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ABSTRACT 2. FOUR IMPROVEMENTS TO
Fo DETERMINATION

This paper addresses the problem of the fundamental frequency
Fy) determination of a speech signal, and proposes four improv . . .
(me)nts to conventional frepquency-gdomain m%thr())ds. The maj%ri -'1' EXte_nded_Range EDetermmatlon using
provement is a multi-scale analysis which extends the range of Multi-Scale Analysis

Fo that can be correctly processed. It builds on the lag-window o . . .

method proposed by Sagayama (1978), hence the narrié-fag PDAs work within a glv‘elzn. range ofol-‘vfllues,“ogtade ofvx_/hlcih tend
window”. Secondly, a modification of the lag-window method itselff® ©ccur the so-called “pitch halving” and “pitch doubling” errors.
improves its robustness to periodic noises (while loosing its gairE_ItCh halvmg 'S. tightly Ilnked to the very nature OT th? task: if a
independence property). Thirdly, a rescaling is introduced to peridna! is periodic, then twice the fundamental period is also a pe-
mit a full Dynamic Programming search for the optimal d&irve. riod. This problem is generally |mpI|C|tIy_d_eaIt with by Wln_dowmg_
Finally, a mathematically justified peak interpolation is propose&t some stage of the processing, but this increases the risk of pitch
for replacing the conventional, inaccurate parabolic interpolatiorfiuPling. For short-term analysis PDAs, the range of correctly pro-

These four improvements result in an accurate, robust, extendéfSSed & values is thus essentially determined by the size of the

range 5 determination method, which was tested on spontaneo@g2!ysis window.
speech from 20 speakers, ranging from less than 50 Hz to more t

600 Hz hﬁ? extend this range, the basic idea is to combine the results of sev-

eral analyses, each parameterized for a limited intervaj effues
but altogether spanning a wider interval. For example, suppose that
two different settings are used for male and female voices. For any
. . iven input, the appropriate tsiag is expected to yield a periodicity
Fundamental frequenc and more generally prosody, is an im- 9 e NPUL : ; .

9 vk, 9 yPp Y, l.énctloriL presenting a peak corresponding to thedf the signal.

portant aspect of speech. It conveys information on the speakeé . 2 . . . .
attitude, on the syntactic structure of the utterance, on word choiceOmblnlng the periodicity functions obtained with the two settings

in tone languages, etc. High expectations about its usefulness f&n be done by simply summing them. The tasg function wil

automatic speech recoijon has motivatecbngoing research ac- present a peak wherever any of the initial functions presented one.

tivity for many years. However, its use in actual systems remain-léhIS can be generalized to three settings (Figure 1) or more.

very limited.

1. INTRODUCTION

This idea assumes that no spurious peak occurs when the setting
is not suited to the §~of the analyzed signal. This is not the case

One of the bottlenecks to its use is the robuseBtimation from a o -
i r most PDAs such as the modified autocorrelation (SIFT) or cep-

speech signal. It is indeed known to be a difficult task, and none (f) . . .
p 9 L . N . s(trum methods. However, there exists a PDA for which this as-
the many existing Pitch Determination Algorithms (PDAs) are com- . - :

: L . . umption holds, called the lag-window method [4]. In a nutshell, it
pletely satisfactory [3]. One of the main limitations is the restricte

range of |5 values correctly processed. Another is the lack of roCONSISS In smoothing the power spectrum to get its envelope, and

bustness to periodic noise, due to the gain-independence propertyd“{‘Idlng the thg spectr_um by the ef“’e")pe o get the h_armonlc fine

: - . sfructure. Taking the inverse Fourier transform then yields the pe-
conventional PDAs. The post-processing part can also be improve dicity functi Th thing i wall of dinthe |
The usual way Dynamic Programming (DP) is applied to select aw 'C'.ty bunc IOI?. i ismO(')th ing 1s :C ua y"p% t%rmle ln. ((; ag
Fo curve is sub-optimal, and the often used parabolic interpolatio?inOmaln y mullipiication with a window, cafled the fag-window.

scheme is inaccurate. This paper addresses these limitations in turn,

and proposes solutions to each of them. 1There is no agreed upon generic term to designate the function present-

ing peaks corresponding to the periodicity of the analyzed signal and on

which peak picking is performed to estimatg &d the degree of voicing,
*This research was done while the author was a PhD. student whatever the method used to compute it. We will refer to such a function as

LIMSI/CNRS a “periodicity functiori.
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Figure 1: Multi-window Fy analysis. Periodicity functions are computed with different window sizes (Hamming and lag-windows shown
on the right). They present a peak if the scale factor of the windows is suitable for the valuéasfpointed by the arrow), but only weak
spurious peaks if not. Therefore, the summed periodicity functions (below) presents a correct peak in all cases.

The method involves two lag-windowsvhich can be adjusted to processed with a single parameter set. Let us now see how the basic
eliminate spurious peaks ifFs outside of the optimal range deter- algorithm itself can be modified to improve its robustness to pollu-
mined by the size of the analysis window. Viewing the spectrum ason by periodic signals.
a signal and the lag-windows as frequency responses of filters may
help explain why these windows can “filter out” frequencies outsid®.2. Robustness to Periodic Noise
the chosenrange.

The gain-independence of most PDAs becomes a problem in pres-
For a multi-scale analysis involvingdifferent settings, the sizes of ence of a low-intensity but highly periodic signal such as a com-
the n analysis Hamming windows were specified, andsthgairs  puter fan noise. Indeed, the PDA considers such a signal alone as
of lag-windows were automatically chosen so that (1) each pair istrongly voiced, even though it may not be audible at normal level.
centered on the lag corresponding to the optingdbfF this analysis, The resulting high peak in the periodicity function can be particu-
and (2) the upper lag-window of a pair was equal to the lower lagarly damaging when constraints are put on thecErve (as in sec-
window of the next pair, i.e., there are+- 1 different lag-windows  tion 2.3). Even for speech segments, pollution by a periodic noise
in total which form a partition of the lag-domain (excluding a smallcan be a problem if the speech power spectrum has a lower energy
part for very short lags). than the noise in some frequency band, as this perturbs the PDA.

Each elementary lag-window PDA introduces a variable gain déntroducing a non-linearity for low-anfifude samples in the spec-
pending on k. It can be shown that this gain is [2]: trum limits the perturbations caused by the noise. In the cepstrum
method, this can be achieved by modifying the logarithm (for ex-
ample by replacing log{) by log@ + zmin)). With the lag-window
method, this can be obtained by thresholding the spectral envelope
The total gain for several settings introduces a distortion which cafefore the division. For high energy frequency bands, the result of
not be neglected. It is therefore necessary to normalize the sumniég division is unchanged, and for low energy frequency bands it

periodicity function by dividing it by the sum of the above exprestends to zero rather than being dominated by the noise. In practice,
sion for all settings. the simple thresholding can be replaced by a smoother function (for

exampley = \/z? 4+ #2;_ instead ofy = max(%, zwmi)) t0 €N-
To summarize, the basic algorithm can be applied at different scalggre a more continuous tratisn between the limiting cases. The
and the results combined to yield the correct estimate on a widglue ofz.,i, should be approximately equal to the average of the
range of k. In particular, both male and female voices could bepectrum of the lowest intensity audible sound.

5« upper-lag-windoy1/F,) — lower-lag-window1/Fo)
1 — lower-lag-windové (1/F) ’

2To our knowledge, the few publications in English giving explanationsl—hiS minor modification proved to be very effective against the pe-

on the lag-window method mention only the version with a single lag-. . . . .
window, used to compute the spectral envelope [6]. In the original publir_|od|c noise presentin our database. Of course, it does not affect the

cation, a version involving a second lag-window, used for smoothing als!érocessmg of harmonics of nprmal amplitude. For further improv-
the spectrum itself before dividing it by its envelope, was also presentetlld robustness, post-processing is necessary.
and argued to be especially useful for high pitch voices [4].
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Figure 2: Rescaling of a periodicity diagram facilitates application of DP. On the natural scale of frequency-domain PDA outputs, con-
straints on the §slope varies with the frequency band. Using a logarithmic scale renders these constraints uniform.

2.3. Optimal decoding of an i contour The DP algorithm does not have to commit itself to a V/UV deci-
o ‘ _sion. It automatically interpolates between voiced segments. For
Post-processing is an important part of a PDA [3]. It can consigtach frame, the voicing measure is output along with the estimated

in correction or smoothing after a frame-by-frame extractionof FF, value. If necessary, a voicing threshold can be chosen later on to
values, or, preferably, in a DP search putting constraints on trage|ect voiced frames.

sitions between consecutive frames of thecBntour. Even when

dynamic programming is used to search for arcbrve, however, The voicing measure can also be used for displaying thedn-

a few peaks per frame are usually preselected, andJpigfeom- tour. By using a line thickness proportional to the voicing mea-
puted for each candidate peak [5]. The essential reason is that awe, strongly voiced parts appear as bold lines while weakly voiced
thorized transitions span a variable number of samples dependifigmes, where extraction errors are more frequent, immediately ap-
on the i band. Furthermore, Voiced/Unvoiced (V/UV) decisionspear as less reliable, and V/UV transitions appear as lines fading
must be performed simultaneously with the DP, since for unvoicealvay (Figure 2).

parts the selected peaks are erratic.
The first three improvements increase the robustness of the algo-

A prior rescaling of the periodicity diagrahtag-axis into a log- rithm. But accuracy can also be improved, as discussed in the fol-

Fo scale (or any auditory scale) allows straightforward applicatiofowing section.

of a conventional DP algorithm to the whole diagram (Figure 2).

Indeed, after rescaling, the pattern of authorized transitions is ti2.4. ~ Accurate Peak Interpolation

same on the whole range of Falues. Furthermore, penalties on

authorized but largejumps can be very easily added into the DPIn frequency-domain PDAs, the value of I5 estimated from the

process. Constraints and penalties on the second derivative wesition of the peak in the periodicity function. The simplest

also implemented, but their usefulness was not evaluated separatghgthod uses the position of the largest sample. As sampling can
be sparse, especially for short lags i.e. for high pitch values, in-

The computation of log() for all lags need be done only once, terpolating is often used to increase the accuracy. In the absence of

for computing the new scale. Then the diagram can be rescalg@ttther information, a three-point parabolic interpolation taking into

efficiently using, for example, quadratic splines. account the two neighboring samples seems reasonable, and is the

) ) ~usual interpolation scheme.
Processing all the data guarantees that the estimatedriour is

optimal in the sense of the scoring function. This function is deHowever, we do have further information. We know that the peri-
fined as the sum of the “voicing measure” (the amplitude of thedicity function is the inverse Fourier transform of another function
traversed sample of the periodicity function) along the contour, plughich is expected to be close to a sine function, the frequency of
the penalties on the first and second derivatives. which we wish to measure. Therefore, the mathematically justified
interpolation uses &n z /= function [1].

3The “periodicity diagranti is the time-frequency representation of F
obtained by putting together periodicity function forcsessive frames. In  As thissin # /2 function seems more complex than a parabola, the

other words, the periodicity diagram is to the periodicity function what theequations could be expected to be difficult to solve, if at all tractable.
spectrogram s to the spectrum.
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Figure 3: Accurate Peak Interpolation. The usual method is parabolic interpolation. Interpolatingrby /a function is mathematically
justified, and also results in simple formulas. The figure illustrates that the parabolic interpolation tendsrstimate the peak height.

Surprisingly enough, the calculation proves to be straightforward 4, CONCLUSION

[2], and leads to very simple formulas reproduced on Figure 3.
The following four ideas to improve jFdetermination were pro-

These formulas imply the prior selection of the maximum betweeposed:

Um+1 andv,, 1. This would not be harmful if the periodicity func-

tion was guaranteed to be of the fosim = /z, asvm,4+1 anduvp,—; 1. Combining analyses with different window sizes extends the
are then equal to each other only if they are equal to zero. Butin  range over which &can be correctly processed.

the general case, it is better to consider both VaerS, and use them s |ntroducing a non_“nearity for small Samp|eg in the Spectrum

corrective terms insofar as they are positive, as follows: increases the robustness to periodic noise.
3. Rescaling allows straightforward application of a conventional
{Fo =(m+4ar+a_1)T. DP algorithm to the whole time-frequency representation and
Vo o=, — Ty Tt therefore optimal decoding of the Eontour.
sin(7ay) sin(ma 1) 4. Interpolation byin z/x is mathematically justified, leads to
_UmEL i e >0 simpler formulas, and results in smoother contours and better
where a4, = {é’m t Uma1 ot estimates of the degree of voicing.

These ideas were implemented, tested on spontaneous speech from
As can be seen from Figure 3, the accuracy improvement is moe® speakers, and demonstrated an ability to extract pitchrately
important for the voicing measure V than for the value ef F in a wide range of conditions.
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