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Abstract. This paper presents a formant frequency tracking algorithm
for continuous speech processing. First, it uses spectral information for
generating frequency candidates. For this purpose, the roots of the poly-
nomial of a Linear Predictive Coding (LPC) and peak picking of Chirp
Group Delay Function (CGD) were tested. The second stage is a beam-
search algorithm that tries to find the best sequence of formants given the
frequency candidates, applying a cost function based on local and global
evidences. The main advantage of this beam-search algorithm compared
with previous dynamic programming approaches lies in that a trajectory
function that takes into account several frames can be optimally incor-
porated to the cost function. The performance was evaluated using a
labeled formant database and the Wavesurfer formant tracker, achieving
promising results.

Keywords: formant tracking, chirp group delay, beam-search algorithm,
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1 Introduction

The resonance frequencies of the vocal tract, known as formants, carry useful in-
formation to identify the phonetic content and articulatory information of speech
as well as speaker discriminative information and emotion. That is why formant
tracking methods are widely used in automatic speech processing applications
like speech synthesis, speaker identification, speech and emotions recognition.
Those methods have to deal with the problem of the variability of the amount of
formants depending on phoneme and the merging and demerging of neighboring
formants over time, very common with F2 and F3. This is why, formant tracking
is a hard task to face [1].

For decades, a number of works have been dedicated to designing formant
tracking methods. Formant trackers usually consists of two stages: firstly the
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speech is represented and analyzed for obtaining some formant frequency candi-
dates and secondly the selection of those candidates is done, taking into account
some constraints. Those constraints are related with the acoustical features of the
formant frequencies, the continuity of formant trajectory, etc. Traditionally LPC
has been used for extracting the formant candidates, by means of solving the
roots of the filter coefficients. Several types of those models have been designed
for this task [2].On the other hand, previous works [3] have demonstrated that
spectral representation based on phase (Group Delay Function (GDF)) shows
better spectral resolution than LPC spectra. After that, some works have been
focused on develop spectral representations based on GDF that are robust to
additive noise, as in the case of Chirp Group Delay Zero Phase (CGDZP) repre-
sentation [4]. In this work we obtained formant frequencies candidates by using
both spectral representation: LPC and CGD.

The stage of formant selection has been in the focus of the scientific commu-
nity in the last years. Probabilistic methods for estimating formant trajectories
have been used successfully in recent years. Within this group are methods based
on the Bayesian filtering like Kalman Filters [5] and particle filters [6] or Hidden
Markov Models (HMM) [7]. Previous algorithms based on continuity constraints
made use of dynamic programming and the Viterbi algorithm [8][9][10]. However,
it has the limitation that the cost function of a hypothesis only depends on the
current observation, and the last state. In this paper we propose a beam-search
algorithm that is able to incorporate trajectory information to the cost function,
overcoming the limitation of the Viterbi search. This algorithm consists of prop-
agating the M-best hypotheses in each frame, that are evaluated by means of a
cost function that makes use of local observations and the trajectory function of
neighbor frames. It’s main advantage is to make noMarkovian assumptions about
the problem, i.e the evaluation of hypothesis in a frame takes into account the hy-
pothesis defined in all previous frames unlike the Viterbi search which only use
previous state (frame in this case). This feature allows to incorporate the algo-
rithm within an online system due to its incremental processing mechanism.

2 The Proposed Method

The proposed formant detector can be decomposed in two main stages: The first
state is the formant frequency candidate extractor, where a set of frequencies and
their bandwidths are chosen as possible formants. For this stage, two different
spectral analyzerswere tested: the first one is based onLPC, as proposed by [8][10].
In this extractor, a set of frequencies and bandwidths are extracted from the roots
of the polynomial of the linear predictor. The second frequency candidate extrac-
tor is a peak picking technique computed over a phase spectrum, CGD, that has
been demonstrated to enhance spectral peaks in formant regions [4].

The second stage is a beam-search algorithm for finding the best sequence
of formants, given the frequency candidates. A mapping as proposed in [8][10]
of frequency candidates to all possible combinations of formants is chosen. The
algorithm tries to find the best sequence of mappings, by applying a cost function
that makes use of both local and global information.
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2.1 CGDZP Feature Extractor

For computing CGDZP, first the zero-phase version of the signal is obtained,
which for a short-term speech segment is computed by taking the inverse Fourier
transform of its magnitude spectrum. The conversion to zero-phase guarantees
that all of the zeros occur very close to the unit circle, therefore the resulting
CGD representation (Fig. 1 b) will be very smooth, with higher resolution than
the magnitude spectrum (Fig. 1 a). After that the chirp group delay (CGD) is
computed, defined as the negative derivative of the phase spectrum computed
from z-transform [11] on a circle other than the unit circle. Given a short-term
discrete-time signal x(n), n = {0, 1, ..., N − 1}, a zero z-transform (ZZT) rep-
resentation for a signal and provided that x(0) is non-zero, it can compute its
chirp Fourier Transform by the following equation:

X(w) = x(0)(ρejw)(−N+1)
N−1∏

n=1

(ρejw − Zm) (1)

where ρ is the radius of the analysis circle and Zm is a zero of the signal.

Fig. 1. a) Magnitude spectrum, b) CGDZP spectrum

A simple peak picking procedure is implemented for selecting the maximums
of the CGDZP. The corresponding bandwidth of each maximum is extracted
using the CGDZP spectrum. These extracted frequencies and their associated
bandwidths will serve as formant candidates to the search stage.

2.2 Formant Selection

The main objective of the formant selection block in a formant tracking system
is to choose the best formant candidates, taking a global decision by means of
exploiting temporal information between contiguous sounds.

Let X = {x1, ..., xt, ..., xT } be the sequence of candidates in T frames, where
xt = {f1, b1, .., fk, bk, ...fN , bN} is a set of N candidate frequencies and band-
widths in frame t, ht = {F1, B1, F2, B2, F3, B3, F4, B4} is a possible formant
tuple at frame t, obtained by means of a mapping from frequency candidates.

The algorithm tries to find the best sequence of formants H = {h1, ..., ht, ...,
hT }, that minimizes a cost function f.

H = argmin f(X,H)
H

(2)
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Computing all possible sequences of mappings in T frames is computationally
intractable, even for small values of T and N, and this is why an approximated
search algorithm must be used. Previous approaches of formant selection made
use of dynamic programming and the Viterbi algorithm [8][10]. However, the
states defined in the search only were able to manage cost functions that depend
on the current observation and the last frame. This structural assumption is
a limitation if a cost function that makes use of several frames wants to be
incorporated.

In this paper we propose a tree beam-search algorithm for finding the best
sequence of formants, that tries to solve the search problem using information
of both local and neighbor frames. In each frame, the current hypotheses are
sorted, and only the M best hypotheses are propagated. As defined in [8], [9],
[10], our selection algorithm considers joint formant hypotheses ht. With this
search procedure, transition costs that make use of several frames can be applied
in an optimal way. Such beam-search algorithm has been applied successfully in
speech coding problems [12][13].

The method consists of a synchronous evaluation algorithm, where in a frame
by frame basis the M-best hypotheses (with minimum accumulated cost) are
maintained. Before frame t is evaluated, a hypothesis x is composed of an accu-
mulated cost ax,t−1 and a formant history zt−1 = {h1, ..., ht−1}.

Each one of the M active hypotheses at frame t are propagated through all
possible combinations of formant candidates ot = {ht1, ..., htw, ..., htU}. Where U
is the number of possible frequency mappings at frame t. The resultant number
of hypotheses at frame t is N = M ∗U . These hypotheses are evaluated by means
of the cost function:

cx,t = cfrequency + cbandwidth+ ctrajectory + cmapping (3)

that takes into account the frequency values of the formants, the bandwidth and
the trajectory of such formants and a cost of the chosen frequency mapping.
Then, the accumulated cost of the hypothesis is the previous accumulated cost
summed with the current cost.

accx,t = accx,t−1 + cx,t (4)

Just after the hypotheses of the current frame have been computed, the hypothe-
ses list is sorted, and only the M-best are conserved for propagating in the next
frame. The M value represents a compromise between accuracy and execution
speed. The trajectory term that makes use of several past frames justifies the use
of the tree beam-search algorithm in place of the Viterbi decoding algorithm.
One of the main benefits of this trajectory model is that it allows to recover
observation errors in frames between obstruent and vowel, thanks to contiguous
frame evidences.

2.3 Cost Function

The defined cost function uses both local and global observations for choosing
the best sequence of formants. The part of the cost function that makes use
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of local information (it is, the current frame) contains the terms cfrequency,
cbandwidth (defined as in [8]) and cmapping:

cfrequency = α
∑

i

|(Fi − normi)/normi| (5)

cbandwidth = β
∑

i

(Bi) (6)

where normi = 500, 1500, 2500, 3500 and i = {1, ..., 4} is the formant number.

cmappingi =

{
0 if BWmini > THR
THR−BWmini

γi
if BWmini < THR

(7)

cmapping =
∑

i

cmappingi (8)

where BWmini is the minimum bandwidth of the frequency candidates that
are discarded and that would be valid for the formant i in this mapping; γi and
THR are constants. The part of the cost function that employs global informa-
tion assumes that the frequency of each formant follows a smooth trajectory.
This term is intended to take into account when a mapping is discarding some
frequency peak with a low bandwidth.

ctrajectory = θ

√∑

i,w

Fi,w − Fi,ŵ

Bi
(9)

Where w = {0, ...,W − 1} and W is the order of the trajectory function and

F̂i,t−w is the estimated value of formant i, at frame t − w, assuming that
Fi,t, ..., Fi,t−(W−1) is approximated by a known function; 1/Bi is the weighted
term of the trajectory, in order to give more importance to frames that have
lower bandwidth; α, β and θ are constant for representing the weight of the
terms. In the experiments, linear and quadratic functions were used, approxi-
mated with the least squares method. However, we assume that there is room
for improvement in the modeling of such trajectory.

An advantage of this continuity constraint compared with previous works is
that this function does not increment costs when a change in the value of two
consecutive frequencies occurs, as considered in [8][10]. In addition, this global
function will help the algorithm to correct errors in difficult frames where the
frequency candidates do not give clear evidences. Within this group are frames
between obstruent and vowel and frames corrupted by noise.

3 Experiments and Results

The performance of the proposed formant tracking method was measured car-
rying a quantitative evaluation using the VTR-Formant database [14]. This
database contains the formant labels of a representative subset of the TIMIT
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corpus with respect to speaker, gender, dialect and phonetic context. In these ex-
periments, 420 signals from VTR database were processed and the mean absolute
error (MAE) between formants estimated for our proposal and VTR database
were computed. For comparative purposes, we also computed the MAE for the
formants estimated by Wavesurfer’s methods from Snack toolkit [15]. The pitch
ESPS algorithm from Snack toolkit was used, for obtaining the MAE only taking
into account voiced frames.

When LPC is considered the speech signal is sampled at 10KHz. After that, a
first order preemphasis filter of the form 1− 0.7z−1 is applied. Autocorrelation
LPC analysis is performed each 10 ms, using a 49ms duration hamming window.
The poles of the estimated model are obtained by solving for the zeros of a 12th
order linear predictor polynomial. Real poles, which merely contribute to overall
spectral slope, are eliminated. The remaining complex poles are then expressed as
frequency-bandwidth pairs. In order to make a clear comparison of the tracking
algorithm in Snack the same frequency candidates generator was used. With
this frequency candidate generator, two families of trajectory functions were
tested: quadratic and linear. The second was made using CGDZP as spectral
representation for obtaining formant candidates and beam-search algorithm for
formant selection. The order of trajectory function was W = 10 and the number
of hypothesis propagated were M = 20. The constants of the cost function where
optimized manually with a small subset of 8 signals of the database.

Table 1. MAE (Hz) for formant estimations obtained with Wavesurfer and proposed
method. All experiments use LPC representation, except for the last one (CGD-Quad).
Unless stated explicitly, the weights of the trajectory function were set to 1 and the term
cmapping were set to 0. Lin indicates an order 10 linear trajectory; Quad indicates an
order 10 quadratic trajectory; Mp indicates that the term cmapping is included in the
cost function. Weight indicates that the trajectory function consider weights defined
in (9).

Fmt Wavesurfer Lin Quad Lin+Mp Quad+Mp Quad+Mp+Weight CGD-Quad
F1 18.46 18.33 18.35 18.37 18.39 18.38 24.07
F2 30.84 28.77 28.55 29.27 27.96 27.82 66.50
F3 46.33 48.41 42.81 36.66 35.26 36.66 84.42
F4 70.78 63.87 63.42 68.13 69.01 68.71 117.17

It can be observed in table 1 how the proposed tracking algorithm outperforms
consistently Snack formant extractor in most cases. Notice that F1 achieved a
lesser improvement than the other formants, because of its stable behavior. From
that, Wavesurfer is pretty accurate with F1. However for F2 the relative improve-
ment of our method is near 10 percent and for F3 we obtained a significative im-
provement of 20 percent, taking into account that these are the harder resonances
to follow. For F4 the improvement is slight, but this formant have less importance
because in VTRdatabase F4 it is not manually labeled. It is important to note
that the performance of the quadratic trajectory is slightly better than linear’s,
also weighted quadratic has a similar performance than quadratic. As the table 1
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Fig. 2. Example results of two signals of TIMIT database with the proposed formant
tracker with LPC and Wavesurfer

shows, the cmapping term (named Mp) is very important in order to detect cor-
rectly F3. A wrong detection of F3 can occurs in sounds that have more than 4
formants. The penalty associated to a mapping that discards some intermediate
frequency peaks allows to choose the first 4 frequency candidates as formants.

On the other hand, the last column shows CGD results, which were not capa-
ble of outperformingWavesurfer estimation. During the experiments we observed
that spectral representation obtained from CGD could isolate very well formant
areas, however, it is not very accurate in locating the exact frequency.

Figure 2 shows the formant estimation achieved with the proposal of two
selected speech signals of TIMIT database, that enhances the benefits of our
tracking algorithm. The signal in the bottom shows how the proposed formant
tracker is able to produce more accurate formant frequencies than Wavesurfer,
in a region located in the middle of two voiced sounds. On the top, it is shown
how the proposal is able to track F3 correctly unlike Wavesurfer.

4 Conclusions

A method of formant tracking has been proposed and tested in the TIMIT
database, showing significative improvement compared with the Wavesurfer
tracking algorithm and achieving smoother trajectories. The proposal has demon-
strated benefits in two key aspects: 1)- In the transition between voiced segments,
the algorithm is able to follow the correct trajectory of the formants where the
local evidence is not clear; 2)- In regions of ascendent / descendent formants,
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the algorithm is able to track the formant correctly and better than previous
dynamic programming approaches, based on the Viterbi algorithm. The spectral
representation CGD has been able to isolate well the formant areas, however it
did not locate with enough accuracy the exact frequency of the formant. We
plan in future works to improve this method by using a combination between
phase spectrum for locate formant regions, and magnitude spectrum for obtain
the exact value; in order to evaluated the hypothesis and for replacement of the
cost functions use statistical models; to evaluate the robustness of the proposal
using noisy signals.
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