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1. INTRODUCTION

Recently, the authors introduced the concept of the so-
called Local Discriminant Basis(LDB) for signal andim-
age classification problems[6], [17, Chap. 4], [19], [20].
This method first decomposes available training signals
in a time-frequency dictionary (also known as a dictio-
nary of orthonormal bases) which is alarge collection
of the basis functions (such as wavelet packets and lo-
cal trigonometric functions) localized both intimeand in
frequency. Then, signal energies at the basis coordinates
are accumulated for each signal class separately to form
atime-frequency energy distribution per class. Based on
the differences among these energy distributions (mea-
sured by a certain “distance” functional), a complete or-
thonormal basis called LDB, which *can see” the distin-
guishing signal featuresamong signal classes, is selected
from the dictionary. After the basis is determined, ex-
pansi on coefficientsin the most important several coordi-
nates (features) arefed into atraditional classifier such as
linear discriminant analysis (LDA) or classification tree
(CT). Finally, the corresponding coefficients of test sig-
nals are computed and fed to the classifier to predict their
classes.

This LDB concept has been increasingly popular and
applied to a variety of classification problems includ-
ing geophysical acoustic waveform classification [18],
radar signal classification [11], and classification of neu-
ron firing patterns of monkeys to different stimuli [22].
Through these studies, we have found that the criterion
used in the original LDB agorithm—the one based on
thedifferencesof thetime-frequency energy distributions
among signal classes—is not always the best one to use.
Consider an artificial problem as follows. Suppose one
class of signals consists of a single basis function in a
time-frequency dictionary with itsamplitude 10 and they
are embedded in white Gaussian noise (WGN) with zero
mean and unit variance. The other class of signals con-

sists of the same basis function but with its amplitude
—10 and again they are embedded in the same WGN
process. Then their time-frequency energy distributions
are identical. Therefore, we cannot select the right ba-
sisfunction asadiscriminator. Thissimple counterexam-
ple suggests that we should also consider the differences
of the distributions of the expansion coefficients in each
basis coordinate. In this example, all coordinates except
the one corresponding to the single basis function have
the same Gaussian distribution. The probability density
function (pdf) of the projection of input signals onto this
one basisfunction should reveal twin peaksaround +10.

In this paper we propose a new LDB algorithm based
on the differences among coordinate-wise pdfs as a ba-
sis selection criterion and we explain similaritiesand dif-
ferences among the original LDB algorithm and the new
LDB agorithm.

2. STEPSTOWARD THE ORIGINAL LDB

In this section, we review various feature extraction
strategies and the original LDB algorithm. Before pro-
ceeding further, let us set up some notations. Let X x Y
be a set of al pairs of input signals and the correspond-
ing classlabels (x,y). Wecal XX C R™ aninput signal
spaceand Y = {1,..., K} an output response space
which is simply a set of possible class labels (names).
Most of the signal classification problems we are inter-
ested in, the dimension n israther large. For example, in
medical X-ray tomography, wetypically haven = 5122,
and in seismic signals, n =~ 4000. A classifier isafunc-
tiond : X — Y which assigns a class name to each input
signd = € X. Note that if we define 4, 2 {z € X :
d(x) = y}, then A,saredisointand X = Ule Ay.
A learning (or training) dataset T consists of N pairs of
input signals and the corresponding class names; T =
{(z1,31),...,(x~,yn)}. Let N, beanumber of class
y signalsinT. So, N = Zle N, . We often write 2"
to emphasizethat thisbelongsto classy. Wealso assume
the availability of another dataset T/ which is indepen-
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dent of T and still are sampled from the same probabil-
ity model. Thisiscalled atest dataset and used for eval-
uation of classifiers. Let us now introduce a probability
model. Let P(A, y) beaprobability on X x Y (A C X,
y€Y). Let(X,Y) € X x Y bearandom sample from
this probability distribution:

PAYEPXeAY =y =m,P(XEA|Y =y),

where 7, £ P(Y = y) isaprior probability of class
y. In practice, we often assume =, = N, /N where N,
isthe number of available class y samplesin the training
dataset T (i.e, ), Ny = N).

Thefirst and most direct approach to the classification
problem seems:

Approach 0: Construct thebest possibleclassifier using
information of P(A,y).

Thisnaturally leadsto the concept of the Bayes classifier,
but we quickly realize that it is impossible to obtain in
practice.

2.1. TheBayesclassifier

If we know thetrueprobability distribution P( A, y), then
the optimal classifier is the so-called Bayes classifier (or
rule) dg and is defined as

P(dp(X) #Y) < P(A(X) #Y),

for any other classifier d(X'). Then, the Bayes misclas-
sification rate Rp = P(dp(X) # Y) isclearly the
minimum among the rates obtained by all possible clas-
sifiers using information of P(A,y). In fact, assuming
the existence of the conditional pdf p(«|y) such that
P(Ay) = [, p(=|y) de, itiswell known (seeeg., [3,
p. 14]) that the Bayes classifier isto “ assign = to class
kife € A} where A} = {x € X : p(x | k)7, =
maxyey p(® | y)m, }. This Bayes classifier, however, is
impossibleto construct. First of all, p( | y) isnot known
inpractice. Itisevendifficult to estimatep( | y) compu-
tationally using availabl e training samples because of the
high dimensionality of theinput space X (curse of dimen-
sionality); we need a huge number of training samplesto
get reliable estimate of p(x | y). Therefore, we need to
reduce the dimensionality of the problem without losing
important information for classification.

2.2. Feature extraction, dimension reduction, and
projection pur suit

Faced with the curse of dimensionality and having such
difficulty in constructing the Bayes classifiers, the extrac-
tion of important features becomes essential. We want
to keep only important information and discard theirrel-
evant information for classification purposes. Humans
perform thiskind of “feature compression” on adaily ba-
sis when facing classification and discrimination tasks.
As Scott mentionsin his book [21, Chap. 7], this strategy
is also supported by the empirical observation that mul-
tivariate datain IR™ are almost never n-dimensional and
there often exist lower dimensional structures of data. In
other words, asignal classification problem often has an
intrinsic dimension m < n. (Notethat thisis clearly dif-
ferent from that of signal compression problem even for
the same dataset; the intrinsic dimension is goal depen-
dent.) Therefore, it would be much more efficient and
effective to analyze the data and build classifiersin this
smaller dimensional subspaceJ of X, if possible. Wecall
JF afeature space, andamap f : X — F afeatureextrac-
tor. Then, the key ishow to construct this* good” feature
space F consisting of discriminant featuresand designthe
corresponding feature extractor f. If we precisely know
the underlying physical and mathematical models of the
problem, then we can design a mechanism to extract spe-
cific featuresrelevant for that problem and may obtain its
intrinsic dimension. It is often difficult, however, to set
up exact mathematical modelsfor the problem we arein-
terested in, such as medical and geophysical diagnostics.
Therefore, we want to adopt exploratory approaches; we
want to find discriminant features by automatic proce-
dures and examine their effectiveness. In turn, this may
lead to our understanding of the underlying physics of the
problem.

Based on the above observations, the next approach to
signal classification problems can be stated as follows.

Approach 1: Extract the best possible features fromthe
signals and construct the best possible classifier on
these features.

This approach can be symbolically written as:
d=gof, D

where f isafeature extractorand g : ¥ — Y isaclas
sifier using signal features. ldeally, mapping input sig-
nals to J should reveal separate clusters of points corre-
sponding to signal classesand easethe subsequent classi-
fication tasks. In general, f can be nonlinear, e.g., neural
network feature extractors such as self-organizing maps



[14]. Although thistype of feature extractors have inter-
esting capabilities, they almost always require a nonlin-
ear optimization procedure which is computationally ex-
pensive and isdifficult to find the global optimum. Then,
how about using somelinear transformsas f? This ques-
tion naturally leads to the concept of projection pursuit.

The projection pursuit (PP), which was originally pro-
posed by Kruskal [15] and was implemented, experi-
mented, and named by Friedman and Tukey [10], is one
of the few techniques to do the dimension reduction.
The original purpose of PP was to pick “interesting”
low-dimensional projections of high-dimensional point
clouds automatically by numerically optimizing a cer-
tain objective function or projection index. One can find
a sequence of best one-dimensiona projections by op-
timizing the projection index, then removing the struc-
ture that makes this direction interesting, and iterating.
As one can see, the idea of PP is very general and was
extended for various purposes including density estima-
tion, regression, classification, and clustering; see excel-
lent expository papers by Huber [12] and by Jones and
Sibson [13]. In particular, by changing the projection in-
dex to the appropriate ones, many of the classical multi-
variate data analysis techniques, such as principal com-
ponent analysis (PCA) and linear discriminant analysis
(LDA), are shown to be the specia cases of PP. There-
fore, PP with a projection index measuring discriminant
power of projections (or coordinates) seems an attractive
approach for feature extraction and dimension reduction.
The problem, however, till exists: 1) A straightforward
application of PP may still be computationally too ex-
pensive for high dimensional problems. 2) Sequentially
obtaining the best 1D projections may be too “greedy.”
It may miss the important 2D structures. After al, “the
best two measurements are not the two best” [7]. 3) In-
terpretation of the results often becomes difficult because
the best 1D projection squeezes all discriminant features
in the signals—however separated in time and frequency
domains—into a single feature vector.

2.3. Theoriginal LDB method

Faced with the above difficulties, one may wonder how
to approach the problem. Here, the so-called time-
frequency dictionary comes in. This is a large collec-
tion of specific basis vectors in X organized in a hi-
erarchical binary tree structure. This dictionary is re-
dundant and contains up to n(1 + log, n) basis vectors
(also called time-frequency atoms) which have specific
time-frequency localization properties. Examples in-
clude wavelet packets and local trigonometric functions

both of which were created by Coifman and Meyer; see
[16], [24] and references therein for the detailed proper-
tiesof these basisfunctions. Seealso[18] inthisproceed-
ing. This dictionary of bases is huge; it contains more
than 27 different compl ete orthonormal bases[24, p.256].
This dictionary, however, offers at least two things for
us: 1) Efficiency in representing features localized both
in time and in frequency. Thisis particularly useful for
representing nonstationary signals or discontinuous sig-
nals. Moreover, this property makes interpretation of
classification results far easier than Approach 0 and 1. 2)
Computational efficiency. Expanding a signal of length
n into such atree-structured basesisfast, i.e., O(n logn)
for a wavelet packet dictionary and O(n[logn]?) for a
local trigonometric dictionary. Moreover, the Coifman-
Wickerhauser best-basis algorithm [24, Chap. 8] alows
oneto search a“good” basisfor her needsin O(n).

The best-basis algorithm of Coifman and Wicker-
hauser, however, was developed mainly for signal com-
pression problems. TheLDB algorithm was developed to
fully utilize these properties of thetime-frequency dictio-
naries and the best-basis algorithm for signal classifica-
tion and discrimination problems|[6], [17, Chap. 4], [19],
[20Q]. It is much more specific than Approach O and 1, but
it offers a computationally efficient dimension reduction
and extraction of local signal features. It is also “mod-
est” in the sense that it picks a set of good coordinates
from afinite collection of orthonormal bases rather than
a sequence of the absolutely best 1D projections without
constraint. This philosophy can be phrased as

Approach 2: Extract the most discriminant features
from a time-frequency dictionary, construct several
classifiers on these features, and pick the best one
among them.

For aspecific classifier g (which can be any conventional
classifier of one’s choice, such as LDA, CT, or artificial
neural networks, etc.), this approach can be written as

d=go0,, oV (2

The feature extractor here consists of ¥ € O(n), an n-
dimensional orthogona matrix (i.e., an orthonormal ba-
sis) selected from a time-frequency dictionary, and afea-
ture selector ©,,, selects the most important m (< n)
coordinates (features) from n-dimensiona coordinates.
Most statistical literature focuses on the performanceand
statistical properties of various classifiers g in (1), (2).
Some literature discusses the feature selector ©,,, given
aset of features. On the other hand, both the original and
the new LDB methods focus on f, in particular, how to
select ¥ from afinite collection of bases.



Let © be this time-frequency dictionary consisting of
a collection of basis vectors {w;}, 7 = 1,...,n(1 +
log, n). © can also be expressed as alist of all possible
orthonormal bases {B;},j = 1,..., M with M > 2",
Let B; = {wj,,...,w;, } andlet D(B;) be ameasure
of efficacy of the basis B; for classification tasks. Then,
both the original and the new L DB are sel ected rapidly by
the best-basis algorithm using the following criterion:

¥ = argmax D(B;). (3)
B;eD

The heart of a matter is this measure of efficacy D. Here
we describe the one adopted in the original L DB method.
In the next section, we consider the various possibilities
of this measure and propose the new LDB method.

Let T¥)(w;) be anormalized total energy of class y
signals along the direction w; :

N
A Y w2
- N

S e

where - denotes the standard inner product in R™. We
refer to the tree-structured set of normalized energies
{T®W(w;) : w; € D} as the normalized time-
frequency energy map of class y. Let I‘(y)(Bj) =
(T (w;,),...,TW(w;,)) beavector of such normal-
ized energies corresponding to the basis B; whichis ex-
tracted from the time-frequency energy map. Intheorigi-
nal LDB algorithm, asthe measure D, we have examined
several functionals measuring “distances’ among K vec-
tors, T™V(B;), ..., T5)(B;), such as relative entropy,
Hellinger distances, and simple ¢? distances. See Equa-
tions (2)—5) in [18] where we compared their classifica-
tion performance. We note that the functionals such as
relative entropy and Hellinger distance were originally
created to measure the “distances’ or deviations among
pdfs[1], and in the original LDB algorithm, the normal-
ized time-frequency energy maps are viewed as pdfs and
the distances among them are computed for basis evalu-
ation.

I (w;) (4)

3. THE NEW LOCAL DISCRIMINANT BASES

Inthis section, we usethe probability model to reinterpret
theoriginal L DB algorithm and then propose the new ba-
sis selection criteria.

3.1. Discriminant measuresfor 1D projections

Let us first reconsider what is a good 1D projection for
classification and discrimination in general. The more

specificissuesfor the LDB methodsaretreated in the next
subsection.

If we project an input signal X € X onto aunit vector
w; € D, thenitsprojection (or coordinate) 7; 2 w; - X
is aso arandom variable. We also use the notation ny)
if wewant to emphasizethe projection of classy signals.
We are interested to know how Z; is distributed for each
signal class so that we can quantify the efficacy of the di-
rection w; for classification. We refer to such a projec-
tion index as a discriminant measure. We also use the
term discriminant power of w; which isthe actual value
of such a measure evaluated at w;. We can think of four
possibilities of such ameasure:

Typel: A measure based on the differences of derived
guantitiesfrom projection 7;, such asmean classen-
ergies or cumulants.

Typell: A measure based on the differences among the
pdfsof 7;.

Typelll: A measure based onthe differencesamong the
cumulative distribution functions (cdfs) of 7;.

TypelV: A measure based on the actual classification
performance (e.g., a rate of correct classification)
using the projection of theavailabletraining signals.

Type | measure is the one used in the original LDB
method. Aswe will show later, thisis a special case of
Type Il measure. Type Il measure is the one we adopt
for the new LDB method. This requires the estimation
of the pdfs of Z; for each class and we will describe the
details below. Type Il and IV measures are currently
under investigation. J. Buckheit suggested using Type
Il measures since computing an empirical cdf is sim-
pler and easier than estimating a pdf. This includes the
Anderson-Darling distance which he used for measuring
non-Gaussianity of projections in his paper [4]. As for
Type IV measures, there are two approaches. Oneisto
estimate the 1D pdfs, assumethem asthe“true” 1D pdfs,
and invoke the Bayes classifier to get the misclassifica-
tion rate. The other isto use any simple classifier (e.g.,
LDA, CT, k-nearest neighbor, etc.) or a combination of
them to get the least misclassification rate. The Type IV
strategy is essentially the same asthelocal regression ba-
sisproposed by theauthors[6], [17, Chap. 5]. Weempha
sizethat the misclassificationratein thiscontext issimply
used to evaluatethedirection w;, and isdifferent fromthe
final misclassification rate obtained by the entire system
d.

In thefollowing, we focus on Type Il measures and its
relationship to Type | measures. If we knew the “true”



conditional pdf p(x | y), then, the pdf of Z; for class y
signalswould be:

ilyw)2 [ elnde.©

For notational convenience, we write q(y)( ) instead of
q(z |y, w;). In practice, however, (5) cannot be com-
puted since p(x | y) is not available as mentioned in the

previous section. Therefore, we must estimate ql(-y)(z)
empirically using the available training dataset. Let
q§y>(z) denote such an estimate. There are many empir-
ical density estimation techniques as described in [21].
In fact, the pdf estimation using wavelets and their rela-
tivesareaquiteinteresting subject itself [8]. In Section 5,
we use a particular estimation method called averaged
shifted histograms (ASH) [21, Chap. 5] which is compu-
tationally fast and has an interesting connection with the
“gpin cycle” algorithm of Coifman and Donoho [5] for
signal denoising problems.

Having estimated pdfs, q(l) ,QZ(K) what kind of
discriminant measure D should we use to evaluate the di-
rection w; ? The worst direction is the one which makes
all the pdfslook identical and for this direction the value
of D should be 0. The best direction is the one which
makes all the pdfs look most different or “distant” from
one another which in turn should ease the subsequent
classification tasks. Therefore D should attain a maxi-
mum positive value at that direction. Also, we should
have D(g; TR A(K)) > 0 and the equality should
holds if and only if q(” = ... = QEK). These condi-
tions indicate that D should be a “distance-like” quan-
tity among pdfs. There are many “ distance” measuresto
quantify the difference or discrepancy of pdfs; see eg.,
[1]. Among them, two popular distance measures (be-
tween two pdfsp and ¢) are:

o Relative entropy (also known as cross entropy and
Kullback-L eibler divergence):

é : o @ X
D(p,q) = /p(r)l 8 o(z) da. (6)
o Hellinger distance:
H(zma)é/(\/ZO(fL‘)—\/Q(JE))2 dz. (7)

We a so notethat relative entropy (6) is not ametric since
it satisfies neither symmetry nor triangle inequality. For
measuring discrepancies among K pdfs, p(1), ..., ptF),

the simplest approach is to take (%) pairwise combina-
tionsof D:

K-1
PO

K
Z D(p (J) (8)

i=1 j=i+1

D(p(l), .

Remark 3.1. For a small number of classes, say 2 to 4,
this approach may be sufficient. The more signal classes
one has in her problem, the more obscure the meaning
of (8) becomes; a large value of (8) may be due to a
few significant terms with negligible majority (a favor-
able case) or to the accumulation of many terms with
relatively small values (an unfavorable case). For such
a case, we can take a different approach suggested by
Watanabe and Kaminuma [23]. Instead of constructing
asingle classifier for the entire problem, consider K sets
of two class problemsby splitting thetraining dataset into
class y and non-class y. Then construct a classifier for
each two class problem. Suppose the probability of a
signal = being classified to class y using the yth classi-
fier is p¥)(y | ). Then we assign  to class k where
k = argmax, .y p(¥)(y | ). Wearecurrently investigat-
ing thisapproach inthe LDB setting and comparing with
the one based on (8).

Now, let us consider a particular Type | measure, the
normalized energy (or the normalized second moment) of
signals along the direction w;. This quantity for class y
signals can be written as

Jwa _FIZY =y
ST S EAY =4

(©)

Therefore, oncewe get the estimate g ‘(y) , We can estimate
the energy aswell:

o _ f z2rj(y) )dz
i z 1f22 (i‘/)

This shows that this Type | measure can be derived once
we get the estimate of pdfs. Thisistruefor other derived
guantities such as cumulants. Now, how are (9) and (10)
related with the normalized time-frequency energy map
used in the original LDB algorithm? With the available
finite samplesin the training dataset, we have

(10)

E[Z}|]Y =yl ~

EJW A = [0 d:



Also, because of the orthonormality of {w;},

S E[ZZ|Y =yl = E[|X|*|Y =y

i=1

1 &
~ o 2l
Y ji=1
Thusfrom (4), we conclude
F(y)(,wi) — Vi(y)'

In other words, the normalized time-frequency energies
used in the original LDB algorithm turns out to be the fi-
nite sample version of the Type | measure (9) under the
probabilistic setting. For afixed w;, both V) and T{*)
are point estimates, and the same is true of the discrimi-
nant measure D(T'M) (w;), ... , T (w;)). Ontheother
hand, the discriminant measure D(qf”, e ,QEK)) uses
the entire probability distribution information. There-
fore, the Type Il measures using the pdfs can capture
more subtle discriminant information such as phase in-
formation than the Type | measures based on (9) and (4).

Remark 3.2. Once noticed that the quantity (9) isessen-
tially a point estimate of the nonlinear function (square
function in this case) of a random variable 7;, we may
further improvethe original LDB by the use of other non-
linear transformations of the coordinate values. That is,
instead of using Z? in (9) we can use another nonlinear
functionn(Z;), eg., arctan Z;, log(1 + | Z;|), and so on.
We can also use this ideafor the discriminant measure D
by estimating the pdf of »(.7;) instead of that of 7;.

3.2. Discriminant power of basesin dictionaries

Instead of just a single direction, suppose we are given a
basis B = (w1, ..., w,)inatime-frequency dictionary.
Because it is difficult to estimate the n-dimensional pdf
directly for alarge n, we evaluate each basis vector sep-
arately and sum up their discriminant powers. For nota-
tional convenience, let 5; 2 D(qf”, e ,QZ(K)), i.e,dis
criminant power of asingledirectionw;. Then, asimple-
minded measure of the discriminant power of B may be

D,(B) £ zn:(si
i=1

However, once we start comparing the discriminant
power of various basesin the dictionary, we quickly real-
ize the shortcoming of this simple measure: many small
8;Smay add up to alarge discriminant power of the basis,

as mentioned in Remark 3.1. Therefore, we want to sum
only k(< n) largest terms, i.e.,

k
Di(B) 23 6. (11)
i=1

where {é(;)} is the decreasing rearrangement of {é;}. In
fact, it may be better not to take the most useless (i.e.,
non-discriminant) vectors into consideration. However,
the automatic choice of % is not necessarily easy and
needs further research.

Another possibility is to measure only the discrimi-
nant powers of the directions that carry the signal ener-
gies larger than a certain threshold ¢ > 0:

D)(B) £ Z&'éh (12
i=1

whereg; = 1if E[Z?] > t and = 0 otherwise.
The selection of ¢ should be done carefully. It should be
large enough to remove all the noisy coordinates, but also
should be small enough not to discard the subtle discrim-
inant features which are not noise.

Remark 3.3. Itisinteresting to use joint distribution of
pairs of projections (w;, w;) instead of 1D projections
because hidden structures (such as holes) may be cap-
tured by a 2D projection but not by any 1D projection.
Since it is too expensive to estimate all possible com-
binations, i.e., (%) joint pdfs, for each class, we select
the most discriminant k(< n) coordinates in B using
the 1D projections, then deal with (%) joint pdfs. Two-
dimensional joint pdfs are indispensable for feature ex-
traction using a dictionary of local Fourier bases. There,
each expansion coefficient is a complex number. Taking
magnitudes of the coefficientsin this case clearly ignores
important phase information. We are currently investi-
gating this approach.

3.3. Thenew LDB selection algorithm

We summarize the new procedure here with its computa-
tional cost.

Step 0: Expand each training signal «; into a speci-
fied time-frequency dictionary ©. [O(nlog, n) or
O(n(log, n)*)]

Step 1: For each vector w; inthedictionary, estimatethe
pdfsqu) of theprojection,y = 1,..., K. [O(n(1+
log, n)) using ASH estimates]



Step 2: For each vector w; inthedictionary, computeits
discriminant power é;. [O(n log, n)]

Step 3: Evauate each basis B in the dictionary and ob-
tain the best basisvia

¥ = argmax D(B),
BeD

where D iseither Dy, in (11) or D in (12). [O(n)]

Step 4: Select m vectorsfrom ¥ corresponding to them
largest é;.

Step 5: Construct classifiers g with the features derived
from m vectors.

We notethat it is not necessary to have k = m in general.

4. “SPINCYCLE": A DATA STABILIZATION
PROCEDURE FOR TIME-FREQUENCY
DICTIONARIES

Our basesinthedictionaries, i.e., wavel ets, wavel et pack-
ets, and local trigonometric bases, do not have the trans-
lation invariance property: if we shift the original signal,
its expansion coefficients change (significantly in some
cases) from those of the original signal so that one can-
not tell theamount of shift from the coefficients. Depend-
ing on the applications, thislack of trandation invariance
may be problematic. For example, forimagetexture clas-
sification, we do not concern the locations of individual
edges or transients which form texture elements. Thus, it
is preferable to make the analysis and classification pro-
cesses more insensitive to trandlations in such problems.
On the other hand, if the time delay of a certain wave-
form is an important discriminant feature in one’s prob-
lem, thenthelack of trandlation invariance may not betoo
critical.

For compensating the lack of trandation invariance,
we use the so-called spin cycle procedure: increase the
number of sample signals in the training and the test
datasets by creating their translated versions. More pre-
cisely, weshift each z; inthetraining and the test datasets
inacircular manner by — 7, —7 + 1,...,—-1,1,... 7,
wherer € Nand 7 < n. Then we have 27 + 1 sig-
nalsfor each original signal (counting itself) all of which
share the same class assignment y;. Next, we construct
the LDB using thisincreased training dataset, extract top
m features, and build a classifier. Then we feed all the
signals to the classifier and predict the class labels. Fi-
nally, for each original signal, we take the majority vote
on the 27 + 1 predicted class labels. This “spin cycle”

procedure also plays an important role for other applica-
tions such as denoising [17, Chapter 3], [5].

Remark 4.1. It turns out that increasing the number of
sample signals by the spin cycle procedure is, in spirit,
very similar to the “bagging” (bootstrap aggregating)
procedure proposed by Breiman [2]. This method tries
to stabilize certain classifiers by: 1) generating multiple
versions of training dataset by the bootstrap method [9],
2) constructing a classifier for each training dataset, and
3) predicting the class of test samplesby the majority vote
on the predictions by all the classifiers.

5. EXAMPLES

In this section, we analyze two classification problems.
The first one is the famous “waveform” classification
problem described in the CART book [3]. The sec-
ond problem is a discrimination of geophysical acoustic
waveforms propagated through different media[18].

Example5.1. Triangular waveform classification.

This is a three-class classification problem using syn-
thetic triangular waveform data. The dimensionality of
thesignal wasextended from 21in[3] to 32 for thedyadic
dimensionality requirement of the bases under considera-
tion. We generated 100 training signalsand 1000 test sig-
nals for each class by the following formula:

2 (i) = uhy (i) + (1 — u)hy(i) 4+ (i) for Class1,
2 (i) = uhy (i) + (1 — u)hs(i) + (i) for Class2,
23 (i) = uhs(i) + (1 — u)hs(i) + (i) for Class3,

where: = 1,...,32, hy(i) = max(6 — |i — 7|,0),
ho(i) = ha(i—8), ha(t) = h1(i—4), uisauniformran-
dom variable on theinterval (0, 1), and ¢(7) are the stan-
dard normal variates. We conducted three sets of differ-
ent classification experiments.

1. The origina LDB method with and without Spin
Cycle.

2. The new LDB method with and without Spin Cy-
cle using the simple histgrams as the pdf estimation
method.

3. The new LDB method with and without Spin Cycle
using ASH asthe pdf estimation method.

In each experiment, we repeated the whole process 10
times by generating 10 different realizations of the train-
ing and test datasets. As a classifier ¢ in (2), we used
linear discriminant analysis (LDA) and classification tree



| Method (Coordinates) | Training | Test ||

LDA onSTD 120% | 227 %
LDA on OLDB5 141% | 16.2%
LDA onOLDB5SC3 | 14.1% | 16.1%
LDA on OLDB5SCS5 | 16.2% | 17.4%
CTonSTD 70% | 29.3%

CT on OLDB5 81% | 219%
CT on OLDB5SC3 58% | 21.4%
CT on OLDB5SC5 177% | 225%

Table 1: The average misclassification rates of the wave-
form classification example over 10 simulations. In
Method column, STD, OLDBS, represent the standard
coordinatesand thetop 5 coordinates of theoriginal LDB
(based on the time-frequency energy distributions), re-
spectively. SC3, SC5 mean the Spin Cycle with 3 and 5
shifts(r =1, 2)

| Method (Coordinates) | Training | Test ||

LDA on NLDB5 170% | 19.6 %
LDA onNLDB5SC3 | 16.2% | 18.2%
LDA onNLDB5SC5 | 17.5% | 18.8%

CT on NLDB5 99% | 26.3%
CT onNLDB5SC3 63% | 245%
CT on NLDB5SC5 79% | 23.7%

Table 2: The average misclassification rateswith the new
LDB algorithm using the simple histgrams as the em-
pirical pdf estimation method (averaged over 10 simula-
tions). Here, NLDB5xxx meansthat m = k£ = 5 in (11).

(CT). As a dictionary for LDB, we used the wavelet
packet dictionary with the 6-tap coiflet filter [24, Ap-
pendix C]). For the discriminant measure, we adopted the
relative entropy (8) for three classes (see also (8)). As
for m, the number of most important features to be fed
to classifiers, we set m = 5 by heuristics, m = 0.1n or
0.2n. For comparison, we also conducted the direct ap-
plication of LDA and CT over the signals represented in
the standard (or canonical) basis of R32.

The averaged misclassification rates are summarized
in Tables 1,2,3.

We would like to note that according to Breiman et al.
[3], the Bayes error of thisexampleis about 14 %. From
these tables, we observe:

o Thebest result so far wasobtained by applying LDA
toNLDB5SC3, i.e., thetop 5 LDB coordinates with
ASH estimates on the Spin Cycled data (with three

| Method (Coordinates) | Training [ Test ||

LDA on NLDB5 160% | 182%
CT onNLDB5 88% | 245%
LDA onNLDB5SC3 | 144% | 15.9%
CT on NLDB5SC3 55% | 20.8%
LDA onNLDB5SC5 | 159% | 17.9%
CT on NLDB5SC5 75% | 22.8%

Table 3: The average misclassification rateswith the new
LDB algorithm using ASH as the empirical pdf estima-
tion method (averaged over 10 simulations).

shifts).

e Thefour of thetop 5 original and new LDB vectors
are the same except their order of importance.

¢ Dueto the nature of the problem (threetrianglesare
located at the fixed positions), Spin Cycle with too
many shifts (five shifts here) degraded the perfor-
mance.

e Over al the LDA gave much better resultsthan CT.

o For the new LDB algorithm, the Spin Cycleiscriti-
cal. Without Spin Cycle, itisworsethanthe origina
LDB.

¢ Over al ASH-based methods gave the better results
than the simple histogram-based methods.

Note that the best results NLDB5SC3 essentially used
the doubl e stabilization (or perturbation) procedure: Spin
Cycle on the original signals and ASH on the expansion
coefficients.

Example5.2. Discrimination of geophysical acoustic
waveforms.

For the detailed background of this problem, see [18] of
this volume. Here, we want to discriminate the wave-
forms (recorded in a borehole with 256 time samples per
waveform) propagated through sandstone layers in the
subsurface from the ones through shale layers. We have
201 such “sand waveforms” and 201 “ shale waveforms.”
We used 10-fold cross validation procedure to compute
the misclassification rates. We used the local sine dictio-
nary whichiseasier to deal withthetimeinformation than
the wavelet packet dictionaries. We used the relative en-
tropy (6) as a discriminant measure and ASH as the pdf
estimator again. Inthis experiment, we examined the de-
pendence of classification performance to the number of
important features m to compare the results obtained in
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Figure 1: Misclassification rates using LDA as a classi-
fier versus the number of the top LDB features retained.
The plotswith symbolsO and N correspond to the results
using the original and the new LDB algorithms, respec-
tively. The constant level line about 4% indicates the per-
formance of the LDA directly applied to the signals rep-
resented in the standard coordinate system (of 256 time
samples).

[18]. Theresultsform = k = 5,...,100 instepsof 5
aresummarizedin Figuresland 2. Fromtheseplots, we
observe that

¢ No misclassification occurs with LDA on the top
20,25, and 30 new LDB vectors.

e These good features are mainly concentrated in P
wave components; see also [18].

e Using LDA with less than 40 features, the new
LDB outperformsthe original LDB. The difference
is small for more than 45 features.

e UsingCT, theoriginal LDB performs better than the
new LDB, but theresult onthe standard basisiseven
better.

6. CONCLUSION

We described anew L DB agorithm using the “ distances’
among the estimated pdfs of the projections of input sig-
nals onto the basis vectors in the time-frequency dictio-
naries. Using the probabilistic setting for the new LDB
method, the meaning of the original LDB method, which
isbased on the time-frequency energy distributionsof the
projections, was clarified. The features derived from the
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Figure 2: Misclassification rates using CT as a classifier
versus the number of the top LDB features retained. The
constant level line about 2% indicatesthe performance of
the CT directly applied to the signals represented in the
standard coordinate system.

new LDB vectors can be more sensitive to phase shifts
than the original LDB vectors. For the examples we
showed, the new L DB method performed better than the
original one. Weare currently investigating thenew LDB
method for complex-valued features derived from the lo-
cal Fourier dictionary, where the new method may have
significant advantage over the original one. However, we
would like to emphasize that the new algorithm should
be considered as an option, not as an absolutely better
method than the original one. Depending on the problem,
the original LDB method may give sufficient or even bet-
ter results. Ingeneral, oneshouldtry both the original and
the new LDB methods for her problem at hand.
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