
Time-varying quasi-closed-phase weighted linear prediction analysis of speech

for accurate formant detection and tracking

Dhananjaya Gowda and Paavo Alku

Dept. of Signal Processing and Acoustics, Aalto University, Finland
dhananjaya.gowda@aalto.fi, paavo.alku@aalto.fi

Abstract

In this paper, we propose a new method for accurate detec-

tion, estimation and tracking of formants in speech signals us-

ing time-varying quasi-closed phase analysis (TVQCP). The

proposed method combines two different methods of analysis

namely, the time-varying linear prediction (TVLP) and quasi-

closed phase (QCP) analysis. TVLP helps in better tracking of

formant frequencies by imposing a time-continuity constraint

on the linear prediction (LP) coefficients. QCP analysis, a type

of weighted LP (WLP), improves the estimation accuracies of

the formant frequencies by using a carefully designed weight

function on the error signal that is minimized. The QCP weight

function emphasizes the closed-phase region of the glottal cy-

cle, and also weights down the regions around the main exci-

tations. This results in reduced coupling of the subglottal cav-

ity and the excitation source. Experimental results on natural

speech signals show that the proposed method performs consid-

erably better than the detect-and-track approach used in popular

tools like Wavesurfer or Praat.

Index Terms: Quasi-closed-phase (QCP) analysis, weighted

linear prediction (WLP), time-varying linear prediction

(TVLP), time-varying weighted linear prediction (TVWLP),

time-varying quasi-closed phase (TVQCP) analysis

1. Introduction

Accurate tracking of formants in speech signals has potential

applications in acoustic-phonetic analysis of speech signals,

speech enhancement, formant-based speech synthesis, pronun-

ciation correction [1–5]. Many algorithms of varying complex-

ity have been proposed in the literature for tracking formants in

speech signals [6–10]. A dynamic programming (DP) based

tracking with a heuristic cost function on the initial formant

candidates estimated using a conventional LP analysis is used

in [6, 7]. An integrated approach towards tracking is adopted

in [8–10] using state-space methods such as Kalman filtering

(KF) and factorial hidden Markov model (FHMM). Most of

these algorithms use an underlying linear prediction (LP) based

modeling of speech signals, except in [10] which uses a non-

negative matrix factorization (NMF) based source-filter model-

ing of speech signals.

Linear prediction (LP) analysis of speech signals is widely

used to model the vocal tract system [11, 12]. Many refine-

ments to the conventional LP analysis have been proposed such

as temporally weighted linear prediction (WLP) and sparse lin-

ear prediction (SLP) for accurate modeling of the vocal tract

as well as the excitation source [13–16]. However, the perfor-

mance of these alternative LP models in tracking formants has

not been studied extensively. The conventional LP analysis is

still widely used in popular speech analysis tools for formant

tracking [6, 7].

Temporally weighted LP algorithms give differential em-

phasis on the samples by defining a weight function on the er-

ror signal being minimized [13–15, 17–19]. Different weight

functions have been proposed in the literature for WLP analysis

based on different criterion and for different purposes. Weight

functions that follow the short-time energy of the speech signal

within a glottal cycle have been used to increase the robustness

of the analysis against degradations [13,17,19]. Another weight

function with an attenuated main excitation (AME) reduces the

effect of glottal source on the vocal tract estimation [14]. A gen-

eralized AME weight function also known as the quasi-closed

phase (QCP) weight function was proposed for accurate estima-

tion of glottal source parameters by glottal inverse filtering [15].

The conventional least squares solution to the LP problem

involves minimizing the L2 norm of the prediction error sig-

nal with an inherent assumption that the excitation source sig-

nal is Gaussian process [20, 21]. Sparsity constraints based on

the theory of compressed sensing may be used to utilize the

super Gaussian nature of the excitation signal [16, 22]. This is

achieved by approximating a non-convex L0 norm optimization

problem by a more tractable convex L1 norm optimization [16].

Also, it has been shown that an iterative reweighted minimiza-

tion of the norm can achieve increased sparsity of error signal

and thereby yielding a solution more closer to L0 norm opti-

mization [22].

Speech signal is conventionally analyzed over short seg-

ments (5-50 ms) with an inherent assumption of quasi stationar-

ity [11]. This conventional short-time analysis can only give a

piecewise approximation to the slowly but continuously varying

vocal tract system. Also, the conventional methods for tracking

formants based on short-time LP analysis typically use a two-

stage detect-and-track approach [6, 7]. Even the advanced for-

mant tracking algorithms which directly track formants from

the cepstral coefficients use this piecewise approximation of

the vocal tract system [8, 9]. Time varying linear prediction

(TVLP) tries to bridge this gap by modeling the speech signal

over longer intervals of time by defining the vocal tract model

parameters as a function of time [23–25].

In this paper, we propose a new time-varying quasi-closed

phase (TVQCP) linear prediction analysis of speech signals for

accurate modeling and tracking of the vocal tract resonances

which integrates the advantages of temporally weighted LP,

time varying LP and sparse LP.

2. Time-varying weighted linear prediction

Time-varying weighted linear prediction combines the ideas of

sample selective prediction from weighted linear prediction and

the time-continuity constraint from time-varying linear predic-

tion.
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2.1. Conventional least squares linear prediction

In conventional linear prediction (LP) analysis the current sam-

ple x[n] is predicted as a linear weighted sum of the past p sam-

ples given by

x̂[n] =

p∑

k=1

akx[n− k] (1)

where {ak}
p

k=1
denotes the predictor coefficients. The predic-

tor coefficients can be estimated as a solution to the convex op-

timization problem given by

â = argmin
a

||x−Xa||mm (2)

where x = [x[0], x[1], . . . , x[N − 1]]T
N×1

(3)

a = [a1, a2, . . . , ap]
T

p×1
(4)

X = [X0, X1, . . . , XN−1]
T

N×p
and (5)

Xn = [x[n− 1], . . . , x[n− p]]T
p×1

. (6)

Here, N denotes the window length or the number of samples

over which the predictor coefficients are optimized. Minimiza-

tion of the L2 norm of the error signal leads to the least square

solution of the conventional LP analysis. However, a sparsity

constraint imposed on the error signal is known to provide a

better modeling of the excitation source and vocal tract system.

This is achieved by minimizing the L1 norm of the error sig-

nal which gives a convex approximation to the solution of an

L0 norm optimization problem, also referred to as sparse linear

prediction (SLP) [16, 22].

2.2. Weighted linear prediction

Weighted linear prediction (WLP) differs from the conventional

LP in the sense that it uses a sample selective prediction. It

gives differential emphasis to different regions of the speech

signal within a glottal cycle towards their contributions in esti-

mating the predictor coefficients. This is achieved by minimiz-

ing a weighted error signal given by

â = argmin
a

W ||x−Xa||mm (7)

where WN×N is a diagonal matrix with its diagonal elements

corresponding to a weight function wn defined on the error sig-

nal.

2.3. Time-varying linear prediction

Time-varying linear prediction (TVLP) is a generalization of

the conventional LP analysis where the predictor filter coeffi-

cients are continuous functions of time. TVLP introduces a

time-continuity constraint on the vocal tract (VT) system and

is a better approximation of the slowly varying VT system than

the piecewise constant quasi-stationary approximation used in

the conventional LP analysis. The current sample is predicted

using the past p samples as

x̂[n] =

p∑

k=1

ak[n]x[n− k] (8)

where ak[n] denotes the kth time-varying prediction filter coef-

ficient at time instant n. Different approximations of ak[n] are
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Figure 1: QCP weight function wn (dotted line) along with the

LF glottal flow derivative signal un (solid line) for about one

glottal cycle.

possible using a power series or trigonometric series or Legen-

dre polynomials. In this paper, we use a simple power series or

polynomial approximation of qth order given by

ak[n] =

q∑

i=0

bki
ni. (9)

The TVLP coefficients are estimated by minimizing the Lm

norm of the error signal and represented as a convex optimiza-

tion problem given by

b̂ = argmin
b

||x− Y b||mm (10)

where x = [x[0], x[1], . . . , x[N − 1]]T
N×1

(11)

b = [b10 , . . . , b1q , . . . , bp0 , . . . , bpq ]
T

p(q+1)×1
(12)

Y = [Y0, Y1, . . . , YN−1]
T

N×p(q+1)
and (13)

Yn = [x[n− 1], nx[n− 1], . . . , nqx[n− 1],

. . . , x[n− p], nx[n− p], . . . , nqx[n− p]]T
p(q+1)×1

. (14)

Again, an L2 or L1 norm minimization leads to a least square

solution or a sparse solution to the convex optimization prob-

lem, respectively [16, 22, 25].

2.4. Time-varying weighted linear prediction

Time varying weighted linear prediction (TVWLP) is analogous

to WLP where the predictor coefficients are estimated by mini-

mizing a weighted error signal given by

b̂ = argmin
b

W ||x− Y b||mm (15)

where WN×N is a diagonal matrix with its diagonal elements

corresponding to the weight function wn defined on the error

signal. In this paper, we propose to use the QCP weight func-

tion within the TVWLP framework which provides a more ac-

curate closed phase estimate of the vocal tract and also imposes

a limited sparsity constraint on the excitation signal.

3. Time-varying quasi-closed phase analysis

Time-varying quasi-closed phase (TVQCP) analysis is a combi-

nation of QCP based WLP analysis and the time-varying linear

prediction analysis. Quasi closed phase analysis of speech sig-

nals belongs to the family of weighted linear prediction (WLP)

methods with a specially designed weight function based on the

knowledge of GCIs [15].

The QCP analysis uses a weight function that combines the

advantages of WLP, sparse LP, and AME weight function. The
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Table 1: Formant tracking performance in terms of FDRs and FEEs for different methods on natural speech data. The best scores are

shown in boldface.

FDR (%) FEE (%)

Method F1 F2 F3 δF1 δF2 δF3

PRAAT-BURG 85.8 72.0 64.8 17.8 21.3 16.8

MUST-AFB 81.1 87.6 74.0 20.2 9.5 12.4

WSURF-SCOV 90.1 92.7 79.5 15.0 8.6 14.2

TVLP-L2 88.9 92.7 88.0 14.7 8.7 6.5

TVLP-L1 90.4 94.1 90.2 14.1 8.3 6.0

TVQCP-L2 90.9 94.1 90.8 14.1 8.5 5.8

TVQCP-L1 91.0 94.5 91.0 13.9 8.2 5.7

weight function is designed so as to emphasize the closed phase

region of the glottal cycle while at the same time attenuate the

region around the main excitation [15]. Attenuation of the main

excitation automatically imposes a limited sparsity constraint

on the error signal and also reduces the influence of the excita-

tion source on the vocal tract estimates. By defining a contin-

uous weight function on the error signal the QCP analysis pro-

vides a flexible framework to approximate a closed phase anal-

ysis over multiple glottal cycles using either an autocorrelation-

based or a covariance-based formulation.

An illustration of the QCP weight function wn along with

the Liljencrants-Fant (LF) glottal flow derivative signal un for

about one glottal cycle is shown in Fig. 1. It is characterized by

three parameters, namely, the position quotient (Qp = tp/T0),

duration quotient (Qd = td/T0) and the ramp duration tr ,

where T0 is the pitch period. A small non-zero value of deem-

phasis factor dw = 10−5 is used to avoid any possible singular-

ities in the weighted autocorrelation matrices.

4. Formant tracking experiments

Performance of most formant tracking algorithms depends on

two aspects: (1) the tracking algorithm used and (2) the un-

derlying spectrum estimation method. In principle, most of

the tracking algorithms can be combined with any underlying

spectral representation including the one derived using a QCP

based WLP analysis. However, the main focus of this paper

is to study the improvements provided by TVLP and TVWLP

over the popular two-stage detect-and-track approach that uses

conventional LP. In view of this, we compare the performance

of our proposed TVQCP method in formant tracking with that

of the popular speech analysis tools Wavesurfer and Praat [6,7].

4.1. Database

Performance of different methods in formant tracking is evalu-

ated on natural speech signals using the vocal tract resonance

(VTR) database [26]. The test data of the VTR database which

has 192 utterances, 8 utterances each from 24 different speak-

ers (8 female and 16 male), is used for the evaluation. The first

three reference formant frequencies provided in the database

have been obtained in a semi-supervised manner, where the for-

mant tracks derived using an LP based algorithm [27] is verified

and corrected manually based on spectrographic evidence. All

the speech data, originally recorded at 16 kHz sampling rate, is

downsampled to 8 kHz before processing.

4.2. Performance metrics

Formant tracking performance of the methods is evaluated in

terms of formant detection rate (FDR) and formant estimation

error (FEE). Formant detection rate is measured in terms of the

percentage of frames where a formant is hypothesized within a

specified deviation from the ground truth. Formant estimation

error is measured in terms of the average absolute deviation of

the hypothesized formants from the ground truth. The FEE for a

single frame of analysis and for the ith formant is computed as

FEEi = |Fi− F̂i|/Fi ∗ 100, where Fi is the reference ground

truth and F̂i is the hypothesized formant frequency.

4.3. Experiments and results

Based on our earlier experiments on formant tracking using

synthetic speech signals we propose to use a window size of

100 ms, an LP order of 8, and a polynomial order of 3 for

the TVLP and TVWLP methods [28]. A preemphasis filter of

P (z) = 1− 0.97z−1 is used to preprocess the speech signals.

4.3.1. Comparison with other methods

Performance of the TVLP and TVQCP methods for different

norm minimizations as compared to some of the popular for-

mant tracking methods is given in Table 1. TVQCP-L2 and

TVQCP-L1 denote the least squares and sparse TVQCP meth-

ods with L2 and L1 norm minimization, respectively. Sim-

ilarly, TVLP-L2 and TVLP-L1 denote the least squares and

sparse TVLP methods. WSURF-SCOV denotes the LP type-1

of Wavesurfer which uses a stabilized covariance analysis over

25 ms Hamming window. PRAAT-BURG denotes the Burg

method of LP analysis with a 50 ms Gaussian-like window

function. MUST-AFB denotes an adaptive filter-bank (AFB)

based method proposed by Mustafa et al. [29].

It can be seen from Table 1 that the TVLP and TVQCP

methods perform better than the popular methods using a two-

stage detect-and-track approach. The improvement of perfor-

mance in tracking (both FDRs and FEEs) the third formant by

the time-varying methods is considerably high. It can be seen

from the results for TVLP-L2 and TVQCP-L2, that use of QCP

based WLP analysis seem to improve the performance of for-

mant tracking. However, the improvement provided by QCP

analysis on top of the sparsity constraint is only marginal, at

least on the dataset used.

4.3.2. Effect of window length, LP order, and polynomial order

The effect of the choices for window size, LP order p, and

the order of the polynomial q on the tracking performance is

provided in Table 2. As the performance of TVQCP-L2 and
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Table 2: Effect of window length, LP order and polynomial order on formant tracking performance of the least-squares TVQCP method

(TVQCP-L2). The best scores are shown in boldface.

FDR (%) FEE (%)

F1 F2 F3 δF1 δF2 δF3

Win. length (N ) Effect of window length (p=8, q=3)

50 ms 90.8 93.9 89.8 14.4 8.2 5.9

100 ms 90.9 94.1 90.8 14.1 8.5 5.8

200 ms 90.9 94.0 90.6 14.6 8.8 5.8

LP order (p) Effect of LP order (N=100 ms, q=3)

7 76.1 79.3 53.4 34.9 21.7 21.8

8 90.9 94.1 90.8 14.1 8.5 5.8

9 91.8 89.2 84.1 13.0 10.2 7.7

Poly. order (q) Effect of polynomial order (N=100 ms, p=8)

0 87.8 90.6 87.2 15.9 9.3 6.6

1 90.6 94.5 91.4 14.1 8.3 5.6

2 90.7 94.3 91.2 14.2 8.4 5.7

3 90.9 94.1 90.8 14.0 8.5 5.8

TVQCP-L1 are almost comparable the effects of varying these

parameters are studied using only the TVQCP-L2 method. It

can be seen that the performance of the TVQCP method is quite

stable over a range of values for the window length, and the

polynomial order of the predictor coefficients. However, the

performance seems to be a bit sensitive to the choice of LP or-

der, which needs further investigations.

5. Conclusions

In this paper, we proposed a time-varying quasi-closed phase

linear prediction analysis for accurate tracking formants in nat-

ural speech signals. The proposed method combines the advan-

tages of multi-cycle closed phase analysis of WLP, continuity

constraints of TVLP, and the sparsity constraints of sparse LP.

Formant tracking experiments on natural speech signals show

that the TVQCP method performs better than the conventional

two-stage detect-and-track approaches used in popular tools for

speech analysis. The time-varying constraints on the vocal tract

filter and the QCP analysis greatly improves our ability to track

the third formant. Notwithstanding a fairly stable performance

over different analysis window lengths and polynomial orders

of the coefficients, the sensitivity of TVQCP to the choice of

LP order needs to be addressed. Also, the robustness of the pro-

posed method against additive noise and reverberations needs

to be investigated.
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