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Abstract: Partial tracking plays an important role in sinusoidal modeling analysis, being the stage in which the model

1

parameters are obtained. This is accomplished by coherently grouping the spectral peaks found in each frame
into time-evolving tracks of varying frequency and amplitude. The main difficulties faced by partial tracking
algorithms are the analysis of polyphonic signals and the pursuit of tracks exhibiting strong modulations in
frequency and amplitude. In these circumstances, linear prediction over the trajectory of a given track has
been shown to improve partial tracking performance. This paper proposes an adaptive RLS lattice filter for
the purpose of prediction in partial tracking. A new heuristic which certifies the filter convergence is also
presented. Computer simulation results are shown to compare the proposed implementation with that of other
predictors. The performance of the proposed solution is similar to that of competing methods, albeit with
reduced computational complexity as well as improved numerical stability.

INTRODUCTION as in resolving partial ambiguities that may occur dur-
ing analysis of a polyphonic audio recording.

Audio signals are predominantly resonant in nature,  Several proposals have been made in attempt to
being thus well described by a sum of amplitude- and improve partial tracking performance. In (Depalle
frequency-modulated sinusoids. Taking advantage ofet al., 1993) hidden Markov models, along with a
that fact, sinusoidal modeling (SM) has been intro- Viterbi algorithm, are used to model the track trajec-
duced for speech analysis in (McAulay and Quatieri, tory in order to achieve optimum track continuation.
1986) and for audio signals in (Smith Il and Serra, Kalman filters have also been considered in (Sterian
1987), being later expanded (Serra, 1997) and modi-and Wakefield, 1998) for modeling the tracks’ behav-
fied (George and Smith, 1992) to suit various audio- ior of musical instrument sounds, provided knowl-
related applications, such as speech synthesis andedge of a model for the instrument being analyzed.
modifications, musical instrument synthesizers, audio Another approach for partial tracking makes use of
coding, and automatic transcription of music. autoregressive modeling to predict the evolution of
The classical MQ sinusoidal analysis algorithm the track parameters over time. In (Lagrange et al.,
presented in (McAulay and Quatieri, 1986) can be di- 2003) a predictor based on the Burg's method has
vided into two separate steps. First, the sinusoidal been shown to be quite effective for such task, spe-
components are detected on a frame-by-frame basis cially in situations where crossing frequency trajecto-
usually by peak picking from the magnitude spectrum ries occur. In (Nunes et al., 2007b) an adaptive-filter
of the signal computed via the Short-Time Fourier solution is described for the prediction of the partial
Transform. The detected peaks are then linked tracks. The sequential nature of adaptive filters has
across the frames to form the partial tracks. Each been demonstrated to be specially suited for the pre-
track, if correctly detected, models an amplitude- and diction problem at hand.
frequency-modulated sinusoid. This work presents an RLS lattice filter solution to
The main difficulties faced by a partial tracking al- the prediction of the frequency and amplitude compo-
gorithm are in robustly estimating the trajectory of a nents of a given partial track. The proposition, which
partial that exhibits strong frequency modulatiei (  builds on a previous solution (Nunes et al., 2007b), at-
brato) and/or amplitude modulatiotrémol o), as well tains similar performance but with a reduction in com-
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putational complexity fronw (n?) to 0 (n). Moreover, wherew[n] is a window function of lengtiN, e.g. the
a heuristic that discards unrealistic predictions during Hamming windowk is the frequency bin indexnis
the filter’s training period is also described. the frame index, andi is the frame hop (in samples)
After this introduction, Section 2 briefly outlines along time. Out oiX[m, k], the ‘peak detection’ stage
the processing stages involved in SM analysis, de- is supposed to select only those peaks that correspond
scribing the standard MQ partial tracking algorithm, to stationary sinusoidal components present in frame
and reviewing the adaptive filter framework for the m. If desired, precise estimates for the amplitude and
problem. In Section 3, the proposed lattice filter frequency of the detected peaks can be obtained by
solution is introduced. Computer simulation results a number of dedicated methods (Lagrange and Marc-
that illustrate the performance of the proposed pre- hand, 2007). Finally, the partial tracking is responsi-
dictor are shown in Section 4. Finally, conclusions ble for coherently grouping peaks across consecutive

are drawn.

2 SINUSOIDAL ANALYSIS
OVERVIEW

Sinusoidal modeling (McAulay and Quatieri, 1986)
describes an audio signgl) as a sum ok sinusoids,
ie.,

L
X(t) = l;Al (t)sin(¥i (1)), 1)

with
t
WMFNM®+AmwNw @

whereA (t) is the modulated amplitude ar| (t) is
the modulated phase of partial In practice, Eq. (1)
is commonly replaced by a discrete model,

L
Kl = Y Alnlsin¥ ). 3)

For a given partial, the approximationsy[n] ~ A
andW[n] = Qn+ ¥, [0], whereA andQ, are con-
stant values, hold true within a sufficiently shoit
sample frame.

The main objective of a sinusoidal analysis al-
gorithm consists in estimating, and Q; across the
frames. The typical stages (Serra and Smith 111, 1990)
involved in the analysis portion of an SM system are
illustrated in Fig. 1.

Partial
Tracking
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Figure 1: Processing stages of a sinusoidal analysis system

The ‘time /frequency decomposition’ stage com-
putes the discrete-time Short-Time Fourier Transform
of the audio signaX[n], i.e.,

X[m,K = STFT(x[n,m])

1 N-1

=N n; w[n|x[n+ mH] “)

— k2T
e N,

frames into the so-called partial tracks.
2.1 McAulay & Quatieri Algorithm

The objective of this section is twofold: to describe
the MQ algorithm, which will be extended in the next
section ,and else, to illustrate the difficulties that arise
in the partial tracking problem.

The MQ algorithm, proposed in (McAulay and
Quatieri, 1986) for speech analysis and adapted to au-
dio signals in (Smith Il and Serra, 1987), is consid-
ered the standard algorithm for partial tracking and
serves as a starting point to many algorithms found in
the literature.

The MQ algorithm is summarized below:

1. To each track in frame m with corresponding
peak frequencyi[m], the closest peag, with fre-
quencyfpm+ 1] such that fy[m+ 1] — fim]| <
Af, is assigned by the algorithm. When two tracks
dispute the same peak, the one with the clos-
est frequency wins the conflict. The other track
searches for the next closest peak.

2. Anemerging track is created to accommodate any
unassigned peaks. If a track stays in dnaerg-

ing state for more thak frames, its state changes
to evolving. If an emerging track does not find a

continuation afteE frames, it is then discarded.

3. If in framem+ 1 a track does not find any peak,
it is assigned asanishing status, and its current
amplitude-frequency pair is propagated to the next
frame. If a track finds a continuation in at le&st
frames, it leaves theanishing state, being other-

wise considered inactive.

The algorithm performance is strongly dependent
on the choice of parametefaf,E,S}. The role of
each parameter in the algorithm is described below:

e The Af parameter controls the maximum fre-
quency variation allowed and is usually frequency
dependent. For instanaf = 0.03f;[m] is a com-
mon choice, since it corresponds to a quarter-tone
variation around;[m].
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e TheE parameter is responsible for removing short ?W
tracks, possibly formed by wrongly identified y \ [m]
peakS. . . . . g‘]-’ [m—1 Pr%ctor Ai [m]f i[m] Decider gl [m]
e TheSparameter avoids track discontinuation as a fi[m — 1] T film]
consequence of missing peaks. eifm] -

The above procedure can fail to correctly identify
a track continuation in signals wittibrato or poly-
phonic audio. The occurrence abrato can lead to
a large frequency variation between adjacent frames,the model can be adapted whenever a new input sam-
requiring thus a too permissive choice for hé pa-  ple (new peak assigned to a given track) is fed to the
rameter. On the other hand, in polyphonic signals, predictor.
the occurrence of closely spaced track trajectories in  In (Nunes et al., 2007b), a regularized recursive
frequency (and even crossing frequency trajectories) least-squares procedure is proposed for sequentially
demands a very stringent choice/of. Moreover, by predicting the amplitude and the frequency of each
only considering the frequency evolution of the tracks partial. Defining the output vector with the predicted
the MQ tracker ignores the preservation of the ampli- parameters of thizh track byy;[m| = [Ai[m] fi[m]]

tude continuity, which can lead to audible artifacts in and the input vector with the pasknown parameters

the re-synthesized signal. by xi[m] = {KlT [m—1] fiT [m—1] } with

The solution presented in the next section aims
at circumventing some of the aforementioned prob- _
lems. By using previously acquired track information Ai[m—1]
to predict the frequency trajectory and comparingthe  f[m— 1]
predicted with the observed peak value, tht pa- _
rameter can be set to a small value even for tracks One can write
with significant frequency variations, thus favoring a e, .
better performance in the polyphonic case. Prediction yilm =xi[mWilm—1], Y

to better select a continuation of a given track. Al Gjyen a choice ofa > 0 and a forgetting factor
these modifications make the algorithm more robust g - \ < 1, the exponentially-weighted regularized

in the sense thay a single set of well-tuned Process_ingleast-squares problem (Sayed, 2003) seeks the matrix
parameters suffices to the purpose of partial tracking yy, [m] that minimizes

for a wider class of signals.

Figure 2: Prediction scheme for trackt framem.

[Am—1) A[m—2] - Alm-J]]" (5)
T

[film—1 fiim-2] --- F;[m-J]]".(6)

mH-1y\p /T —L\/.
2.2 Prediction-based Partial Tracking AW mIPS n\:v m
. N7/3 + 5 A difl] =l wilml|?, (8)
A rather natural extension to the MQ algorithm is ob- =0
tained by using predicted values for frequency and _ _ , ) .
amplitude of a given track, instead of using their last Where di[m| = [A[m fi[m]] is the desired-signal
measured values (Lagrange et al., 2007). This way, vector and®;* = a~113, with I; denoting alth-order
the information acquired up to a determined frame is identity matrix.
used to obtain the best continuation for the track. Referring to Figure 2 again, the predicted ampli-
Figure 2 depicts a prediction-based partial track- tude and frequency values at frameare used to
ing algorithm, which works as follows: for a given choose the best track continuation from the parame-
tracki, the most prominent spectral peaks of the sig- ter vector A andf) of the detected peaks. The chosen
nal at framem (stored in amplitude-vectgk[m| and track continuationsh[m| andf[m], are then employed
frequency-vectof[m]) are compared with predicted to update the coefficient-matrix to timme. This new
values of amplitude 4[m|) and frequency f{[m]); coefficient-matrix, in conjunction with the updated
then a decision heuristics, to be discussed later, se-input-vectox|m+ 1], is used to predict the amplitude
lects amplitude;[m] and frequencyf;[m] as the best  and frequency values for the track at frame- 1.
track continuation path. The decision strategy adopted in (Nunes et al.,
The predicted values are obtained by minimizing 2007b) is similar to that described in Section 2.1 and
a function of the error between the estimated and theto the method proposed in (Lagrange et al., 2007).
“real” values of the peaks parameters. Since this min- During the firstgd framesg > 1, the predicted results
imization is performed sequentially on the track data, are simply discarded while the filter is trained. For an
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evolving track, given the vectors containing the pa- w; ;[m] that minimizes the followinglth-order least-

rameters of detected peaksn| andA[m], the candi-  squares cost function (Sayed, 2003):
date peaks are selected such ttfigtn] — fp[m]| < Af, mil —_—
wherei is the track index ang is the peak index. The AW ] Py wig[m)
distance ) n %)\m I— 1| ail] W.J[m]||2, (10)
(il — o] Al —Aglrmi| o
fi[m] Al where, in this casex[m| can be eitheiA[m— 1],

for the amplitude predictor, di[m— 1], for the fre-

is calculated for all peak candidates and the one quency predictord;m] is the desired signal at time

nearest to its predicted counterpart is appended to th

track trajectory. The treatment of emerging and van- Whgz:gafarlze f(;tlgz{p;\[ 2] ;\J r3f [_ _ ]’)\a((:JC +Olr)c}“?3|;/’
@shing tracks follows the guidelines already described regulanzaﬂon matrix. The solution of ordgrfor the
in Section 2.1. ith track at framem can be obtained through the fol-
The aforementioned scheme considers both am-lowing equations:
plitude and frequency information into their joint pre- ¢ ¢ )
diction. However, depending on the type of sound ~ Gij[M = A&;[m—1]+afjmly;[m—1]
source, or even on the level of noise contamination, Zitf,-[m] - ?\Zlf,[m 1] +Bi2j (mly: j[m)
the track amplitude may behave more unpredictably 6-’-[m] — A5 [m=1] +a,’ B [m— Ty [m—1]
than the corresponding frequency, thus impairing the ') oAl ¥,
estimation of the latter. For these cases, an alternative PiilM = APijim—1}+& jBij[mly[m—1]
uncoupled structure can be straightforwardly obtained Bi ji2[m = Bijm-1]— Kivj [m— 1a j [m]
with two separate predictors, one for the frequency ¥y f N
and another for the amplitude of the tracks. Gijralm = o[ =k (M= LBy, j(m—1]
Next, an RLS lattice filter is presented as a solu- &.i+t[M = &j[m —«ij[m—1p;[m
tion to the prediction problem with an accompanying v jia[ml = vij[m — (vi,j[MBi, [m})z/z}fj [m]
decision heuristic. b f
Kij[ml = 8 j[mf/g;;m)
kijm = &i[m/gPyim—1]
3 LATTICE FILTER SOLUTION Kijm = pijlm/Z;m

with yi o[m] = 1, Bi o[m] = & o[M] = X [M] ande o[M] =

The adaptive filter described in the previous Section d;[m]. Hence the solution at framma can be calcu-
can be considered as a fixed order algorithm in the lated by iterating the equations above fovarying
sense that only time updates are performed in the fil- from 0 up to the desired predictor ord&r The time
ter. Thus, only quantities related to the solution of initialization of these quantities is described later in
a fixed order prediction are propagated. The lattice this section.
solution, on the other hand, uses both time and or-  As can be seen, the lattice filter does not explicitly
der recursions (up to a predefined order) to obtain the find the optimum weight vector. Both weight vector
predicted values by sequentially solving linear predic- and predicted values could be computed through ad-
tion problems of increasing order. The solution thus ditional recursions along the adapting procedure. A
obtained exhibits several advantages over the previ-simple solution is adopted here to compute only the
ous algorithm, including improved numerical behav- predicted value after a given time-update of the filter.
ior, stability, and reduced computational complex- For this, the key quantity is the priori error of the
ity (Sayed, 2003). filter, defined as

The notation used so far has to be adapted due to T
the order-recursive nature of the lattice filter. An addi- & a[m] = dh[m] = ;' [mjwi[m— 1], (11)
tional sub-index, denoting thegth-order solution for ~ The predicted value for framma can be written as
a g|lven quantlty will be. uspd throughogt this section. yilm] = T [miw; [m— 1], (12)

n this work, ana priori lattice filter is employed R .
to predict the frequency and amplitude of the tracks. wherey;[m| can be eitheA;[m] or fj[m], leading to
This is equivalent to the uncoupled version of the el
prediction scheme described in Section 2.2. Thus, lml = =@.a Mg - (13)
given a choice oft > 0 and of a forgetting factor Hence, in order to obtain the predicted value from
0 << A <1, the lattice filter obtains the weight vector the filter at framem, a new quantity, numerically
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equal to thea priori error with a null desired signal, is Zitjj [—1] =a~*]A~172; for j from 0 up tod — 1. This is
used. This way, the predicted value can be calculatedthe necessary time initialization mentioned earlier. As

through the following order-update recursions: can be noted, the lattice filter does not need any ma-
B . ¢ _ trix structure, which reduces the memory use of the
Qijea[m = @Ml —ki;[m—1Jp; j[m—1] algorithm in relation to the RLS solution.
Bi,j+1[m] _ Bi,j m-1] - Kib,j [m— 1]a j[m] The parameters of the lattice filter are the predic-

tor order], the forgetting factoh, and the regulariza-
) tion factora. The value ofd is usually larger than 2
. _ o and not bigger than 10 (Lagrange et al., 2007). Al-
with yio[m+1] = 0 andp; o[m] = Tio[m] initialized  though a larged favors lowering the prediction error,
either asA[m— 1] or f[m— 1]. Notice that all quan- it may imply an undesirably longer training period for
tities involved in this calculation are available at time the filter. Setting 2< J < 6 for both the amplitude and
m— 1, after the corresponding time-update of the lat- the frequency predictors has been shown to be a good
tice filter. compromise between the two conflicting goals above.
Another issue with the prediction-based partial The forgetting factor controls how much the past sam-
tracker is the filter convergence. Partial tracking per- ples influence the prediction. Adoptirg close to
formance may be hindered if prediction comes from a 0.98 has been found to be adequate for the predic-
filter whose convergence has not yet been achieved.tion of tracks. Then parameter controls how much
In order to overcome this limitation the following the regularization affects the prediction. A high value
heuristic is proposed: if the distance from the pre- of a (around 2000) allows the regularization factor to
dicted value to the last element in the data vector is be quickly forgotten. On the other hand, if the pre-
too large, the predicted value is ignored and the last diction coefficients are known to vary little from the
element is used as the predicted value. This criterion initial estimate (as is the case in this paper) a small
guarantees that the predicted values of frequency andhelps speeding up filter convergence.
amplitude being used for comparison are always close It should be noted that the frequency values of
to those of the track parameters, thus avoiding discon-a given track usually drift around a fixed center-
tinuities in the obtained tracks. frequency. Considering this frequency in the pre-
The decision algorithm follows that of Section 2.2 diction can slow down filter convergence, impairing
with some modifications. The function used to decide tracking performance. To avoid that, in the proposed
over a valid track is defined by Eq. (9). The main system the track frequency prediction is always car-
change is on the handling of missing peaks. If a track ried out relative to the frequency firstly attributed to a
i does not find a suitable peak in frammeit takes the  given track.
predicted amplitude and frequency. However, in the
next frame, a modified two-step ahead predictor used;

in other words, the amplitude and frequency in frame 4 COMPUTER SIMULATIONS

m+ 1 are predicted using the information up to frame

m— 1. Ifin the next frames the track still does not find Thi tion is devoted to investigate the performance
a continuation, the same modified scheme proceeds. S section’is de 9 P

Formally, if a track is in thezanishing state durings of the proposed adaptive lattice predictor in compari-

consecutive frames and remains in it at framethe son with a few other predictors found in the literature.
following predictor is used Italsoillustrates how the partial trackers behave when

analyzing natural audio signals.

Yijralm = yij[m+kij[m—1]B; ;[m

yi[m] = x| [m— gWi[m—s—1], (14)

where the prediction coefficients are found by min- 4.1 Example 1: Test Setup

imizing the cost function in Eqg. (10) witld[m] =
xi[m+1]. This way, the optimum predicted value is
always used to search a track continuation, given the
available track information.

When a peak is not selected to continue any track,
a new track is created to accommodate the peak.
The predictor for this new track has to be initialized
with the following values:y; j[—-1] = 1, & ;[-1] =

The first experiment is meant to assess the perfor-
mance of three predictors: the predictor based on
Burg’'s method presented in (Lagrange et al., 2007),
the RLS predictor described in Section 2.2, and the
lattice predictor detailed in Section 3. For both the
RLS and lattice predictors = 0.98 anda = 10 have
been adopted. For the Burg predictor the length of
i, - the observation window was chosen to be equivalent
0= pij[~1] = Bij[~1] = Byj[-1] = @ij[-1] = O, to the duration (in samples) for which the exponential

Kitj -1 = KEJ- -1 =kij[-1]= O,Zifij =a~IA? and window of the previous methods convey 90% of its
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energy (Laakso and Valimaki, 1998). The prediction
order of all methods was chosen as 4.

The artificial frequency track depicted in Figure 3,
which simulates the behavior of a partial from a tone
played withvibrato, has been used as a test signal. It
consists of a frequency variation of sinusoidal nature,
centered around 440 Hz, with rate equal to 0.25 rad/s,
and amplitude depth of 7 Hz multiplied by a trape-
zoidal envelope. White Gaussian noise was summed
to this signal so as to force an SNR equal to 40 dB.

4.2 Example 1: Results

The mean squared prediction error (MSE) of each
method is displayed in Figure 4. As can be seen,
the performance of the RLS and lattice methods was
equivalent, except for the initial parts of the MSE
curves, which differ due to the use of different reg-
ularization matrices in each case. The Burg predictor
yielded larger MSE and variance, being poorer in per-
formance.

According to this first experiment, both the RLS
and lattice prediction filters have similar performance,
mainly due to the minimization of the same cost func-
tion. The difference between them is in the compu-
tational complexity requirements. The RLS solution
has an asymptotic computational complexityd?)
as opposed to (J) of the proposed lattice solution,
whereJ stands for prediction order. Since the number
of active filters is proportional to the number of active
tracks in a given frame, the aforementioned reduction
in computational cost can have a great impact on the
overall processing load of a sinusoidal analysis sys-
tem. Moreover, the quantities that need to be saved
for each filter between adjacent frames are reduced in
the lattice filter, leading to less memory use.
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4.3 Example 2: Test Setup

To illustrate the performance of the proposed partial
tracker as a whole, a long-duration violin tone played
with vibrato has been extracted from a CD recording
(sampled at 44.1 kHz). This signal was segmented
in frames through an overlap-and-add scheme that
employed windows with duration of 20 ms, without
any sidelobes (Depalle and Hélie, 1997), and frame
hops of 5 ms. The sinusoids were detected using the
method described in (Nunes et al., 2007a). The lattice
parameters were the same as those used in the previ-
ous example. The decider parameters were arbitrarily
selected as followingk = 1, Af = 3%, E = 60, and

S= 8 frames.
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Figure 5: Frequency tracks obtained using the proposed
partial tracking algorithm. The signal under analysis is a Figure 7: Amplitude track obtained using the proposed par-
violin F8 tone played withvibrato. tial tracking algorithm. The plot shows in detail the sixth
partial of the violin tone.
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Figure 6: Spectrogram of the violin tone used in Example
2. The colorbar values are in dB. Figure 8: Overall energy variation of the 6th partial of the

violin tone.

4.4 Example 2: Results

The obtained partial tracks of the violin tone can 5> CONCLUSIONS

be seen in Figure 5. For comparison purposes the

spectrogram of the same tone is shown in Figure 6. This paper presented an adaptive lattice predictor to
By comparing the spectrogram with the obtained the partial tracking problem in sinusoidal modeling

tracks, one can see that the frequency variations thatanalysis of audio signals. The proposed method in-
are characteristic of tone partials Vibrato playing corporated a novel predictor that significantly reduced
were well captured. Moreover, the tracks exhibited both the computational complexity as well as the

a good smoothness with few discontinuities, being memory use in relation to previous methods. A new
those compatible with partial continuity failures also heuristic to validate the predicted track parameters
visible in the spectrogram. was also described.

The amplitude variation of the 6th partial track Simulations have shown that, under equivalenttest
(centered around 8.3 kHz) can be viewed in Fig- conditions, the lattice predictor performs as effec-
ure 7. Although being less well-behaved than the tively as other methods previously reported in the lit-
frequency variation, the tracked amplitude variation erature, despite the reduced computational cost. In
also exhibits coherent behavior. In order to confirm order to confirm that, a real-world violin tone played
that, the 6th partial has been isolated via an adequatewith vibrato has been subjected to analysis through
band-pass filtering of the tone. In the sequel, the per a sinusoidal modeling system that utilized the lattice
frame energy of the selected partial was computed, aspredictor within the partial tracking stage. The at-
seen in Figure 8. It can be observed that the evolu- tained results indicate that the adopted heuristics led
tion of the track amplitude over time closely matches to a satisfactory tracking of the tone partials.
that of the selected partial energy, being their cross-  The proposed method may be further improved
correlation coefficient equal to 0.95. if extended to perform partial tracking in a joint
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frequency-amplitude prediction scheme. The deci-
sion algorithm could also be improved by considering
more than one frame, as proposed in (Lagrange et al.,
2007).
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