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ABSTRACT
This paper presents a formant-tracking method for estimation 
of the time-varying trajectories of a linear prediction (LP) 
model of speech in noise. The main focus of this work is on 
the modelling of the non-stationary temporal trajectories of the 
formants of speech for improved LP model estimation in noise. 
The proposed approach provides a systematic framework for 
modelling the inter-frame correlation of speech parameters 
across successive frames, the intra-frame correlations are 
modelled by LP parameters. The formant-tracking LP model 
estimation is composed of two stages: (a) a pre-cleaning intra-
frame spectral amplitude estimation stage where an initial 
estimate of the magnitude frequency response of the LP model 
of clean speech is obtained and (b) an inter-frame signal 
processing stage where formant classification and Kalman 
filters are combined to estimate the trajectory of formants. The 
effects of car and train noise on the observations and 
estimation of formants tracks are investigated. The average 
formant tracking errors at different signal to noise ratios 
(SNRs) are computed. The evaluation results demonstrate that 
after noise reduction and Kalman filtering the formant tracking 
errors are significantly reduced.  

1. INTRODUCTION
De-noising and enhancement of speech improves the quality 
and the intelligibility of voice communication in noisy 
environments. Noise reduction is particularly important for 
users of mobile phones, hands-free phones and hearing aids in 
noisy environments such as in cars, trains and public venues.  
An essential aspect of a speech de-noising method is the 
estimation of the speech spectral envelope, or equivalently the 
correlation matrix of speech, from which a LP model of 
speech and its formants can be estimated. This paper presents 
a robust formant-tracking method for estimation of the time-
varying coefficients of a LP model of speech degraded by 
additive background noise. Formant-tracking LP models have 
applications in speech enhancement, speech coding, speech 
recognition and speaker identification.   
The main issues in formant-based noisy speech processing are: 
(a) the choice of formant features and models; in this work 
formant features are the formant frequencies and their 
bandwidth and magnitude of resonance extracted from LP 
model of speech, (b) restoration of the formant tracks of clean 
speech from noisy speech and (c) the use of de-noised formant 
features for speech enhancement.  
Numerous signal processing techniques for formant estimation 
have been developed. Popular approaches can be classified as 
frequency domain techniques such as peak-picking in short 

time frequency spectrum [1] and parametric techniques such 
as Linear Prediction (LP) models employed in this paper [2].
The main contribution of this paper is the integration of a 
formant-tracking linear prediction model with a Kalman model 
for de-noising and smoothing the temporal trajectories of 
speech parameters at formants. This combination results in a 
more accurate estimate of formants tracks. 
The remainder of this paper is organised as follows. Section 2 
provides an overview of the proposed formant estimation 
method. Section 3 presents a review of the method for 
extraction and modelling of formant features. In Section 4 the 
effect of noise on formant models are investigated and a robust 
formant estimation method based on spectral amplitude 
estimation and Kalman filter is presented. Section 5 describes 
performance measures for speech enhancement and presents 
evaluation results. Finally, Section 6 concludes the paper. 

2. OVERVIEW OF FORMANT-TRACKING LP 
MODEL ESTIMATION 

The proposed formant system illustrated in Figure 1 consists 
of the following sections:
(1) An LP model analysis module for estimation of the LP 

coefficients and gain. 
(2) A noise detection/estimation module for estimation of the 

time-varying parameters of the noise model. 
(3) A speech pre-cleaning module based on a spectral 

amplitude estimation method such as the LP-based 
spectral subtraction method (LPSS) [3] or the minimum 
mean square error method (MMSE)[4]. 

(4) A formant tracking method for estimation of the 
trajectories of the formant parameters of LP model of the 
pre-cleaned speech.  

Figure 1 also shows how the formant tracking LP model may 
be used, together with an excitation de-noising method, for 
speech reconstruction. 
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Figure 1 – Overview of the formant-tracking model and its 
application to speech enhancement and recognition. 
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3. FORMANT ESIMATION IN CLEAN SPEECH 
3.1 Formant Track LP Models 
In this paper formants are obtained from the poles of a linear 
prediction model of speech. In the z-transform domain, a 
linear prediction model of speech X(z) may be expressed as 
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where E(z) is the z-transform of the excitation signal and V(z)
is the z-transform of a LP model of the combined effect of the 
vocal tract, glottal pulse and lip radiation. The filter model V(z)
can be expressed as a cascade combination of a set of second 
order resonators and a first order model as  
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where rk(m) and k(m) are the time-varying radii and the 
angular frequencies of the poles of the LP model respectively, 
P is the LP model order and G(m) is the gain of the LP model. 
In Equation (2) speech is modelled by a cascade of time-
varying second order resonator models of the formants and 
also a first order model of the slope of speech spectrum. 
The spectral resonance at formant is characterized by a 
parameter vector comprising of the frequency Fk, bandwidth 
Bk and magnitude of the resonance Mk and their temporal 
slopes of variation as 

Vk= [Fk, Bk, Mk, Fk, Bk, Mk]     k=1, …, N   (3) 

3.2 HMM-Based Formant Track Estimation  
The variations of formant trajectories of each phoneme are 
modelled by two-dimensional Hidden Markov Models 2D-
HMMs) [5]. A 2D-HMM is a combination of a 1-D HMM 
along the time and a 1-D HMM along the frequency. Along 
the frequency axis, a Gaussian mixture model in each state of 
a 2D-HMM models the distribution of one formant of the 
phoneme. 2D-HMMs are trained with formant feature vectors 
defined in Equation (3).
Given a set of observations of resonance frequencies On, the 
maximum likelihood estimate of the associated formants is 
obtained as  
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where On is obtained from the poles of an LP analysis of a 
frame of a speech phoneme and sorted in terms of the 
increasing frequency, kF̂ is the maximum likelihood (ML) 
estimate of the kth formant, m is an HMM of the formants of 
phoneme m and N = 4 to 6 is the number of formants. 
HMMs are used to classify formant candidates and estimate 
the trajectories of the formants. The HMM-based formant 
classifier may associate two or more formant candidates Fi(t),
with the same formant b. In these cases formant estimation is 
achieved through minimization of a weighted mean square 
error objective function as  
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where )(tFki  is the frequency of the ith pole classified as the 

kth formant, kkiki tFPtw )()(  is the probability that the ith

pole frequency is labelled as the kth formant, k  is a Gaussian 
mixture model of the kth formant and Nk(t) is the total number 
of poles of the tth speech frame classified as formant k. In 
Equation (5) the distance of each pole frequency candidate 

from the formant estimate is weighted by a probabilistic 
weight )(twki  and a perceptual weight 2/1 iB  where iB is the 
formant bandwidth. Note that Nk(t) is usually one or two.

4. FORMANT ESITMATION IN NOISE 
The databases used in the following formant analysis include 
135 clean speech sentences from Wall Street Journal (WSJ) 
together with BMW car noise and train noise. The speech 
signals are down-sampled from 16 kHz to 10kHz and 
degraded by either car or train noise with a global SNR in the 
range from 0 to 20dB. The noise was recorded by colleagues 
from our lab. Formant tracks of both clean and synthesized 
noisy speech are obtained via 2D HMM-based LP models 
reviewed in section 2. 
4.1 Analysis of Noise and Its Effect on Formant Estimation
To quantify the effects of the noise on formants, a formant 
signal to noise ratio (FSNR) measure is defined as  
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Where Fk and Bk are frequency and bandwidth of the formant k,
Xl is the magnitude spectrum of clean speech while Nl is the 
noise spectrum. Figure 2 displays FSNR of speech in car and 
train noise. It is evident that FSNRs are much higher than the 
average SNR. 
The effects of noise on the spectral features at formants are as 
follows: (a) a broadening of the apparent bandwidth of the 
formants, (b) a shift in the apparent formant frequency due to 
noise energy concentration at the vicinity of formants and (c) 
introduction of new spectral peaks due to the vibration modes 
of the noise source [6]. 
To quantify the affects of train/car noise on speech, an average 
formant track error measure, defined as the difference between 
formant tracks obtained for clean (reference) and noisy speech 
is calculated as follows.  
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Figure 2 – Variation of speech SNR at different formants in 
car noise (left), train noise (right) at an average SNR=0 dB. 
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Figure 3 - Average (%) estimation error of speech formant 
tracks in train noise at different SNRs.



                %100
)(

)(ˆ)(1

1

N

m k

kk
k mF

mFmF
N

E  (7) 

where )(mFk and )(ˆ mFk are the formant tracks of clean and 
noisy speech.  In Figure 3 percentage formant track errors are 
averaged over 135 sentences contaminated with train noise. It 
is evident that 2D-HMM formant trackers are very sensitive to 
the noise and the formant tracking performance degrades with 
the decreasing SNR. 
4.2 Formant-Tracking LP Model Estimation in Noise 
In our proposed method a two-stage de-noising process is 
employed. First, an initial estimate of the short time spectral 
magnitude of speech is obtained using a spectral amplitude 
estimation method. This would leave behind some residual 
noise and distortion that could have a deleterious effect on the 
formant track estimation. Second, after spectral estimation, the 
poles of an LP model of the enhanced speech spectrum are 
obtained and used as the raw data for formant estimation. At 
this stage a Kalman filter is employed to smooth the formant 
trajectories and mitigate the effect of residual noise.
4.2.1 Pre-Cleaning of Spectral Amplitudes of Noisy Speech  
Pre-cleaning of the noisy speech, before the formant 
estimation, is accomplished through an initial estimation of the 
spectral amplitude of speech using a spectral subtraction [3] or 
a MMSE spectral amplitude estimation method [4].   
In spectral subtraction an estimate of the average spectral 
magnitude of noise is subtracted from the noisy speech 
spectrum. For spectral subtraction [3], the gain function is 
given by
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where SNRl is the SNR at the discrete frequency l, SNRThresh is
a SNR threshold l) is a subtraction factor and   and  are 
control variables that can be used to ensure continuity at the 
switching point in Equation (8). In this work a version of the 
spectral subtraction method based on the LP model of noisy 
speech is used [3], where )(lY and )(ˆ lN are the frequency 
responses of LP models of noisy speech and noise respectively 
[3]. )(ˆ lN is a template of the average magnitude (or power) 
spectrum of noise updated from speech-inactive periods when 
only the noise is present.  
The MMSE method of estimation of the spectral amplitude of 
speech [4] is a Bayesian estimation method employing a mean 
squared error cost function. In the MMSE formulation of 
Ephrahim and Mallah [4], it is assumed that the prior 
probability density function of the complex spectrum of clean 
speech is Gaussian. This assumption leads to a Rayleigh 
probability density function for the magnitude spectrum of 
clean speech and a uniform probability density function for its 
phase. It is further assumed that the complex spectrum of noise 
has a Gaussian probability density function. The MMSE gain 
function is given by

22
)1(

2
exp)5.1()( 10

l
l

l
l

l

l

l
MMSE

vIvvIvvv
lG

         (9) 

Where ·) is the gamma function and In(·) is the Bessel 
function of order n and the parameters vl and l are defined as     
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where )(2 lX  and )(2 lN  are the variance of speech and noise 
spectra, l  is known as the prior signal to noise ratio and l
is known as the posterior signal to noise ratio. At a high SNR 
Equation (9) tends to the Wiener solution. 

4.2.2 Formant Track Smoothing with State-dependent Kalman 
Filters  

Kalman filters are Markov processes that can be used for the 
modeling, prediction and smoothing of the trajectories of 
formant tracks [6]. The application of Kalman filter requires a 
model of the formant trajectory and a knowledge of the 
covariance matrices of the process noise and the observation 
noise. In this application, the formant trajectories are modelled 
by an autoregressive (AR) process; the process noise is the 
random process that drives the formant trajectory; the 
observation noise is the noise-induced disturbances in formant 
tracks after spectral subtraction; and the input to the Kalman 
filter are the formant features, obtained from the poles of the 
pre-cleaned speech, and sorted in the increasing order of 
frequency.  
It is worth noting that after pre-cleaning the residual noise is 
due to the variation about the spectral mean of the noise. The 
effect of additive residual noise on the poles of a signal is 
rather complicated. However, in this work it is assumed that 
the residual noise after spectral subtraction manifests itself as 
an additive disturbance on the poles of the LP models.
State-dependent Kalman filters - Kalman filter theory assumes 
that the signal and noise trajectories can be described by linear 
systems driven with random Gaussian excitation. Although 
Kalman filter can track the relatively slow temporal variations 
of speech parameters, it is unable to deal with the relatively 
sharp changes in the spectral characteristics of the signal 
process, for example when speech changes from a voiced 
segment to a non-voiced segment. State-dependent Kalman 
filters can be used to train Kalman filters to operate on 
different states of speech signal.  
For cases where Kalman filter trackers are used with rule-
based formant classification, instead of the more elaborate 
HMM-based classification, a two state voiced/unvoiced 
classification of speech can be used to employ two separate 
sets of Kalman filters; one set of Kalman filters for voiced 
speech and another set for unvoiced speech. It is worth to note 
that for voiced segments the formant trajectories are relatively 
continuous and furthermore there exists some continuity 
between the formant trajectories of successive voiced 
segments preceeding and succeeding unvoiced segments.
Using the Kalman filter theory, the kth formant track 

])2(ˆ),1(ˆ),(ˆ[)(ˆ mFmFmFm kkkkF  is estimated from the 
estimate of the trajectory of the formant track up to time m-1,

)1(ˆ mkF , and the current noisy formant observation pk(m).
The formant trajectory is modelled by an AR process as 
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where cki is the coefficient of a lower order AR model of the 
kth formant track and ek(m)=N(0,Qk) is a zero-mean Gaussian 
noise process. The variance of the process noise Qk is 
estimated from the previous estimates of ek. The use of a low 



order AR model follows from the observation that the 
trajectories of the formants are generally characterized by slow 
variation.
The formant observation is modelled as 

)()(ˆ)( mdmFmp kkk                            (12) 

where dk(m)=N(0,Rk) is a disturbance in observation of poles; 
it is the noise-induced variation in the estimates of the poles of 
the LP model after spectral pre-cleaning. 

The algorithm for the discrete-time Kalman filter [6,7] adapted 
for formant track estimation is as follows.  

where )1|(ˆ mmFk  denotes a prediction of )(mFk from 
estimates of the formant track up to and including time m-1, 
P(m) is the formant estimation error covariance matrix, 
P(m|m-1) is the formant prediction error covariance matrix, 
K(m) is the Kalman filter gain, R is the measurement 
covariance matrix, updated by variance of differences between 
noisy observation and estimated tracks. The process noise 
matrix Q is set to a small value experimentally. The matrix P
is initialized in the same way as Q.

5. PERFORMANCE EVALUATION 
A formant-track percentage error measure is used for the 
evaluation of the performance of the proposed formant tracker 
as described in Section 4 for restoration of the formants of 
noisy speech. The reference formant tracks are obtained via a 
2D-HMM from the clean speech. The results of formant 
estimation with and without noise reduction and Kalman 
smoothing are shown in Figure 4. The application of LPSS or 
MMSE results in significant improvement in reduction of 
formant tracking errors. The MMSE outperforms the LPSS as 
shown in Figure 4. Further improvement in formant track 

estimation is obtained through the application of Kalman 
filtering. Over 60% improvement in format track error through 
noise reduction has been achieved in tracking the first formant, 
which is most affected by the noise. In less affected higher 
formants (F2-F4), the Kalman-based method recovers the 
formant track with an average improvement of about 15%. 
Figure 5 illustrates an example of the formant tracks of a clean 
speech signal and the formant tracks recovered from the noisy 
speech superimposed on LP-spectrogram of clean speech. 

6. DISCUSSION
This paper presented a formant-tracking LP model for 
processing of noisy speech. The formant-tracking LP model 
provides a means for modelling the intra-frame and inter-
frame correlation of speech frames. A formant track estimation 
method based on a combination of spectral amplitude 
estimation (LPSS and MMSE) and state-dependent Kalman 
filter achieves up to 60% reduction in formant track estimation 
error. Future work on this system includes the full integration 
of Kalman and HMM structures and the application of Kalman 
filter for modelling and tracking of the harmonic structure of 
speech excitation.
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Figure 4 - Average % error of formant tracks of speech in train 
noise and cleaned speech using LPSS, MMSE and Kalman 

filters, the results were averaged over five males.

Figure 5 - Comparison of clean formant tracks (solid) and 
cleaned formant tracks (dash dot) and noisy formant tracks 
(dot) for a segment of speech ‘time in years’. The background 
is the spectrogram of LP model of the clean speech. )(ˆ)1|(ˆ
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