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A New Pitch Detection Method Using The WRLS-VFF-VT
Algorithm
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ABSTRACT

In this paper, we present a new pitch determination method for speech analysis, namely VFF(Variable Forgetting
Factor) based, by using the WRLS-VFF-VT(Weighted Recursive Least Square-Variable Forgetting Factor-Variable
Threshold) algorithm, A proposed method uses VFF to identify the glottal closure points which correspond to the
instants of the main excitation pulses for voiced speech. The modified EGG(ElectroGlottoGraphic) based, modified
LP(Linear Prediction) Error based pitch determination algorithms with variable threshold are also presented in parallel
with VFF based algorithm. We will show that these algorithms provide robust pitch estimates on a period by period
basis and reliable pitch detection in quasi-periodic as well as in aperiodic speech signals. To verify the performance of
the proposed pitch detectors, a standard pitch determination, a SIFT algorithm, is used to evalvate and compare the
proposed algorithms for its capacity to detect and identify the patterns of aperiodic/quasi-periodic voice vibration in
natural human speech as well as in pathologic human speech.

Introduction rement of voice fundamental frequency{f,} in natural
human speech, still constitutes one of the most
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integral and at the same time most problematic
areas of speech analysis. It has been established in
numerous studies and even more so in practical



computer speech applications Lhat the accurate rep
resentation of the volcing characteristics is ol para
mount importance for @il aspects of speech signal
proces=ing. In specch coding, for mstance, the qual
ity of the vocoded speech deteriorates rapidly as a
function of imprecise pitch  estimates. In speech
<vnthesis, considerable effort 15 dedicated today o
the development and implementation of prosodic mod
ole for the gemeration of natural sounding pitch
contours in texi—to-speech.

Numerous  studies  have beent dedicated to the
design and cvaluation of Titerally hundreds of pitch
determination algorithms. Most of these studies have
focused on pitch determination in stationary. quasi-
periodic  speech  signals. Non-stationary,  aperiodic
signals, 1e exhibiting occasional time and/or amp-
litude irregularities between  successive perieds  of
glottal excitation. have traditionally been disrcgarded
and considered as reflecting pathological voice phe*
nomena which are of no immediale concern to normal
speech  processing  applications.  However, aperiodic
glottal vibrations occcur far too often in normal,
non pathological voices of both women and men, to
he classificd simply as a clinical syndrome or voice
disorder, Aperiodic phonation has also been shown
to be svstematically employed by human speakers as
an important demarcation cue in the continuous
speech utterance. Standard pitch detection and pitch
estimation algorithms usually faill to correctly iden-
tifv patterns of aperodic voice excitation, which are
often wrongly classified either as voiccless strefches
of speech, or associated with faulty pitch  values,
tvpically of the "octave crror” type.

We can divide the speech based pitch deter-
mination aigorithms(PDA) Into fwo categories: time
domain PDAs, such as the SIFT method, and short
rerm PDAs, such as the auwtocorrelation and ceps-
trurn methods(1)12]. The time domain PDAs are
capable of providing accurate pitch periods, but are
sensitive to signal degradations in the analysis {rame.
Short-term PDAs, on the other hand, are more

robust, but provide onlv an average pitch estimate

over o mumber of periods, because short term VDA
rely on the similarity of the speech signal over
adjacent pitch periods. Thus, if a large number of
pitch periods are contamed in an analysis segment
the estimated pitch value 1s a "smeared” or average
value for the segment. Both methods loge all infor-
mation about the absoluie position of the glotlal
excitation.

The main objective of this paper is to devclop a
new pitch detection method, namely VFF based PDA
using  WRLS-VFT-VT(Weighted Recursive Least
Square-Variable Forgetting Factor-Variable Thre
shold) algorithm. The modified EGG based and LP
Error based PDAs with varable threshold arc also
proposed in parallel with VFF based algorithm{3}[4]
We will show that these algorithms provide robust
pitch estimates on a period by period basis and
reliable pitch detection in quasi-periodic as well as
in aperiodic speech signals.

This paper is organized as follows. In section 1L
we describes the WRLS-VFF-VT algorithm and
implementation procedure. Section III present modi
fied EGG based, LP error based and the VFF based
PDAs, but main emphasis on the VFF based algor-
thm. These methods are the time domain PDAs, and
provide the pitch period on period by period hasis.
Section IV evaluate the performance of the proposed
pitch detection algorithms. A standard time domain
pitch determination, a SIFT algorithm, is used 1o
cvaluate and compare the proposed algorithms for its
capacity to detect and identify the patterns of aperi

odic/quasi-periodic voice vibration in natural human

speech.

2. WRLS-VFF-VT Algorithm Description

A, Background for the WRLS Algonthm

We will assume that the speech signal is genera-
ted by an ARMA model represented by the follow

ing :

vi = — 2qa, (By+ ij(k)uk"j+ U D
i= 7=



Where v, denotes the k-th sample of the speech
signal, 2, is the input excilation to the ARMA
model, {p,q} are the order of the poles and zeros,
respectively, of the ARMA model, and a{k) and
bk are the time varying AR and MA parameters,
respectively. Model order selection techniques have
been proposed by numerous authors [51[6][7]. Here,
we assume that the values of p and q can he
predetermined. Note that the measured speech signal,
Y&, depends of the input, u;. The excitation, u,.,
1s usually considered to be white Gaussian noise.
We must estimate the input excitation, #, so that
the ARMA parameters can be estimated accurately
from y,. An estimation method for u, based on

the variable forgetting factor of the WRLS algorithm
will be given later. For the present we assume that

an estimate for #, is available.

Let us define a parameter vector, &,, its
estimate, #, .and a data vector, ®,, by the
following equations :

0 =la (B, ....a, (R, by(k),....b,(B] (2

0,/ =1ar(B),.... ¢, (R, b,(R). ..., b(H)]

mkr: [—ykw.l,..,,—yk«p, Uk—1ys0e, Uy 4}

where the superscript t denotes transpose, and a;
and b, arc the estimated ARMA parameters, res-
pectively. Using (2) the speech signal, v,, and its

estimate, .. may be expressed as

vi= 0 (gk_ Uy (3
J}k:" ‘@ktgk_*_ sz
Let  », be the residual error of the ARMA

process, namely,
=~ 0, 8, (4)

Then a weighted least square criterion(cost func-

WRLS v TyT Ealciae wasd g 0T

E\L
T
ce
UL‘
2
-

tion} can be defined as the exponendally weighted

sum of sguares of the residual errors,

VA8 = i:’/ik"&*,? or V(@) =AY Ty, — ¢t )7

(5
where A is weighting(forgetting) factor, which at
this point is assumed to be constant during the
process of adaptation. This gives more weight to the
mOosL recent errors.

The least squares solution can be obtained by
minimizing the cost function with respect to the

parameter vector #,. A recursive least square
algorithm for estimating the parameter vector @,
can be found elsewhere [8][9]. We summarize these
equations below:
Prediction error &= w—0, 0, (6)

Gain UDd'dte . }.\,k - Pk,;@k[ﬂi—i-cﬁk"lj&,“l@k} !

Parameter Updﬂt(?: /&k = Pk—l+Kkék
Covariance matrix: P;? = A*I{Pkwl“Kk@kth_hl}

Input cstimate up = va - ¢y B,

B, Adaptive WRI.S-VFF-VT Algorithm

For a locally stationary speech production process,
the residual error 7, in {4) will indicate the state
of the estimator at each instant k. If the error is
small, then the forgetting factor A should be near
unity, allowing the adaptive algorithm tn use most
of the previous information in the signal. This vields
accurate estimates of the various parameters. If, on
the other hand, the error is large, then a small 2
will decrease the weighting of the error, thereby
shortening the effective memory length of the
estimation process. This allows the parameters to be
adjusted with the most recent data, and will reduce
the error. A procedure to achieve the proper weigh-
ting by choosing the appropriate A is introduced
here. The weighted sum of the squares of the
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residual error can be expressed recursively as[10]

V) = AV, (0) + & (1~ $4K,) (M
A strategy for caleulating A, may be defined by

requiring V(@) to be constant such that
V@ = Vi () = V(9 (&)

In other words, the f{orgetting factor will com-
pensate at cach step k for the new error information
in the latest measurement, thereby insuring that the
estimation is always based on the same error infor-

mation. Thus from (7) by setting A= 4,, we have

e 2
Ak:lﬁ_—%@[lw@k!}{k} )]

)
i

Consequently, the WRLS-VFF algorithm can be
specified by a set of eguations similar to those for
fhe WRLS algorithm in (6), but with the constant

weighting factor, A, replaced by 4, as shown in (9).

The input excitation w#, to a speech production
process can be either pulse trains for voiced sounds
or white noise for fricatives. Therefore a general

expression of the input sequence is given as follows!

Hy = 2{,@/) + u&‘“ (10)

where wu,” represents the pulse input and #," is
the white noise input.

We introduce a weighted least squares criter-
ionteost function) to estimate the ARMA parameters

based on the estimation error e, (different from the
residual error 7}, namely from (3} we have

e == ¥i=vp— ¢4 Bu— 1 (1)

Thus the cost function V() is expressed as
ViD= B4 - Byt (D)

From (10) we have X = 2w + 2 u’s

and under the theorem of ergodicity, for large £,
these sums are expectations[10}, which indicates that
when the input to the reference model is white, the
prediction error produced by an optimal prediction
{eg, WRLS algorithm) is also white, Thus, for a

zero mean white noise input, we have E[#;"]=

Elu,“1=0, Then (12) can be rewritten as

VB = 2N (- 0w (19)

The parameter vector &, that mimmizes the cost
function V(&) can be obtained by setting the par-
allel derivative of V with respect to 8 equal to
zero, which gives the recursive equation to update

B, as
Oi= 041~ Ki me— ' Osr—~w”) (19

Several methods have been proposed to estimate
the input #, in the recursive ARMA parameter
estimation algorithm. Morlkawa and Fujisaki and
Friedlander used the estimated residual error #, at
the instant k as the estimated input ., namely
[11112]

Up=re=Yy~ s Oz (15)

This method is based on the fact that the driving
source to the ARMA process is a pure white noise,
Mivanaga et al used the ratio of the variance of
zero-mean white noise at k and k+1 to estimate the
forgetting factor{FF}8]. For application to speech



signal analysis when the input contains hoth white
noise and pulses, we need to cstimate both ol these
signals to obtaln more accurate parameter estimates.

The proposed input estimation method uses the
FF as a reference W examine the input condition.
This can reduce the system complexity since only
one adaptive algorithm is used instead of two as in
f8]. Moreover, the FF can be obtained from the
adaptive process. Thus no extra calculations  are
required,

From (%), it has been shown that the increase in
the prediction error results in a decrease in A, A
small value of A, indicates that the input has an
abrupt change (e.g. pulse). Hence, we can determine
the time of occurrence of a pulse by determining the
instant at which A, falls below a threshold value

Am . A strategy for choosing the threshold value

Ay may now be defined by letting

“1

I E,<0.9, then A, = 0.9 * E,
xrf E,.> 0.9, then ;k;;.,}- = (.9 = E,
ff }lthr ? Amin ’ then ;{!hr = 4 min

The magnitude of the pulse can be approximately
given by the prediction error &, at the estimated
time of the inpur pulse [3). For white noise input,
the A, is close to unity upon convergence [10].
Under this condition the residual error #, of the
adaplive process can be used as the estmate of the
white noise input  #,° as indicated in Mortkawa's
methad [11]. Consequently, the implementation of the
WRLS-VFF-VT algorithm with input estimation is
given in Table I Figure 1 shows the overall block
diagram to estimate ARMA parameters,

Prediction error @ &= ve— @3’ 8o

Gan : K,= Pk-,@,[%kq + @ff)k—lfb;] o

[ vy

YT : . © oLl Lo L, e . P
Wit by e sl i E R R AE I 0

Forgetting Factor @ A, =1 -&.°(1 = & 'K/ V(&

-1
V= 1;314”21 Jes

H Ek<09, theﬂ /ﬁfh,“':o.gg* l’:&
¥ OES0.9, then A, =0.9%E,
If A I:’tr> A oy then A thr = A min

Threshold -

Input estimate:
a) it A.{ 4. then the input is a pulse and

wy =1
up =’
=M @;f ak |
DH i Au> Ay, then the input is white noise and
uy" =0
W=

= &1~ B} KD

Parameter : (‘?;: g}c oyt K2,

Covariance matrx @ Po=2, [P, — K, @' Py 1]

{Tahle 1> Adaptive WRLS-VFF-VT Aigorithm with Input
Estimation

3. Proposed Pitch Detection Algorithms

A Modified FG{G: Based PDA with variable threshold

The EGG{ElectroGlottoGraphic) based PDA was
first proposed by Krishnamurthy and Childers in
1985 3], The EGG ik a periodic signal with two
zero crossings per period during the voiced segme-
nts. The pitch peniod can be estimated as the time
duration hetween two successive "invariant” features
in the EGG. A synchronized, differential EGGIDEGG)
signal is used to locate the closed glottal phase and
to detect the pitch period. Figure 2 shows an
example of EGG and DEGG waveform with the
synchronized specch signhal using simple threshold as
in [3.
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As can be seen in this fhgure. it is not difficult o

obtain the pitch period, the glottal opening and clos
ing instants from the EG(G signal. While the glottal
opening occurs refatively  slowly, glottal closure s
associated with a rapid reduction in tissue impe-
dance and thus shows a large negative excursion in
the EGG signal. Therefore, a simple threshold mayv
give the missing of the peak position in the beginn—
ing of a sentence and in the mixed sounds and in
the weak sounds. Moreover, for a pathological spee-
c¢h mode such as vocal fry which has two or three
opening/closing pulses in a glottal cycle, 1t remains
difficalt to detect the pitch period with the EGG
signal. To solve this difficulty, the variable threshold
15 used mn this paper.
Figure 3 shows the block diagram of the modified
FGG based pifch detection algorithm  with variable
threshold. The BGG signal s divided into frames,
each frame consisting of 300 points. Successive fra-
mes overlap by 200 points. The maximum EGG
amplitude and the EGG zero crossing rate in the
frame are used to classify the frame as voiced or
unvoiced. In the voiced frames, the average amp-
litude in a current frame 13 computed for the
variable threshold of the peak picking using the
DEGG. The opening and closing  instants in the
frame are located using the DEGG. Two frames of
delaved pitch information are retained for the pitch
error detection and correction.

The EGG signal is immune to surrounding acou-
stic disturbance. and provides a robust pitch detec
tor. Moreover. the EGG can also be used to isolate
mdividual periods of the speech wavetform such as

the interval of glottal closure.

B. Modified LP Error Based PDA with Varlable

Threshold

In 1973, Markell4] proposed a LP Error based
piich estimation with fixed threshold method that

emplovs the autocorrelation function of the LP error
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{Fig. 3) Block Diagram of EGG hased pitch detection algorithm

signal. Markel showed that the LP error signal for a
voiced speech waveform s characterized by peaked
muses separated by the pitch pertods. These peaked
pulses represent the main  excitations to the LP
vocal tract filter. As can be seen in figure 2, the
main  exeitation pulses in the LP error function
consistently match the negative peaks of the DEGG
signal, which were located very close to the instants
of glottal closure. This method is capable of provi-
ding accurate pitch periods, but loses all information
about the absolute position of the glottal excitation.
Therefore, we use the variable threshold in this study,
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A block diagram of the modificd LI Error based

method is shown in figare L
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far the Error Correction of the Next Frame

v
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{(Fig. 4) Biock Diagram of LP Error based pitch detection
algorithm

A pitch-asynchronous {fixed frame) LP analysis
is performed on the input speech signal. For a
voiced speech signal, the LP error function is chara-
cterized by a pulse train with the appropriate pitch

period. The locations of these pulses arc detected hy

a peak picking method with variable threshold and
are used as indicators of glottal closure.

The LP residual error signal is divided into fram -
es, each frame consisting of 100 points. The analysis
frame is overlapped by 100 points of previous and
next frames, thereby totally 300 points. In the voiced
frames, the average amplitude in a current frame is
computed for the threshold of peak picking. Two
frames of delaved pitch Information are retained for
the pitch error detection and correction. The LP
ertor based method with variable threshold for pitch
detection is capable of providing the pitch on a
period by period basis with no extra auxiliary
signal(EGGH.

C._VFF Based PDA

The VFF based PDA from WRLS-VFF-VT algo-
rithm described in section II uses the VIF to iden
tify the glottal closure points, which coirespond to
the instants of occurrence of the main excitation
pulses for voiced speech. The smallest value of A,
in the WRLS -VFF-VT algorithm consistently matc-
hes the negative peaks of the DEGG signal, thereby
indicating the instant of glottal closure in figure 2.

A block diagram of the VFF based method for
the pitch information is shown in figure 5.

During the WRLS-VFF-VT analysis, the A, can
be obtained sequentially(sample~by-sample). The loca
tion of the excitation pulses and the estimation of
the pitch period are detected by using a threshold
value of A ., and comparing it with each 4,.

A variable threshold is used in the same way as
in the LP error based method. If a peak crosses
the variable threshold, its location becomes the pitch
period candidate, Otherwise the frame is defined as
unvoiced (ie, pitch period = 0}, An attempt at error
correction is made by changing the threshold of the
pitch pericd. The pitch period estimation occurs for
the range 25 msec to 155 msec. The VFF based



method for pitch detection is capable of providing
the piteh on @ period by period basls with to exira

auxiliary signal (EGG).
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{Fig. 5} Block Diagram of VFF Based pitch detection algorithm
4. Performance Evaluation
In order to evaluate the performance(robustness)

of our pitch detector, we compare the results for

pitch estimation for the speech based SIFT algori-
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thin with proposed methods 1 pataral human specch
as well as in pathologic human speech, We mayv use
the B3 hased method as a reference.

Figure 6 shows the pitch contours for the utte-
rance "We were away a vear ago’ spoken by a

male speaker.

Figure 6 (c)(d) show the results of the EGG
based, LP error based, and (¢) shows the results for
the proposed VFF based algorithms, respectively.
The pitch contours estimated from the proposed
throe methods are virtually identical and show the
fine detall of the ntonation changes. However, the
result for the SIFT algonthm in Figure 6 (a) has
the error caused by the pitch period doubling or
tripling or halving, and also missed some fine detail
of the intonation changes. Using the modified SIFT
algorithm of variable analvsis framc size, the errors
of the pitch period doubling and halving were corre-
cted as shown in Figure 6 (b). But the modified
SIFT algorithm did not perform well for the aperio-
dic voice vibration contained in the end of the sent-
ence,

For the pathological speech mode, pitch contours
for sustained vowel "I" spoken by a pathologic spe

aker, vocal fry, are shown in figure 7,

In figure 7 (a), the contour derived from the
modified SIFT algorithm is smooth, but some fine
detall is missed. Unlike the proposed methods, the
modified SIFF algorithm uses an average pitch esti-
mate over several periods, so the result provides the
similarity over the adjacent pitch periods. The result
from EGG based dgorithm i figure 7 (b shows
the details of the intonation and two abrupt changes
in the start and in the end of the signal. This is
caused by the mncomplete glottal opening/closing in
the beginning and ending area. The LP errors based
and the VFF based algorithms produce contours that
have npples. spurious values in the middle of conto
urs, and the fine detail of the intonation changes as
shown in Figure 7 (¢) and (d).
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{Fig. 6) Pitch contours for a sentence “we were away a year ago” using:
(a) SIFT, (b) modified SIFT, (c)modified EGG based,
(d) modified LP error based, and (e) VFF based methods
5. Summary and Conclusion estimates on a period by period basis, have been
described. In compartson with the SIFT algorithm, it
New time domain pitch detection algorithms, modi- is shown that new algorithms have the performance
fied EGG-based, modified LP Error- based, and which are closest to that obtained using the EGG

WRLS-VFF-VT based methods that provide pitch for the speech of normal and pathologic speakers, If
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(Fig. 7) Pitch contours from four algorithms for sustained vowel "i" spoken by a pathologic speaker, vocal fry:
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the BEGG based method is considered as a reference, based metheds is avoided, and pitch values are
the proposed pitch detectors are very reliable in available on a period by period basis. This can have
quasi-periodic as well as in aperiodic speech signals. important applications for several problems where

The "pitch smearing” effect inherent in speech signal accurate pitch contour estimates are desired [13],



References

[11 Markel. ]I, "The SIFT algorithm for fundame-
ntal frequency estimation”, TEEE Trans on ASSP,
Vol 'U-20, ppd67-377, 1972,

{21 Childers, D. G., Skinner, D.P. and Kermerait RC,
“The cepstrum: A guide to processing”. Proc. of
[EEE, Vol6b, No 10, pp.14213-1443, 1977

[3] Krishnamurthy AKX, and Childers DG., "Two
channel speech analysis”, IEEE Trans. on ASSP,
Vol34, Nod, pp.730-743, 1986.

4] Atal BS, and Hanauer S51.. "Speech analysis
and synthesis by lincar prediction of the speech
wave”, Journal of Speech and Hearing Research,
Vol50, pp.637-655, 1975,

I5] Akaike H., "A new look at the statistical model
identification”, IEEE Trans on Automatic Contrel,
Vol AC-19, pp716 723 1974,

6] Kav., "Modern Spectrum  Estimation”, Prentice-
Hall Tnc.. Englewood Cliffs, NJ 1977,

7 Marple S.L.,
Applications”, Prentice -Hall Inc.. Englewoord
Cliffs, NJ 1977,

i8] Mivanmaga Y. Miki. N. Nagai, and Hitori K., "A
speech analysis  algorithm  which eliminates the

“Digital Spectral Analysis with

nfluence of pitch using the model reference ada
ptive system”, IEEE Trans on ASSE, Vol.30, No.
1, pp&s-ah, 1982

I Soderstrom T., and SToica P. “System ldentifi-
cation”, Prentice Hall Inc.. Englewood Cliffs, NJ
1949,

[10] TR Fortescue, LS. Kershenbaum and BE. Yds-

¢, "Implementation of sell-regulators with varia-
ble forgetting factors”, Automatica, Vol.17, pp.851
~835, 1981.

[11] Morikawa 11 and Fujisake H., "Adaptive analy-
sis of speech based on a pole-zero representa-
tion”, IEEE Trans. on ASSP, Vol.30, Noi, pp.77-
87,1982

[12] Friedlander B., “A recursive maximum likelihood
algorithm for ARMA spectral estimation”, IFEE
Trans. on Information Theory, VolIT-28, Nod4,

pp.G39-646, 1982

N3] Hess W.J.
determination of speech signals”, Phonetica, Vol
39, pp.219-240, 1982,

"Algorithms and devices for pitch

1982 4% st fxgets

1984 A5 digsy A48
LA - ] sl

°"1>|"%l
199243 (v]) University of Florida, #2381} T8 kA
1993 ~ 1994 At o] T BT e A, FAdTY
199433 ~ 19954 ﬁlﬂ?ﬁﬁ"hﬁﬂw’ Aa-gea de Al
199549 ~ 1997 () @d A, diEo)Ad ZE v o

H oo

an

T2 ‘?-1- &y

1997 ~1968W (F)Ate 2, ol rrad 4 2
.'}L)\ )\X]w

1983 -84 grddgtn RFAST 2rg

A Eot : Digital Speech Processing, Digital Commmi-

nication

7 A
198613 (v]) Polytechnic Univer-
sity, Aaba3ta g4}
19884 (T]) Polytechnic Univer-
sity, x589 A}
1993 {(v}) Polytechnic Univer-
sity, AR Eerat Foputal
19944 ~ 19954 A A AL vlolARAIY R, ddd+-4
1995'9 ~1996d &= S}ty Ang ey, YA
19963 ~ A g e AFE - ARZEATGE 2y
4ok @ Digital signal and image processing, Digi-
tal communication systems



