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ABSTRACT )
-
The classification of transient time-varying signals is im- §\/,/(‘>/'
portant for industrial, biomedical and military applications. A
The attack phase of piano sounds is used as an example {s,m)},,
for transient, time-varying signals in a real data applica- T .
. . . . . . ’ Preprocessing Unit ‘
tion. Discrete Fourier transform and time-invariant wavelet
packet based algorithms are used alternatively for feature {s(m)}ocy
extraction. The training set is used for determining an J - !
appropriate feature selection. A classifier checks whether Discrete Fourier Dyadic Wavelet
the generated features are sufficient in order to identify the Transform Packet Transform
correct piano. Classification results are presented and dis- (DFT) (DWPT)

cussed. LAAA&
{If‘k(’n/,W‘/,,,W

1. INTRODUCTION Feature

Selection

In this paper the discrete Fourier transform (DFT) and the

translation-invariant wavelet packet transform are compared Classification
with regard of their use as feature extractors for time-

varying tran_5|er!t signals. Piano sounds are used as an exl':igure 1: Flow chart of the signal processing for classifica-
ample for this signal class. As complete piano sounds can,;

easily be classified [DJ974], this paper focuses on the at-tlon

tack phase of piano sounds. Translation-invariant filtering

is used for the DWPT, as it improves the classification re- nally, classification results are shown and discussed in sec-
sults [DJ97h]. tion 6.
Fig. 1 shows the flow chart of the signal processing asso-
ciated with this task. After preprocessing the sound, the
resulting sequencgs(m)},, is subject to a feature extrac-

tion by means of the discrete Fourier transform (DFT) and . . .

the dyadic orthogonal wavelet packet transform (DWPT). On (" = 34 different pianos the chor@, — Ej — Gy is

The DFT provides a frequency representation whereas thetOUChed' The task of the preprocessing unit is to obtain the
DWPT calculates a translation-dependent time—frequencyaFtaCk phase of ea_ch piano s-,ou-nd. . .
map of the input sequence. Fig. 2 shows the signal flow inside the preprocessing unit.

Both feature sets can be described using the time-frequencghe_ i’é‘f}g S_?End{s‘l(m)}m S saTgI(atd tattha r?tet of
representation matriXF*(n,m)},  with translation in- fo= z. [n€ preprocessing unit detects the start sam-

dexk. After feature selection the input signal is classified. plg (?f apiano sound attack by measuring the r.:lverage power
Section 2 explains the signal preprocessing unit. Section 3W'th'n a window of length¥” starting at index\/

presents the feature extraction techniques used. The follow- MAW—1

ing section 4 gives details of the feature selection. Section Py = 10102;10{i Z Isa(l)|2}

5 provides information about the classification process. Fi-

2. PREPROCESSING UNIT

=M



{s.(m)},, 3.2. The Dyadic Wavelet Packet Transform (DWPT)

. : By applying the DWPT on the sequen¢e(m)} =} the
[Detection] TP|+{| 12} Window] X : m=0
[TP}{12 = expansion of the sequence with respect to a set of orthonor-

mal basis functions is calculated [CW92].
{s,(m)},, {stm))", The transform of the not shifted input sequence can be
described iteratively as follows given a lowpass filter
L2 . . L2 ey
Figure 2: Signal flow inside the preprocessing unit {h(D)},2,, & high pass filte{g(/) },=, and a decomposition
depthK [DJ974]:
In order to detect the start of the piano sound precisely, the o
length of the window is set t&#,;,,+ = 80. The start sam- Wy(m) = s(m),
ple M. is the first sample fulfilling:

Py, > Puare = —25dB. Wyt m) = Y (i)W (2m —i),
=0
Theresulting sequends,, (m)} is filtered by a linear phase La—1
FIR lowpass of odd length and decimated by 12, as 99% W;;fl (m) = Z g(@)Wf(2m —i),
of the signal power are within the frequency range 0 - 2kHz. i=0
The length of a piano attack is abdki ms [Dic87]. By ko= 01,2, K1 om0,

applying a rectangular window of lengff = 100 on the
decimated sequence and taking care of the filter delay, the I = 0,1,2...2"-1
attack phase is mapped to the sequefiden)}¥ —+. The
operations on the sequengs, (m)} can be described by:
By usingn = 2% + I the sequence§iW}(m)},, can be
mapped onto the matri&F™ (n, m) }p m:

L—-1
. L-1
s(m) = 2; h(i)sw(12m + —— =), FO2F +1,m) = W} (m). @3)
i
m = 0,1,.M -1 A basis, i.e. a complete representation of the input se-
guence, can be described by an appropriate set of indices
3. FEATURE EXTRACTION n € G. The basis selection is part of the feature selection.
The transform of{s(m — k)}M_!"* k € K requires

In the following, details of the extraction methods translation-invariant filtering. The algorithms needed are
are explained. They map the shifted input sequencedescribed in [PKCQG,. DJ97b] and lead to translation-
{s(m — k)}M=** onto the sequencd F*(n,m)}n.m. de_pendent representatiofB* (n,m)}, ., k € K. The set
The setk contains the set of translations which is used by K is chosen to
each feature extraction technique.
K={-R,—(R-1),...,0,...,R—1,R}, RecZ. (4)

3.1. The Discrete Fourier Transform (DFT) . i o .

Here, the DWPT is performed using Daubechies filters with
In the DFT, the continous Fourier transform of the input lengthL, = 20, decomposition depth” = 1,2 andR = 8.
sequence is sampled by performing:

M-1 4. FEATURE SELECTION
DFT(n) =Y s(m)e™>™™/N pn=0,1,2,.N - 1.

m=0

The task of the feature selection is to obtain the features
which are essential for class separation. In the case of the
The sampling parameté¥ > M is chosen to 128, in order DWPT the feature selection determines the optimum or-

to be able to use the fast Fourier transform. As feature setthogonal transform additionally.

the squared modulus of the DFT (periodogram) is used:  The pasic idea of the feature selection can be described

as follows for the DWPT [Sai94]: Given a sequence

o B ) {z(m)},, and its wavelet packet transforf# (1, m) } ..,

F(n,1) = |DFT(n)| n € Gprr, () the best basis algorithm [CW92] gives an optimum ba-
K = {0}, Gorr=1{0,1,2,..N/2}. (2)  sis by determining a se¢’ which allows to represent



{z(m)},, with a minimum number of expansion coef-

ficients {F(n,m)}ncg,m at a given reconstruction er- N.—1 N.
ror. In the same way, the difference between two sig- £, = ming,, Z 262({Scﬁi(m_ki)_Scyj(m—kj)})
nals{zi(m)},, and{z2(m)},, can be efficiently expressed i=1 j=i

by calculating the best basis for the difference signal
{Az(m) = z1(m) — x2(m) } .

In this paper this approach is used to obtain a class specific e({z(m)}) =
feature selection fof' classes. The structure given in fig-
ure 1 is expanded for feature selection and the classificatio
process in figure 3.

using

"Given the translationk, }, the translationgks} are cho-
sen to minimize the summed squared euclidian distaAges
between the signals of clas&nd the signals of clags

(F'mm,,, N. N

'[_ By =mingy > Y € ({se.a(m—ka)—sz3(m—kp)}).
F jr j a=1p3=1

Feature Feature Feature The minimaFE; andE, are approximated using genetic al-
Selection| -« -+« |Selection| -+ |Selection gorithms [Mic92] for translations from the skt (4).
Class 1 Classc Class C The matrix{ AF.(n,m)}nm
V{P];OZ’ m) }71,7)7 V{Pf (n7m) }11,)11 L {P(ff(n’m)}n,m 1 Nc NE &
NNC | [ NNC | [ NNC AF(nm) = e 0 3 FEs (nm) = Fef(nm)
Class 1 Classc Class C o=1p=1 5)
v d .. v . L. v Ao indicates the differences between both classes by averaging
Decision the representations of the class signals. For the DWPT, (5)

is an additive selection criterion which can be used for de-
termining the seg. via the best basis algorithm, i.e. the set
G. describes the transform which optimally separates both
classes given the criterion (5). For the DFT, theGeis set
4.1. Adapting the feature selection toG. =Gprr (2).

Finally, the selection templatgS.(n,m)},. . is obtained
During adaptation for each clagsa selection template py defining a threshold”. which controls the number of

Figure 3: Class specific feature selection and classification
(NNC = nearest neighbor classifier)

{Se(n, m)}nm is calculated: features to be included in the pattern:

The training data set is divided into two classes. Class .

containsN,. normalized signals of classwhereas class S.(n,m) = { (1) Ifth AEc(n,m) >T.,, neg.
containsN; normalized signals of all the other classes. otherwise.

The class signals and its translation-dependent representan simulations, the thresholfl, is chosen so as to obtain a

tions are given by: fixed numberN of features for each class and extraction
technique.
{Scatm—g o {Fr(n,m)}nm a=1,2,.,N,, 4.2. Feature selection during classification
_ k . p . .
{setm=o o {Fz5(n,m)}um B=1,2,.,N:  During classification for each translatiégnc K a set of
class specific normalized patterfB (n, m)} ..., is calcu-

with given signal specific translatiod%,, } and{kz}. For

the DWPT, two different strategies to choose the transla- 'ated by
tions {k,} and {kz} are compared as with regard to the
classification results: {Q%(n,m) Yo = {F*(n,m)Sc(n,m)} .,
A: The translations are set to zero: (P (n,m) Yo = {QF (n,m) JA({Q" (n,m)})} (6)
ky = 0 a=12,...,N, and
ks = 0 B=1,2,...,N: o~ oo
— 2
B: The translations{k,} are chosen to minimize the d{Xmmp = > D 1Xmm)

n=—o0 m=—00

summed squared euclidian distandes between the sig-
nals of class: and is fed into the classification process (figure 3).



5. CLASSIFICATION 80{‘
5.1. Adapting the classifier - 60
Q |
After calculation of the selection templatgS.(n, m)}, m g
the normalized training patterns are calculated for each class S 40
chby: §
k=
é 20 1
{ EEF(n,m)}mm:{Fé‘;(n,m)sc(n,m)}n,m, °
>N,
{PEZF (n,m)}nm = 0 20 30 40 50 60 F
{QIEFT (n,m)/d({QIT" (n,m)N}uym  (7) . N
a = 1.2.... N.. Figure 4: Classification results based on DFT and DWPT

features (DWPT: strategies A,B aid = 1, 2)

5.2. Classification process . .
Though sophisticated methods for the feature selection

The classification process consists of two steps (figure 3). of transient time-varying signals are used, wavelet packet
First, for each class a nearest neighbor classifier (NNC) Pased methods do not seem to offer any advantages in com-
calculates the minimum distandgbetween the set of train-  Parison with simple DFT features.
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