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ABSTRACT

We propose a new method for analysing the time-frequency do-
main, called LiFT. It is especially designed for partial tracking in a
polyphonic automatic transcription model. After the signal passes
through a Q-constant filter bank, composed of twenty four quarter-
tone filters, it is analysed thanks to a generalized maximum like-
lihood approach. Two hypotheses are tested: the first one is that
the output signal of a filter is a cosine plus noise, the second one
is that it corresponds to colored noise. This likelihood analysis is
developed in two ways: temporally treating the samples and fre-
quentially treating the short time Fourier transform of the signal.
For these two approaches, we have tested the robustness to noise
and the cosine detection power.

1. INTRODUCTION

The automatic transcription of music is an active field of research
in musical signal processing. Several approachesexist, all of them
using pitch detection algorithms. The first class of methods looks
for a periodicity in the time domain after the input signal is fil-
tered [1]. The second class uses the frequency domain, to detect
the harmonic peaks in the short term Fourier transform and then
determine the corresponding fundamental frequency or pitch ([2],
[3]), or thanks to cepstrum techniques [4]. Other methods exists,
using both time and frequency methods, and pattern matching, for
example psychoacoustic models [5].

A limit due to the short term Fourier transform is that the fre-
quency resolution is the same for low and high frequency, whereas
it is not in the way the ear functions. A way to solve this problem
is to use a Q-constant analysis, such as described in [6] (one could
also use wavelets). Like this, any harmonic pattern (correspond-
ing to an equidistant repetition in the frequency domain) becomes
the translation of an original pattern in the log-frequency domain.
Separating harmonic sounds from a polyphony will be easier to do.

To this aim, we developed the generalized maximum like-
lihood-time-frequency analysis proposed in this paper. It consists
of a Q-constant filter bank analysis of the time-frequency domain
without aliasing effect, combined with a general maximum likeli-
hood analysis, both described in this article, and a partial tracking

for polyphonic music with pattern recognition methods (work in
progress).

The likelihood analysis is developed in two ways. The first
one is temporal, directly treating the samples. The second one is
frequential, treating the short time Fourier transform of the signal.
For these two approaches, we have tested the robustness to noise
and the efficiency of cosine detection.

2. METHODSUSED
First, the signal is analysed thanks to a Q-constant filter bank. The
24 quarter-tone F.I.R. filters are accurately calibrated in order to
avoid aliasing during the whole analysis. Then, the time-frequency

domain obtained out of this filter bank is analysed thanks to a
strong statistical tool: the generalized maximum likelihood ratio.

2.1. Q-constant filter bank
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Figure1: Sructureof theanalysisof theinput signal ™ (n) at the
m'" octave: the signal passes through each of the 24 filters of the
filter bank, after which v iscalculated. Thenz ™ (n) isdecimated,
the resulting signal =™~ (n) will be analysed according to the
same technique.

A description of a quarter-tone Q-constant filter bank can be
foundin [6]. Themain ideais to keep the same analysis structure
of a signa for every octave (cf. fig.1), while avoiding aiasing.
After theanalysis of the m '™ octave, one should make alow-pass
filtering to assure having no aliasing on the lower octave. Then,
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the (m — 1) octave can be analysed. Time separation for on-sets
and off-sets get half accuracy for each lower octave.

filter impulsional re

Figure 2: Full line: first filter of the bank, with highly selective
properties (e ps = 0.001, ecop = 0.01 and p = 1). Each
other filter (plotted lines) correspond to this one, after tranda-
tion to higher frequenciesand dilatation. Note that the decreasing
band of thefilter aresmaller than half the passband width (p = 1).

We define the filter 7. (cf. fig.2) by its central normalized
frequency f; and its bandwidth:

Ly = 2 fp — a7 M = 05

corresponding to a quarter-tone interval. The maximum deviation
for the passing-band ¢ 5, the maximum deviation for the cut-off
band £ - o 5 and the decay bandwidth d;, = p.é;, definethe accu-
racy and the separation power of thefilter bank. Thevalue for the
quality factor @@ isgivenby @ = L ~ 34 for p = 1, whichis
k

L
highly selective.

2.2. Non aliasing conditions

Two conditionsare to be respected in order to avoid aliasing. First,

the higher frequency analysed should not go over the aliasing limit,

which is half the sampling frequency. Each filter been designed

according to it central frequency, it meansthat f < % with the
maximum frequency analysed :

J+ = [+ Q+p)ss,

— 2—1/24 flc <2+(21/48 _2—1/48)(1+p))

Note that frequency are normalized, so F'. = 1. Reporting this
condition to the filter bank calibrating frequency f 1, it becomes:
flc < 2—23/24 [2 + (21/48 _ 2—1/48)(1 -I-p)]_l (1)
Secondly, when decimating the signal we must apply a low-
passfilter (cf. fig. 3). Theshorter 45, the desired decay bandwidth
of the filter 4, the greater n. the number of coefficients of the
low-pass filter. However, we can reduce this constraint by accept-
ing aliasing on the frequency band which has aready been anal-

ysed, namely {f—+~ £ _ ff} (that isto say a (£ — f4) width

2 2
interval around £=). For examplewith an FIR Hamming filter, the
half bandwidthisés, =~ ni the second conditionis:

Figure 3: Low pass filtering with respect of the two non aliasing
conditions, for two .. values: the left filters (full lines) are the up-
per ones of the (m — 1) octave, the right filters (dashed lines)
arethe lower of the m " octave, vertical barsrepresent (from left
toright) £, /2 the higher frequency analysed for the (m — 1) ** oc-
tave, F;/4 and F. /2 — f4 thehigher frequency for which aliasing
will not affect the analysis of the lower octave. For an. = 120
coefficients low pass filter (full line), non-aliasing conditions are
respected, but the power of the two upper filtersaretoo much mod-
ified (a maximumlossof 5 dB): thiswill affect the LiFT detection.
To avoid this, it is recommended to use higher values of n .: for
example with 250 coefficients (dashed line: lossof 1 dB), only a
small part of the last filter is affected.

265 <2 (5 14)

Reported to the bank filter calibration frequency f{, to the
number of coefficients n. and to the dilatation coefficient p, we
finally obtain the second condition:

M2 (Fo )2 — 4/n.)

i < [2+ (217%8 — 2-1748)(1 + p)]

@

This second condition is stronger than the first one: when it is
verified, the first one is also verified.

2.3. Generalized Maximum Likelihood Ratio analysis (GLR)

Let us consider the signal z(n) as the sum of cosines = ¢(n) and
a white noise b(n) with variance ¢ (which is supposed to be
known).

zo(n) =

Zoz] cos (27 fojn + @5)

J

= ZCO’J cos (27 fo ;n) + so,; sin (27 f;0n)

J

Out of thefilter F;, thesignal yx(n) isthe sum of afiltered cosine
yo,x(n) defined by( fo, co, so) and afiltered noiseb (n) (we con-
sider that no more than one partial existsin onefilter bandwidth),
or just afiltered noise bx(n). Thisoutput is analysed statistically
over adlidingwindow (a512 pointswindow is enough), eval uating
the GLR upon two hypothesisfor each window.
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Thefirst hypothesis Hy to be tested is that there is only noise
in the signal out of the filter. The second hypothesis H ; is that
there is a sine wave plus noise. Under each of both hypotheses,
we perform the maximum of the probability density function, and
givethe GLR of H, against Ho, defined as:

[ MmaXeen, P, 3)
maxecH, P,

SinceI" varies exponentially, we also give y = log I the log-
likelihood function [7]. We used two approaches: the first one
deduced from the time representation and the second one from the
frequency representation of the output signal.

2.4. First approach: temporal representation

Let us consider N observations of the output signa y x(n), n =
0,...,N —1. Wenotey = (yx(0),...,yx(N —1))" € RV
and g = (co,s0)T € R? the cosine amplitude vector. Under the
hypothesis o, y is gaussianwith 8 = 8, = (0,0)”. Under the
hypothesis /1, y is gaussian with 8 # (0,0)%. H, is simple
because the hypothesisis completely described by the value of 4,
whereas H; isnot.
The density probability is:

exp (—%51{ Rt 5)

P, :0,0%) =
(Y ) (2m)n/2 det(Rb)1/2

with Ry the correlation matrix and ¢( fo,9) = y — D(fo)6. The
covariance matrix R cannot be inversed since it is badly condi-
tioned. A solution is to consider that the noise out of the filter is
still white (in the bandwidth concerned). Inthat case, Ry =~ % Iy
in the bandwidth concerned.

The density probability becomes:

_ L H .
Py (y;6,0%) = %
2

The generalized likelihood ratio is defined by:

maxecH, Pm, (y;9702) (4)
P, (y; 60, 02)

The value 8 that maximize P, is obtained by derivating this
probability density function:

I'r =

7 = Py (y: 8, 0°
arg max ', (y;60,07)

[D"(F) D(F))™" D (Fo) y

D (Fo) y

Q

where D( fo) is the cosine-sine matrix:

cos(27k fo) ... )T

v = (1

withk = 0,..., N — 1 and f, the frequency (in the filter band-
width) that minimize the mean-square error betweenthe signal and

the model ||e( fo, 8)|2:

% = argn}axyH D(fo) DH(fO) Y

We now know the cosine amplitude vector § = (¢5,50)” and

the frequency 7o of the cosine. The log-likelihood v is approxi-
mated by:

o~ =y D) DTy ©)

According to its value, we can decided either the hypothesis
of the presenceof acosineistrue or not.

2.5. Fregquency representation

In the frequency representation, we know the joint probability den-
sity function of the real part « and the imaginary part 3 of the
STFT (short time Fourier Transform). It can be expressed as a
function of the modulus p and the phase w. By integrated accord-
ing to the phase (a 0-order modified Bessel function), we obtainthe
probability density function of the modulus. We note the STFT:

N-1
1 . ]
N E_O y(n) exp (—2]7rnﬁ)

a+jB=pe

g(fi) =

wherea and 3 are gaussian, with their respective means m cos @,
msin ® (m being the modulus of the sinusoidal component and ®
its phase) and their respectivevariances 4 and o%. The covariance

o . a—m cos P
matrix isnoted C:( fo) and the error ise = 3 —m sin® )

Thejoint probability density functionis:

exp (—% el CQ(fO)_l 5)

27r\/det CQ(fO)

sincecaop > = o? I, for frequenciesin the filter bandwidth.
Under the hypothesis Hy, o and 3 are gaussianwith m = mgo =
0. Under the hypothesis H 1, « and 8 are gaussianwith m # my.
The covariancematrix C ( fo) can be approached by %212 for
big enough data vectors (typically, 256 or 512 elements); it gives:

Py, (a, B;m, @702) =

Py, (a, B;m, @702) ~

% exp {—01—2 <p2 +m? =2 pmcos(w — @))}

Therelation between the joint probability density function for
(p,w) and thejoint probability density function for (a, 8) isgiven
by Pu,(p,w;m,®,0%) = p Py, (o, B;m, ®, ). We obtain the
modulus probability density function by integrating the joint prob-
ability function of (p, w) following the phasew:

2m
PHl(p;m,(I>702) / PHl(p,w;m,(I),a2)dw
0

ﬂp ( p2—|—m2) (me)
= exp | — Io

27 o2 o2 o2

Reminding the generalized maximum likelihood ratio:

r, - Maxeem P, (p;m, ®,0°)
-

maxecn, Pu,(p;m, ®,0?)
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and given done p = max y,e[se—sc;re46¢] o the maximum esti-
mated of the sinusoidal part modulusin the filter bandwidth at the
frequency fo = arg maxy,e[se—sc; re+sc] o, Wefinaly obtain:

2 —
exp (—m—2) Iy (2 @) (6)
a a
with the 0-order modified Bessel function:

In(z) = /” 7exp(x cos w) dw
0

s

FF ~

In order to know the value of 7z, we have an implicit equation

to solve: _ _
71 (2@)—171]0 (2@) =0 @
a a
It iseasily done by tabuling (cf. fig.4).

m lo=1(p/0)

05F

| L L L L L L L L
12 14 16 18 2 22 24 26 28 3 32
mic

Figure 4: Value of
valuesof 2.

algl

, solution of the implicit equation for small

We now know the cosine amplitude modulus p and the fre-
quency fo of the cosine (we also know the phase & from the max-
imization of p). For great values of p, the generalized maximum
likelihood ratio is no more calculable, since it increases exponen-
tially. We calculate the log-likelihood function v» = log I'», and
approximateit thanksto its series development (cf. [8]):

w1 me
'ypza—2—§log (4#0—2) (8)
For small values of 5, we use the general form:
_om pm
YF R —a—2+10g {]0 (2 0__2)} 9
3. RESULTS

3.1. Re-synthesis

Sincewe know precisely (p, ®, fo) for the cosineyq . existing out
of the filter, we can calculate a re-synthesized signal y». When a

cosine exists in a filter bandwidth (cf. fig.5), we obtain the same
signal with a very small relative error ¢ = % (around
B 2

1 %). When only noise exist in thefiltered signal, we synthesizea
cosinewith avery small modulus, but when taking into account the

———  original signal
~ - Freq. method resynth. signal
Freq. method resynth. signal

Amplitude
°

1 1 1 1 . . 1 1 1 I 1
01 02 03 04 05 06 07 08 09 1 11
Time (ms)

Figure 5. Re-synthesis of a cosine detected out of a filter. For a
cosine detected, both methods give the same curve.
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Figure 6: Re-synthesis of a signal considered as noise after maxi-
mum likelihood estimation.

threshold on vr and v r,, the decision is taken that it corresponds
to noise.

A precise re-synthesis can be done for partias, but the LiFT
method is not developed to re-synthesizetheresidual part of asig-
nal.

3.2. Likelihood-time-frequency smoothing

Outof the bark fiter
b Ganma fo Hequentialapprosch
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Figure 7: Time frequency domain of a signal with one cosine plus
noise (SN R = 5) after the bank filtering (left figure), and with
frequency approach (right figure, v 7). Timeis plotted among X
and normalized frequency among Y. The noise does not appear
anymoreand the output of the filter bank is smoothed.

We represented on figure 7 the output of the bank filter for
just one cosine plus noise with a 5 dB signal-to-noise ratio (left
figure) and the LiFT analysis (right figure). The filter bank used
was a low qudity filter bank, with egp = 0.01, ecop = 0.01
and p = 1.5. The smoothing effect of our analysis immediately
appears. the right figure clearly indicates where a cosine exists,
even when there is noise around.

3.3. Robustnessto noise

We calculated the log-likelihood functions v and ~» with given
signal-to-noise ratios SN R, and for different estimated SN R in
the v computation (cf. fig.8).

This figure depicts that for sinus emerging from noise, both
methodswill easily detect its presenceif SN R > 0. in the sound,
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Figure8: ~ for temporal method (left figure) and frequency method
(right figure), for SNR valuesin [—40; 40]. Gamma (z, grey level)
is calculated for both methodswith SNR varying (y), with a sound
synthesized with different values of o2 = 10~V #/10 (3),

even with a bad estimated value of the SNR. However, for the fre-
quency method, if SNR < 0 in the sound, nothing will be de-
tected. Thetempora method seemsmore performant to detect low
level partials, but needs much more computational time.

——  Temporal method
Frequential method

25 L L L
40 -30 20 -10

Figure 9: log,, of the relative error between the 7 output signal

and the re-synthesized signal by both methods. For SN R > 0, the
relativeerror isaround 1 %.

We calculated the relative error between the analysed sound
and the synthesized sound, for different SNR values (cf. fig.9).
Both methods give the sameresults: for noisy sounds, the relative
error is great (around 10 % up to SN R = —10), and goesdown
around1 % for SN R > 10.

3.4. Cosinedetection

We compared the cosine detection for the two approaches. For
this, we constructed a synthetic signal with one cosine and white
noise, and asignal-to-noiseratio fixedto 1. ~ iscalculated for both
methods, with or without frequency refining (cf. fig.10). The de-
tection are similar with both approaches, and have their maximum
value for the true frequency fo of the given cosine. This means
that with frequency refining, we can determine very precisely the
frequency of the cosine, if needed for the forthcoming polyphonic
pitch analysis.

4. CONCLUSIONS

The likelihood-time-frequency analysis proposed is a good tool
for multi-partial detection. The time-frequency domain is repre-
sented with the maximum likelihood statistical approach, whichis

‘Nommalzed requency

Figure 10: Detection power for both methods: we represent nor-
malized v versus normalized frequency, i) with 200 frequency
points refining (right figure), and ii) without refining and with the
cosi ne frequency between two frequency bins (left figure). Dashed
lines represents, from left to right, the minimum analysed fre-
quency, the cosine frequency, the filter central frequency and the
maximum anal ysed frequency.

very consistent to noise. The time methods is more accurate than
the frequency method for low level partials, but needs much more
computational time. With strong selectivity for the Q-constant fil -
ters, the LiFT analysisallowsagood quality re-synthesisof the si-
nusoidal part of the signal, and even with lower selectivity, it gives
agood representation of the equivalent smoothed sonagram. The
good detection power and the robustness to noise promise the fea-
sibility of a strong polyphonic automatic transcription tool, based
onthisanaysis.
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