 0.05
1 i
- / i
0.90 . / Jo.10
) / / :
/
y /
. 4 /
s / / ]
0.50 S Z / &
i / ! // B .50
- / /"” -
0.00C 1 111 L | Ll L "
0.00% Q0! 0.0% 0.10 lo.sol l 1.(1)80
f P

22



vector for the minimum variation ratio classifier showed

that this was to be expected because for the orthogonal
polarization the relative importance vector had an appearance
similar to the relative importance vector for the principal
polarization. The same is true when one examines the relative
importance vector for using the square of the real and
imaginary components associated with the solid curve in

Figure 2.4. This relative importance vector is shown in
Figure 2.5 and one may verify the similar behavior of the
principal and orthogonal polarization portions. This suggests
that the results shown on Figure 2.4 for the unsquared real
and imaginary components are general and that little loss

in performance will occur if one restricts the signature to
the principal polarization of the return.

Figure 2.5 also explains why the transform to the
frequency domain improved the Task 1 performance but not
the Task 2 performance. When one uses the amplitude and
phase as was done in the Task 1 studies, the transformation
to the amplitude and phase in the frequency domain is
non-linear. However, when one uses the real and imaginary
components the transformation is linear. The relative
importance vector, shown in Figure 2.5, is the relative
importance vector based on using the signature composed
of the square of the real and imaginary components. It
shows that the real and imaginary components have significantly
different behavior for the time domain portion of this
relative importance vector but that in the frequency domain
the real and imaginary components behave similarly. Thus,
if one were to sum these components and utilize this sum
which in the time domain is just the square of the incoherent
signature used in Task 1 significant information would be
lost from the time domain.

2.2 Selection of Classification Procedures

The comparison of the performance of 14 classification
schemes involving non-linear classification and four different
linear classification schemes! has led to the conclusion that
the best performance can be obtained using the linear classifica-
tion scheme consisting of double thresholding the projection of
the data on the ADAPT optimal coordinates. By repeated applica-
tion of this classification scheme, using different ADAPT
optimal coordinates, it should be possible to significantly
improve these results.

(1) In this report a classification scheme is considered linear
if the detection statistic is derived from the pre-processed
data vector in a linear manner even if multiple thresholds
are used.
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These conclusions are based on detail comparisons
of large number of classification performance trade-off
curves the highlights of which are summarized by the five
curves which are compared in Figure 2.6. The four solid
lines shown on Figure 2.6 represent the performance of
four of the linear classifiers, the' dash line represents
the performance of the best non-linear classifier. This
figure shows that several of the linear classifiers have
equal or better performance then the non-linear classifier.
Since the non-linear classifiers require considerable more
work then the linear classifiers, it is recommended that
the linear classification schemes be utilized.

The three linear classification schemes evaluated
were a minimum variation ratio classifier, the Fisher
classification scheme and the projection along the first
ADAPT optimal coordinate direction. These comparisons
show that in the region of greatest interest (i.e. Pg~.99),
all three of these classifiers perform similarly. The
minimum variation ratio classifier shows a slight advantage
for the results presented in Figure 2.6. However, the detail
analysis carried out in Section 4, shows that the projection
on the first ADAPT optimal direction performs better on
the other target types then do either of the other linear
classification schemes. Furthermore, the projection on
the first ADAPT optimal direction shows better performance
as a multi-step classifier.

The two-step classification procedure consists of
simply re-applying an algorithm to obtain a second estimate.
If one assumes the two estimates are independent, classical
sequential detection theory shows that the detection probabil-
ities and false alarm rates obtained are simply the product
of the corresponding values for each of the two decisions.
The requirement for this performance estimate is that each
of the steps be independent estimates of the class. 1In
general, the two step procedure results in better performance.

The problem in using this procedure for estimat-
ing the performance is demonstrating the independence
of the linear classification schemes. One natural
classifier in view of the good performance of the
first ADAPT optimal direction classifier is to utilize
the projection on the second ADAPT optimal direction
as a second classifier. The analysis of the scatter
plots presented in Sections 4.1 and 4.6 suggest that the use of

25



FIGURE 2.6 - CLASSIFICATION TRADE-OPF CURVE COMPARING THE BEST
NON-LINEAR CLASSIFIER WITH LINEAR CLASSIFIERS DERIVED
USING THE RECOMMENDED RADAR SIGNATURE EBND PROCESSING
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the higher order ADAPT optimal directions will not
significantly reduce the performance relative to the use

of the first ADAPT optimal direction. In order to

estimate the performance of the recommended multi-step
classification procedure, it is assumed that either
repeated application of the first ADAPT optimum direction
classifier to an independent set of data or the use of

the second ADAPT optimal direction will produce essentially
the same results. These results are illustrated by the
2-Step-First ADAPT curve identified by the Numeral 1 on
Figure 2.6. This curve shows significant improvement

over any other linear classifiers shown. Analysis presented
in Section 4.6 shows that the 2-Step procedure applied to
the first ADAPT optimal direction classifier is better then
the other 2-Step procedures considered.

The use of the first ADAPT optimal direction
classifier in a 2-step process has the additional advantage
that it may easily be extended to many more steps or a
multi-step process by using even higher order ADAPT
directions. The results of the scatter plot analysis pre-
sented in Section 4.1 suggests that for the present data
set this can be applied to more than 15 ADAPT optimal
directions. Although therxmwill be some degradation in
performance as one uses the projection on the higher order
ADAPT optimal directions, this degradation should be small
compared to the other uncertainties in the present analysis.
Thus over the range of detection probabilities
in the region of .99 the two-step classification procedure
has reduced the false alarm rate to less than 10% or about
5 DB from the false alarm rate for the one step classifier.

2.3 Analysis of ADAPT Representation and Classifications

Although the major objective of this study was the
definition of the best technique for separating the 101
and 2XX targets and the estimation of the performance that
could be expected for this classification, the ADAPT
programs also provide a mechanism for analyzing the data.
As a result of this analysis much has been learned and
the most important of this is summarized below:
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Characteristics Observed From ADAPT Representation

There are two results which have been observed but
have not yet been explained. The first of these is that
when one examines the first optimal functions and most
of the relative importance vectors developed in this
study one sees characteristics similar to the relative
importance vector presented in Figure 2.5. Specifically,
we see that the weighing of the relative importance
vector in the time domain is significantly greater than
that in the frequency domain. Although the relative
importance vector presented in Figure 2.5 is based on
using the square of the real and imaginary components,
this same characteristic 'is true for the relative
importance vectors using the real and imaginary components
without the square pre-processing. This behavior is
difficult to understand since one would expect the
time domain and frequency domain to contain redundant
information. Thus, each of these domains should be of
equal importance to defining the optimal directions and
to separating the 101 from the 2XX Class. These results
show that this is not the case.

A second difference observed in the processing of
this data is a difference between the learning data, the
original test cases and the final test set. Although
these two data sets should have similar statistics there
were several differences in the statistical properties
associated with these two data sets. The most apparent
is the difference in the standard deviation of Class 101
about its mean value. The 1000-101 samples in the final
test set had a standard deviation of .085 for their pro-
jection on the first ADAPT optimal coordinate while the
learning and 340 case test sets each had a standard devia-
tion of approximately .023 for their projections on its
first ADAPT optimal coordinate.

Basis for Separation of Targets

The ADAPT presentation of the data also allows the
explanation of the basis for the classification. Figure 2.7
shows the scatter plot projection of the 1800 independent
test cases on plane defined by the first two ADAPT optimal
coordinates. The Numeral 1 identifies the 101 targets and
Numerals 2 through 5 identify targets 211 through 214.

This plot is also typical of the plots of the 600 cases
supplied for the learning and the 340 case test
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FIGURE 2.7 - SCATTER PLOT PROJECTION OF 1800 INDEPENDENT TEST CASES
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set. Examination of this plot reveals that no 101 Class
targets are visible. This is because all of these targets
are located at an NP1l value of -0.327 and an NP2 value of
-0.18 with standard deviations of .085 and .065 in these
two directions, respectively. The total extent of the
101 targets on this plot is indicated by the note and
ranges from -0.01 to -0.55. The enclosing of a thousand
points in this small area clearly is not within the
capabilities of the plotter and thus these points appear
as a single blob. Scatter plots exhibiting blow-ups of
this region of space are presented in Section 3 for the
learning data.

Generality of Bases

Several studies were performed to demonstrate that
the base derived using this learning data should be
adequate for developing classification laws to separate
almost any similar targets of the 101 and 21X classes.
The generality of the base for the 101 Class targets follows
immediately from the small variation associated with these
targets. Because of this extreme variation, the character-
istics of the optimal base for representing the combined
101 and 21X targets are almost entirely determined by the
21X targets. This was verified by deriving a base without
the 101 targets. Analysis of this base showed it to be
essentially the same as the base derived including the
101 targets. A similar analysis was performed by re-der-
iving a base deleting the 214 target. This base showed
slightly less similarity to the reference base than the
base derived deleting the 10l Class. Thus, we conclude
that the addition of other 21X targets and similar 101
signatures will not significantly effect the characteristics
of the base and its ability to derive classification
algorithms. Furthermore, because the recommended algorithms
are based on the significantly greater variation in the
to 21X Class then the 10l Class, the specific algorithms
should also be applicable for a large variety of additional
targets in each of these classes.

2.4 Recommendations for Additional Analysis

Additional studies would add to the usefulness of
the results obtained.  8ix such studies are:
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1) Verification of the requirement that within
the processes considered in this study coherent processing
should be used by re-deriving the recommended classification
laws using the square pre-processing and summing the real
and imaginary components to provide a signature equivalent
to the square of the incoherent return.

2) Evaluate the performance of the Fisher discriminant
when the mean value of Class 10l is subtracted from each
target in the ADAPT optimal space and the resulting differ-
ence is squared. Note, that this analysis was carried out
in the original data space but it should be significantly
more effective in the ADAPT optimal space.

3) Repeat studies presented here using a smaller
number of pulses to assess the possibility that satisfactory
results may be obtained with even less than 10 pulses.

4) Investigate the differences between the original
and final test case data sets which were supplied for
this study. One approach to accomplishing this is to
develop linear classification laws to separate these two
sets of data and then examine the resulting relative
importance vector.

5) The algorithms developed here should be evaluated
in their multi-step mode against independent test cases.
Realistic evaluation of this performance would require
many more independent test cases then used for the present
study. Thus, it is recommended that this evaluation be
carried out for only one 21X target and that target should
be the most difficult target expected. The procedure would
be to first examine all of the available 21X targets to
select the most difficult target using a relatively small
number of independent test cases. Then the multi-step

procedures recommended here should be applied to approxi-
mately 100,000 independent test samples for this target
and the 101 target. This would provide verification of
the ultimate performance which has been suggested by these
studies.

6) Investigate the physical significance of the fact
that the mean value of the projection of the 101 Class in
the Karhunen-Loeve space differed from zero by an amount
large compared to standard deviation of the 101 Class.
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3.0 ANALYSIS OF ADAPT DERIVED OPTIMAL REPRESENTATIONS

This section of the report will present the properties
of the ADAPT derived optimal bases which are used for the
analysis. The information presented will be parallel to
that presented in Section 3 of Reference 1 for the Task 1
bases. The results will be presented with a minimum of
description since it is assumed that the reader is familiar
with the information presented in Reference 1 in general
and in particular in Section 3 of Reference 1.

The optimal bases used for the present study may be
viewed as variations of a reference optimal base. The
first base to be presented will be this reference base.
This will be followed by the presentation of the variations
of this base. ' The description of the bases will include a
brief discussion of the rational and general characteristics
of the base and plots showing the Tha FIIT
characteristics of the base. In general, the following
information will be given for each base: 1) typical data
vectors, 2) the average of all of the data vectors used to
make the base, 3) the information energy or explained
variation as a function of the number of terms retained in
the base, 4) the optimal functions to be used in the general-
ized Fourier expansion, which may also be viewed as the
transformation vectors to transform the data vectors to an
optimal coordinate system, and 5) scatter plots of the
coefficients of the dominant optimal functions. All of these
bases have also been delivered to Lincoln Laboratory on
tape and this section should serve as a guide to the use
of the transformations on this tape.

In this study, the non-linear pre-processing did not
include the equalization of the data histories as was done
in Task 1. Equalization is accomplished as described in
Section 3.1 of Reference 1 and results in data vectors whose
values lie between 1 and 2. The major reason for introducing
this equalization is to eliminate the arbitrariness which
is introduced by selecting different units for different sub
sets of variables. For example, if a data vector includes
both amplitude and phase the relative effect of the phase
would be quite different if it was measured in seconds in-
stead of degrees. For the present study, this problem does
not exist since all of the data has the same units. The other
non-linear pre-processings used vary between the bases and
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will be discussed with the individual bases.

3.1 Reference Base

The reference base for this study consisted of the
base made up using data from ten radar pulses. The first
ten components of this base were the real portion of the
principal polarization of the return. The next ten
components were the imaginary portion of the principal
polarization of the return. Components 21 through 30 are
the real portion of the Fourier transform of the principal
polarization of the return and components 31 through 40
are the imaginary portion of this Fourier transform of
the principal polarization of the return. Components 41
through 80 are the same components except they are obtained
from the opposite polarization. Typical data histories
for the two classes of targets considered in this study are
presented in Figures 3.1 and 3.2. One hundred samples
representing different initial conditions were taken from
the Class 1 data and 40 samples were taken from each of the
four Class 2 targets making a total set of 260 data histories
to construct the reference base. The average of these 260
histories is presented in Figure 3.3.

The average of all of the data histories presented in

Figure 3.3 was subtracted from each data history and then this

zero mean set of data histories was processed through the
ADAPT programs to derive the optimal empirical orthogonal
functions (in the Karhunen-Loeve sense) for representing
this ensemble of 260 data histories. The amount of variation
which is explained by each term in the optimal representation
is shown in the information energy plot presented in Figure 3.4.
This figure consists of two curves. The lower curve presents
the information energy in each of the terms and the upper
curve is the cumulative sum of the information energy in all
of the preceding terms. Thus, the first point on this curve
indicates that the first term in the optimal representation
explains approximately 20% of the information contained in
the data set. The second point on the lower curve occurs at
a value of approximately 12%. This indicates that the second
term in the optimal expansion contains approximately 12% of
the information in the data set. The second point in the
upper curve occurs at a value of approximately 32% (the sum
of 12 and 20) indicating that the first and second terms of
the optimal expansion taken together explain 32% of the
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FIGURE 3.3 - AVERAGE OF ALL 260 DATA HISTORIES USED TO

CONSTRUCT THE REFERENCE BASE
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information in the original set of data. Examination of
the lower curve suggests that changes occur in the slope

at dimensionalities of 15, 28 and 33. Thus, these dimen-
sionalities represent candidate dimensionalities for
analysis. The present study was performed at 15 dimensions
which proved adequate for all of the analysis carried out.

Figures 3.5 and 3.6 present the first two optimal
functions derived for this data set. These functions may
also be considered as the first and second columns of
the transformation matrix between the original eighty
dimensional data space and the first two dimensions of the
optimal space. The indexing variables shown on these optimal
functions are exactly the same as the indexing variables
for the typical data history shown on Figure 3.1l. It is
interesting to note that there is considerably more varia-
tion in the time domain variables; that is, variables 1
through 20 and 41 through 60 than in the frequency domain
as defined by the remaining variables.

Figure 3.7 gives the scatter plot of the coefficients
of the first versus the second term in a generalized Fourier
series representation using the optimal functions presented
in Figures 3.5 and 3.6. This figure may also be interpreted
as the projections of the learning data on the plane defined
by the first and second optimal directions of the optimal
orthogonal space. On this figure the 101 targets are identi-
fied by the numeral 1 and the four 21X targets are identified
by numerals 2 through 5. The reader will quickly note that
no numeral ones are visible. This is because the numeral ones
are buried in a single point located near the center of this
scatter plot. This is characteristic of all the scatter plots
in this study. Physically, it is a manifestation of the
characteristic of the 101 target that it has considerably less
variation then any of the 21X targets. The discrimination
analysis presented in other sections will show that this is
a very effective discriminant for separating these two classes
of targets.

The remainder of the transformation from the original
data space to the 15 dimensional optimal space used for
analysis in this study are presented in Figures 3.8 through
3.20. The reader should note that although the difference is
less significant than in the first two optimal functions, in
general one still finds considerably more variation occurring
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FIGURE 3.5 - FIRST OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.6 - SECOND OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.7 - SCATTER PLOT OF COEFFICIENTS OF FIRST VERSUS

SECOND TERMS IN OPTIMAL REPRESENTATION -
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FIGURE 3.8 - THIRD OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.9 - FOURTH OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.10 - FIFTH OPTIMAL FUNCTION REFERENCE BASE

EIGEN FUNCTION NPS
0.%00
0.200
0.100
X
0.0 o
B b=
3
(%]
;-C.IQ
-0.200
~0 . 0
-0. 600
] R "y 20 R 0 I |« ) I S To R T
INDEXING VARIABLE l
e (T) PCL(FFT) l 0e (1) oP(FET)

e




FIGURE 3.11 - SIXTH OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.l12 - SEVENTH OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.13 - EIGHTH OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.14 - NINTH OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.15 - TENTH OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.16 - ELEVENTH OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.17 -

TWELVETH OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.18 - THIRTEENTH OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.19 - FOURTEENTH OPTIMAL FUNCTION REFERENCE BASE
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FIGURE 3.20 - FIFTEENTH OPTIMAL FUNCTION REFERENCE BASE
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in the time domain than in the frequency domain.

3.2 Deletion of Targets to Demonstrate Generality of Bases

The easiest way to demonstrate the generality of a
base for representing different target types then used in
the learning data is to use that base to represent additional
targets. However, for the present study, all of the available
targets were used in the reference base; thus, this question
was addressed by creating a new base in which one of the
targets was deleted. The characteristic of this base
and results obtained using it were used to show the insensi-
tivity to a new target type. Two such bases were constructed,
the first was the "3-Class-2 target" base in which one of
the four 21X targets, target 214, was omitted from the
learning data. The other base was a base constructed without
the 101 target. The results of these comparison show that
the reference base should be very insenitive to the addition
of either additional 101 targets or additional 21X type
targets.

Figure 3.21 shows the average of the 220 data histories
not including the 214 target used to construct the first off
reference optimal base. Comparison of Figure 3.3 and 3.21
shows only minor differences between these averages. The
information energy curve for this base has not been presented
because it is identical to the information energy curve for
the reference base shown in Figure 3.4. This indicates that
the bases are quite similar. The first four optimal functions
of this base were also sufficiently similar to those presented
in Figures 3.5 through 3.9 that the reader could not observe
the differences. Figure 3.22 shows the fifth optimal function
of the "3-Class 2 target" base. Comparison of Figures 3.10
and 3.22 shows that these two optimal functions are still quite
similar although careful examination will reveal a few minor
differences. Figure 3.23 presents the sixth optimal function
for the "3-Class 2 target" base which can be compared with
the sixth optimal function of the reference base presented
in Figure 3.11. Although, initially these two optimal
functions may appear quite different, they are very similar.
The difference apparent to the eye is that Figure 3.23 is
essentially the mirror image of the curve presented in
Figure 3.11l. This is merely a change in the sign of the
coefficient corresponding to this optimal function or a change
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FIGURE 3.21 - AVERAGE OF ALL 220 CASES USED TO CONSTRUCT

THE THREE CLASS II TARGET BASE
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FIGURE 3.22 - FIFTH OPTIMAL FUNCTION THREE CLASS II TARGET

BASE
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FIGURE 3.23 - SIXTH OPTIMAL FUNCTION THREE CLASS II TARGET BASE
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in the definition of the negative or positive direction in

the optimal space. Since this sign is cancelled by the
corresponding sign on the coefficient, it is not significant.
Since Figure 3.23 is the mirror image of Figure 3.1l there

is still considerable similarity at the sixth optimal function.
Figure 3.24 presents the seventh optimal function. Comparison
of this with the seventh optimal function for the reference
base presented in Figure 3.12 shows that there are very
significant differences, however, if one compares Figure 3.24
with the eighth optimal function for the reference base
presented in Figure 3.13, we again see similarities. The
eighthoptimal function for the "3-Class 2 target™ base
presented in Figure 3.25 is just a mirror image of the

seventh optimal function for the referenced base. Thus,

the seventh and eighth optimal functions have exchanged roles
between these two bases. This is a relatively common
phenomena when two ADAPT bases are constructed from similar
data.

The information contained in the first 14 optimal functions
is essentially the same for both the reference base and
the "3-Class 2 target" base. Figure 3.27 presents the l4th
optimal function which can be compared with the corresponding
1l4th optimal function of the reference base presented in
Figure 3.19.

Thus, Figure 3.4 shows that for the most highly
correlated 90% of the variation in the data set, the "3-Class 2
target™ and the reference base are very much the same.

Since the analysis carried out in the present study only

used 15 dimensions the results obtained in the present study
should not be sensitive to which of these two bases are used.
This implies that if one were to add additional targets of
the 21X class, containing similar variation to that existing
between the four members of the 21X class used in the present
study, there should be very little difference in the optimal
base for representing the ensemble of the original pPlus the
new data.

Next consider effect of using additional 101 class
_targets. In most circumstances, it would be impossible to
obtain an answer to this question with only one 101 class
target. However, the characteristic of the bases obtained
from this data also allows one to demonstrate the insensitivity
of the base to the 101 class. The scatter plots showed that

a very small amount of the variation in the data is due to



FIGURE 3.24 - SEVENTH OPTIMAL FUNCTION THREE CLASS II TARGET BASE
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FIGURE 3.25 - EIGHTH OPTIMAL FUNCTION THREE CLASS II TARGET BASE
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FIGURE 3.26 - THIRTEENTH OPTIMAL FUNCTION THREE CLASS II

TARGET BASE
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FIGURE 3.27 - FOURTEENTH OPTIMAL FUNCTION THREE CLASS II

TARGET BASE
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the 101 class. Thus, one might hypothesize that the
base is defined by the 21X class. In other words, the
variation in the 21X class is sufficient to cover all
the possible variations in the 101 class and a base
derived from only the 21X class is the same as a base
derived from both the 21X and 10l class.

To verify this hypothesis, a new base was constructed
using only the 21X targets. Figure 3.28 shows the average
of all of the 21X targets. Comparing Figures 3.28 and
Figure 3.3 we see that the major difference is one of
scale, this implies that the 101 targets have exactly the
same average as the 21X targets except for a smaller
amplitude or that the 101 targets have essentially =zero
for their average input vector. The base constructed using
only the 21X data was so similar to the reference base that
no significant differences could be seen in either the
information energy curve or the first 15 optimal functions.
To illustrate this, the fifteenth optimal function for the
Class 21X only base is presented in Figure 3.29. The
reader may easily verify the similarity of these two optimal
functions by comparing this function with the fifteenth
optimal function for the reference base presented in
Figure 3,20.

3.3 Low Variation Sub Space

Figure 3.7 showed that the 101 targets all fell in a
very small portion of the first two dimensions of the optimal
space. Examination of the scatter plots up to the fifteenth
dimension shows that this is true in general and that the
101 target is restricted to a very small region of the optimal
space. This implies that a nearest neighbor discriminant
to this region is quite effective in rejecting a large
percentage of the 21X targets. However, some of the 21X
targets also fall in the same region as the 101 targets.
Thus, a base was developed which only encompassed this
portion of the space. This base was constructed using only
the 101 targets and the 21X targets which fell in the same
general region of the optimal space. This base has been
designated the low variation base and the average of all of
the cases used for this base are presented in Figure 3.30.
Comparison with the average for the reference base shown in
Figure 3.3 shows that there are significant differences both
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FIGURE 3.28 - AVERAGE OF ALL 160 CLASS II DATA HISTORIES
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FIGURE 3.29 - FIFTEENTH OPTIMAL FUNCTION FOR CLASS II ONLY BASE
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FIGURE 3.30 - AVERAGE OF ALL 116 LOW VARIATION CASES USED FOR

LOW VARIATION BASE
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in shape and in scale. Note, that the scale on Figure 3.30
is almost an order of magnitude smaller than that on

Figure 3.3. This suggests that these cases in addition

to possessing considerably less variation also have a lower
average value.

Figure 3.31 shows the explained variation as a function
of the number of dimensions used for this base. Since this
base does not have to explain as much variation as the
reference base, it is not surprising that the first term
explains a considerably larger percentage of the variation
then was the case for the reference base. Similarly, the
percent of information contained in any given number of
terms tends to be larger than for the reference base.

The first two optimal functions for the low variation base
are presented in Figures 3.32 and 3.33. Comparison with
the corresponding optimal functions for the reference base
shows that the low variation base appears to have a more
noise like structure. The scatter plot of the coefficients
of the first two terms for the generalized Fourier series
expansion of the cases used to make this base is presented
in Figure 3.34. The low variation base is made utilizing
16 members of the 21X class and the entire 10l class.
Examination of Figure 3.34 shows that the 10l class still
groups in a considerably tighter group which in this case
only contains one of the 16 21X members. Thus, the low
variation base has not changed the general character of

the classification problem which existed with the reference
base.

3.4 Bases Illustrating Effect of Reducing Radar System
Complexity

Bases were developed to investigate the effect of
reducing the radar systems complexity, and therefore the
information content of the radar signature, on the classifica-
tion schemes. The three bases developed were: 1) a base
using only the principal polarization, 2) a base which only
used information in the time domain and omitted all informa-
tion from the frequency domain and 3) a base which only used
information from the principal polarization in the time
domain. These three bases were designated the principal
polarization, time and the principal polarization-time base,
respectively.
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FIGURE 3.31 - EFFECT OF DIMENSIONS ON AVAILABLE INFORMATION-
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FIGURE 3.32 - FIRST OPTIMAL FUNCTION LOW VARIATION BASE
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FIGURE 3.33 - SECOND OPTIMAL FUNCTION LOW VARIATION BASE
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FIGURE 3.34 - SCATTER PLOT OF COEFFICIENTS OF FIRST AND SECOND
TERMS IN OPTIMAL REPRESENTATION-LOW VARIATION BASE

NP2 ELEMENT

SCATTER PLOTS-18207

-1.0

NP1 ELEMENT

72




The typical data histories and average input vectors
for these bases are just the corresponding portions of
Figures 3.1 through 3.3. For example, the typical data
history for the principal polarization base is just that
portion of Figure 3.1 including indexing variables 1
through 40. Similarly, the average input vector is that
portion of Figure 3.3 including indexing variables 1
through 40.

Principal Polarization Base

The information energy or explained variation as a
function of number of terms retained for the base utilizing
only the information from the principal polarization of
the radar return is presented in Figure 3.35. Since it
is no longer necessary to represent the L informa-
tion from the opposite polarization, a given percentage of
the variation should be explained with a smaller number of
terms. This can be seen by comparison of Figure 3.35 with
Figure 3.4. For the principal polarization base, the first
term in the representation explains 25% of the information
as contrasted to 20% for the reference base. The first 15
dimensions explain approximately 98% of information as
compared with approximately 90% for the reference base.

The first optimal function for the principal polarization
base is presented in Figure 3.36. Comparison of this figure
with the corresponding points of the first optimal function
of the reference base presented in Figure 3.5 shows that
the first optimal function for the principal polarization
base is themirror image of the corresponding points for the
first function of the reference base. As pointed out
previously, this mirror imaging is an insignificant difference
and we conclude that the first optimal function represents
the same physical phenomena even when only the principal
polarization is used. The second optimal function presented
in Figure 3.37 is also the mirror image of this portion of
the second optimal function of the reference base. However,
there are some minor differences in the detail structure
especially in the frequency plane portion of the signature.
Although the third optimal function for the principal polariza-
tion base is not similar to the first 40 points of the third
optimal function of the reference base, it is very similar
to the first 40 points of the fourth optimal function of the
reference base. Thus, for the principal polarization base,
the third optimal function contains the same physical information
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FIGURE 3.35 - EFFECT OF DIMENSIONS ON AVAILABLE INFORMATION-
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FIGURE 3.36 - FIRST OPTIMAL FUNCTION PRINCIPAL POLARIZATION BASE
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FIGURE 3.37 - SECOND OPTIMAL FUNCTION PRINCIPAL POLARIZATION BASE
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FIGURE 3.38 - THIRD OPTIMAL FUNCTION PRINCIPAL POLARIZATION BASE
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as was contained in the fourth optimal function of the
reference base. Examination of the higher order optimal
functions associated with the principal polarization base
indicate that there is no longer a 1 to 1 correspondence
between this base and the reference base.

The scatter plot of the coefficients of the first
two terms of the optimum generalized Fourier series
expansion of the data histories in terms of the principal
polarization base is presented in Figure 3.39. As would
be expected from the discussion of the optimal functions,
this figure is just a mirror image of the corresponding
projection presented for the reference base presented in
Figure 3.7. Examination of the higher order scatter plots
show that for all the scatter plots the 101 targets occupy
a single point at approximately the centroid of the scatter
plot.

Thus, first three terms in the principal polarization
base show great similarity to the corresponding terms in
the reference base, however, significant differences develop
after the third optimal function. This suggest that the gross
features of the results obtained using only the principal
polarization would be very similar to the gross features using
both polarizations, but significant differences would occur
after approximately the most correlated 30 to 40% of the
information is used.

Time Base

The time base consists of a base constructed using only
variables 1 through 20 and 41 through 60 from all of the data
histories used in the reference base. The information energy
or explained variation is a function of number of terms used
in this base is presented in Figure 3.40. The most significant
feature of this base is illustrated by the great similarity in
distribution of information energy for the time domain only base
and the reference base which was presented in Figure 3.4. 1In
fact, comparison of Figures 3.4 and 3.40 showsno difference
in the distribution of information energy. This suggests that
the frequency domain is not adding any information over that
which is available from the time domain. This is confirmed
by comparing the optimal functions associated with the time
base and the reference base. Comparison of Figure 3.41 with
Figure 3.5 shows that the first optimal function of the time
base is exactly the same as the corresponding points, that is
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FIGURE 3.39 - SCATTER PLOT OF COEFFICIENTS OF FIRST VERSUS THE
SECOND TERMS IN OPTIMAL REPRESENTATION-PRINCIPAL
POLARIZATION BASE
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FIGURE 3.40- EFFECT OF DIMENSIONS ON AVAILABLE INFORMATION-
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FIGURE 3.41 - FIRST OPTIMAL FUNCTION TIME BASE
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1 through 20 and 41 through 60 of the reference base.

The same statement is true for the second optimal function
shown in Figure 3.42 when compared with the second optimal
function of the reference based shown in Figure 3.6.
Clearly, one would expect the scatter plots to be esentially
identical and comparison of the scatter plot presented

in Figure 3.43 with that presented in 3.7 for the reference
base shows this to be the case. Detailed comparison

of the higher order optimal functions shows that they

are essentially identical through the maximum dimen-
sionality used in the present analysis. To illustrate
this, the fifteenth optimal function for the time domain
base is presented in Figure 3.44. Comparison of this
fifteenth optimal function with that presented in

Figure 3.20 for the reference base shows that the fifteenth
optimal function for the time base is identical to the
regions covered by indexing variables 1 through 20 and

41 through 60 of the reference base.

This comparison of the reference and time only base
verifies that the information contained in the real and
imaginary components of the frequency plane is redundant
with the information in the corresponding compcnents of
the time domain. This conclusion also follows from the
linearity of the Fourier transform when one deals with
the real and imaginary components. The remarkable result
is not the similarity of the time portions of the optimal
functions, but that the fact that the optimal functions
for the reference base tended to show less variation in
the frequency variables then in the time variables. It
is especially surprising that this occurred in the
dominant optimal functions.

It should also be emphasized that the conclusion
regarding the identity of information content is only
valid when one deals with the real and imaginary components
of the time and frequency domain signatures. If one
transforms to the amplitude and phase of the signatures
the process
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FIGURE 3.42 - SECOND OPTIMAL FUNCTION TIME BASE
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FIGURE 3.43 - SCATTER PLOT OF COEFFICIENTS OF FIRST VERSUS
SECOND TERMS IN OPTIMAL REPRESENTATION-TIME BASE
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FIGURE 3.44 - FIFTEENTH OPTIMAL FUNCTION TIME BASE
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becomes non-linear and the information content may be quite
different. This was seen in the Task 1 studies where the
amplitude in the time domain was found to be considerably
less useful then the amplitude in the frequency domain.

Principal Polarization Time Base

The above comparison of the time domain and the frequency
domain shows that one should construct the principal polari-
zation base in the time domain alone. This base should
contain the same information as the base constructed using
the principal polarization from both the time and frequency
domain. This would simplify the transformations to and
from the optimal space and reduce the complexity of the
data gathering system since only the principal polarized
data must be collected and the Fourier transform would not
have to be taken.

This base was constructed and designated the principal
polarization-time base. Consistent with the above results,
the information energy curve was identical to that presented
in Figure 3.35. The optimal functions were identical to the
first 20 points in the optimal functions for the principal
polarization time base. Because of this identity, these
figures are not presented but the reader is referred to the
corresponding figures in the principal polarization base when
interpreting results obtained using the principal polarization
time base.

35 Bases Using Square Pre-Processing to Create Differences
in Class Means

The configuration of the data points as indicated by
the examination of the scatter plots suggested that if one
took the square of the distance from the centroid of the 101
class to each target the resulting distribution of data points
should be far more susceptible to classification by linear
discriminants which use differences in the means of the
classes. Since programs were not available to accomplish this
in the optimal space and funding restrictions precluded
modifying the programs to accomplish this and alternate
approach of squaring the components in the original data
space and then finding the optimal representation was tried.
Two bases were made utilizing essentially the square of the
data vector. The first subtracted the mean of Class 1 from the
data prior to squaring the components, the other base was made
by simply squaring the components in the data space prior to
processing. The rational for squaring
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the data without subtracting the mean is based on the
extremely small value of the mean for Class 1. The results
indicated that both approaches produced essentially the
same base.

Typical data histories for the same cases as shown in
Figures 3.1 and 3.2 are shown in Figures 3.45 and 3.46 using
the square of each of the components. The average of all
260 data histories used to make the square base is presented
in Figure 3.47. The average of the data histories prepared
with or without prior subtraction of the mean was indistin-
guishable. The same was true of the distribution of informa-
tion energy as a function of number of terms used. This
distribution is given in Figure 3.48 and shows that the
square variables are significantly easier to represent than
the reference base. For example, the first term in Figure
3.48 contains 43% of the information in the entire data set.
The 15 term analysis using the square base utilizes 96% of
the total information as compared to 91% for the base using
the variables without the square pre-processing.

The first and second optimal functions using the square
variables are presented in Figures 3.49 and 3.50. The
scatter plot of the coefficient of these functions for each
of the data histories used is presented in Figure 3.51.

Note, that in this figure we see the same characteristic
that the 101 class again appears as a single point and only
some of the 21X class points are not located at this point.
However, comparing Figure 3.51 with the reference scatter
plot presented in Figure 3.7 shows that the squaring processes
has resulted in moving the point representing the 10l class
from the centroid of the data to one side of the data. Thus,
the means of the two classes are no longer identical and

one might expect some of the linear discriminants which make
use of the difference of means to be more effective on this
data.

The insignificance of the prior subtraction of the
mean of the 101 class was illustrated by the near identity
of all of the optimal functions from the first through the
fifteenth. The most dissimilar functions can be expected
to be the higher numbered functions where the noise plays
a more significant roll. Thus, the best illustration of
this similarity is to compare the fifteenth optimal functions
which is done in Figures 3.52 and 3.53. These functions are
mirror images of one another but other than the mirror imagery
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VALUE CORRESPONDING TO INDEXING VARIABLE
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FIGURE 3.47 - AVERAGE OF ALL 260 CASES USED TO CONSTRUCT SQUARE
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FIGURE 3.48 - EFFECT OF DIMENSIONS ON AVAILABLE INFORMATION-

SQUARE BASE
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FIGURE 3.49 - FIRST OPTIMAL FUNCTION-SQUARE BASE
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FIGURE 3.50 - SECOND OPTIMAL FUNCTION-SQUARE BASE
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FIGURE 3.51 - SCATTER PLOT OF COEFFICIENTS OF FIRST VERSUS
SECOND TERMS IN OPTIMAL REPRESENTATION-SQUARE BASE
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FIGURE 3.52 - FIFTEENTH OPTIMAL FUNCTION ZERO MEANS SQUARE BASE

EIGEN FUNCTION

E_E_§ F

eeln)

NDEXING
PPQFFT)

20 ”: 4“0 %0

RIABLE
oP(T)

&

A

e
OP(FFT)

»”

95




FIGURE 3.53 - FIFTEENTH OPTIMAL FUNCTION SQUARE BASE
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the two functions are nearly identical. This verifies
that the mean of the 101 class can be taken as zero without
significantly effecting the results of the analysis.
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4.0 ANALYSIS OF LINEAR CLASSIFICATION SCHEMES

In this report linear classification schemes are
considered to be any scheme having a linear detection
statistic for which the primary computation required
may be visualized as the projection of the data vector
on to another vector. This operation mathematically
is the DOT product operation and thus simply requires
the correlation of the two vectors. Because of this
computational simplicity, linear classification schemes
as defined here can be implemented with much simpler hard-
ware or for a given computer capability many more cases
can be examined than for non-linear schemes. In this
section of the report, we shall review the various
linear classification schemes which have been investiga-
ted for separating the Class 101l targets from the
Class 21X targets.

4.1 Selection of Candidate Linear Classifiers

The selection of the linear classifiers can be aided
by the analysis of the ADAPT representation which was
presented in Section 3. The scatter plot projections for
all of the learning data as well as 340 independent test
cases are shown in Figure 4.1. In this figure, Numerals 1
and 2 represent theone hundred learning and one hundred test cases
for the 101 class, respectively. The odd Numerals 3 through
9 represent the 40 learning cases for each of the four
21X classes used in this study. The even Numerals 4 through
8 and the equal signs represent the 60 test cases for each
of the four 21X classes.

This figure shows that the learning and test data both
exhibit the general characteristics of the scatter plots
which were seen on the learning data plot presented in

Section 3. The 101 Class points are so densely packed
that they are not visible on this figure. Comparison
of the odd and even numbers indicates that the outlier
cases are equally divided between learning and test
cases from similar classes. This general character is
true in all of the higher order scatter plots. The
expansion of the dense central region for the learning
cases is presented in Figure 4.2. In this figure, the
one hundred Class 10l learning cases are indicated by
the Numeral 1. The sixteen Class 21X learning cases
closest to the centroid of the 101
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FIGURE 4.1 - SCATTER PLOT OF COEFFIEIENTS OF FIRST VERSUS
SECOND TERMS IN OPTIMAL REPRESENTATION ILLUSTRATING

THE PROJECTION OF ALL 600 LEARNING AND TEST CASES
ON THE REFERENCE BASE
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FIGURE 4.2 - SCATTER PLOT OF COEFFICIENTS OF FIRST VERSUS SECOND

TERMS IN OPTIMAL REPRESENTATION SHOWING THE LOCATION

OF LEARNING CASES NEAR THE 101 CLASS ON THE REFERENCE
BASE
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classes are indicated by the Numerals 2. This plot verifies
the hypothesis that the 10l class is very densely packed

in this space relative to the 21X Class. This characteristic
is also true in the higher order scatter plots. An example
of such a scatter plot, the plot of the tenth and eleventh
optimal functions is presented in Figure 4.3.

These plots show that the major difference between the
101 and 21X Class is the variance while both classes have |
similar means. This result is very important in selectlng
the linear classifier to be used to separate the classes.
In most classification problems to which the ADAPT programs
have been applied, the difference between the classes was
to a large extent related to the characteristics of the mean
of the classes. For these cases, the Fisher discriminant
has proved both effective and easy to-implement. However,
when the mean values of two classes are similar and the
variance provides the basis for discrimination, the Fisher
discriminant has serious difficulties. This is illustrated
by performance of the Fisher discriminant on the learning
data which is shown on Figures 4.4A through C. Figures 4.4A
and B present the projection of the Class 21X learning data
onto the Fisher classification direction. Figure 4.4C
presents the projection of the Class 10l learning data onto
the Fisher direction. Examination of this figure shows that
even though the means of the two classes have been separated
by the Fisher discriminant, the great variation in the 21X
Class has resulted in false alarm rates approaching 50%.

The solution to this problem is illustrated by the
diagram presented in Figure 4.5. The class having very small
variation represented by the solid curve in the center of
Figure 4.5 may be entirely enclosed within two thresholds.
Although the class having a large variance will have a few
cases falling between these thresholds, the majority of its
members will fall outside of this limited region. The bar
chart presented in Figure 4.4A shows that even with the Fisher
discriminant considerably better performance would be obtained
if one used two threshold values. If one identified the 101
Class as all of those cases whose projection on the Fisher
direction fell between values of 0.1l and 0.2 and all other
values regardless whether they were above or below this value
were considered to be members of Class 21X, the performance
would be considerably improved. The emphasis in selection
of the Fisher direction is on both the mean and variation of

(1) Note that definition of linear classifier used in this
report includes any classifier for which the detection
statistic is obtained in a linear manner.
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FIGURE 4.3 - SCATTER PLOT OF COEFFICIENTS OF TENTH VERSUS ELEVENTH
TERMS IN OPTIMAL REPRESENTATION-SHOWING THE LOCATION
OF LEARNING CASES NEAR THE CENTROID OF THE 101 CLASS
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FIGURE 4.4A- BAR CHART SHOWING MAGNITUDE OF THE PROJECTION OF EACH
LEARNING CASE ON THE FISHER CLASSIFICAT ION DIRECTION
USING THE REFERENCE BASE
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FIGURE 4.4B - BAR CHART SHOWING MAGNITUDE OF THE PROJECTION OF
EACH LEARNING CASE ON THE FISHER CLASSIFICATION
DIRECTION USING THE REFERENCE BASE
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FIGURE 4.4C - BAR CHART SHOWING MAGNITUDE OF THE PROJECTION OF EACH
LEARNING CASE ON THE FISHER CLASSIFICATION DIRECTION
USING THE REFERENCE BASE - TARGET 101
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the classes. Therefore, several other linear classifiers
appear far more satisfactory for this data set.

One linear classifier which is natural for the ADAPT
programs is the projection on that direction which contains
the greatest amount of variation. By the definition of
optimum used in the ADAPT programs, this is just the first
optimal coordinate or the projection of the data shown in
Figures 4.1 and 4.2 onto the abscissa of these figures.
Examination of Figure 4.2 shows that this classification
scheme will be quite successful on this learning data since
if one used as thresholds for the abscissa of Figure 4.2
the values of -0.32 and-0.2 calling all cases lying between
these values members of the 101 Class and all cases lying
outside of these values members of the 21X class, only two
out of the 260 learning cases would be missed which is
considerably better performance than was illustrated by
Figures 4.4 even with the double threshold.

It is interesting to note that even the higher order
ADAPT optimal coordinates yield good classification results.
If one projects on the ordinate of Figure 4.2 and uses
thresholds of zero and-0.2 only four of 260 cases are mis sed
and even using the tenth and eleventh optimal directions
presented in Figure 4.3 one only misses eight and nine cases
out of the 260 learning cases, respectively. This latter
phenomenon suggests that one should investigate other techniques
than just the prOJectlon on the direction of maximum variation
since even directions having less variation tend to
provide reasonably good separations. One classification
scheme that should be better than the Fisher for problems
where classes differ primarily in the varxriation is the
classification scheme which we shall call the minimum variation
ratio classifier. This classification scheme is a linear
classification scheme which selects the direction onto which
to project the space by requiring the minimization of the
ratio of the variance of one class to the other class.

A third solution to the problem of finding an approach
to selecting the direction on which to project the space is
to non-linearily pre-process the data in such a way that
the difference in the variation will be transformed into a
difference in the mean values. The simplest such non-linear
transformation is simply to square the difference between the
location of each point in the space and the centroid of the
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class exhibiting the smallest variation. When this is done,
the members of the class having the smallest variation will
lie near the origin and the members of all the other classes
will lie at greater distances from the origin. Thus, the
means of the classes can be separated. This is
illustrated by Figure 4.6 which is the scatter plot for the
squared base. As discussed in Section 3.0, the fact that

the centroid of the 101 class is close to zero made it
possible to achieve this result by simply squaring the
variables. Since the ADAPT representation reduces the noise
squaring would probably be most effective if carried out
after transformation to the ADAPT coordinate system. However,
because of the format of .the programs available to perform
the analysis, in the present study the squaring was performed
on the data prior to the transformation to the ADAPT optimal
space. Thus, the third approach to the classification which
will be examined in this study is the application of the
linear classifier after pre-processing the variables by
squaring them.

The character of the data illustrated in the
preceding discussion suggests that if the data is
ergodic and a high variation case falls within the
region defined by the low variation class, this will
only occur over a short period of time. If this con-
jecture is true, then the performance of all of these
linear classifiers would be improved by sequential sampling of
targets which are not classified as a 21X. If the target
is a 21X and time between the samples is large compared
to the correlation time of signature, the probability is
high that the second data sample will reveal the target
to be a 21X rather than a 10l type target. Thus, for
any given detection probability, the leakage rate would
be improved.

4.2 Performance Comparison of Candidate Linear Classifiers
Using Different ADAPT Base '
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FIGURE 4.6 - SCATTER PLOT OF COEFFICIENTS OF FIRST VERSUS SECOND
TERMS IN OPTIMAL REPRESENTATION SHOWING THE LOCATION

OF ALL 600 LEARNING AND TEST CASES ON THE SQUARE
BASE

PROJECTION OF ALL CASES ON REFERENCE BASE

NP2TH ELEMENT

3

3L

-0 -850

-40

L]

NP1TH ELEMENT

109




Bar charts such as Figures 4.4 are not convenient for
comparing a large number of different algorithms each involving
a large number of individual cases. Thus, the performance of
the various linear classifiers will be presented in two
alternate ways. The first is to summarize the characteristics
of the detection statistics which would be shown on the bar
chart by presenting the: 1) mean value, 2) standard deviation,
3) the max value, 4) the min value and 5) the associated case
number for the max and min value of the detection statistics
for each class. These tables are only useful for identifying
those classifiers which have identical or nearly identical
performance. When this occurs, the detection statistic will
have the same mean value and standard deviation as well as
the same case number and value for the max and min cases. .

Na

The second method used here to compare the performance
of algorithms is to compare the Receiver Operating Curve,
(R.0.C.) or classification performance trade-off curves
for the algorithms. These curves consist of the plots
of detection probability versus false alarm rate.

Two sets of data were provided for this study. The

first consisted of 600 cases divided into 200 members of

the 101 Class and 100 - /members each from Classes

211 through 214. The second set consisted of 1800 cases,

1,000 ~ iof which belong to the 101 Class and 200 belong
' to each of Classes 211 through 214. The smaller of these

two sets was supplied initially and was divided into a

training and test _set of data. The training set consisted

of the first hundred of the 101 cases and the first forty

of each of the 211 through 214 Classes. The remaining cases
were used as a ' test set. All of the algorithms used

in this study were derived using this training set of data.
Computationally, the simplest performance evaluation would

be to use the performance on the training set. However, this
has the disadvantage of the general distrust of the use of
learning data to verify the performance of empirical algorithms
derived from it and this approach was not considered. Three
sets of data were considered for evaluati ng the performance

of the algorithms derived. The first set considered consisted
of the 360 case test !data set. The second consisted of the
entire 600 case set of training plus’ ~ test data. The
first of these suffers from the small number of cases available
to develop the classification performance unless one has apriori
knowledge of the distribution function. The second set of data
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also suffers from the distrust of the use of learning data
to verify the performance of empirical algorithms derived
from it and also has a relatively small number of samples.

The best set of data for evaluating performance is
the 1800 independent test case set. This set of data was
not used in the learning and was derived in an identical
manner at a different time. It's only disadvantage is
that because of the large quantity of cases more computation
is required for evaluation especially for non-linear classifiers.

To provide an'understanding of the relative merits of
each of these data sets for evaluating the performance of
the classifiers, the minimum variation ratio algorithm was
derived using all three data sets. Since this data was
used to construct four different algorithms; namely, the
separation of each of Classes 211 through 214 from Class 101,
600, 340 and 1800 case test sets provided 300, 160 and 1200
@ases for evaluating each of the algorithms. These evalua-
tions were carried out both under assumption that the detec-
tion statistic was Gaussian and under no assumption for the
distribution of the detection statistic. When one assumes
that the distribution of the detection statistic is Gaussian
one may compute the ROC curve from the mean and standard
deviation of each of the classes. This curve may be computed
for all values desired for the false alarm rate and detection
probability. However, extreme care must be used in interpret-
ing these results to asswe that one knows the detection
statistic is Gaussian even in the wings of the distribution
function.

If one does not assume a distribution function for the
detection statistic, the ROC curve may still be computed
"experimentally" from the values of the detection statistic.
This is accomplished by varying the threshold and counting
the number of 101 targets detected and the number of 21X
targets which have leaked through. By dividing these numbers
by the number of cases avai lable in each set one obtains an
"experimental™ estimate of both the detection probability
and the false alarm rate for that particular threshold. The
region of the ROC curve which can be computed in this way is
limited by the number of test cases. For the 1200 test cases
where 1,000 cases were available for the 101 target and 200
for the 21X target one could obtain values for the false
alarm rate ranging from .005 to 1 and for the detection
probability ranging from 0.001 to 0.999. The values obtained
near the outer limits of this region will have significant
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uncertainty associated with them. Since this is the only
region for which the experimental classification trade-off
curve can be obtained, the Gaussian and experimental curves
were compared over this region. These comparisons are
presented in Figures 4.7 through 4.10 for the minimum
variation ratio classifier using the reference base. The
solid line on these figures represent the evaluation using
the assumption of a Gaussian detection statistic and the
1800 case test data set. The dash line is constructed using
the assumption of the Gaussian detection statistic and the
340 case test data set. The dotted line is constructed
assuming a Gaussian detection statistic for the 600 cases
made up of both the learning and 340 case test data set. The
open symbols represent the experimental ROC curve points
derived using the 340 case test set. Those open symbols
with the flag represent the experimental ROC curve derived
using the learning and test data. The closed symbols represent
the experimental ROC curve derived using the 1800 case test
data set.

Examination of Figures 4.7 through 4.10 shows that for
this base and this classification scheme only the experimental
ROC curves should be used to obtain estimates of the performance,
The ROC curves based on the Gaussian assumptions and the
independent test cases consistently overestimate ' the true
performance by approximately the same amount. The 340
independent test sample also underestimates the actual
performance even when the experimental data is used. This
suggests that there are two components to the error between
the Gaussian estimate of 340 test case performance and the
experimental performance from the 1800 test cases. One compon-
ent is due to the non-Gaussian nature of the detection statistic
and the other companent is due to an actual difference which
must exist between these 340 test cases and the 1800 independ-
ent test cases. It is recommended that further analysis
consisting of developing relative importance vectors between
these two data sets be performed to attempt to provide an
understanding of whether a real difference does exist and if
it does to determine its characteristics.

112



FIGURE 4.7 - CLASSIFICATION TRADE
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CLASSIFICATION TRADE-OFF CURVES FOR PROJECTION OF 212

FIGURE 4.8 - _
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FIGURE 4.9 - CLASSIFICATION TRADE-OFF CURVES FOR PROJECTION OF THE
213 TARGETS ON THE MINIMUM VARIATION RATIO CLASSIFIER
DEVELOPED USING THE REFERENCE BASE ILLUSTRATING THE
RELATIVE EFFECTIVENESS OF SEVERAL EVALUATION SCHEMES
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FIGURE 4.10 - .CLASSIFICATION TRADE-OFF. CURVES FOR PROJECTION OF THE
214 TARGETS ON THE MINIMUM VARIATION RATIO CLASSIFIER
DEVELOPED USING THE. REFERENCE BASE ILLUSTRATING THE
RELATIVE EFFECTIVENESS OF SEVERAL EVALUATION SCHEMES
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4.3 Discrimination Using Projection on First ADAPT Optimal
Birection as the Detection Statistic
o= oll a8 Lthe Yetection Statistic

The projection of the 260 learning cases as well as the
340 independent test cases on the first optimum direction of
the reference base is summarized in Table 4.1. This table
is typical of the tables used to summarize the projections
of this original data set on each of the linear classifiers
evaluated in this study. It presents the class identifica-
tion, the number of members in each class, the mean value,
the standard deviation, max and min values of the projection
and identifies the case or count number within each class
at which the max and min values occur. The classes are
identified in Column 1 of Tables 4.1 through 4.10 by the
Numerals 1-10 where the Numeral *1" identifies the 100
independent test cases belonging to Class 101, even Numerals
2" through *8* identify the learning cases for Classes 2 L L
212, 213 and 214, respectively. Numeral “10* identifies the
learning cases for the 101 Class and the odd Numerals 3
through 9 identify the 60 independent test cases belonging
to Classes 211, 212, 213 and 214, respectively, Thus,
Table 4.1 shows that the 40 learning cases used for the 212 Class
had a mean value for the Projection on the first ADAPT optimal
direction of -0.261 with a standard deviation of 0.418. The
max and min values were 1.032 and -0.725, respectively, and
occurred at the 27th and 37th case, respectively. Similarly,
the mean value of the projection of the corresponding 60
independent test cases on the first ADAPT optimal coordinate
is -0.313 with a standard deviation of 0.561. Max and min
values for the independent test data occurred at the 2nd and
9th case, respectively, and had values of 1.67 and -2.4,
respectively.
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The performance of this classifier on the 1800
independent test cases is summarized by the four classi-
fication trade-off curves presented in Figure 4.11. This
curve shows the detection probability versus false alarm
rate for each of the 21X targets when the first ADAPT
optimal coefficient is used as the detection statistic
for separating the 21X target from the 101 target. These
curves show that there is considerable variation in the
performance between the various 21X targets. For example,
if we desire detection probability for the 101 target of
0.99, the false alarm rate for the 211 target will be
between 3and 4% and the false alarm rate for the 214 target
will be almost 50%.

The relative importance vector for this classifier
is of course simply the first optimal function of the
reference base whi was presented in Figure 3.5. The
double thresholdingfof the detection statistic makes the
interpretation of the relative importance vector different
than the interpretation for a single threshold classifier
such as the Fisher discriminant used in Reference 1. The
absolute magnitude of the relative importance vector for
any given indexing variable still provides an ' indication
of how important that variable is to reaching the decision.
However, since both large and small values of the detection
statistic now belong to the same class it is considerably
more difficult to associate a given feature of the relative
importance vector with some characteristics of one of the
classes. Examination of Figure 3.5 shows the surprising
result that for this classification scheme, the time portion
of the data history (indexing variables 1 through 20 and
41 through 60) appeared to be significantly more important
than the frequency domain. Since both the linearity of the
Fourier transform and the analysis of the reference base as
compared to the time only base show these two bases to
contain identically the same information, it is difficult
to understand why the time domain should be more useful than
the frequency domain. This phenomena is also discussed in
Section 3.4.

4.4 Discrimination Using the Minimum Variation Ratio Classifier

The minimum variation ratio classifier is a classifier
which projects all of the data on that direction which

(1) Double thresholding consists of requiring the detection
statistic to lie between two numbers.
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FIGURE 4.11 - CLASSIFICATION TRADE-OFF CURVE FOR PROJECTION OF ALL
'TARGETS ON THE FIRST ADAPT OPTIMAL DIRECTION CLASSIFIER
DEVELOPED USING THE REFERENCE BASE
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minimizes the ratio of the variation in one class to the
variation in the other class. This classifier is also
known as Siﬁultaneous Diagonalization. Intuitively, one
expects that this should be a very good criteria for data
which has the spatial distribution observed in the scatter
plots. Sinde it examines the entire optimal space it may

yield a better classification direction then projecting
on the first ADAPT optimal ecordinate,! Since this classifier
is more representative of other linear classifiers which
might be gqvaluated using the ADAPT optimal representation,
it was selected as the reference classifier for the present
study. ‘

The projection of the 260 learning cases on the
minimum variation ratio classifier optimal direction is
illustrated in Figures 4.12A through 4.12C. .Figures 4.12A
and B show the projection of the 21X class on this classifier
and Figure 4.12C showed a projection of the 101 Class on
this classifier. This particular classifier was derived
to minimize the ratio of the variation in the 101 Class
to the variation of the 21X Class. The information presented
on Figure 4.12 may be summarized in a table such as Table 4.2.
Table 4.2 summarizes this projection both for the learning
data shown in Figure 4.12 and the 340 independent test cases.
The class identification and values presented are the same
as those presented in Tables 4.1. The mean value: for the
learning 101 Class is =-0.01182. Because of a.difference in
the origin used in the computer programs which prepared
Table 4.2 and Figure 4.12 and additive constant of .0614
must be added to the values given in the table to obtain the
corresponding value on Figure 4.12. Thus, this value of -0.0118
corresponds to the value of .0496 which is plotted in
Figure 4.12C. Because of the small value of the standard
deviation of this glii},it is difficult to visually verify
that case numbers 12 and 51 on Figure 4.12C are the maximum
and minimum values of the detection statistic, respectively.
However, examination of the first 40 points on Figure 4.12A
allows one to easily verify that the 25th case having a value
of approximately 8.8 is the maximum value and that the 10th
case having a value approximately -4.86 (i.e. -5.47 plus the
additive constant of .614) is the minimum value for the 211
class. The reader may make similar camparisons for the
212, 213 and 214 classes as presented in Figure 4.12A.

The relative importance spectrum for the minimum variation

ratio classifier is presented in Figure 4.13. This bar chart
shows the relative importance of each of the ADAPT optimal
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FIGURE 4.12A - BAR CHART SHOWING THE MAGNITUDE OF THE PROJECTION

OF EACH LEARNING CASE ON THE MINIMUM VARIATION RATIO
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FIGURE 4.12B - BAR CHART SHOWING THE MAGNITUDE OF THE PROJECTION
OF EACH LEARNING CASE ON THE MINIMUM VARIATION RATIO
CLASSIFICATION DIRECTION USING THE REFERENCE BASE
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FIGURE 412C - BAR CHART SHOWING THE MAGNITUDE OF THE PROJECTION
OF EACH LEARNING CASE ON THE MINIMUM VARIATION RATIO
CLASSIFICATION DIRECTION USING THE REFERENCE BASE
FOR TARGET 101
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FIGURE 4.13 - RELATIVE IMPORTANCE OF OPTIMAL COORDINATES TO
MINIMUM VARIATION CLASSIFIER DEVELOPED USING THE
REFERENCE BASE
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coordinate directions to the direction on which all of

the data is being projected. This figure shows that the
minimum variation ratio classifier used here is primarily
lined up with the first optimal coordinate but is slightly
deflected towards the direction of the second, fourth and
tenth optimal coordinates. The projection of this direction
onto the original data space gives the relative importance
vector for this classifier which is presented in Figure 4.14.
Examination of this figure leads to the same major conclusion
as examination of the first optimal function in Figure 3.5;
namely, that the time domain plays a far more important role
in the classification then the frequency domain. The
detailed structure of the relative importance vector shows
considerable difference from the detail structure of the
first optimal function presented in Figure 3.5. Thus, this
is a different classifier then the first ADAPT optimal
direction classifier. :

The performance of this classifier for separating the
four 21X targets from the 101 target is summarized in the
classification trade-off curve presented in Figure 4.15.
Figure 4.15 is a compilation of the experimental ROC curves
taken from Figures 4.7 through 4.10. This curve shows that
the relative difficulty of identifying the four 21X targets
is approximately in the same order as for the first ADAPT
optimal direction classifier. However, the total variation
between the easiest and most difficult classifiers is
considerably less than that which was seen in Figure 4.11.
Comparison of Figure 4.15 with 4.11 shows that the classifica-
tion performance of these two classifiers is quite similar
for the more difficult targets, but the first ADAPT optimal
direction classifier is superior to the minimum variation
ratio classifier for the easier targets.

The Effect of Radar System Complexity

The reference base was used to evaluate the effect of
the radar system complexity on the classification performance.
The effect of the radar system complexity was evaluated by

comparing the performance with ~-similar bases and classi-
fication schemes derived utlllzing ‘only the time domain portion
of the signature and _ ~__'only the principal polarization.

This allows the estlmate of the degradation in performance
that occurs if only the principal polarization is measured
and the degradation in performance which would be incurred
if one did not perform the transformation to the frequency
domain.
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FIGURE 4.14 - RELATIVE IMPORTANCE OF SIGNAL ELEMENT CORRESPONDING
TO INDEXING VARIABLE FOR MINIMUM VARIATION RATIO
CLASSIFIER DEVELOPED USING THE REFERENCE BASE
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FIGURE 4

.15 - CLASSIFICATION TRADE-OFF CURVES FOR PROJECTION OF ALL
THE TARGETS ON THE MINIMUM VARIATION RATIO CLASSIFIER
DEVELOPED USING THE REFERENCE BASE
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Table 4.3 summarizes the projection of the 260
learning cases and 340 independent test cases on the minimum
variation ratio classifier derived using only the time
domain portion of the radar signature. The analysis of
the ADAPT base derived using only this portion of the
signature, which was presented in Section 3.5, showed that
this base was essentially identical to the reference base.
Thus, one would expect that the classification algorithms
derived on this base would have identical performance.
The fact that this has occurred can be verified by comparing
Tables 4.2 and 4.3. The mean and standard deviation of each
of the classes, for both the learning and independent test
cases agree to approximately two places and the same values
for the max and min occur for the same cases. Examination
of the individual cases confirms that the use of only the
time domain for the analysis has had no effect on the
classification algorithm. Thus, if the analysis is to be
performed using the real and imaginary components without
farther non-linear processing it should be performed using
only the data from the time domain.

The simplest signature considered in this study from
the radar hardware standpoint is that using only the principal
polarization in the time domain. Table 4.4 presents the
summary of the projection of the 260 learning and 340
independent test cases onto the minimum variation ratio classi-
fier derived using the principal polarization time domain base.
Comparison of Table 4.4 and the projection derived from the
reference base presented in Table 4.2 shows these two bases
to be similar. The similarities can be seen if one realizes
that these bases tended to be mirror images and thus the
signs associated with each of the classesare reversed. Thus,
a positive mean value for the reference base tends to become
a negative mean value for the principal polarization time base.
Also the standard deviations associated with each class are
approximately the same order of magnitude. The mirror imaging
also results in an exchange of maximum and minimum values
since positive values are now negative and negative values
become positive.

The discussion in Section 4.1 showed that the behavior
of the minimum variation detection statistic was both non-
Gaussian and often showed differences between the 360 case
test set and the 1800 case test set. Thus, these algorithms
derived on the principal polarization time base were also
evaluated against the 1800 independent test cases. The results
of this evaluation are presented in the classification trade-off
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shown in Figure 4.16. Comparison of Figure 4,16 with Figure

4.15 shows the surprising result that the performance has not

been degraded by limiting the data to the principal polarization
only. The slight improvement in the classification performance
seen in this figure is statistically insignificant. One

also notes, that in general the relative ease of classifying

the targets is the same for the algorithms derived in both

the reference base and the principal polarization time domain base.

Assuming no useful information is discarded in the
truncation of the Karhunen-Loeve expansion, the above results
and the conclusions reached in Section 3 suggest that the
performance of any classification algorithm derived using
the principal polarization only base would be identical to
the performance of the classification algorithms derived
using the principal polarization time domain base. This was
verified by deriving the minimum variation ratio classifier
for the principal polarization only base. Projection of the
260 learning cases and 340 independent test cases on the
separation direction for this classifier is summarized in
Table 4.5. Comparison of Tables 4.4 and 4.5 verify that
these bases produce the same classification performance.

Effect of Variations in Learning Data

The sensitivity of the classification algorithms to
additional targets belonging to both the 21X and 101 Class
was evaluated by deriving minimum variation ratio classifiers
using the Class II only and the 3-Class II target bases.
Table 4.6 presents the summary of the projection of the 260
learning cases and 340 independent test cases on the separation
direction for the minimum variation ratio classifier derived
using the Class II base. Comparison of Table 4.6 with the
projection on the separation direction using the reference
base presented in Table 4.2 shows that these projections are
essentially mirror images of one another. The means of each
class are equal to the negative of the means of the correspond-
ing class in the reference base to an-accuracy of approximately
two decimal places. The standard deviations of the projection
of each class also agree for those derived using the reference
base to approximately two decimal places. Again,because of the
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FIGURE 4.16 - CLASSIFICATION TRADE-OFF CURVES FOR PROJECTION

OF ALL THE TARGETS ON THE MINIMUM VARIATION RATIO
CLASSIFIER DEVELOPED USING THE PRINCIPAL
POLARIZATION TIME BASE
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mirror imaging the cases having maximum values for the

Class II only base are exactly those cases having minimum
values for the reference base and vice-versa. The values

of the max and min cases are also negative of each other.

Thus, we conclude that the deletion of the 101 Class from

the derivation of the base did not affect the performance

of the classification algorithm derived from the base. This

is consistent with the results obtained in Section 3 where

we saw that the same deletion of Class 214 did not significant-
ly affect the characteristics of the base.

The effect of adding additional members of the 21X
Class was evaluated by using the 3-Class II target base to
derive the minimum variation ratio classifier. The performance
of this classifier is summarized in Table 4.7, Comparison
of this table with the performance on the reference base
presented in Table 4.2 shows that the effect of using only
three members of the Class 21X is very small. The means
and standard deviations of the two classes agreed to better
than one significant figure. Except for the 212 Class, the
cases for which the maximum and minimum occur also agree
between the two bases. For the 212 Class, we see differences
in the cases which are maximum and minimum . Thus,
we conclude that the elimination of 214 €lass had a small
but slightly greater effect than the elimination of the entire
101 Class from the learning data set.

4.5 Discrimination Based on Linear Classifiers Applied After
Square Pre-Processing

The square base was constructed from the same data used
for the reference base but after each of the components had
been squared. The purpose of this squaring was to create a
base in which the mean values for the 101 and the 21X Class
would be different. By squaring the difference between the
mean of the 101 Class and the value of each of the components
this could be achieved. Since the mean of the 101 Class was
essentially zero, the simple squaring of the variables was
used to accomplish this. After performing the squaring
pre-processing and developing the ADAPT optimal base, the
Fisher classification direction was derived for this space.
The projection of the learning data on the Fisher classification
direction is shown in Figure 4.1X7A, B, and C. Figure 4.17A
and B showed the projection of the 21X Class on the Fisher
classification direction and Figure 4.17C shows the projection
of the 101 Class on this direction. This figure shows the
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FIGURE 4.17A - BAR CHART SHOWING THE MAGNITUDE OF THE PROJECTION
OF EACH LEARNING CASE ON THE FISHER CLASSIFICATION
DIRECTION FOR THE SQUARE BASE
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FIGURE 4.17B - BAR CHART SHOWING THE MAGNITUDE OF THE PROJECTION
OF EACH LEARNING CASE ON THE FISHER CLASSIFICATION
DIRECTION FOR THE SQUARE BASE
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FIGURE 4.17C - BAR CHART SHOWING THE MAGNITUDE OF THE PROJECTION
OF EACH LEARNING CASE ON THE FISHER CLASSIF ICATION
DIRECTION FOR THE SQUARE BASE FOR TARGET 101
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surprising result that although the situation has improved
significantly relative to the reference base, the variation
of the 21X Class targets still plays a dominant role in

the classification. The mean values for the 212 and 214
targets are still very similar to the 101 class. Furthermore,
the 101 Class still shows extremely small variation. 1In

fact, detail analysis of numerical results show that the
variation is even less than in the reference base.

Figure 4.18 shows the relative importance spectrum for
the Fisher classification direction. This spectrum shows
that the Fisher classification direction makes use of the
higher order optimal directions far more than the lower order
optimal directions. The relative importance vector obta ined
by transforming the Fisher classification direction back to
the original data space is presented in Figure 4.19. This
figure shows a slight preference for the variables in the
time domain although significantly less than was seen in
the relative importance vectors using the bases derived with-
out the square pre-processing. This figure also shows that
the principal polarization plays a significantly more important
role then the opposite polarization.

The performance of the Fisher classification law on
the 1800 independent test sets 4
1 i 5 ' " is presented in
terms of the classification trade-off curve in Figure 4.20.
Figure 4.20 shows that the classification performance for
the more difficult targets (i.e. 212 and 214) is approximately
the same as was observed with the minimum variation ratio
classifier on the reference base. The classification of the
easier targets, (i.e. 211 and 213) is significantly improved
over that using the minimum variation ratio classifier and
the reference base. The results presented in Figure 4.20 may
also be compared with the expected performance based on assump-
tion of Gaussian distribution for the detection statistic.
Analysis of the Fisher detection statistic shows that if the
distributions were Gaussian the detection probahi lities for
the 211, 212, 213 and 214 Classes shouldbe approximately .27, .41,
.30 and .45, respectively, over the entire range of detection
probabilities illustrated on Figure 4.20. Although the shape
of the experimental curve shown on Figure 4.20 approximates
the vertical lines indicated by the Gaussian analysis, the
values for the 211 and 213 Classes are more than in order of
magnitude in error. Thus, the Fisher detection statistics
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FIGURE 4.18 - RELATIVE IMPORTANCE OF EACH OPTIMAL COORDINATE
TO FISHER CLASSIFICATION DIRECTION USING THE

SQUARE BASE
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FIGURE 4.19 - RELATIVE IMPORTANCE OF SIGNAL ELEMENT CORRESPONDING
TO INDEXING VARIABLE FOR FISHER CLASSIFIER USING
SQUARE BASE
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FIGURE 4.20 - CLASSIFICATION TRADE-OFF CURVES FOR PROJECTION OF

ALL THE TARGETS ON THE FISHER CLASSIFIER DEVELOPED
USING THE SQUARE BASE
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do not appear to be Gaussian.

Minimum Variation Ratio Classifer on Square Base

The examination of the scatter plots and of the
proj ections of the Fisher detection statistic shown in
Figure 4.17 suggests that the minimum variation ratio
classifier might work well on the square base. Thus, the
minimum variation ratio classifier was derived for the
square base. The projection of the learning cases on the
minimum variation ratio classification direction is shown
in Figures 4.21A through €. These projections as well as
the projections of the 360 independent test cases are
summarized in Table 4.8. When comparing Table 4.8 and
Figure 4.21 an additive constant of -0.0828 must be added
to the values given in the table to obtain the values shown
in Figure 4.21.

The relative importance spectrum for the minimum
variation classifier derived on the square base is presented
in Figure 4.22. This spectrum shows that for this case the
classification direction is primarily in the direction of
the second optimal coordinate but many other coordinates
make significant contributions. The relative importance
vector for this classifier is shown in Figure 4.23. This
relative importance vector shows the interesting result that
this classification is dominated by the time portion of the
opposite polarization. In contrast to the reference base,
we must conclude that for the square base, the performance
would be degraded if one only used the principal polarization
of the return. '

The performance of the minimum variation ratio classifier
derived using the square base is considerably better than the
performance of the same classifier derived using the reference
base. This is easily seen by comparing the classification
trade-off curves presented in Figure 4.24 with those presented
for the reference base in Figure 4.15. 1In fact, . _

the performance on the 211 and 212 target is better than can
be evaluated using the 1800 case test set. However, one

may state that over the detection probability ranges shown
on Figure 4.24, the 211 and 213 targets most likely have
false alarm rates of the order of half a percent or less.
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FIGURE 4.21a- BAR CHART SHOWING THE MAGNITUDE OF THE PROJECTION
OF EACH LEARNING CASE ON THE MINIMUM VARIATION
RATIO CLASSIFICATION DIRECTION DEVELOPED USING
THE SQUARE BASE
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FIGURE 4.21B - BAR CHART SHOWING THE MAGNITUDE OF THE PROJECTION OF
EACH LEARNING CASE ON THE MINIMUM VARIATION RATIO

CLASSIFICATION DIRECTION DEVELOPED USING THE SQUARE
BASE
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FIGURE 4.21C - BAR CHART SHOWING THE MAGNITUDE OF THE PROJECTION OF
EACH LEARNING CASE ON THE MINIMUM VARIATION RATIO
CLASSIFICATION DIRECTION DEVELOPED USING THE SQUARE
BASE FOR TARGET 101
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FIGURE 4.22 -

RELATIVE IMPORTANCE OF OPTIMAL COORDINATES TO

MINIMUM VARIATION RATIO CLASSIFIER DEVELOPED USING

THE SQUARE BASE
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FIGURE 4.23 - RELATIVE IMPORTANCE OF SIGNAL ELEMENT CORRESPONDING
TO INDEXING VARIABLE FOR MINIMUM VARIATION RATIO
CLASSIFIER DEVELOPED USING THE SQUARE BASE
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FIGURE 4.24 - CLASSIFICATION TRADE-OFF CURVES FOR PROJECTION OF
ALL THE TARGETS ON THE MINIMUM VARIATION RATIO
CLASSIFIER DEVELOPED USING THE SQUARE BASE
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The analysis of the square base and the base obtained
by subtracting the mean of Class I prior to squaring
presented in Section III showed that no significant difference
between these two pre-processings were visible in terms of
the characteristics of the bases derived. To verify that
this similarity was still present when one used these bases
to derive classification laws, the minimum variation ratio
classifier was derived for the zero mean square base. The
projection of the 260 learning and 340 independent test
cases on the minimum variation ratio separation direction
for this base is summarized in Table 4.9. Comparison of
Table 4.9 and Table 4.8 shows that the mean values of the
classes are in agreement to two significant figures and the
standard deviations to more than four significant figures.
Again, the max and min cases are identical and have similar
values. Thus, we conclude that the classification results
obtained on the square base will be identical to those
obtained on the zero mean square base.

Classification Using First Optimal ADAPT Coefficient As
Detection Statistic for Zero Mean Square Base

Since the first optimal coefficient proved an effective
detection statistic for the reference base, it was also tried
as a detection statistic for the square base. Table 4.10
‘presents the summary of the projection of the 260 learning
cases and 340 independent cases on the first ADAPT optimal
coordinate. The performance of the first ADAPT optimal
direction classifier on the 1800 independent test cases
is presented in the classification performance trade-off
curve shown in Figure 4.25. Comparison of Figure 4.25 with
Figure 4.24 shows that this detection statistic has the same
or slightly better performance then the minimum variation
ratio classifier. It should be pointed out that the per-
formance where the 211 and 213 targets exceeds that which can be
measured using 1800 case test set. The fact that
no false alarms occur even when all 1,000-101 test cases are
correctly identified suggests that the use of the first ADAPT
coefficient as a detection statistic may be significantly better
than the minimum variation ratio classifier for these two targets.
This cnjecture is further supported by the fact that this
result was also obtained when the minimum variation ratio
classifier was compared with the first ADAPT optimal direction
classifier on the reference base.
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FIGURE 4.25 - CLASSIFICATION TRADE-OFF CURVES FOR PROJECTION OF
ALL THE TARGETS ON THE FIRST ADAPT OPTIMAL DIRECTION
CLASSIFIER DEVELOPED USING THE SQUARE BASE
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Prognosis For Use of Incoherent Signature

The major difference between the data used for the
Task 1 and the Task 2 studies was that the Task 1 data was
incoherent data and the Task 2 data was coherent. One
important task which remains to be performed is to repeat
a portion of the classification analysis of the Class II
study using only the amplitude of the return to assess
the effect of this difference on the performance. This
analysis should be carried out parallel to that performed
using the square variable base. To perform this, one would

add the square of the real and imaginary portions

of the return, thus, reducing the signature to one half
the number of points. This would be equivalent to processing
the square of the incoherent amplitude. These results could
be compared directly with the results obtained using the square
base. The differences in the performance observed should be
attributable to the loss of information in using an incoherent
rather than a coherent signature. Although this analysis has
not been performed, review of the data vectors, optimal functions
and relative importance vectors associated with the square
base, suggest that there will be a significant loss of informa-
tion in utilizing the incoherent signature.

In Section 3, Figures 3.45 and 3.46 gave sample data
histories using the squared variables. The average of all
260 learning cases used to construct the square base was given
in Figure 3.47. The corresponding incoherent signature may be
constructed from the time domain portion of the signature by
adding the corresponding indexing variables in the set determined
by indexing variables 1 through 10, and 41 through 50 to the
set defined by indexing variables 11 through 20, and 51 through
60. If two values to be added both have the same effect, then
the sum will be as effective as the individual value, however,
'if one has a positive effect and the other a negative effect,
the information conveyed by this difference will be degraded.

We may examine the optimum functions for the square
base which are given in Figures 3.49 and 50 and 3.53 to see
the role that the variables play in defining the variation
associated with the data set. Examination of the first two
optimal functions showsa strong spike associated with
Indexing Variable 5 and the variable which would be added to
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this variable (i.e. Indexing Variable 15). Both the typical
histories and the average input vectors as well as the first
two and fifteenth optimal functions show that these two
variables act in opposite directions. Examination of the

set of optimal functions shows this to be true for the majority
of the optimum functions. The summation of these two indexing
variables will result in the loss of a significant portion of
the organized variation from the data set. This suggests that
if one were to perform the analysis on the incoherent signature
there would be information lost if only the incoherent signature
were used. This was observed in the studies presented in

Task 1.

The relative importance vectors presented in Figures 4.19
and 4.23 show very little similarity in behavior between the
frequency domain and the time domain. Thus, one suspects that
a considerable portion of the information being used for both
the Fisher classification and the minimum variation ratio
classifier will be lost to the incoherent processing. This
suggests that these classifiers will behave very differently
with this data and will probably have a somewhat worse per-
formance.

4.6 Sequential Classifiers

In general, the performance of good classification
schemes can be enhanced by repeated application of the scheme
on independent test samples or the repeated application of
independent classification schemes on the same test sample.
We shall define this procedure as the multiple step classifica-
tion. The classification algorithms developed in this study
have performance which make them suitable for this type of
applicaton.

In general, if one sequentially applies a second

classification scheme for reaching the same decision to the
cases assigned to onedass in the initial classification, the
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combined detection probability given by PD3 may be cal-
culated under the assumption that the individual detection
probabilities are independent by taking PD3y as the product
of the two detection probabilities or:

Ppy = Pp1 * Pp, (4.1)

Similarly, under the same assumption the combined false
alarm rate PFAZ is given by:

Peag = Ppai  * Ppas (4.2)

In this section, we shall consider two different
approaches to using linear multiple step classification
schemes. The first will be designating the successive
signal multi-step procedure. In this procedure, if a
target is identified as a member of the 21X Class, it
is rejected, but every target that is identified as a
member of the 101 Class is re-examined at a later time.

If after a sufficient length of time, the two signatures
are independent, one may use equations 4.1 and 4.2 to
calculate the performance. The performance of the second
application is assumed to be given by the same ROC curve

as the aiginal application of the algorithm. Thus, if
Equations 4.1 and 4.2 above may be used to compute the

new expected classification trade-off curve, Figures 4.26
and 4.27 present the successive signal two step performance
estimate for the first ADAPT optimal direction classifier
applied to the square and reference bases, respectively.
Both of these figures show considerable improvement over
the corresponding single step algorithms. For example,
comparison of Figures 4.15 and 4.26 shows that if one
desires a detection probability of .99 the two step succes-
sive signal algorithm will yield a false alarm rate of less

than .3 for all the fragment types considered. The single
step algorithm gives a false alarm rate of slightly over
50%. Similarly, for the first ADAPT optimal direction

classifier on the square base, and a detection probability
of 0.99, the false alarm rate is reduced from approximately
0.3 to 0.1 when one uses the successive signal multi-step
procedure instead of the single step procedure.
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FIGURE 4.26 - CLASSIFICATION TRADE-OFF CURVES FOR PROJECTION OF
ALL TARGETS ON THE TRACKING MULTI-STEP CLASSIFIER
DEVELOPED FROM THE MINIMUM VARIATION RATIO
CLASSIFIER ON THE REFERENCE BASE
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FIGURE 4.27 - CLASSIFICATION TRADE-OFF CURVES FOR PROJECTION OF
ALL THE TARGETS ON THE TRACKING MULTI-STEP CLASSIFIER
DEVELOPED FROM THE FIRST ADAPT OPTIMAL DIRECTION
CLASSIFIER ON THE SQUARE BASE
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The penalty associated with the application of the
successive signal multi-step procedure is the requirement
to re-examine those Class II targets which failed the
first step procedure. The uncertainty in developing this
procedure is that of defining the correlation time
between to successive signals. Physical consideration
suggest that this should be of the order of the tumbling
frequency of the targets.

The majority disadvantage of the successive signal
multi-step classification procedure, can be overcome
if instead of re-applying the same classification scheme
one applies an independent classification scheme to the
same data set. In this case, one can achieve the benefits
of the two step procedure without the penalty of collect-
ing a second data sample from the target. This scheme
could be applied using any combination of the linear
classifiers which are discussed here. One approach is
to use the second ADAPT optimal direction as the second
linear classifier. The analysis of the scatter plots
presented earlier showed that all of the first fifteen
ADAPT optimal directions could be expected to give reason-
ably good classification performance.

Another source of algorithms which could be applied
as second step algorithm and has the potential for yielding
algorithms with equal or even better performance than the
original algorithm is to re-derive the algorithm utilizing
only those cases which have been misclassified by the first
step algorithm. There are two options for accomplishing
this when one uses the ADAPT approach to data analysis.
The first and simplest is to use the same base as was used
for the original algorithm but simply re-derive the algorithm
for the new data set. The second approach is to use the new
data set to develop a new base as well as a new classification
algorithm. Both of these approaches have been performed for
the reference base.
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Figure 4.28 shows the projections of the learning data
onto the minimum variation ratio classification direction
developed using the 16 Class 21X cases most like the 101
class in the training set of data. These cases were
selected by application of the first ADAPT optimal direction
classifier followed by the application of the second ADAPT
optimal direction classifier. Note, that this is essentially
an examination of the ADAPT scatter plot. This figure
shows that a classification algorithm has been developed
which can separate all but one of the 16 cases that would
have been missed in the scatter plot analysis. Figure 4.29
shows the relative importance spectrum for this classifier.
Comparing this with the relative importance spectrum shown
in Figure 4.14, we see that the first optimal function
no longer plays a significant roll. This is expected since
the classificationpotential of these first two optimal
functions was already utilized as part of the scatter plot
analysis. Figure 4.30 presents the relative importance
vector for the new classification algorithm. It also shows
different features than shown in Figure 4.14 and verifies
that we have obtained a different classification algorithm
by this procedure.

If we assume the classifier defined by Figure 4.30 is
applied as a second step after the minimum variation ratio
classifier developed on the reference base the performance
for this two step classifier is shown in the classification
trade-off curve presented in Figure 4.31. The performance
is better than that obtained using the minimum variation
ratio classifier developed on the reference base. The
performance is not as good as that shown in Figure 4.26 for
the tracking two step classifier using the minimum variation
classifier developed on the reference base.

The same cases which were used to develop the classi-
fication algorithm presented in Figures 4.28 through 4.30
were used to develop a complete new ADAPT base. This base
is the low variation base which was described in Section 3.3.
This base was also used to develop independent classification
algorithms. The performance of this algorithm on the training
set of data is illustrated by the bar charts presented in
Figure 4.32. These figures show that using the new base
two of the sixteen cases were missed. Since the development
of the low variation base is a considerably greater task
then the simple development of the algorithm on the original
base and since the performance is similar or poorer this
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FIGURE 4.28A - BAR CHART SHOWING THE MAGNITUDE OF PROJECTICN OF

EACH LEARNING CASE ON THE MINIMUM VARIATION RATIO
CLASSIFIER DEVELOPED USING THE LOW VARIATION CASES
ON THE REFERENCE BASE - 21X TARGETS
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FIGURE 4.28B - BAR CHART SHOWING THE MAGNITUDE OF PROJECTION

OF EACH LEARNING CASE ON THE MINIMUM VARIATION
RATIO CLASSIFIER DEVELOPED USING THE LOW

VARIATION CASES ON THE REFERENCE BASE-
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FIGURE 4.20 - RELATIVE IMPORTANCE OF EACH OPTIMAL
COORDINATE TO MINIMUM VARIATION RATIO CLASSIFICA-
TION DIRECTION DEVELOPED USING THE LOW VARIATION
CASES ON THE REFERENCE BASE
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FIGURE 4.30 - RELATIVE IMPORTANCE OF SIGNAL ELEMENT CORRESPONDING
TO INDEXING VARIABLE FOR MINIMUM VARIATION RATIO
CLASSIFIER DEVELOPED USING THE LOW VARIATION CASES
ON THE REFERENCE BASE
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FIGURE 4.31 - CLASSIFICATION TRADE-OFF CURVES FOR PROJECTION OF

T™WO

TARGETS ON THE INDEPENDENT CLASSIFIER

MULTI-STEP CLASSIFICATION DIRECTION USING THE
MINIMUM VARIATION CLASSIFIERS DEVELOPED ON REFERENCE
BASE WITH BOTH HIGH AND LOW VARIATION CASES
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FIGURE 4.,32A- BAR CHART SHOWING THE MAGNITUDE OF PROJECTION OF
EACH LEARNING CASE ON THE MINIMUM VARIATION RATIO

CLASSIFICATION DIRECTION DEVELOPED USING THE LOW
VARIATION BASE - 21X TARGETS
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FIGURE 4.32B - BAR CHART SHOWING THE MAGNITUDE OF PROJECTION OF

EACH LEARNING CASE ON THE MINIMUM VARIATION RATIO
CLASSIFICATION DIRECTION DEVELOPED USING THE LOW
VARIATION BASE -101 TARGETS
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procedure was not investigated further. Figures 4.33

and 4.34 give the relative importance spectrum and relative
importance vector for the algorithm used to calculate

the results presented in Figure 4.32. The spectra show
that the second optimal direction of the low variation
base dominates the minimum variation ratio classifier.
Again, the relative importance vector presented in

Figure 4.34 shows that this classifier is different from
either the minimum variation ratio classifier developed
on the reference base or the minimum variation ratio
classifier developed on the reference base using only the
101 and 16-21X cases identified as being similar to the
101 Class through the scatter plot analysis.
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FIGURE 4,33 - RELATIVE IMPORTANCE OF EACH OPTIMAL COORDINATE TO

MINIMUM VARIATION RATIO CLASSIFICATION DIRECTION

DEVELOPED ON LOW VARIATION BASE

(W-NR) SQUARED

1.0

RELATIVE IMPORTANCE SPECTRUM

2 4 ] ] 10

COEFFICIENT NUMBER

14

1e

168




FIGURE 4.34 - RELATIVE IMPORTANCE OF SIGNAL ELEMENT CORRESPONDING
TO INDEXING VARIABLE FOR MINIMUM VARIATION RATIO
CLASSIFIER DEVELOPED ON LOW VARIATION BASE
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5.0 ANALYSIS OF NON-LINEAR CLASSIFICATION SCHEMES

In this report, non-linear classification schemes
are defined as any classification schemes for which
the detection statistic is obtained by a non-linear
calculation. With this definition all non trivial
nearest neighbor calculations are considered non-linear
since the distance calculation even in Euclidean space
requires a non-linear operation. However, non-linear
pre-processing of the data prior to calculation of the
detection statistic does not make the classifier a
non-linear classifier. Since in general, non-linear
classifiers require considerable more computation their
performance must show a corresponding improvement over
the linear classifier before they can be justified.

5.1 Selection of Candidate Non-Linear Classifiers

Selection of the candidate non-linear classifiers
to be considered in this study was constrained to
include those classifiers for which the pertinent cal-
culations already existed in the ADAPT family of programs.
These classifiers may be visualized as belonging to two
general groups. The first are the non-linear classifiers
based on the Euclidean metric and the second group are
the non-linear classifiers based on the Gaussian metric
or the Mahalanobis distance. In either case, there are
several options available for using the detection statistic
in a multi-class problem. One group of schemes for
utilizing the detection statistic might be called the
nearest centroid or selection of the most likely class.
Geometrically, this may be visualized as assigning each
case to that class whose centroid is closest to the case.
Although there are five individual classes for the
present problem, there is only one decision of interest;
namely, whether the target belongs to the 101 class or
any one of the 21X Classes. This introduces two options
into the nearest centroid approach. One may either use
the centroid of all members of the 21X Class in the
analysis or one may perform the analysis for each of the
211 through 214 Classes independently.
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An alternate approach to selecting the most likely

case or the nearest centroid, is to threshold the

distance of each case from the class centroid. These
detection statistics may be thresholded in the .same manner
as was done for the linear discriminant. In the present
problem, this introduces up to six potential detection
statistics. Thus, we have a total of eight candidate
classification schemes available. These eight schemes will
be evaluated against the reference, the principal polarization
time, the square, the 3-Class II target and the Class II
only bases. This gives a potential set of 40 candidate
classification schemes for the Euclidean and maximum likeli-
hood detection statistics.

The Euclidean detection statistic that will be used for
this study is the simple Euclidean distance between the
centroid of the class and each of the individual cases. The
Gaussian statistic used in this analysis is
proportional to the probability that the case belongs to
Class f based on the assumption that the cases have Gaussian
distributions. The specific Gaussian detection statistic
used in the present analysis is given by:

DK, =% f(logl) -4 (¥-vy )% g (¥-% )

where Gy is the inverse of the covariance matrix for Class 4
Y, is the class mean, and Ygis the ADAPT coefficient asso-

ciated with the data history.

5.2 Performance Comparison of Candidate Non-Linear Classifiers
Using Different ADAPT Bases

Although there are a total of 40 candidate classifica-
tion schemes available for the Euclidean and Gaussian metric
detection statistics, the use of the centroid of the entire
21X Class will only be evaluated on the principal polariza-
tion time base. Thus, the total number of candidates evaluated
for each metric is reduced to 32. The initial gross comparison
of these 64 classification schemes is summarized in Table 5.1.
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This table gives the total number of errors which are
made in the set of 240 learning cases and 360 test cases.
The thresholded detection statistics are evaluated for
the special case where the threshold is selected so

that there are no errors in the classification of the

101 Class and the errors counted are the errors which

are observed in the 21X Classes. The training data

was used to develop the ADAPT optimal representation

for the nearest neighbor classifications using Euclidean
detection statistic. No additional training is required.
For the Gaussian metric detection statistic, the training
data was used to define the ADAPT representation and
estimate the mean and standard deviations of the
distribution function.

Table 5.1 illustrates many general conclusions
regarding the value of the non-linear classifiers and the
effects of the different bases used. For almost all
cases except the square base the most effective classifier
is the thresholding of either the Euclidean or the Gaussian
detection statistic for the distance from the unknown case
to the centroid of Class 10l. For the Euclidean distance
measure, the next best classifier is the distance related
to the centroid of Class 212. For the Gaussian metric
statistic, the distance to the nearest centroid provides
the second best classifier. The number of test cases
evaluated is insufficient to decide between the use of
the Euclidean or Gaussian metrics for the performance of
the thresholded detection statistic based on the centroid
of the 101 Class.

Table 5.1 shows that the classification derived using
the square base performed much less satisfactorily then
any of the other bases evaluated. This is in sharp contrast
to the results observed for the linear classifier which was
presented in Section 4. However, this result was universal
for all of the non-linear classification schemes considered.
and may be a consequence of the square pre-processing making
the classifiers used depend on the fourth momants of the
original data. Thus, all further evaluation of the non-
linear classifier was restricted to bases developed without
the square pre-processing. This also suggests that the use
of the amplitude and phase form of the data may reduce the
effectiveness of these non-linear classification schemes.
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The selection of the most likely class

on the Gaussian statistics performed
significantly better than the selection of the most likely
case based on the Euclidean distance of the centroids of
each of the classes. These classification schemes were
generally evaluated based on assigning the target to one
of the five classes, however errors between the members
of the 21X Class were not considered. If the nearest class
was the 21X Class and the target was any one of the 21X
targets, it was considered to be correctly classified. The
use of only two classes in this procedure was also investiga-
ted using the principal polarization time only base. For
this investigation, a separate classification rule was made
based on the distance to the centroid of the entire 21X Class.
The results based on this procedure are indicated in Table 5.1
by the values enclosed in parentheses. This procedure for
the nearest centroid classifications showed no improvement
in the case of the Euclidean metric and a reduction in the
number of errors from eight to three in the case of the
Gaussian metric. However, for the reference base,
this method must yield at least five errors. This is because
classification performance on the 101 Class is identical
regardless of whether the entire 21X Class is used to compute
the classification scheme or each of the 21X Classes
is calculated separately. Thus, the number of errors occurring
in the 101 Class will remain the same. Since all five of the
errors shown on Table 5.1 for the Gaussian metric nearest
centroid scheme for the reference base occurred in the 101
Class, these same five errors will occur if only two classes
are used in the analysis.

With the exception of the significant degradation of

the performance when the square base was used the effect of
varying the base used was essentially as would be expected
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from the results presented in Sections 3 and 4. The
classifications based on the principal polarization time

only base were slightly inferior to the corresponding
classifications using the reference base. The classifica-

tion using the 21X only base was very similar to using

the reference base and the classification performance using the 3-
Class II base was slightly less like the performance using

the reference classification. These results were true in
general regardless of which of the classification schemes

shown on Table 5.1 were utilized.

Based on the results presented in Section 3, no
differences were expected between the results obtained
using the Class II only base and tle results obtained
using the reference base. Thus, the discrepancies in
performance indicated by Table 5.1 between these two
bases were investigated in detail to determine the
extent to which the differences occur. One significant
and unexplained difference is the performance of the
nearest centroid classification scheme using Gaussian
metric on the first case. This difference indicates
that the representation of this first case on the two
bases is quite different. Examination of the overall
summary statistics and a review of a large number of
the individual cases involved showed that the first
case was the only case examined for which such large
differences occurred.

Except for the first case the differences in
performance shown on Table 5.1 using the Class II only
and the reference base are due to small differences in
the detection statistics. Table 5.1 shows that on the
reference base there are 163 errors while on the Class
II only base there are 160 errors. The three errors
occurring on the reference base which did not occur
on the Class II only base occurred in Cases 193, 261,
and 292. These differences were due to very small
differences in the detection statistic for all three of
these cases. For example, for Case No. 193, the distance
to the Class I centroid was .01943 for the reference base
and .01949 for the Class II only base and the corresponding
distances to the centroid of the third class were .019586
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for the reference base and .019403 for Class II only base.
Thus, we see that although these values agree to almost
three significant figures the order and therefore the
classification results have changed. Thus, we conclude
that in general with the exception of the square pre-
processing and the first case in the 600 case test set
the effect of the base modif ications on the non-linear

classifiers are the same as was observed for the effect of
these base modifications on the performance of the linear
classifiers presented in Section 4.

Table 5.1 suggests that the bestron-linear detection
statistics for thresholding considered in this study is
either the Gaussian or Euclidean statistic associated with
Class 10l1. Thus, we shall consider the performance of
these detection statistics for the reference, principal
polarization time only, 3-Class II and Class II only bases
in more detail. Referring to Table 5.1, we see that there
were no errors in the classification as evaluated against
the 600 case data set for the reference, the 3-Class II,
and the Class II only bases. There is one error for the
principal polarization time only base using the Gaussian
metric detection statistic and this occurred for one
of the test cases associated with the 214 Class. There
were four errors in the classification based on the Euclidean
distance to the Class 101 centroid. Two of these errors
occurred in the 212 Class one each in the learning and test
data and the other two errors occurred in the learning data
for the 214 Class. Although the number of cases involved
is not sufficient to arrive at high confidence conclusions,
the trend indicated by these errors 1is similar to the trend
which was observed for the effects of the various target types
on classification performance for the linear classifiers
presented in Section 4.

To provide a better measure of performance based on
the Class 101 detection statistics, statistical summaries
are presented for these detection statistics in Tables 5.2
through 5.9. These tables have the same format and present
the same information regarding the Euclidean or Gaussian
| detection statistics based on the centroid of

Class 101 that was presented for the linear classifier

detection statistics in Tables 4.1 through 4.10. Specifically,
these tables present a class identification where Classes 1
and 10 are the 101 test and learning classes, respectively,
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the even Classes 2 through 8 represent the training data
for Classes 211 through 214, respectively, and the odd
Cases 3 through 9 represent the 340 independent test cases
! for Classes 211 through
214, respectively. The table presents the number of cases
in each class, the mean and standard deviation of the
detection statistic as well as the max and min value and
identifies for which case the max and min value occur.

Examinations of Tables 5.2 through 5.9 ' provide
additional verification of the general conclusions already
obtained from the Class 10l column of Table 5.1 and in
general extend these conclusions to the bases for which
no conclusions could be reached regarding the performance
of these classifiers. - LT
For example, if one examines Table 5.2, we find that the
spread between the minimum value of Class 101 (-11.72) and
the maximum value associated with Classes 211 through 214
is the greatest for the 211 Class the smallest for the 214
Class and the second smallest for the 212 Class. Thus,
the difficulty in classification of the various targets is
very similar to that experienced for the linear classifiers.
Similarly, comparing these results with those presented in
Table 5.3 shows that the relative difficulty for classifica-
tion of each of the 21X target types was the same based on
the Euclidean detection statistic. The spread between
Class 8 minimum value and the Class 1 maximum value is very
small both in terms of the associated mean values and
standard deviations. This suggests that the result observed
for the principal polarization time only base, i.e. slightly
improved classification based on the Gaussian statistic, is
probably also true for the classification using the reference
base. The degree of similarity between the Class II only
base and the reference base can also be seen by comparison
of Tables 5.2 and 5.3 with Tables 5.8 and 5.9. Comparison of
these tables with Tables 5.6 and 5.7 shows that there is less
similarity between the 3-Class II base and the reference base.

Thus, the results of Table 5.1 and Tables 5.2 through 5.9
suggest that the best performance using the non-linear
classifier will be obtained using the reference base. The
best classification procedure appears to use the Gaussian
metric  that the target belongs to Class 101 as a thresholded
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detection statistic. The major limitation on these
conclusions is related to the small number of independent
test cases which were available in the 600 case test set.
Although these cases appeared sufficient to reach the
qualitative conclusions discussed to this point, they are
insufficient to allow an estimate of the expected perfor-
mance of the recommended classifier on the recommended base.

5.3 Performance of Non-Linear Classifiers on 1800 Case
Test Set

Based on the results presented in Section 5.2, the
proof testing of the non-linear classifiers was only
performed on the classification schemes based on the
detection statistics associated with the Class 101 centroid
using the reference base. The performance achieved using
these classification schemes should be the best performance
possible from any of the non-linear classification schemes
considered. Since the results of varying the base are
either dramatic as in the case of the square base or
consistent with the results expected from the analysis of
the base in Section 3, further verification of the effect
of modifying the base was not performed. The effect of
varying the classification technique was checked using
the reference base.

The performance of the classification baseéd on the
detection statistics associated with the centroid of Class 101
when applied to the 1800 independent test cases is summari zed
on Figure 5.1. The open symbols on this figure represent
the experimental ROC data points from thresholding of the
detection statistic associated with the centroid of the
101 Class. The solid symbols represent the results obtained
from the nearest centroid classifier interpreted in terms of
detection probability and false alarm rate. Those symbols
which have been flagged are based on the Euclidean metric
and the unflagged symbols are based on the Gaussian likelihood
metric. The results for the thresholded classifiers have
been fitted ~ by solid lines for the Gaussian metric and
dash lines for the Euclidean metric.

Examination of Figure 5.1 shows that the general results
presented in Table 5.1 are confirmed. For the Euclidean
metric, the thresholding classifier shows a better performance
then the nearest centroid classifier. For the Gaussian likeli-
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FIGURE 5.1 - CLASSIFICATION TRADE-OFF CURVES COMPARING
PERFORMANCE OF THE NON-LINEAR CLASSIFICATION
SCHEMES ON 1800 INDEPENDENT TEST CASES
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hood metric, the performance of the nearest centroid and
thresholding classifier are about equal. However, it

is easier to select a point on the ROC curve at which

the algorithm is to be applied for the thresholding classifier.
Again, in agreement with the results of Table 5.1 the
thresholded classifier based on the Gaussian

metric performed better then thethresﬁoldedcﬂassifier

based on the Euclidean metric. Note, that for the thres-
holded metric, ROC curves could only be obtained for the

212 and 214 targets. The performance of these classifiers

on the 211 and 213 targets was better than could be evaluated
using only 1800 independent samples. That is, for the

211 and 213 targets at detection probabilities up to « 999

the false alarm rate is probably significantly less than
.005.

Comparison of Figure 5.1 with the results presented
in Section 4 shows that in general, the results obtained
using the best non-linear classifier evaluated are similar
but possibly slightly worse than the results obtained using
the best linear (i.e. the first ADAPT optimal direction
classifier on the square base) classifier for the most
difficult target (i.e. 214). The linear classifier is
definitely better for the 212 target and the performance
of both classifiers was better than could be evaluated for

the other two targets. Since the classifiers with non-linear
detection statistics require significantly more computation

to implement than the classifiers with linear detection
statistics, it is recommended that the linear classifiers be used.

The false alarm rate for the nearest centroid
classifier using the Euclidean metric was sufficiently low
that it could be shown on Figure 5.1 for all four of the
target types studied. When the Gaussian maximum likelihood
metric was used, the resulting point on the ROC curve was
at such low detection probability that all of the targets
except the 214 target had false alarm rates less than could
be evaluated with the 200 independent test cases available
for each of the different 21X targets. This was also true
when the classification procedure was modified such that a
target was assigned to Class 101 whenever Class 101 was
not selected by the nearest centroid approach as the least
likely class. For this case, the detection probability is
clearly larger and the false alarm rates should also be
larger. However, we again see that only the 214 target had
any false alarms for the detection probability of .315 which
occurred when this ground rule was used.
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Tables 5.10 through 5.19 summarize the statistical
properties of the detection statistics obtained when
the 1800 case test set is projected on the reference base.
These tables are in the same general format as the tables
5.2 through 5.9. There are only five classes on Tables 5.10
through 5.19. The first class is the one thousand 101 Class
targets in the 1800 case test set. Classes 2 through 5
are the 200 cases for each of Targets 211 through 214.
For each of these five classes, these tables present the
nunber of cases in the class, the rean and standard devia-
tion of the detection statistic and the max and min value
and its associated case number. Table 5.10 presents these
results for the Gaussian metric detection statistic.

=S J ol | This

is the summary of the data from which the unflagged symbols
on Figure 5.1 were calculated. Tables 5.11 through 5.14
presents similar information for the Gaussian metric
classification statistic based on the centroids of Classes
211 through 214, respectively. Examination of these tables
will  verify the results obtained in the initial
analysis presented in Table 5.1 that the detection statistic
based on the centroid of the 101 Class is the best classifica-
tion statistic to use.

Table 5.15 presents the same information for the
detection statistic equal to the Euclidean distance from
the 101 Target. This is a summary of the data which was
used to calculate the information indicated by the flagged
symbols on Figure 5.1. similarly, Tables 5.16 through 5.19
present the summary of the detection statistic equal to the
distance to the centroid of the 211 through the 214 Classes,
respectively. Again, comparison of Tables 516 through 5.19
with Table 5.15 verifies the results presented in Table 5.1
that the distance to the centroid of the 101 Class is the
best of these detection statistics.
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