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\ 1.0 INTRODUCTION

This report presents the results of a study which showed the feasibility

of using the Avco Data Analysis and Prediction Techniques (ADAPT) to
improve the ability to detect a sonar target in a sea and self-noise back-
ground by more than doubling the detection range compared to the reference
conventional detection. The study concentrated on three areas:

1) Comparison of ADAPT methods with time averaging for characterizing
the self-noise signals; 2) Comparison of ADAPT methods with time and
frequency averaging as a target detector; 3) Determining the effect on
detection of using ADAPT's ability to omit the characterizable noise in
developing a detection algorithm. ,These areas will be covered in detail

in the subsequent sections of this &a}:m-t:“” e
ADAPT is a method of empirical data analysis developed at Avco Systems
Division which is capable of extracting cataloging, sorting, prediction
and detection laws out of large volumes of empirical data. A description
of the ADAPT methodology, as applied to the present detection problem,
is given below in Section 3. 0.

The use of an empirical analysis necessitates learning data upon which to
base the analysis. For this study, the data was supplied by the Applied
Physics Laboratory (APL) of Johns Hopkins University. This data was

in the form of a digitized energy density spectrum for each signal, covering
the frequency range 0-2 KHz in 512 frequency samples. Thus each frequency
bin was 2000/512 = 3.90625 Hz wide. In the time plane, the signals were
thus 0. 256 sec long. The signals consisted of two classes. One class was
actual background and self-noise signals, which will often be referred to

as B signals for convenience. The other class was simulated target (T)
signals manufactured on a computer by APL personnel. They were made
by adding simulated target returns characteristic of a certain submarine

to actual B signals, and were produced with several signal-to-noise ratios
(SNR). Each T signal was labeled with a value of SNR, to identify how much
target was added to the B signal, but this number is not to be taken as the
ENR for the whole target spectrum added, as it only refers to the SNR in

a small part of the spectrum, It is best looked on as a label which grades
(in db ) the amount of target added. The target spectrum added was the
same for all signals which were used as learning data.

The number of signals of each class and SNR supplied for learning data

are shown in the second column of Table 1.1. The development of algorithms
was concentrated on the range SNR= -6 to 6, where 200 signals of each

were available. The signals at other SNR were used to explore the per-
formance of the resulting algorithms.

A small group of signals, labeled D (for Doppler) in Table 1.1, had a
frequency shift in the target spectrum, corresponding to target motion.
These were not used as learning data, but were used to test the algorithms
to determine the effect of such frequency-shifted signals.




In addition to the data in Table 1.1, a set of unidentified signals were
also supplied to Avco in the same format. These are referred to as
Category III signals, and were used to test the comparative performance
of the ADAPT and conventional averaging methods of detection. These
signals were mostly different from the learning signals in that the back-
ground signals or target spectra added were varied, rather than just
being changed in SNR. Table 8. 2 shows that there were 82 groups of
Category III signals, of which all but 4 were groups of 10 signals each.
The other 4 groups each contained 5 signals, as noted. Table 8.3 groups
these into 13 categories of different signals. .

The remainder of this report describes the analysis and processing
performed by Avco on the data just described. Section 2.0 presents

the conclusions and recommendations of this study. After the general
description in Section 3.0 of the ADAPT methods of data processing and
detection, Section 4.0 presents the methods used for conventional de- ;
tection by time and frequency averaging, and the results are given for

the learning data. Section 5.0 presents the studies of the B signals,

and their characterization both by time averaging and by ADAPT. Section
6.0 deals with the development of the ADAPT detection algorithms, and
their application to the learning data. In Section 7.0, the ADAPT
characterization of the B signals is used to subtract the characterizable
noise from the signals so as provide a clearer distinction between the B
and T classes; some preliminary results of the use of this technique are
given. Section 8.0 shows the comparison of ADAPT and conventional
detection on both the learning data and the Category III data.
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2.0 CONCLUSIONS AND RECOMMENDA TIONS

The studies described in the report show that the ADAPT methods can
provide a considerable improvement over conventional energy threshold
detection. The degree of improvement increases as the amount of time
averaging increases. For no time averaging (i.e. using the energy
density spectra of the original 1/4 second signals supplied) ADAPT shows
the ability to detect signals 3 to 6 db lower than the best conventional
detection method tried, at detection probabilities of 0.1 to 0. 2. For high
detection probabilities, ADAPT and the best conventional method give
about the same results. This is shown in Figure 2.1, where the detection
probability Py is plotted against SNR for ADAPT detection, and for con-
ventional detection over three different frequency bands. The improvement
achieved by ADAPT at low SNR is c’early visible.

Time averaging improved all detection methods by reducing random noise
It improves ADAPT detection even more than conventional detection, as
shown in Figure 2. 2. This figure gives the results of detection algorithms
using averages of the energy density spectra of 10 1/4 second signals,
i.e., averaging over 2.5 second. Here ADAPT shows an advantage over
the best conventional detection of 8 db at detection probability of 0.5, and
6 db at 0.95 and 0. 2. Comparison of Figures 2.1 and 2. 2 shows that this
averaging improves ADAPT detection by 9 to 10 db, while it improves
conventional detection by 4 db.

It seems clear from these results that ADAPT can provide more sensitive
detection algorithms than the type of conventional energy detection con-
sidered here. In characterization of the background signals, ADAPT was
able to provide a whole sequence of signals, which can be used to describe
the background signals. The first signal in the sequence is closely re-
lated to the average signal, and the subsequent signals describe smaller
and smaller deviations from the first signal. Any given background signal
can be accurately represented as a linear combination of this sequence of
signals.

This characterization permitted ADAPT to subtract the ''characterizable
noise' from both the background and target signals by using the first 3 or
4 terms of the sequence. After this subtraction, the resulting background
signals looked very much like random noise, with no noticeable features.
The resulting target signals, on the other hand, showed spectra with a
definite character, both broad and narrow band, which is associated with
the target spectrum used to construct them. The difference between the
background and target signals were much more apparent to the eye after
ADAPT subtracted the characterizable noise than it was in the original
signals.




ADAPT detection algorithms were constructed using these noise-
subtracted signals. However, time and cost did not permit complete
development of these algorithms, so the results obtained were not as
successful as the ADAPT detection on the original signals.

In addition to the resources limitation just mentioned, other limitations
prevented ADAPT from showing its full potential. There were only 200
signals at each SNR, and this hampered the use of time averages. For
averages of 10, this left only 20 signals, which is too few for ADAPT to
use as both learning and proof test data. To cope with this limitation,
learning was done on overlapped averages, so successive averaged signals
were not independent. Thresholds were set on independent averages, but
only 10 were used, and this is too few to yield reliable statistics. In
addition, the use of one kind of signal for learning and a second kind for
setting the threshold, may have hampered ADAPT's performance.
Furthermore, there was no chance to explore further degrees of averaging.
There were some 20-average studies, but the use of only 5 averaged signals
to set the thresholds clearly made the results unrealistic. The optimal
degree of averaging for ADAPT could not be found. Based on the improve-
ment found with 10-averages, it is probably greater than 10. Avco's
hypothesis is that ADAPT's extra gain by averaging is related to its ability
to use more of the information in the data. If this is correct, the optimal
degree of averaging is more than 20.

A third limitation was that no consideration was given to how the ADAPT
scheme might best be utilized in actual operation on a submarine. However,
the many options of processing available in ADAPT permit algorithm de-
velopment to be tailored to the operational mode in which it is to be used.

In the present study, no advantage could be taken of this flexibility in ADAPT.

The results and limitations of this study lead to recommendations for
further studies which will help resolve some of the uncertainties and
questions raised by the present study.

The unaveraged algorithm using the noise-subtracted signals should be
optimized. This will permit a firm conclusion as to the advantage achieved
by noise subtraction on the present data base.

Neither the original nor the noise-subtracted 10-average algorithms were
optimized in this study. Further work could be done in this area. However,
the learning data set used here is really too small to use for non-overlapped
average studies. Cne way to construct a larger data set for meaningful
averaged signals is to combine all the data used in this study, both learning
signals and Category III signals. By using all the independent B signals
available, and by constructing T signals for each SNR on all these B signals,
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almost an order of magnitude larger group of signals would become
available. Most of them could be used as learning data, with only a
small group of T signals saved for proof t:»t. An alternative way to
make a larger data set is to create, either from some other field data
on synthetically, a much larger data set. With either of these data
sets, the 10-average studies could be carried on more consistently,
and extended to a high enough degree of averaging to determine where
the advantage of ADAPT over conventional detection steps growing.

Effort should be expended on the relation of operational considerations
to ADAPT detection. Such factors as computational requirements,
new target response, display of data, differences between patrol and
engagement, etc., should be considered.

Another area where ADAPT should be studied is in connection with
beam forming. Perhaps ADAPT should use beam-formed data; or
perhaps ADAPT can aid in beam forming.

To summarize, ADAPT has demonstrated about an 8 db advantage over
conventional energy detection for the problem considered in this study.
Some potential for additional improvement with the present data is in
the optimization of detection algorithm using noise-subtracted data.
There are a number of other areas where ADAPT's usefulness should
be explored. In general, ADAPT should be considered an approach
for achieving significant improvements in detection range, as well as
a tool for analysis of sonar data. both on a submarine and in the
laboratory.




3.0 DESCRIPTION OF ADAPT METHODS

The method of detection developed in this report utilizes a data pro-
cessing method known as Avco's Data Analysis and Prediction
Techniques (ADAPT). This method first provides a simple, compact
representation of a collection of signals, in which each signal can be
represented by a few numbers. Then, this representation can be used
in classification schemes for distinguishing between signals from dif-
ferent physical events. These in turn can be fitted into a detection
algorithm providing the desired characteristics. Operational application
of the detection algorithm requires only a minimum computational
capability, since it requires mainly the scalar product of a known
algorithm vector with a vector derived from the signal being detected,
which requires only a very simple analog circuit or a small portion of
2 small digital computer. Operational derivation of algorithms on a
real time basis can be performed on relatively small computers (i.e.,
any of the approximately 4K to 8K core size mini computers) when the
optimal representation has first been derived using a large computer.
This variation in real time onboard data analysis capability with com-
putational requirements, introduces further flexibility into potential use
of ADAPT for Sonar data analysis.

This section provides a description of the ADAPT representation, the
classification scheme used. and the detection algorithm developed.

3.1 Definition of Data Vectors

The ADAPT techniques address themselves to the efficient representation
and classification of data which appears as data vectors, i.e., an indexed
series of numbers. In the present case, the data vector is the 512 numbers
representing the energy density in the 512 frequency bins from 0-2 KHz,
as supplied by APL. Each vector is treated as a vector of N (= 512)
dimensions in Euclidean space. In any particular case, if there are M
vectors being processed, there is an N x M matrix of numbers. Some-
times, preprocessing is performed on the data vectors before ADAPT is
applied, in order to improve the effectiveness of ADAPT. Such pre-
processing might include subtracting the average vector (almost always
done), normalizing each vector to unit length, taking logarithms, etc. In
the present work, the detection algorithms were developed using the log
(to the base 10) of the energy density spectrum, which was found more
efficient for ADAPT detection.




3.2 Optimal Representation of Data Vectors

With the M input data vectors defined, the first step in ADAPT is to
construct from them an orthonormal set of base vectors by the classical
Gram-Schmidt procedure. This eliminates any data vectors linearly
dependent on others, and results in a set of NC orthonormal N-component
vectors, where NC is less than or equal to the smaller of N and M. (The
maximum number cf linearly independent N-component vectors is N, so

if M>N, some of the vectors are surely linearly dependent on others. If
M<N, then there are a maximum of M orthogonal base vectors.) The data
vectors are now expressed in the Gram-Schmidt base by their components
along the NC Gram-Schmidt vectors, so each vector is given by NC com-
ponents and there are M x NC components altogether. The Gram-Schmidt
base vectors themselves have N components. There is usually a reduction
in the number of numbers at this stage, since N>NC, so the M x N original
components have been reduced to M x NC. However, there is no reason ,
to believe that the Gram-Schmidt base is the best one for representing the 5
data. It is really an arbitrary orthonormal set of base vectors determined
solely by the order in which the data vectors were chosen. The next step
is to fine another orthonormal base which is in some sense the best for the
given data as a whole. *

To achieve this, a new set of NC N-dimensional orthonormal vectors,
rotated from the Gram-Schmidt set, is postulated. This set is to be
chosen in an ordered fashion, so that the first vector is the best, and

so on. Only a limited number, NR<NC, of these vectors will be used as
new base vectors for representing the data vectors. They are chosen as
follows: Each data vector is represented by its coefficients in the Gram-
Schmidt base, and is projected onto the NR new vectors, giving M x NR
components in the new base. If there were as many new vectors as Gram-
Schmidt vectors, NR = NC, this would be an exact representation of the
data vectors, but since NR<NC, it is only approximate, leaving an error
vector as the difference between the data vector and its representation in
the new vector base. The square magnitude of this error vector is a
measure of the error for each data vector, and the average of these square
magnitudes for all data vectors is the mean square error incurred by
representing the data vectors in only NR new base vectors.

*The approach taken is analogous to the expansion of functions in a set of h
orthonormal functions, of which Fourier series is the most common |
example. When one of the classical boundary value problems of mathematical

physics is solved, the appropriate differential equation defines a set of H
orthonormal functions. To satisfy a given function on the boundary, this

boundary function is expanded in the set of orthonormal functions obtained.
In the present case, there is no differential equation to define a particular
set of orthonormal functions. However, it is possible to make this data
define its own best set of such functions or vectors.
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The new orthonormal set of vectors is chosen by minimizing this

mean square error, thus defining the meaning of a ''best'' set of
vectors. If only one vector is used, NR = 1, it is that vector which
makes the one-vector representation error the smallest. If a second
vector is used also, it is chosen so that together with the first vector,

it minimizes the two-vector representation error. This is continued
for as many vectors, i.e., as large as value of NR<NC, as is necessary
or desirable.

When formulated mathematically, this criterion requires the maxi-
mization of a quadratic form whose unknowns are the Gram-Schmidt
components of one of the ""best'" base vectors, and whose coefficient
matrix is the covariance matrix of the Gram-Schmidt components of

the input data vectors. This problem is a classical one in linear
algebra, which often appears under the name of the principal components
analysis of a matrix.

The solutions for the unknown best vector components are the normalized
eigenvectors of the covariance matrix, and the resulting values of the
quadratic form are the eigenvalues of this matrix. Once they are obtained,
they are simply arranged in order of decreasing size of the eigenvalues.
The largest eigenvalue gives the most reduction in mean square error

that canbe achieved with only one new base vector; and the corresponding
eigenvector in this new base vector. The next largest eigenvalue gives

the most reduction in the error that can be achieved by using a second

new base vector in addition to the first one found above, and this second
vector is the eigenvector of this second largest eigenvalue. This process
can be continued until the desired accuracy is achieved. The sum of the
NR largest eigenvalues gives the maximum mean square error reduction
which can be achieved with NR new base vectors; when adding additional
eigenvalues does not significantly increase this sum, the use of the corres-
ponding eigenvectors as additional base vectors does not significantly improve
the representation.

A convenient measure of the overall degree of representation achieved

with a given number of base vectors is the sum of the eigenvalues of the
vectors used, divided by the average square magnitude of the original

data vectors. This represents the reduction in mean square error achieved
divided by the total error reduction possible; in statistical terms, this is
the percent of the variation of the data explained by the representation used.

The degree to which a single data vector is represented in the optimal base
is conveniently measured by the ratio of its length along the NR optimal
base vectors to its actual length in the original N-dimensional space. If
this ratio approaches unity, the vector is well-represented, while if it is

—————— |



near zero, very little of the vector is included in the optimal space.
This also provides a good measure of whether predictions made for

a new data vector, using its representation in a given optimal space,
are liable to be good. If the vector is as well represented in the space
as the data vectors from which the optimal space was constructed, the
predictions should be equally as good. Conversely, if it is more poorly
represented, the predictions cannot be expected to be as good.

The optimal set of base vectors defined by this procedure is known in

the statistical literature as the principal components or Karhunen-Loeve
coordinate system. The ADAPT processing of a collection of data vectors
yields the components of the data vectors in this optimal base vector
system, as well as the components of these base vectors themselves (in
the Gram-Schmidt system).

For each data vector, its NR components in the optimal system are the
optimal representation of the data in the sense described above.
Alternatively, these components may be interpreted as coefficients of

the Fourier series of optimal orthonormal functions representing the

data vector. This interpretation serves as the basis for the more intuitive
description of the ADAPT techniquee presented in Appendix A.

The optimal components are used in all further applications of classifi-
cation and detection. Thus, the original M x N numbers representing

M data vectors have been reduced to M x NR components, plus N x NR
numbers to define the optimal vector base. Since the base system is
optimal, the number of terms, NR, necessary to give a useful representa-
tion of a data vector is small, of the order 10, and the reduction in the
number of numbers is large, often a factor of 50 to 100.

In the process described so far, the optimal vectors are represented by
their NC components in the Gram-Schmidt base, so they are a linear
combination of the NC Gram-Schmidt vectors, with their NC components
as the coefficients. Since the Gram-Schmidt vectors are N-dimensional
vectors in the original space of the data vectors, the optimal vectors can
also be represented in this space by performing the linear combination.

3.3 Use of the Optimal Representation for Detection

Having arrived at the optimal (principal component or Karhunen-Loeve)
representation, attention is now turned to use of the optimal components
for detection. Detection may be looked on as a sorting problem, where
each signal is sorted into a background class or a target class. "_he first
step is to derive a sorting algorithm which simply characterizes each
signal data vector in a way which provides maximum separation between




e

the two classes. Then a detection algorithm is developed, based on
this characterization, to provide the desired detection scheme.

For sorting, the representation of a data vector as a point in optimal
coordinates is used. There are a number of linear sorting schemes which
can be applied. The one used here assigned a single number to each vector
in the following way: All the vectors are divided into two classes according
to the sorting desired. Then an unknown direction (vector) in the optimal
space is postulated, and the projection of each vector on that direction is
obtained. This projection is a scalar associated with each data vector.

The mean of this projection for each of the two classes is found, and then
the difference between the two means. Also, the dispersion of the pro-
jections of each class about its own mean is found. The postulated direction
of projection is determined by maximizing the distance between the mean
projections, while holding a linear combination of the dispersions of pro-
jections fixed. When the direction of projection is known, the projection

of each vector on it is determined. This linear scheme for maximizing

the difference between two classes is a generalization of one first suggested
by Fisher, and will be referred to as the generalized Fisher linear dis-
criminant.

The projection of each data vector on the Fisher projection vector is the
scalar which characterizes the data vector for detection. The remaining
task is to set a threshold for this number, to divide background signals
from target signals.

For this purpose, note that the projection referred to above is a linear
combination of the optimal components of the data vector, with coefficients
equal to the components of the separation vector. By retracing the linear
transformations which led from the frequency plane to the optimal
coordinates, one can express the projection as a linear combination of com-
ponents of the original data vector, whose coefficients are the components
of the frequency plane expression for the separation vector. This latter
vector is usually called the relative importance vector. Thus, the pro-
jection may be looked on as a linear combination of the energies at each
frequency (or their log). This takes the place of the frequency-averaged
energy over a band used in conventional energy detection, which is also

a linear combination of energies. Therefore, the same detection theory
may be applied to the ADAPT projection as to the average energy in broad-
band detection. One can appeal to the Central Limit Theorem in both cases,
to conclude that both the average energy and the ADAPT projection are
rormally distributed for large samples. Therefore, the threshold for
ADAPT detection has been set using the mean and standard deviation of

the Fisher projection in the same way as described for conventional broad-
band detection using the mean and standard deviation of the broadband energy
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in Subsection 4.1 below. Equation (4. 3) is used, and the same values

of 3 as given in Table 4.1. The thresholds themeelves will be different
from those of conventional broadband detection, because the means and
standard deviations of the Fisher projection will be different from those
of the average energy.

Once the projection vector and threshold are formed, it is not necessary

to actually find the optimal coefficients of a new data vector which is

being investigated. The transformation from the N-dimensional data

vector space to the NR-dimensional optimal vector space can be inverted
and incorporated into the detection algorithm. Then the process of applying
this algorithm to a new data vector involves primarily the scalar product
with this N-dimensional algorithm vector, a rather simple procedure.

A graphical outline of the ADAPT procedures, from representation
through detection, is presented in Figure 3.1

3.4 Advantages of ADAPT

There are many advantages to using the ADAPT data representation be -

fore proceeding with any empirical analysis. The most obvious advantage

is that the amount of data which must be processed through the detection
analysis scheme has been significantly reduced, resulting in both a reduction
in the computer time required and the added ability to handle significantly
larger quantities of data for a fixed computer size and accuracy.

A more subtle advantage is that this reduction in amount of data may be
viewed geometrically as a reduction of the dimensionality of the space in
which the detection analysis is carried out. This enables one to handle
problems with a smaller number of learning data vectors than it would be
possible in the original space, and still avoid what might be termed over-
determination of the problem. If the number of learning data vectors is

not considerably larger than the dimensionality of the space in which the
analyses is performed, there is a very high probability that the law generated
will be the peculiar to particular learning data set used, and not generalizable
to other data sets.

Another advantage of the ADAPT approach is that each dimension in a de-
tection problem contains the most significant information from all of the
components of the initial data vector. In more classical approaches each
component must be considered sequentially and independent of the other
components. The ADAPT compressed representation of the data insures
that the least correlated data is eliminated prior to the development of

any algorithms. (See Appendix B) This results in early elimination of what-
ever noise is present in the data. Although it is conceivable that useful

11




information is contained in the poorly correlated portion of the data,

the ability of any technique to extract this information decreases rapidly
as the data becomes less correlated. The degree of correlation to be
required for any given problem is an input to the ADAPT processing.

The procedure of first finding the optimal representation also offers
the advantage of an independent validity criteria for the empirical data
analysis.

The ADAPT approach further offers significant advantages to the opera-
tional implementation of real time sonar signature analysis. The most
obvious of these advantages is the uniform and simple format of all of

the ADAPT algorithms. This means that the algorithm can be implemented
with very small computers or simple analog circuits. Furthermore,
ADAPT can provide the operator with the '"best’ possible two, three or
NR-dimensional display of all of the available data. Finally, the small
dimensionality required to perform empirical pattern recognition and
regression analysis, using the optimally represented data, allows one

to supplement these '"best" data displays with a real time capability to
derive classification laws or to determine the significant characteristics
of any new signal which is observed. This can be accomplished with a
relatively small computational capability such as that provided by a typical
"mini-computer' of approximately 4K to 8K core size.

In summary, the ADAPT approach leads to a very efficient empirical
analysis based on an optimal representation of the data which: 1) sig-
nificantly reduces the number of numbers required to represent any given
set of information; 2) eliminates redundant data; and 3) significantly re-
duces the amount of uncorrelated data. When combined with the detection
techniques incorporated in the ADAPT system of programs, there is a
significant reduction in manpower, computer hours and roundoff errors

with a simultaneous increase in the probability of finding a simple, meaning-
ful empirical relationship.
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) TABLE 1.1
E
i SIGNALS SUPPLIED FOR LEARNING DATA
: L
v No. of No. of No. of
SNR (DB)  Signals 10- Average 20-Average
, B 200 20 10
=21 40 4 2
-15 40 4 2
-9 40 4 2
-6 200 20 10
-3 200 20 10
0 200 20 10
3 200 20 10
6 200 20 10
9 40 4 2
D-3 10 1 -
: DO 10 1 -
D 3 10 1 =
D 6 10 1 .
i D9 10 1 =
i
;
3
f
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APPENDIX A
DESCRIPTION OF ADAPT

INTRODUCTION

Avco's Data Analycis and Prediction Techniques (ADAPT) have been
developed over the past 5 years and provide Avco with a unique capability
for the application of pattern recognition techniques to empirical data
analysis and predictions involving large quantities of data. These tech-
niques were developed as a design tool to evaluate the effectiveness of
various decoy concepts for simulating ICBM warheads but are applicable to
a large variety of problems. The missile discrimination problem is character-
ized by the requirement to process very large amounts of data in extremely
short periods. This requirement led to the development of a series of
computer programs which process a very large quantity of data by compacting
it into both an economical and a mathematically more convenient format.
This reduced data is then further processed in one of the following processing
modes: 1) cataloging, 2) sorting, and 3) parameter predictionm.

These techniques are now available as a flexible series of programs.
In general, one portion of this series of programs is utilized to generate
simple ways of implementing various pattern recognition and prediction
schemes based on a known set of learning data. Although a large computer
is required to generate these results, the programs that are actually em-
ployed for sorting, cataloging and parameter prediction are relatively
simple and are compatible with many field-sized computers. These techniques
are particularly useful for those applications which require either: the
reduction of extremely large quantities of data, a rather simple formulation
of algorithms for use in simpler field computers, or for which complex
interrelationships are to be determined. By properly formulating the
problem these existing programs developed,as part of Avco's missile system
technology, are directly applicable to a great many different problem areas.

The following will briefly describe the ADAPT approach and the procedure
for formulating empirical problems in a form suitable for analysis with
existing ADAPT programs.
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ADAPT APPROACH TO EMPIRICAL DATA ANALYSIS

The ADAPT approach to performing empirical data analysis may be divided
into four parts: 1) data conditioning, 2) cataloging, 3) sorting, and
L) predicting. The first step in any ADAPT solution is to properly condition
the data. This may then be followed by any one of the three remaining
tasks listed above. Figure 1 illustrates the fundamental ADAPT assumption
concerning data. ADAPT assumes that the data which it is given characterizes
some physical phenomena. Here we see that the first observable history,
Ol’ represents some physical phenomena, say the acoustic signature of a
ship moving in calm water. The second observable history, 02, might be the
acoustic signature of the same ship moving in rougher water. A set of many
such histories represents the acoustic signature of the ship under varying
conditions. A second class within this data might be a series of acoustic
signatures representing a whale under various different conditions. An
example of this case might be illustrated by the last history of Figure 1,

0 .
m

Data Conditionigg

The data conditioning performed by the ADAPT programs is based on the
idea that the standard processing of data often rests on the orthogonality
properties of the trignometric functions. That is, data is often repre-
sented by trignometric functions which allow certain special processing such
as Fourier transforms. These useful properties of trignometric functions
exist for any member of the infinite set of orthogonal functions. Examples
of the better known are: Bessel Functions, Legendre Polynomials, Jacobi
Polynomials, Chebyshev Polynomials, and Hermite Polynomials. In classical
boundary value problems the governing differential equation is known and
the particular set of orthogonal functions to be utilized in analyzing a
given problem is derived from the form of the governing differential
equation. However, in the case of a general set of data obtained by making
measurements on a phenomena for which the governing equations are not
entirely understood, the correct set of orthogonal functions to use is not
known. The basis of the ADAPT data conditioning lies in determining the

answer to the question: for the given set of data which is to be analyzed

what _set of orthogonal functions best representg this particular data?
18




1.258%
6.69

Thus the ADAFT data conditioning procedure begins with an examination
of the data to be processed to determine the optimum set of orthogonal
functions for representing this particular data set. Although these
functions cannot be specified analytically, there are classical numerical
techniques available for determining them for any given set of data. In
the ADAPT programs this is accomplished by first applying the classical

Gram-Schmidt(l) orthogonalization procedure to the data to be analyzed,

and following this by Karhunen-Logve (2) type principal component analysis.
This procedure may be looked upon as follows: the Gram-Schmidt pro-
cedure is essentially a method of arbitrarily forming a set of orthogonal
functions to represent the data. This Gram~Schmidt set of orthogonal
functions is arbitrary in that it is entirely dependent upon the order in which the
data histories are taken. In essence the procedure consists of taking the
first history as the first of the orthogonal functions to be determined and
then considering the first history and the second history together to de-
termine two orthogonal functions which represent these two histories.
These two orthogonal functions are then considered in conjunction with the
third history in the data set and a third orthogonal function selected such
that all three of the observable histories are now represented by these
three orthogonal functions. This procedure is continued until all of the
observable histories have been examined and a set of orthogonal functions

to represent these histories has been determined.

If all of the histories are linearly independent the Gram-Schmidt
procedure will find a new orthogonal function for each of the histories;
however, any history which is linearly dependent on the ones already used
will not require an additional orthogonal function, and the number of
orthogonal functions found from the Gram=-Schmidt procedure will be less
than the number of observable histories in the original set.

(I)Nering, Evar. D., "Linear Algebra and Matrix Theory," John Wiley & Sons,

1963, pp. 148-149.
2 Courant and Hilbert, "Methods of Mathematical Physics-I," Interscience
Publishers’ N- Yo, 1%3’ Pp- 23-27.
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The optimum orthogonal expansion is now found by determining a new
set of orthogonal functions such that the first orthogonal function is
selected to contain the most information possible coancerning the entire
ensemble of observable histories. Then the second orthogonal function is
selected to contain the next most information and this process is continued
until the last orthogonal function,which contains the least amount of in-
formation which was in the original data set has been determined.

The completion of the Gram-Schmidt and the optimization procedures
results in a numerical definition of the optimum orthogonal functions for
representing the data set to be analyzed. This data set is then expanded
in terms of these orthogonal functions so that each history in the original
data set may now be represented by the n coefficients in the series which
represents that history. Since these orthogonal functions are optimum for
the particular data to be considered, any truncation of this series will
result in the best possible representation of the original histories for

the number of terms retained.

The preceding discussion has pointed out that there are at least three
significant advantages to this new representation of the data which will be
summarized here: 1) There is a maximum amount of information contained
in any specified number of numbers selected to represent the original data
set. This almost always results in a significant reduction in the number
of numbers required to accomplish a given analysis task 2) The data to be
analyzed throughout the remainder of the ADAPT programs is in good form.
(i.e., the data contains no singularities) since all of the linear dependence
has been removed. Often the remaining process involves orthogonal matrices
which have the added advantage that the transpose is equal to the inverse.
3) Examination of the first orthogonal function for any given set of data
results in a characterization of the data which may be used to illustrate
the typical characteristics of the data set under examination.

Figure 2 summarizes this procedure and outlines the analysis which can
be carried out following this data conditioning for the particular set of
data which was i1llustrated for Figure 1. In actuality this set of data
consisted of twenty-nine data histories,all similar to the three illustrated

20




in these figures. The center block of Figure 2 illustrates the first, or
most important, of the optimum orthogonal functions used to represent this
data. Thus the data conditioning is summarized by the set of optimum
orthogonal functions and the coefficients for expanding each history in
the data set in a series of these functions. A very useful additional
ADAPT output is the average amount of information retained when a given

number of terms is used.’

Analysis
Companion programs are now operational at Avco to carry this conditioned

data through three different types of analysis procedure, namely, sorting,
prediction, and cataloging. An important and unique output of ADAPT for
sorting and prediction is the relative importance of each of the indexing
parameters to the algorithm obtained. This allows one to relate the results
obtained back to the physics of the problem by indicating what regions

of the independent variable contain the most information for the particular
prediction or sorting operation which is to be carried out. In the follow-
ing paragraphs we shall discuss each of these analysis techniques separately.

A. Cataloging
Figure 3 is an illustration of cataloging and similarity assessment.

In the simplest case we may consider each history as defined by its first
two coefficients. In this case we may create what is known as & scatter

plot which is simply the representation of each history as a single point

in the coordinate system which is made up of the first and second coefficients.

Thus, each of the three histories previously shown are represented as a
single point in this plot.

If a large percentage of the information is contained in the first
two terms then the nearness of the points of this plot is the measure of
the similarity of the two histories. However, one may proceed one step
further in that the scatter plot may be generalized to any number of di-
mensions. The Euclidian distance between each of these points still repre-
sents the similarity of the two histories. In fact it can be shown that if
normalized coefficients are used the Euclidian distance between any two
points 1s simply related to the correlation of the two histories represented.
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One may represent each history by its coordinates in coefficient space,
and when a new history is observed it may be placed in this same coefficient
space and its distance from all of the other points calculated. The point
to which it is closest represents the history which is most like the new
history, and the catalog look-up is completed.

B. Sorting
This same idea of representing each history as a point in ¢oefficient

space lends itself to the development of sorting techniques. Figure 4

illustrates one of the linear classification schemes which are currently

available in the ADAPT program. This is a scheme which seeks to find a

single number which best represents each history with respect to a particular '
classification which is desired. This is accomplished by projecting the

learning data on a direction in coefficient space, which is selected such
that the distance between the means of the classes is maximized while the
intraclass dispersion is held fixed. When this direction has been selected
both the learning data and any new test cases are projected on this direction.
If the new test case falls within the limits established by either class
defined by the learning data, the test data is assigned to that class. The
results of this procedure are primarily to reduce each history to a single
number, as illustrated in Figure 5, which empirically best characterizes

that history for the particular classification desired.

C. Prediction

The third set of programs available within the ADAPT scheme are for
parameter estimation or prediction. Figure 6 illustrates the empirical
parameter estimation concepts employed in ADAPT. Again there exists a
set of learning data consisting of observable histories. The learning
data is first processed through the data condi%ioning, yielding coefficients
and optimum orthogonal functions. The coefficients are then combined with
the parameters of the learning data to determine an empirical model. This
model relates the parameters to be estimated for each history to the co-

efficients of that history by least squares analysis. A new test observable
history may now be considered. The optimum orthogonal functions obtained
from the learning data are utilized to obtain the expansion coefficients

for the new data. When these coefficients are inserted into the empirical
model it yields the value of the parameter for the test data.
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Figure 7 summarizes the entire ADAPT scheme of empirical signature
analysis. The ADAPT analysis begins with a set of learning data which is
first processed through the ADAPT data conditioning programs. This yields
a conditioned data output consisting of coefficients and optimal orthogonal
functions. These coefficients are then processed through the various ADAPT
algorithm-generation programs which produce cataloging, sorting, and pre-
diction algorithms. These algorithm generation programs also provide plots
of the relative importance of each value of the indexing variable in the
original observable history to the particular algorithm derived. The
algorithms which are generated use only simple mathematical operations and
therefore are easily implemented under field conditions. The final step is
to process an unknown data sample through whichever algorithm is appropriate
for the task required.

23
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FORMULATION OF ADAPT PROBLEM .

The key to formulating a problem for the ADAPT process is to understand
what is meant by an observable history. Briefly an observable history may '
be defined as an indexed sequence of numbers which characterize a physical
phenomena. This definition covers the normally acceptable observable
histories, such as velocity as a function of altitude for reentry vehicles,
or vibration amplitude as a function of time for many vibration diagnostic
problems, or voltage as a function of time for instruments which measures
some time dependent function.

An observable history may also be very different from time like histories.
That is, the observable histories may be made up of measurements representing .
the same physical phenomena. An example of this is illustrated in Figure 8.
In this figure we see that an observable history has been constructed from
28 discrete measurements. These measurements taken on a gas turbine engine
were characteristic of this engine under a given set of conditions. Thus
the first term in the observable history, instead of being the value of a
voltage, vibration, velocity, etc., at time 1, was the value of the com-
pressor discharge temperature; the value of the second term in the observable
history was the value of the combustor static pressure. Clearly each of
these points in this observable history could have been a time history;
for example the time history of the compressor discharge temperature could
be followed by a time history of the combustor static pressure, which could
be followed by a time history of vibration displacement for the power
turbine, until a single observable history is constructed from all 28 time
histories. This would lead to a long observable history, since it would
still be an indexed sequence of numbers characterizing a particular gas
turbine engine under a particular set of conditions. The ADAPT programs
can handle any number of such data histories consisting of up to 2,000
index points each. By repeated application even the restriction of 2,000
index points can be removed.

In summary the ADAPT procedures are capable of handling in their
present form any set of measurements which characterize a physical phenomena.
One must then conclude that the ADAPT procedures are capable of processing
data for almost any problem in which the physical characteristics of interest '
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to the analysis influence an indexed sequence of numbers.

The question then arises, what type of problems are good problems for
the application of ADAPT techniques? The first point that must be made is
that all of the ADAPT techniques are empirical techniques and thus they
have all of the limitations of empirical analysis. Therefore the problem
must be suitable for empirical analysis. Secondly the problem must be
sufficiently difficult or there must be a strong requirement for an extremely
simple algorithm, so that the disadvantages of an empirical analysis,
namely the remoteness from the physics, is overcome by the major advantages
of the ADAPT procedures. These advantages are the ability to solve problems
for which: 1) the physics is too difficult to allow the formulation of an
analytical solution, or 2) a simple algorithm is required to allow implemen-
tation under real time or field condition type constraints.

The ADAPT programs have already been applied in many areas. Examples
in the area of reentry data analysis include weighing reentry vehicles
based on velocity altitude histories, determination of weight and con-
figurations from uncalibrated telemetry data, separating hard-body signal
from chaff, determination of similarity of dynamic radar cross section
histories, analysis of ablation patterns, and the determination of laws
for estimating wake radar cross section scaling constants from flight test
data. In the areas of engine diagnostics the ADAPT programs have been
successfully used to provide empirical performance predictions, either
based on a subset of the measurements or based on engine changes which have
been incorporated since a previous test; for failure diagnosis; and for
trend analysis. Some very elementary examples of separating electro-
encephalograms for eyes open and eyes closed have also been successfully
accomplished by the ADAPT programs. The ADAPT programs have also been
utilized to separate various types of acoustic signals. Upon request,
Avco can furnish more information on the application of ADAPT to any of
these areas.
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APPENDIX B
OPTIMAL ORTHOGONAL EXPANSION FOR TWO FUNCTIONS
We wish to carry though the ADAPT expansion of each of two given functions in the

series of the optimal orthogonal functions defined by these two functions, &as

described in the Introduction.

Suppose we are given the functions ul(t) and ug(t) ot the independent variabie ty

over some domain tls. t s t2‘ Let the functions be normalized, so that

2 L)
fuiat = (uyat = |
Thien the only parameter is the product integral

L2 Su\u‘d& L

1ne .85t inecuality veing Schwarz' inequality for normalized functions.

73, we construct an orthonormal set of 2 functions Vi Mo from the given ones

L, w2 Gram-Schmidt procedure. These functions are easily seen to be
- XK v, = (W, -eu =t
V' - \ ) W 4 % \ <
se ~ow riné the exparnsion coefficients of uj, Uy in a series of Vi Vo!
: . : .\ = j Pk

1u b1 I) ’.;:0 ) xl.::‘- > 1313 "'&‘

T Rp——
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The optimal orthogonal functions are now obtained by finding tae eigenvalues

and eigenvectors g of the two-by-two matrix
A
Sz 2 ‘:’tiylj *"3&’1;“

(the factor in front corresponds to weighing by dividing by the number of functions,

in our case 2.) They are easily found to be

Azs(ivlel) | A =3 (l-lel) |
g%, ), a-(X =)

The eigenvectors are the expansion coefficients of the optimal orthogonal functions

hy, hy in a series in Vs Vo i.e.,

A v e daVy | e (de, dia)

Returning to the original u functions we find the associated optimal functions
to be

le)

< 1/a e
< W+ =0y ) M,z (w-Z=u
l ﬁ ( ‘ ) 2 "ﬁ— \ T
\ '°| 1
and the expansions of the u functions in them are

“-u""ri\ "‘-l 2 K\.“‘t ) WUy s Fa(ﬁ\&‘-rx‘&")
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It is sufficient to discuss the case of £2 0 vecause if £ < 0, a change in the sign
of up returns to the first case. We note that the optimal function h is proportional
to the average of the input functions. The average is intuitively the best single
function to represent two functions, so we see the best single function is associated
with the larger eigenvalue Al‘ The optimal function associated with )\‘ is
proportional to the difference of the given functions.

We also rote that

Azl A=A ze = Sundb ¢ |

The decrease in the eigenvalue from the first to the second is the product integral
of the two functions. If the functions are closely correlated one would expect ~C
to be near unity, and Xt would be much less than k. . But if the functions are
nearly uncorrelated one would expect o to be small, and there is only & slight
secrease in tne eigenvalue, going from the larger to the smaller. Thus the rate

' Gecrease of eigeavalues can be essociated with the degree of correlation of

tine input functions.




