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Abstract
This paper dealswith the problem of classifying signals. The new method for building so
called local classi¯ers and local features is presented. The method is a combination of the
lifting schemeand the support vector machines. Its main aim is to produce e®ective and
yet comprehensibleclassi¯ers that would help in understanding processeshidden behind
classi¯ed signals. To illustrate the method we present the results obtained on an arti¯cial
and a real dataset.
Keyw ords: local feature, local classi¯er, lifting scheme,support vector machines, signal
analysis

1. In tro duction

Many classi¯cation algorithms such asarti¯cial neural networks induceclassi¯erswhich have
good accuracy but do not give an insight into the real processwhich is hidden behind the
problem. Although predictions are made with high precision such classi¯ers do not answer
the question \Wh y?". Even algorithms such as decision trees or rule inducers very often
produceenormousclassi¯ers. Their analysis is almost intractable by the human mind. It is
even worsewhen thesealgorithms are usedfor problems of signal classi¯cation. In practice
good accuracywithout an explanation of the classi¯cation processis useless.

In this article we describe an approach which can help in building classi¯ers which
are not only very accurate but also comprehensible. The method is basedon the idea of
the lifting scheme(Sweldens,1998). The lifting scheme is used for calculating expansion
coe±cients of analysed signals using biorthogonal wavelet bases. The biggest advantage
of this method is that it usesonly spatial domain in contrast to the classical approach
(Daubechies, 1992) in which the frequencydomain is used. As originally lifting schemedid
not give us enoughfreedomin incorporating adaptation we usedits modi¯ed version called
update-¯rst (Claypoole et al., 1998).

Assumeweact in spaceRN spannedby a biorthogonal basef Ái gn
i=1 and f ~Ái gn

i=1 . Vectors
f Ái gn

i=1 and f ~Ái gn
i=1 are biorthogonal in the sensethat

D
Ái ; ~Áj

E
= ±ij

where ±ij = 1 if i = j and 0 otherwise.
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Each vector x 2 RN can be expressedin the following way

x =
nX

i =1

®i Ái (1)

where ®i =
D

~Ái ; x
E

are expansion coe±cients. Very important feature of vectors f ~Ái gn
i =1

is that they can be nonzeroonly for several indices. It implies that for calculating
D

~Ái ; x
E

only a part of the vector x is needed.This feature is called locality .
The aim of the method presented in this article is to ¯nd such an expansion (1) by

implicitly constructing biorthogonal basef (Ái ; ~Ái )gn
i=1 , that coe±cients ®i =

D
~Ái ; x

E
are as

discriminativ e as possiblefor classi¯ed signals.
More speci¯cally weassumethat a training setX = f (x i ; yi ) : x i 2 Rn ; yi 2 f¡ 1; +1ggl

i =1
is given. For each basevector ~Áj we get a vector of expansioncoe±cients ®j 2 Rl

®j (i ) =
D

~Áj ; x i

E

For each such vector we can ¯nd a number bj 2 R called bias for which

sgn(®j (i ) + bj ) = yi

for as many indices i 2 f 1; 2; : : : ; lg as possible.
For calculating expansioncoe±cients weusedthe ideaof support vector machines(SVM)

intro duced by Vapnik (1998)1. SVM proved to be one of the best classi¯er inducers. Com-
bining the power of SVM and the locality feature of the designedbasewe wereable to build
classi¯ers with a very good classi¯cation accuracy and which are also easily interpreted.
We present experiments obtained for an arti¯cial datasetsand a real dataset. The arti¯cial
datasetsallowed us to verify our method and to better understand its features. Experiments
conducted on the real dataset proofed usefulnessof the method for real applications.

2. Outline of the pap er

The paper is divided into two main parts and the appendix. The ¯rst part is devoted
to a description of the method and consistsof three subparts. First we present a general
outline of the method next we intro duce somenotation that will be usedin next part that
gives detailed description of the method. The ¯rst part of the paper we end with a short
summary of the presented method. In the secondpart of the paper we present a results of
the experiments conducted both on the arti¯cial and the real dataset. In the appendix we
show how to e±ciently solve optimisation problems that arise in the method.

3. Metho d description

In this section we will describe the new method for designing discriminativ e biorthogonal
basesfor signal classi¯cation. In fact we will be computing only expansioncoe±cients of

1. More precisely, we used PSVM a variant of SVM called proximal support vector machines (Fung and
Mangasarian, 2001).
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some implicitly de¯ned discriminativ e biorthogonal base. The method is a combination
of update-¯rst version of the lifting scheme (Claypoole et al., 1998) and proximal support
vector machines (Fung and Mangasarian,2001).

3.1 Outline of the metho d

The method is basedon the Lifting Schemethat is very generaland easily modi¯ed method
for computing expansioncoe±cients of analysedsignal with respect to biorthogonal base.
The method is iterativ e and each iteration is divided into three steps

² SPLIT - Signal is splitted into two subsignalscontaining even and odd indices.

² UPD ATE - Coarse approximation of analysedsignal is computed from subsignals.

² PREDICT - Wavelet coe±cients are calculated using coarse approximation and sub-
signal containing even indicies. Those coe±cients are simply inner products between
a weight vector and small part of coarse approximation and evensubsignal. We used
proximal support vector Machines (Fung and Mangasarian, 2001) to calculate the
weight vector. As PSVM is the procedurefor generating classi¯ers we decidedto call
obtained expansioncoe±cients discriminative waveletcoe±cients .

Coarse approximation is usedasan input for next iteration. As the coarse approximation is
twice shorter than original signal the number of iterations is bounded from above by ln(N )
where N is the length of the analysedsignal.

3.2 Notation

Assumewe are given a training set X

X =
n

(x i ; yi ) 2 RN £f¡ 1;+1 g : i = 1; : : : ; l
o

where N = 2n for some n 2 N. Vectors x i are sampled versions of signals we want to
analyseand yi 2 f¡ 1; +1g are labels.

Having set X we create two matrices

A =

0

B
@

xT
1
...

xT
l

1

C
A 2 Rl£ N

and

Y =

0

B
@

y1
. . .

yl

1

C
A

Let I = f i 1; : : : ; i kg be a set of integer numbers (indices). We will use the following short-
hand notation for accessingindices I of a vector x 2 RN .

x(I ) = (x(i 1); : : : ; x(i k ))
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We will also usea special notation for accessingodd and even indices of a vector x 2 RN

xo = (x(1); x(3); : : : ; x(N ¡ 1)) for odd indices

xe = (x(2); x(4); : : : ; x(N )) for even indices

Finally we will usethe following symbols for special vectors

e =

0

B
@

1
...
1

1

C
A

and

e1 =

0

B
B
B
@

1
0
...
0

1

C
C
C
A

The dimensionality of the vectors e and e1 will be clear from the context.

3.3 Three main steps

As we have mentioned before the method we proposeis iterativ e and each iteration step2

consistsof three substeps.

3.3.1 First substep - Split

Matrix A is splitted into matrices A o (odd columns) and A e (even columns)

A o =

0

B
@

xo
T
1

...
xo

T
l

1

C
A 2 Rl£ N =2

and

A e =

0

B
@

xe
T
1

...
xe

T
l

1

C
A 2 Rl£ N =2

3.3.2 Second substep - Up date

Having matrices A o 2 Rl£ N =2 and A e 2 Rl£ N =2 we create matrix C 2 Rl£ N =2

C =
1
2

(A o + A e) =

0

B
@

cT
1
...

cT
l

1

C
A

This matrix will be called coarse approximation of matrix A .

2. We also use a name decomposition level for iteration step.
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3.3.3 Third substep - Predict

In the last step we calculate discriminative waveletcoe±cients . For each column k of matrix
A e (k = 1; 2; : : : ; N=2) we create matrix A k 2 Rl£ L k +1 where L k 2 N is an even number
and a parameter of the method.3

A k =

0

B
@

xe1(k) ¡ ck
1

...
...

xel (k) ¡ ck
l

1

C
A

where ck
i = ci (I k ) and I k is a set of indices selectedin the following way

² If 1 · k < L k
2 then I k = f 1; 2; : : : ; L kg

² If L k
2 · k < N

2 ¡ L k
2 then I k = f k ¡ L k

2 + 1; : : : ; k + L k
2 g

² If N
2 ¡ L k

2 · k · N
2 then I k = f N

2 ¡ L k + 1; : : : ; N
2 g

At this point our method can be splitted into two variants: regularised and non-
regularised.

² regularised varian t: This variant usesPSVM approach to ¯nd the optimal weight
vector w k 2 RL k +1 . According to Fung and Mangasarian (2001) optimal w k is the
solution of the following optimisation problem

min w k ;° k ;»k
1
2

kw kk2
2 +

1
2

° 2
k +

º k

2
k»kk2

2 (2)

subject to constraints
Y (A kw k ¡ ° ke) + »k = e (3)

where »k is the error vector and º k ¸ 0.

² non-regularised varian t: Similarly as in regularised variant the optimal weight
vector w k 2 RL k is given by solving the following optimisation problem

min w k ;° k ;»k
1
2

kw kk2
2 +

1
2

° 2
k +

º k

2
k»kk2

2 (4)

subject to constraints

Y
µ

A k
µ

1
w k

¶
¡ ° ke

¶
+ »k = e (5)

where »k is the error vector and º k ¸ 0. The only di®erenceto the previous variant
is that dimensionality of w k is L k instead of L k + 1 and xei (k) is multiplied by one.

In this variant we can alsoadd someextra constraints such that in caseof polynomial
signals (up to somedegreepk ) we will get wavelet coe±cients equal to zero. These
constraints can be written in the following way

B kw k = e1 (6)

3. In presented experiments we assumedthat L k = L for someconstant L 2 N.
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where e1 2 Rpk and B k consistsof the ¯rst pk rows of the Vandermondematrix for
someknots t1; t2; : : : ; tL k . For more details on how to selectknots we refer reader to
(Claypoole et al., 1998) and (Fern¶andezet al., 1996).

The additional constraints could beuseful if analysedsignalsaresuperposition of poly-
nomial and someother possibly interesting component. They imply that polynomial
part of the analysedsignal is eliminated and thus interesting component will play a
bigger role in constructing discriminative waveletscoe±cients . Also constructed base
will have similar properties to the standard wavelet base. In the appendix the reader
can ¯nd information on how to e±ciently solve this extended optimisation problem.
We have not used this variant in our experiments but present it for completeness
reasons.

Having optimal weight vector w k we can calculate vector dk 2 Rl of discriminative
waveletcoe±cients using the following equations

² regularised varian t

dk (i ) =
¿

w k ;
µ

xei (k)
¡ ck

i

¶À
i = 1; 2; : : : ; l

² non-regularised varian t

dk (i ) = xei (k) ¡
D

w k ; ck
i

E
i = 1; 2; : : : ; l

where h¢; ¢i is a standard inner product.

In a result we obtain a matrix D 2 Rl£ N =2

D =
¡

d1 ¢¢¢ dN =2
¢

3.4 Iteration step

The whole algorithm can be written in the following form

² Let M be the number of iterations (decomposition levels).

² Let A 0= A

² For m = 1; : : : ; M do

{ Calculate Cm 2 Rl£ N
2m and D m 2 Rl£ N

2m by applying three steps described in
the previous section to the matrix A m¡ 1.

{ Set A m = Cm .

The output of the algorithm will be a set of matrices C M ; D 1; : : : ; D M . On the basisof
thesematrices we create the new training set

X new =
n

(xnew
i ; yi ) 2 RN £f¡ 1;+1 g : i = 1; : : : ; l

o
(7)

where new examplesare created by merging rows of matrices C M ; D 1; : : : ; D M .
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3.5 Metho d summary

We intro duced the method that maps the set of signalsX into a new set of signalsX new .
In the presented setting this map is a linear and invertible function f : RN ! RN

f (x) = (cT
M ; dT

1 ; : : : ; dT
M )

where

cM 2 R
N

2M

dM 2 R
N

2M

...

d2 2 R
N
4

d1 2 R
N
2

are calculated by the method. With increasingm more and more samplesfrom the original
signal is used to calculate expansion coe±cients. For example if we set L k ´ L for all k
then to calculate vector dk L2m samplesof the original signal will be used.

Here we present two most important features of the method

² Motiv ation for the method is that only a small part of the signals is important in
classi¯cation process.The method tries to identify this important part adaptively.

² Exploiting natural parallelism (calculating dk is completely independent for each k)
and Sherman-Morrison-Woodbury formula (Gene H. Golub, 1996) the method can
be implemented very e±ciently . In the appendix A we show how to properly solve
optimisation problems that appears in our method.

4. Applications

This section contains description of possible applications of the proposed method. It is
divided into two parts. In the ¯rst part we present an illustrativ e example of analysing
arti¯cial signals with the proposedmethod. In the secondpart we present the results for
the real dataset.

4.1 Arti¯cial datasets

Here we present results obtained on arti¯cial datasets: Waveform and Shape.

4.1.1 Dat aset description

Waveform is a three classarti¯cial dataset (Breiman, 1998). For our experiments we used
a slightly modi¯ed version (Saito, 1994). Three classesof signalswere generatedusing the
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following formulas

x1(i ) = uh1(i ) + (1 ¡ u)h2(i ) + ²(i ) class1 (8)

x2(i ) = uh1(i ) + (1 ¡ u)h3(i ) + ²(i ) class2 (9)

x3(i ) = uh2(i ) + (1 ¡ u)h3(i ) + ²(i ) class3 (10)

(11)

wherei = 1; 2; : : : ; 32, u is a uniform random variable on the interval (0; 1), ²(i ) is a standard
normal variable and

h1(i ) = max(6 ¡ ji ¡ 7j; 0)

h2(i ) = h1(i ¡ 8)

h3(i ) = h1(i ¡ 4)

4.1.2 Anal ysis
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Figure 1: Examples from classes1 and 2

For simplicit y reasonswe decidedto concentrate only on classes1 and 2 presented in the
Figure 1. For the purposeof this presentation we set parametersof our method as follows

L k = 4

º k = 1

M = 3

Figure 2 presents coarseapproximations (the ¯rst two rows) and the test error ratio
(the third row) 4 of calculated discriminative waveletcoe±cients (evaluated on a separate
test set). Each column present distinct decomposition level of our method. It is easily seen

4. Test error ratio obtained using all sampleswas equal 0:10.
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that coarse approximations are an averaged and a shortened versions of original signals.
We believe that in some casessuch averaging could be very useful especially when the
analysed signals contains much noise. From the last row of the Figure 2 we can deduce
that the classi¯cation ratio of some discriminative wavelet coe±cients is comparable to
the classi¯cation ratio obtained by applying PSVM method to the original dataset. We
can point out explicitly the period of time in which two classesof signals di®er most.
This feature we called locality . Let us take a closer look at the 6th discriminative wavelet
coe±cient from the ¯rst decomposition level. To calculate this coe±cient we need8 out of
32 samplesof analysedsignals (see¯rst row of the Figure 3).
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Figure 2: Coarseapproximations (two upper rows) and test error of discriminative wavelet
coe±cients (third row) for examplesfrom classes1 and 2.

In the Figure 3 one can seethat baseanalysis vectors with the lowest error ratio have
the supports shorter than their length. This meansthat to discernclasses1 and 2 we do not
needall 32 samplesbut only a small fraction of them. Moreover when comparing Figures
1 and 3 it is clear that best analysis basevectors are nonzerowhere supports of functions
h1 and h3 intersect and this is the place where analysedsignals indeed di®er.

The last Figure 4 shows supports of analysisand synthesisbasevectors. It is easily seen
that support of a basevector widens with decomposition level.

4.1.3 Extra cting new fea tures

The method we presented can also be used as a supervised feature extractor. Instead of
feedingclassi¯er with original training set X we useX new de¯ned in (7). Table 1 contains
results of replacing original data with new features for classifying Waveform dataset and
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Figure 3: Best synthesis(left) and analysis(right) basevectorsfor each decomposition level
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Shape dataset (Saito, 1994) with C4.5 classi¯er (Ian H. Witten, 1999). From this table we
canderive that classi¯cation ratio increasedconsiderably. Wehavealsonoticed a substantial
decreaseof decisiontree complexity. As our method is designedfor two-classproblems and
the used datasets are three-classproblems we used one-against-onescheme (jen Lin and
wei Hsu, 2001).

Dataset Misclassi¯cation ratio
Original New

Waveform 0:290 0:186
Shape 0:081 0:023

Table 1: E®ectof feature extraction for C4.5. Numbers are misclassi¯cation ratios.

4.1.4 Ensemble of local classifiers

The coe±cients calculatedby our method canalsobeuseddirectly for classi¯cation. Table2
contains the test error ratios for Waveform and Shape datasetsobtained by voting few best
coe±cients. As in the previousexperiment weusedone-against-oneschemefor decomposing
multi-class problems into three two-classproblems.

Dataset Misclassi¯cation ratio
3 coe±cients 15 coe±cients PSVM

Waveform 0:155 0:147 0:193
Shape 0:034 0:032 0:094

Table 2: Misclassi¯cation ratios for voting scheme. Wewerecombining 3 and 15coe±cients.
The last column shows the misclassi¯cation ratio obtained using PSVM and all
samples.

4.1.5 Conclusions

The presented method give both accurate and comprehensiblesolution to classi¯cation
problems. It can be very useful not only as a classi¯er inducer but also as sourceof infor-
mation about classi¯ed signals. In the next section we support our claims with presenting
the results obtained on the real dataset.

4.2 Classifying evoked poten tials

In this section we present the results obtained on the dataset collected in Nencki Institute
of Experimental Biology of Polish Academy of Science. The dataset consists of sampled
evoked potentials of rat's brain recordedin two di®erent conditions. As a result the dataset
consistsof two groups of recordings (CONTR OL and COND) that represent two di®erent
states of the rat's brain. The aim of the experiment was to explain the di®erencesbetween
the two groups. We refer the reader to Kublik et al. (2001) and Wypych et al. (2003) for
more details and previous approachesto the data.
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It should be mentioned that the problem is not a typical classi¯cation task. This is due
to the following reasons

² Each example (evoked potential) is labelled with an unknown noise. It means that
there are examplesthat are possibly incorrectly labelled.

² The problem is ill-conditioned due to a small number of examples(45-100)and a huge
dimension (1500 samples).

² The biologists that collected the data were interestednot only in a good classi¯cation
ratio but also in explanation of di®erencesin the two groups.
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Figure 5: Averagedevoked potentials for ¯v e rats. Red colour denotesCOND and blue de-
notesCONTROL. Only ¯rst most informativ e 45ms(450 samples)are presented.

Figure 5 presents averagedpotentials from two classesfor group of ¯v e rats. We show
only the ¯rst 45ms becausedi®erencesin this period of time can be easily interpreted by
biologists.

After applying our method to evoked potentials for each rat we have chosenthose local
classi¯ers whose classi¯cation accuracy was greater or equal 0:75 and it was statistically
signi¯cant at the level 0:1 with respect to permutation tests (Wypych et al., 2003). The
result of this selectionis depicted in the Figure 6. It is clear that the most interesting parts
of the signalsare 2:9-4msand 11:7-12:8ms. Figure 7 shows how each potential is classi¯ed
by selectedlocal classi¯ers. It should be read in the following manner

² Vertical line divides potentials into two groups CONTROL (on the left) and COND
(on the right).
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² Axis Y shows how selectedclassi¯ers agreedon classifying potential.

² The potentials were grouped (red and blue) depending on how they were classi¯ed.
Those marked with greencolour could not be classi¯ed.

² We claim that those groups shows two di®erent states of the rat's brain.

The presented method gave very similar results to the previous approaches (Kublik
et al., 2001), (Wypych et al., 2003) and (Smolinski et al., 2002). Thanks to locality feature
of our method we were able not only to classify potentials but also to point out the most
informativ e part of the signals. For detailed physiological interpretation of the results we
refer the reader to Jakuczun et al. (2005).
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Figure 6: Histograms showing which parts of analysedsignalsare commonly indicated for
all rats. The picture shows ¯rst four levels of decomposition of our method.

5. Conclusions

In this article we presented a new method for classifying signals. The method is iterativ e
and adapts to local structures of analysedsignals. If carefully implemented it can be very
e±cient and when usedby an experiencedresearcher can be a very powerful tool for signals
discriminativ e analysis. There are many possibleextensionsto our method but the most
interesting seemto be the following

² Modi¯cation of the method to handle two dimensional signalssuch us images.

² Applying kernel trick in constructing local classi¯ers. That would lead to nonlinear
classi¯ers and possibly better accuracy.
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Figure 7: Charts presenting how particular potential was classi¯ed by selectedlocal classi-
¯ers. Vertical line divides potentials into two groups (CONTR OL is on the left,
COND is on the right).

² Constructing classi¯ers using Multi Kernel Learning approaches(Bach et al., 2004).

App endix A. E±cien tly solving optimisation problem for non-regularised
and regularised version

Here we explain how to e±ciently solve optimisation problem de¯ned by (4), (5), (6). Let
us write Lagrangian for the optimisation problem

L(w k ; ° k ; »k ; uk ; v k ) =
1
2

(kw kk2
2 + ° 2

k ) +
º k

2
k»kk2

2 +

¡ (uk )T
µ

Y
µ

A k
µ

1
w k

¶
¡ ° ke

¶
+ »k ¡ e

¶

¡ (v k )T
³

B kw k ¡ e1

´

where uk 2 Rl is the Lagrange multiplier associate with the equality constraint (5) and
v k 2 Rpk is the Lagrangemultiplier associated with the equality constraint (6).
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Settings the gradients of L to zero we get the following optimalit y conditions

w k = ( ~~A
k
)T Yuk ¡ (B k )T v k (12)

° k = ¡ eT Yuk (13)

»k =
1
º k uk (14)

Y
µ

~A k + ~~A
k
w k ¡ ° ke

¶
+ »k = e (15)

B kw k = e1 (16)

where A k =
µ

~A k ~~A
k
¶

Substituting (12) into (16) we get

v k =
·
B k

³
B k

´ T
¸ ¡ 1

Ã

B k
µ

~~A
k
¶ T

Yuk ¡ e

!

(17)

Substituting (12), (13), (14) and (17) into (15) we get

Y

(
~~A

k
µ

~~A
k
¶ T

Yuk ¡ ~~A
k ³

B k
´ T

·
B k

³
B k

´ T
¸ ¡ 1

Ã

B k
µ

~~A
k
¶ T

Yuk ¡ e

! )

+
1
º k uk = e¡ Y ~A k

(18)
Simplifying (18) we get

Y

(
~~A

k
µ

~~A
k
¶ T

¡ ~~A
k ¡

B k
¢T

h
B k

¡
B k

¢T
i ¡ 1

B k
µ

~~A
k
¶ T

)

Yuk + 1
º k uk =

= e ¡ Y ~A k ¡ ~~A
k ¡

B k
¢T

h
B k

¡
B k

¢T
i ¡ 1

e

(19)

Let matrix H k
1 be de¯ned as

H k
1 = Y

·
~~A

k
j ¡ ~~A

k ³
B k

´ T ³
Ck

´ T
¸

(20)

and matrix H k
2 be de¯ned as

H k
2 = Y

·
~~A

k
j ~~A

k ³
B k

´ T ³
Ck

´ T
¸

(21)

where ·
B k

³
B k

´ T
¸ ¡ 1

=
³

Ck
´ T

Ck

Rewriting equation (19) we obtain that

µ
1
º k

I + H 1 (H 2)T
¶

uk = e ¡ Y ~A k ¡ ~~A
k ³

B k
´ T

·
B k

³
B k

´ T
¸ ¡ 1

e (22)
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Setting vector bk = e ¡ Y ~A k ¡ ~~A
k ¡

B k
¢T

h
B k

¡
B k

¢T
i ¡ 1

e we get that vector uk is given
by the following set of equations

µ
1
º k

I + H 1 (H 2)T
¶

uk = bk (23)

Solving above set of equations is very expensive as the number of equations is equal to
number of training examplesl which can be large. Using the Sherman-Morrison-Woodbury
formula (Gene H. Golub, 1996) we can calculate uk as follows

uk = º k

Ã

I ¡ H 1

µ
1
º k

I + (H 1)T H 2

¶ ¡ 1

(H 2)T

!

bk (24)

It should be stressedthat using equation (24) for computing uk is much lessexpensive than
using equation (23) becausethe dimensionsof matrix

1
º k

I + (H 1)T H 2

are equal to L k + pk £ L k + pk which is independent of the number of training of examples.
Similarly to nonregularisedvariant presented above we can use the sametechniques to

solve optimisation problem (2) and (3). For more details see(Fung and Mangasarian,2001).

References

Francis R. Bach, Gert R. G. Lanckriet, and Michael I. Jordan. Multiple kernel learning,
conic dualit y, and the smo algorithm. In ICML '04: Proceedings of the twenty-¯rst
international conference on Machine learning, New York, NY, USA, 2004. ACM Press.
ISBN 1-58113-828-5.doi: http://doi.acm.org/10.1145/1015330.1015424.

L. Breiman. Arcing classi¯ers. 1998. URL http://citeseer.ist.psu.edu/
breiman98arcing.html .

R. Claypoole, R. Baraniuk, and R. Nowak. Adaptiv e wavelet transforms via lifting. 1998.
URL http://citeseer.ist.psu.edu/claypoole98adaptive.html .

Ingrid Daubechies. Ten Lectures on Wavelets. SIAM, 1992.

G. Fern¶andez, S. Periaswamy, and Wim Sweldens. LIFTP ACK: A software package for
wavelet transforms using lifting. In M. Unser, A. Aldroubi, and A. F. Laine, editors,
WaveletApplications in Signal and ImageProcessingIV , pages396{408.Proc. SPIE 2825,
1996.

Glenn Fung and O. L. Mangasarian. Proximal support vector machine classi¯ers. In Knowl-
edge Discovery and Data Mining , pages 77{86, 2001. URL citeseer.ist.psu.edu/
515368.html .

CharlesF. Van Loan GeneH. Golub. Matrix Computations. The Johns Hopkins University
Press,1996.

16



Classifying signals With Local Classifiers

Eibe Frank Ian H. Witten. Data Mining: Practical Machine Learning Tools and Techniques
with Java Implementations. Morgan Kaufmann, 1999.

W. Jakuczun, A. Wr¶obel, D. W¶ojcik, and E. Kublik. Classifying evoked potentials with
local classi¯ers. (in preparation) , 2005.

Chih jen Lin and Chih wei Hsu. A comparison of methods for multi-class support vector
machines, June 07 2001. URL http://citeseer.ist.psu.edu/537288.html;http://
www.csie.ntu.edu.tw/ » cjlin/papers/multisvm.ps.gz .

E. Kublik, P. MusiaÃl, and A. Wr¶obel. Identi¯cation of principal components in cortical
evoked potentials by brief sufacecooling. Clinical Neuropshysiology, 2001.

Naoki Saito. Local Feature Extraction and Its Application Using a Library of Bases.
PhD thesis, Yale University, 1994. URL http://www.math.ucdavis.edu/ » saito/
publications/saito phd.html .

Tomasz G. Smolinski, Grzegorz M. Boratyn, Mariofanna Milanova, Jacek M. Zurada,
and Andrzej Wrobel. Evolutionary algorithms and rough sets-basedhybrid approach
to classi¯catory decomposition of cortical evoked potentials. In James J. Alpigini,
James F. Peters, Andrzej Skowron, and Ning Zhong, editors, Rough Sets and Current
Trends in Computing, Thir d International Conference, RSCTC 2002, number 2475 in
Lecture Notes in Arti¯cial Intelligence, pages 621{628. Springer-Verlag, 2002. URL
citeseer.csail.mit.edu/smolinski02evolutionary.html .

Wim Sweldens. The lifting scheme: A construction of secondgeneration wavelets. SIAM
Journal on Mathematical Analysis, 29(2):511{546, 1998. URL http://citeseer.ist.
psu.edu/sweldens98lifting.html .

Vladimir Vapnik. Statistical Learning Theory. John Wiley & Sons,1998.

M. Wypych, E. Kublik, P. WojdyÃlÃlo, and A. Wr¶obel. Sorting functional classesof evoked
potentials by wavelets. Neuroinformatic , 2003.

17


