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Formant Estimation for Speech Recognition

Lutz Welling and Hermann Neyyember, IEEE

Abstract—This paper presents a new method for estimating spectrum of a speech segment. This algorithm is simple to
formant frequencies. The formant model is based on a digital jmplement and fast. A systematic evaluation of the method
resonator. Each resonator represents a segment of the short-time 4, the complete adult corpus of the TI digit string data base
power spectrum. The complete spectrum is modeled by a set of [18] is carried out. Formants have also been estimated on the
digital resonators connected in parallel. An algorithm based on " >
dynamic programming produces both the model parameters and Same database in [5] and [17]. We use the estimated formant
the segment boundaries that optimally match the spectrum. contours to perform systematic recognition experiments on the

We used this method in experimental tests that were carried T| digit string data base.

out on the TI digit s.tring data base. The main results of the_ex- An advantage of the method for formant estimation pre-
perimental tests are: 1) the presented approach produces reliable ted in thi s that licit thi f th
estimates of formant frequencies across a wide range of soundsSENEC 1N IS papeér IS that an explicit Smoothing o €

and speakers; and 2) the estimated formant frequencies were used formant frequenpies along the time axis does not seem to
in a number of variants for recognition. The best set-up resulted be necessary, since the formant contours as obtained by the

in a string error rate of 4.2% on the adult corpus of the Tl digit  proposed method are remarkably smooth. Other systems such
string data base. as [27] use frequency continuity constraints and dynamic
Index Terms—Formants, linear prediction, speech analysis, programming along the time axis in order to get smooth
speech recognition. trajectories.
A similar, dynamic programming-based algorithm was pre-
|. INTRODUCTION sented in [6]. The _auth_ors used the _a!gqrithm in 'Fhe context
of spectral estimation in order to minimize the discrepancy

A N EFFICIENT and compact representation of the timgyepyeen a signal spectrum and a model spectrum. Therefore,
varying characteristics of speech offers potential benefifg o1t from the segmentation algorithm itself, there are no
for speech recognition. Therefore, a variety of approachgsyiiarities to the work presented here.

such as formant tracking [8], [17], [25], [27], articulatory 1oqay virtually all high-performance speech recognition
models [24], and auditory models [13] have been explored. FQistems are based on some kind of mel-cepstral coefficients or

formant tracking, methods based on linear prediction analygige hank analysis. So, we do not expect that in the near future

(LPC) have received considerable attention [20], [26]. RoOfs;mant-based parameters will be competitive. Nevertheless,

finding algorithms are employed to find the zeros of the LP{q0 might be specific aspects due to which formant-based
polynomial, or local maxima of the LPC envelope are SearChSQrameters are attractive. as listed below.

using peak-picking techniques. The problem with root-finding
algorithms is that the determination of formant frequencies and
bandwidths is only successful for complex-conjugate poles and,
not for real poles. Peak-picking techniques are vulnerable to
merged formants and spurious peaks.

The approach described in this paper avoids the above-
mentioned problems. In [1] and [16], a set of digital formant
resonators connected in parallel or in cascade has been pro- ' i ) i
posed for speech synthesis. In this paper, we propose to usehe paper is orga_nlzed as fol!ows. Section I _deflnes the
a parallel digital resonator model for formant estimation. Wirmant model. Section Il describes the dynamic program-
model the power spectrum b formant models, each of MiNG algorithm that produces the optimum set of segment
which represents one segment of the power spectrum [Zg?unQar|es. Secypn v contzyns varlous_ex_perlmental results
For the formant model, we use the resonance frequency tﬂ}ﬁludmg recognition tests. Finally, our findings are summa-

is different from the pole frequency typically used in th&lZ€d in Section V.

context of digital resonators. An algorithm based on dynamic

programming produces the set of formant parameters and Il DEFINITION OF THE FORMANT MODEL

segment boundaries that optimally match the short-time powein this section, we present a model for formant estimation

. . . . that is based on a set of parallel digital resonators. The
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Formants are considered to be robust against channel
distortions and noise.

Formant parameters might provide a means to tackle
the problem of a mismatch between training and testing
conditions.

There is a close relation of formant parameters to model-
based approaches to speech perception and production.
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Fig. 1. Predictor polynomial as a function of frequency for a bandwidth of (a) 50 Hz, (b) 500 Hz, and (c) 1000 Hz and a resonance frequency of 1200 Hz.

A. Second-Order Resonator where |S(e/*)|? denotes the short-time power density spec-
For each segment with given boundaries, we define gtrum of fche speech signal. Using (1), the prediction error can
second-order digital resonator. As in general LPC analysis [2% "ewritten as
p. 399], we consider the predictor polynomial, which is defined
as the Fourier transform of the corresponding second-ord@¥(w; 1, wy|ag, Bi) = (1 + ai + 52)r1(0)
predictor — 2ai(1 = B)rr(l) = 26um4(2) (4)
Ak(ej“") =1— o’ — Be’?®

where o, and 3;, are the real-valued prediction coefficientswith the autocorrelation coefficients, (1) of segmentk for

|Ag(e7))? can be written as v=2012
| AR =14+ a2 + B — 20.(1 = B) cos w
— 2f3 cos (2w) (1) (V) 5= T _rw) (V)
2 2 1 [ i
_ 2, 2, al=75) =— / |S(e7)|? cos (vw) dw. (5)
=(1+8k)" +op + 7 T o,
(1= )|
— 4P |cos w + 45 : (2) By minimizing the prediction error as given by (4) with respect

) . to «g and 5, we obtain the following optimum prediction
The typical frequency dependence of such a predictor polyngsesficients [19, p. 568]:

mial is depicted in Fig. 1. As we will see later, we have the
constraint3;, < 0. Equation (2) shows that the paramefir

determines the bandwidth of the resonator which is defined [1, alPt = 7”“(0)7”“(12 - 7”“(1);”“(2)
p. 128] as the negative logarithm of 3 ). |Ax(c’*)|? has its 1(0)% =7 (1)
global minimum at the resonance or formant frequepgy govt _ ri(0)rx(2) = 71.(1)?
_ o (1 — Br) 3) * 1(0)% — r(1)?
Pl = arccos | — 4/3k .

We denote the beginning point and the end point of se he value of the minimum prediction error is given [19, p.

ment k£ by wi_1 and wy, respectively. Using the predictor 68] by
polynomial, we define the prediction error as follows:
wi Enin(wi—1, wy) = min Flwg_1, wi|or, Si)
1 k . . k—1, Wk o k—1, Wk |k,
E(wk_l,wk|ak,/3k):—/ 1S(eF)[2 | A ()2 do S t
- =13,(0) — (1) — Ar(2). (6)
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B of the predictor polynomial attains its minimum. As shown
before, this resonance frequengyis given by the equation
1
Cos @ = —a(l )
YT T g

From the evident inequalitycos ¢| < 1, we obtain the
following constraints fore and 3:

o] <2
—laf
-1<p< .
T Ta
Fig. 2. lllustrations of the allowed regions féer, 5). Plotting the corresponding boundary lines in the /3)-plane
as shown in Fig. 2, we see that these constraints are tighter
B. The Resonance Conditions than the constraints for a pole solution. This relation is easy

L to prove. For0 < |a| < 2, we can write down the following
The resonance frequency we have derived is different fro quence of inequalities:

the usual definition of the resonance frequency in the context

of second-order models. Also, there are constraints on the 0< ol (la] —2)? = —a? - (4 - |a]) + 4|«

values that can be taken on by the prediction coefficients. —dla|<—a? - (4—|a])

Therefore, we discuss the relationships between these different

approaches. Since we fix a specific segnieintthe following, < —,

we drop the index: for this discussion and use the symbols 4= ol 4

« and /3 for the prediction coefficients. Thus, it can be seen that the resonance condition always
From the minimum requirement, we obtain the constraiithplies the pole condition. The two frequencies converge to

that the zeros of the complex predictor polynomi(z) the same value if the damping of the pole approaches zero,

with complex  must lie inside the unit circle [15, pp.which is given by — (-1).

159-160]. Using these identities, the minimum requirement

—lo| _ —o?

can be expressed in terms of the prediction coefficienasd IIl. DYNAMIC PROGRAMMING
A [3, p. 60], as follows: ALGORITHM FOR SEGMENTATION
B+a<l So far we have considered the prediction error of a single
segmentk only. We now assume that the whole frequency
f—a<l T : . .
range is divided intoX segments with boundariesq =
8] < 1. 0, -, wp_1, wg, -+, wrg = @ In this section, we describe

These constraints result in a triangular region in the 3)- a dynamic programming algorithm for finding the optimum

plane, as shown in Fig. 2. This figure also contains Othg?gment. boundaneg. .
constraints. which are discussed next. To define the prediction error for the whole frequency range,

In order to model a pole, i.e., a true second-order resonat\gP, have to sum up the errors of all segments

the conventional approach is to require that the zeros of the K
predictor polynomial should form a conjugate complex pair E= Z Enin(wi—1, wi)-
[3, p. 60]. This requirement results in the constraint k=1
0143 <0 In order to compute the autocorrelation coefficientéy),

we use a discrete approximation of the integral in (5). The
which by combining with the previous constraints can bfieduency interval0, =] is sampled aff + 1 equally spaced

tightened to the new constraints frequenciesri/I, ¢ = 0,1, ---, I. The segment boundaries
wo = 0,--+,wi, -+, wg = 7 are replaced by the indices
o] <2 i9g = —1, -+, 14, ---, ix = I. The autocorrelation coeffi-
—a? cientsr(v) are then given by
—l< i< 4 ‘
(25 .
27
. - 12
These constraints result in a parabolic boundary line as shown k() = I ‘_Z L [S@I7 cos < 21 )
in Fig. 2. In the case of such a conjugate complex pair, the =t
so-called pole frequency is given by the equation with
cos ¥ = a 5(t) = S[@j(%i/ﬂ)]-

2/ (=0)
(=5) As usual, the discrete short-time power spectffi)|? is
In the approach presented in this paper, we define tbemputed using a fast Fourier transform with- I) points.
relevant frequency as that frequency at which the magnituBecause of the symmetry properties of the short-time power
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TABLE |
K DYNAMIC PROGRAMMING ALGORITHM FOR FINDING THE SEGMENT BOUNDARIES

initialisation:

. . - compute Eyi(5,2) for 0 <i<I,0<5 <14

E in(3+1. 1) SF(0,i) =cofor 0<i </

k f : -F(k,—1)=ocfor1<k<K

: -F(0,-1)=0

k-1 ¢ for each frequency i =0,1,...,1 do

' for each segment k = 1,2,... ,min{(z + 1, K} do
Fk,i) =0

for each frequency j =4 —-2,k—-1,...,i—1do
if F(k —1,5) + Emin(§ -+ 1,1) < F(k,1)
(ki) = F(k—1,j) + Eqin(j + 1,4)
Fig. 3. Segmentation by dynamic programming. Blk,) = j
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tart traceback at ¢(K) =1

spectrum, only the frequencies in the interf@l - - -, I] are for each segment k = K, K —1,...,1do
relevant. The autocorrelation coefficients can be computed ik = 1) = Bk, i(k))
efficiently using the identity calculate formant parameters

rev) = T, ix) = T(v, ix_1) (7) the values OfEyin(j, i) for 0 < i < Tand0 < j < 4
are calculated using (6) and (7). The algorithm employs the
with look-up tables array B to store the backpointers and to construct the optimum
set of segment boundaries. After this segmentation process,
2! the formant frequencies for each segment are calculated by
< Vi ) (8) (3). This could be avoided by storing also the optimum
formant parameters. However, this increased computational
effort is negligible in comparison with the effort for finding
the optimum segmentation. This effort is determined by the
e\’r%llowing two calculations:

T, i) = 7 D ISG)I con

=0

fory =0,1,2andi = 0,1, ..., L.
The task is now to find the segment boundari

s b S0 that 1) the filing of the tableE,y (i, j), which requiresi?/2
K operations;
Z Epin(ir—1 + 1, ix) 2) the dynamic programming recursion, which requires
k=1 K - I?/2 operations.

. N . . , We see that, in both cases, the computational effort is
IS .”.“”'m'zed: Dynarmc programmlng._[Z], [4] prowde; arhuadratic in the number of frequency lineshat are evaluated
efﬂgen} solupon. We introduce an auxiliary quantiﬂ(l_c, 0, s segment boundaries in the dynamic programming recursion.
which is defined as the error of the best segmentation of tfhe o following, we will distinguish between the number of

frequency interval0,  into k segments. By decomposing thgqq ency lines that are used for the approximation of the
frequency interval0, ] into two frequency intervalg0, jland £ rier integral and the number of frequency lines that are

+1, i]’_ and using the optimallity in the defipition ot(k, i),' hypothesized as segment boundaries in the dynamic program-
we obtain the recurrence relation of dynamic programming ming optimization. Using this distinction, the complexity of

. . . . . the dynamic programming algorithm is then determined by
F(k, 1) = i [F(k =1, ) + Baoin(G + 1,0 (9 tne square of the number of segment boundary candidates.
Therefore, the overall computational effort can be reduced
As (9) shows, the best segmentation of the frequency intergignificantly, if the segmentation evaluates only eveuyh
[0, j] into k — 1 segments is utilized to determine the partitiofrequency line of the discrete Fourier transform as possible
of the frequency interva|o, 7] into k£ segments. Fig. 3 gives segment boundary, where is typically 2, 4, 8, 16. Neverthe-
an illustration of how (9) performs an optimum segmentatiofess, for the estimation of the formant parameters, all frequency
To keep track of the optimum segmentation boundary usedliiges are used. In our implementation, the reduction of the
computeF'(k, 4), it is convenient to introduce associated backrequency resolution for the segmentation is achieved by an
pointers, denoted aB(k, ¢), that simply store the optimum additional step-size parameter in the loops over the frequency

boundary axis in the dynamic programming algorithm. In order to keep
the computational effort at an affordable level, we have to
B(k, 1) = arg min [F'(k — 1, j) + Emin(j + 1, ¢)]. check experimentally how much frequency resolution is really

! needed for a reliable determination of the segment boundaries.

The optimum segment boundaries are obtained by recur-
sively applying (9). The minimum overall error is then given
by F(K, I). Table | summarizes the complete algorithm. The The formant model presented in the previous sections was
first step is to fill the look-up tables defined by (8). Thetested in recognition experiments on the TI digit string data

IV. EXPERIMENTAL RESULTS
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base. This section reports on the results and is divided igmposed algorithm for formant estimation allows a reliable
two subsections. The first subsection gives several illustratingtimation of formant frequencies.
examples. In particular, we will show short-time spectra with However, there are cases where the fixed number of for-
estimated formant models, formant tracks superimposed mants leads to problems. This is illustrated by Fig. 5. The
the time-frequency spectrograms and histograms of formdigure shows frame 132 of the strirgb4 spoken by male
frequencies. talker HN. Looking at the spectrum, we would expdgt= 5

In the second subsection, we will focus our attention diermants. In Fig. 5(a), however, onlif = 4 formant models
formant-based speech recognition. The estimated formant freere estimated. As a consequence, the formant model with the
guencies are used to form the acoustic vectors for recogniti@sonance frequency 3683 Hz does not match the spectrum.
experiments. In a series of experiments, the optimum acoudfi¢he number of formant models is chosen As= 5, the
vector was established. Using this optimum acoustic vect@stimated formant models result in a much better fit to the
further recognition experiments were conducted. In particul&pectrum, as can be seen in Fig. 5(b).
we tested two types of density modeling, namely Gaussiang-ig. 6 presents examples of formant tracks superimposed
and Laplacians, and we compared the error rates obtained véith the spectrogram, i.e. the sequence of short-term power
the mel-cepstrum and with formants. Furthermore, we invedensity spectra. Fig. 6(a) displays the formant contours for
tigated the effect of the spectral resolution on the recognitiéhe digit string5873 spoken by male talkeiF, and Fig. 6(b)
performance in order to study the trade-off between recogows the strin@4zspoken by female talkéfG. In this work
nition performance and computational effort of the formar@&nd in [17], the character z represents “0” spoken as “zero.”
estimation. There is a good agreement between the formant frequencies
and the spectrograms in regions of speech. As indicated in
Fig. 6, the formant contours are significantly less smooth in
areas of obvious silence. In the recognition experiments to
In the following, we first give the details of our signal pro€ feported on later, we did not observe that the silence

cessing implementation and then discuss a variety of examprlgg'ons, .resulted In _spemal problgms for_formant-based speech
of formant estimation. In our experiments, we used the Tl didi?cogn't'on'.A possible gxplanaﬂon_of this effect. could be that
string data that had been sampled at a rate of 20 kHz. Fi {fance portions are mainly recog_mzed ”by making use of the
we perform a signal preemphasis by calculating the first-or é?me energy and therefore the “jumpy” formant contours in

difference of the sampled speech signal. Every 10 ms, a 20-migNce regions are not critical.
Hamming window is applied to overlapping speech segmer;{sé
and the short-time power spectrum is computed by a 10 e

A. Examples of Formant Estimates

ig. 7 shows histograms for each of the four formant
uencies. The histograms were computed separately for
point fast Fourier transform (FFT). The frequency range fromale [Fig. 7(a)] qnd female spgakers [Fig. 7.(b)]'. For the
0-5 kHz is used for formant estimation so that we have 2 tograms, the silence frames in the acoustic signal were
oorpitted. Evidently, these histograms depend on the spoken

samples in this range that are used for the approximation .
L - . ._words and on the speaker population. Nevertheless, they are
the Fourier integral and for finding the optimum segmentation. "
reasonable agreement to the formant ranges reported in [1,

. . . n
The formant and bandwujth frequenc'les are deter.mlned by 132], [10, p. 51], [5], and [22]. Comparing the formant
the model we have described; there is no smoothing of tﬁe SR
. réquencies in Fig. 7(a) and (b) also shows that on the average
formant frequencies. We do not adapt the frequency range, to .
the formants of the female speakers are higher than the
each speaker nor do we exclude the low-frequency range. :
. . 2~ corresponding formants of the male speakers.
Next, we present experimental results of formant estimation
in order to illustrate the properties of the proposed formant N
estimation algorithm. Figs. 4 and 5 show examples of foR- Formant-Based Speech Recognition
mant models along with the corresponding short-time powerwe will now present the results of a series of experiments
density spectrum. There are two types of vertical lines fehat were conducted to optimize and study the performance of
the formants, namely the formant frequencies and the segmgtinant-based speech recognition. All recognition experiments
boundaries. The values of the resonance frequencies are shaugre carried out on the adult portion of the Tl digit string data
on the frequency axis, whereas the segment boundaries Isdige [18]. We used all available training and testing data. Thus,
represented as vertical lines without any numbers. In Fig. 4, we had 8623 digit strings spoken by 55 male and 57 female
keep the number of formant models fixedfat= 4. Fig. 4(a) speakers for training and 8700 digit strings uttered by 56 male
is an example of the “AY” vowel in “five.” The figure showsand 57 female speakers for testing.
the spectrum and the estimated formant models for frame 35 ofThe recognition system [29] is based on whole-word hidden
the digit string5873spoken by male talkefF. The estimated Markov models with continuous observation densities. The
formant frequencies are 756, 1270, 2422, and 3369 Hz. Théséden Markov models are left-to-right models with forward,
values agree well with the synthesis parameters given in Ekip, and loop transitions. The system has gender-dependent
p. 186]. Frame 95 of the utterand@@® by male talkerAH is word models for 11 English digits, includingli’ and gender-
shown in Fig. 4(b). This frame is part of the transition betweeafependent silence models. The total number of states and, thus,
the R semivowel and the “IY” vowel in “three.” Fig. 4(c) andemission distributions is 357 states plus one state for silence
(d) display further examples. These examples indicate that ther gender. The emission probabilities are modeled as single
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Fig. 4. Examples of formant models. (a) Frame 35, stB833 male talkerlF. (b) Frame 95, string3, male talkerAH.

Laplacian densities with state-dependent deviation vectonssertion errors. There were no syntactic constraints used in
They are trained using the maximum likelihood criterion angtcognition, i.e., any sequence of digits was legal from the
the Viterbi approximation. viewpoint of the recognizer.

The recognition results are reported in terms of both string The remainder of this subsection is divided into three parts.
and word error rate. As usual, the word error rate is computed the first part, we investigate how the formant parameters,
from the minimum number of deletion, substitution, ande., resonance frequencies and bandwidths, can be used to
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Fig. 4. Continued) Examples of formant models. (c) Frame 152, stiédy, female talkeHG. (d) Frame 67, string4, female talkerCM.

form an acoustic vector for speech recognition. In the secondl) Definition of the Acoustic Vectortn the following, we

part, the optimum acoustic vector is used to study the typeesent experiments that were conducted to form the optimum
of emission probability modeling and the acoustic resoluticacoustic vector for formant-based speech recognition. The
used in formant estimation. Also, recognition experimenexperiments were started using only the formant frequencies
comparing cepstral features and formant features are presensdohg with the frame energy without the bandwidths. The
A formant-based reference model is discussed in the third patoustic vector was augmented by the first-order and second-
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Fig. 5. Example of formant models for frame 132 of digit strifgg spoken by male talkerdN. (a) Four formant models. (b) Five formant models.

order derivatives of the frame energy and by the first-ord@rmant frequencies are reported, namely one for estimation
derivatives of the formant frequencies. For time fratnéhe and one for recognition. The difference comes from the fact
first-order derivatives were calculated from frames3 and¢, that, in some recognition experiments, the highest formant
and the second-order derivatives were calculated from franmadsthe formants estimated was left out for recognition. It
t—23, t andf+3. The recognition results for these experimentsan be seen from Table Il that the lowest error rate, both
are summarized in Table II. In Table Il, two numbers for thetring error and word error rate, is obtained, if four formant
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Fig. 6. Spectrogram and formant contours. (a) Sts833 by male talkerlF. (b) String94z by female talkeHG.

frequencies are estimated and the three lowest ones are usadzed in Table Ill. The formant estimation was based on
for recognition.

K = 4 formant models. To form the acoustic vector, the band-
Next, we investigated the influence of the formant bandavidths were used in a way similar to the formant frequencies,

widths on the recognition performance. The results are sumamely by selecting the three lowest formants and using the
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TABLE 1

RecoGNITION RESULTSUSING VARIOUS NUMBERS OF FORMANTS

Number of formants Number of || Word error | String error
in estimation | in recognition | components || rate [%)] rate [%)]

5 5 2-54+3 1.9 5.4

4 2-4+43 2.0 5.6

4 4 2-443 1.6 45

3 2-3+3 1.5 4.2

3 3 2-343 3.0 8.1
TABLE 1lI

EFFECT OF BANDWIDTH PARAMETERS ON THE ERROR RATE

Bandwidths | First-order derivatives | Number of || Word error | String error
of bandwidths components || rate [%] rate [%]
no no 2:-3+3 L5 4.2
yes no 2:3+3+3 1.7 4.8
yes 2-6+3 1.9 54
TABLE IV
EFFECT OF SECOND-ORDER DERIVATIVES ON THE ERROR RATES
Second-order derivatives of Number of || Word crror | String error
frame energy | formant frequencies | components rate [%) rate [%)]
no no 2:3+2 1.7 4.9
yes no 2-3+3 1.5 4.2
yes 3343 1.9 5.4

corresponding first-order derivatives. The results indicate that,
for the given recognition conditions, the formant bandwidths

have an adverse effect on the recognition results: The string
error rate increases from 4.2% to 5.4% when the bandwidths
and their first-order derivatives are included. Using only the

bandwidths increases the string error rate from 4.2% to 4.8%.
This suggests that any type of bandwidth information seems
to deteriorate the recognition results.

Another experiment was carried out to check the usefulness
of the second-order derivatives of the frame energy and of the
formant frequencies. As the recognition results in Table IV
show, omitting the second-order derivative of the frame energy
increases the string error rate from 4.2% to 4.9%. For the
formant frequencies themselves, there was no improvement
when the second-order derivatives were added. In fact, as
shown in Table IV, the string error rate goes up from from
4.2% to 5.4%.

As a result of the first phase of experiments, we had found
that the optimum acoustic vector consists of

« the signal energy plus the corresponding first- and second-

order derivatives;

« the three lowest formant frequencies from four estimated

formants plus the corresponding first-order derivatives.

2) Recognition ResultsThe optimum acoustic vector was
used to study the type of emission probability modeling and the
acoustic resolution used in formant estimation. Also, a compar-
ison of recognition results obtained with the mel-cepstrum and
with formants was done. The results are summarized below.

Table V presents error rates for Gaussian and Laplacian
densities. Replacing Laplacian densities by Gaussian densities
increases the string error rate from 4.2% to 4.6%.

Table VI compares recognition results for formants and mel-

acoustic vectors, Table VI shows the word error rates, string
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TABLE V TABLE VII
RECOGNITION RESULTS FORGAUSSIAN AND LAPLACIAN DENSITIES EFFECT OF SPECTRAL RESOLUTION ON THE ERROR RATE; RESOLUTION
IS GIVEN IN TERMS OF THE NUMBER OF FREQUENCY SAMPLES

Density Number of || Word error | String error
model components rate [%) rate [%) Frequency samples for Word error | String error
Laplacians 2-3+3 1.5 4.2 Fourier transform | segmentation rate (%] rate [%]
Gaussians 2343 1.6 4.6 2048 256 1.5 4.2
256 256 1.5 4.2
64 1.6 4.3
16 2.4 6.6
TABLE VI 128 128 15 42

COMPARISON OF RECOGNITION RESULTS FOR FORMANTS
AND MEL-CEPSTRUM WITH SINGLE DENSITIES

Acoustic vector Number of || Word error | String error TABLE VIII
components rate [%)] rate [%)] apgn
T - 2.353 e ) COMPARISON OF FORMANT FREQUENCIES OF THEVOWEL “lY” AND THE
V?rlman s - dt ol . SemivoweL “R.” (a) FORMANT FREQUENCIESAVERAGED OVER FIVE STATES OF
: ef'TFPStrtum‘ 91543 0.6 17 THE MALE ReEFERENCEMODEL FOR THE WORD “THREE” (b) FORMANT
- mull vector . . .
~ reduced vector, with LDA 9 13 38 FREQUENCIES RECOMMENDED FOR SPEECH SYNTHESIS IN [1, P. 186]
oo , without LDA | 2-3+3 1.9 5.2 Formant frequencies [Hz|
F1l F2 F3
semivowel ‘R’ | a) this work 399 1252 1634
. b) Allen et ‘al. 330 1060 1380
error rates, and the number of components of the acoustic vowel TY° | a) this work 340 2114 2795
vector. In the first experiment with the mel-cepstrum, the b) Allen et al. 310 2200 2960

acoustic vector consists of 16 cepstrum coefficients, 16 first-
order derivatives, and the second-order derivative of the signal
energy [29]. The string error rate for the mel-cepstrum vectés Table VII shows, the error rate goes up significantly, if less
was then 1.7%. It should be emphasized that this error rdt@n 64 segment boundaries are considered in the dynamic
was obtained for single-density modeling. When using mixtuprogramming based segmentation.
densities, the string error rate can be reduced down to 0.71%3) Formant-Based Reference ModelBor illustration pur-
This error rate is actually the lowest reported [7], [9], [11]poses, we consider in more detail one specific reference
[12], [21]. model as it was obtained after training. Fig. 8 shows the male
Two more results for the mel-cepstrum with an acoustic veand female reference models for “three” using the optimum
tor consisting of nine components are given in Table VI. Usirgcoustic vector as defined above. In addition to the contours
the first four mel-cepstrum coefficients, the four correspondirad the three formant frequencies, Fig. 8 shows the absolute
first-order derivatives, and one second-order derivative of theviation of the Laplacian models as a gray stripe around the
signal energy, the string error rate was 5.2%. A string error rdtemant frequency, which is estimated as the sample mean.
of 3.8% was obtained when we applied a linear discriminafb verify this reference, we selected by hand the formant
analysis (LDA) [14] to a large input vector. This input vectofrequencies for two sounds of the male reference model,
consisted of three successive 33-component mel-cepstroamely “R” and “IY.” For each of these two sounds, the
vectorsz(t — 1), z(¢) andz(¢t+ 1), which include derivatives. formant frequencies were averaged over the associated states.
A 9 x 99 transformation matrix was used to reduce théor the “R” sound, we used states 6-10, and for the “IY”
dimension of the acoustic vector from 99 to nine componensound, we used states 17-21. The formant frequencies thus
We used one transformation matrix per gender. The classdgained are shown in Table VIII along with the formant
to which the LDA is applied were chosen to be the states fiEquencies that are typically used for speech synthesis and
the hidden Markov models. As can be seen in Table VI, usingcommended in [1, p. 186]. As can be seen in Table VIII,
the same number of parameters the recognition results werere is a reasonable agreement between the two sets of
sligthly better for the mel-cepstrum combined with a LDA thaformant frequencies. Similar results were obtained for the
for the formants: The string error rates are 4.2% and 3.8% feowels in the reference models of the other digits. As usual
the formant vector and the cepstrum vector, respectively. in speech synthesis, the formant values for synthesis shown in
Finally, we report on the effects of the frequency resolutiorgable VIII are based on the pole frequency definition. The
used for the calculation of the autocorrelation coefficients adifferences between the pole frequency and the resonance
for the segmentation process on the recognition performanfrequency as used in this paper are negligible for formant
As pointed out above, these two frequency resolutions carquencies above 1 kHz. For the first formant, however, the
be different. We carried out experiments with several coulifferences can be significant.
figurations. The results are summarized in Table VII. Two There is another observation that can be seen in Fig. 8. In
conclusions can be drawn. First, Table VIl indicates that region ranging from state 22 to 30, the formant contours
the number of frequency samples provided by the discregghibit an oscillating behavior. To interpret this observation,
Fourier transform for the calculation of the autocorrelatiowe have to take into account that the hidden Markov models
coefficients is not critical: In the range from 128 to 204&llow skip transitions. So the interpretation is that the oscil-
spectral lines, the recognition performance is not affectedl#tions reflect an implicit mixture modeling of the emission
the resolution for segmentation is high enough. The secoprbbabilities with two component densities. To verify this
conclusion concerns the frequency resolution for segmentatibypothesis, we checked the reference models using cepstral
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acoustic vectors and observed the same effect. Therefore the
conclusion is that these erroneous oscillationsrartformant
specific.

V. CONCLUSIONS

This paper has presented the following new approach to
formant estimation.

1) The short-time power spectrum is decomposed into seg-

ments, each of which is modeled by a digital resonator.

2) The segment boundaries are optimized by dynamic pro-

gramming.

The estimated formant frequencies have been analyzed
using spectrograms and histograms. In a recognition test on
the adult corpus of the TI digit string data base, a string
error rate of 4.2% has been achieved with three formant
frequencies and signal energy. A slightly better string error
rate of 3.8% was obtained with the mel-cepstrum and the same
number of parameters. In this experiment, a linear discriminant
analysis was applied to reduce the dimension of the acoustic
vector. There was no smoothing or other postprocessing of
the formant trajectories. To the best of our knowledge, this is
one of the few recognition systems that are based solely on
formant contours. Considering that this work has started only
recently, we see room for further improvements in formant-
based speech recognition in the future. In this work, we have
applied the formant estimation method to clean speech only.
A topic for further research will be the application to noisy
speech.

ACKNOWLEDGMENT

The authors thank S. Kanthak and V. Nussbaum for their
assistance in providing the illustrations presented in this paper
and in conducting the reported experiments.

REFERENCES

[1] J. Allen, M. S. Hunnicutt, and D. H. KlattFrom Text to Speech: The
MITalk System. Cambridge, MA: Cambridge Univ. Press, 1987.

[2] R. Bellman and S. DreyfusApplied Dynamic Programming.Prince-
ton, NJ: Princeton Univ. Press, 1962.

[38] G. E. P. Box, G. M. Jenkins, and G. C. Reins€&lime Series Analy-
sis—Forecasting and Controdrd ed. Englewood Cliffs, NJ: Prentice-
Hall, 1994.

[4] J. S. Bridle and N. C. Sedgewick, “A method for segmenting acoustic
patterns, with applications to automatic speech recognitionProc.
1977 IEEE Int. Conf. Acoustics, Speech and Signal Procesiagford,

CT, May 1977, pp. 656—659.

[5] M. A. Bush and G. E. Kopec, “Network-based connected digit recog-
nition,” IEEE Trans. Acoust., Speech, Signal Processiog, ASSP-35,
pp. 1401-1413, Oct. 1987.

[6] H.S.Chhatwal and A. G. Constantinides, “Speech spectral segmentation
for spectral estimation and formant modeling,”Rnoc. 1987 IEEE Int.
Conf. Acoustics, Speech, and Signal Procesddalas, TX, Apr. 1987,
pp. 316-319.

[7] W. Chou, C.-H. Lee, and B.-H. Juang, “Minimum error rate train-
ing of inter-word context dependent acoustic model units in speech
recognition,” inProc. 1994 Int. Conf. on Spoken Language Processing,
Yokohama, Japan, Sept. 1994, pp. 439-442.

[8] A. Crowe and M. A. Jack, “Globally optimising formant tracker using
generalized centroids,Electron. Lett.,vol. 23, pp. 1019-1020, Sept.
1987.

[9] G. R. Doddington, “Phonetically sensitive discriminants for improved

Fig. 8. Formant-based reference models for the word “three.” (a) Male speech recognition,” ifProc. 1989 IEEE Int. Conf. Acoustics, Speech,

model. (b) Female model.

and Signal Processindgzlasgow, U.K., May 1989, pp. 556-559.



48 IEEE TRANSACTIONS ON SPEECH AND AUDIO PROCESSING, VOL. 6, NO. 1, JANUARY 1998

[10] G. Fant,Speech Sounds and Feature€ambridge, MA: MIT Press, [27] D. Talkin, “Speech formant trajectory estimation using dynamic pro-
1973. gramming with modulated transition costs,” AT&T Int. Memo. MH
[11] J. L. Gauvain and C. H. Lee, “Improved acoustic modeling with 11222 2924, AT&T Bell Labs., Murray Hill, NJ, 1987.
Bayesian learning,” ifProc. 1992 IEEE Int. Conf. Acoustics, Speech, and28] L. Welling and H. Ney, “A model for efficient formant estimation,” in
Signal ProcessingSan Francisco, CA, Mar. 1992, vol. |, pp. 481-484. Proc. 1996 IEEE Int. Conf. Acoustics, Speech, and Signal Processing,
[12] R. Haeb-Umbach, D. Geller, and H. Ney, “Improvements in connected  Atlanta, GA, May 1996, vol. 2, pp. 797-800.
digit recognition using linear discriminant analysis and mixture den29] L. Welling, H. Ney, A. Eiden, and C. Forbrig, “Connected digit
sities,” in Proc. 1993 IEEE Int. Conf. Acoustics, Speech, and Signal  recognition using statistical template matching,”Rnoc. 1995 Europ.
ProcessingMinneapolis, MN, Mar. 1993, vol. Il, pp. 239-242. Conf. Speech Communication and Technologhdrid, Spain, Sept.
[13] M.J.Huntand C. Ledbvre, “Speaker dependent and independent speech 1995, vol. 2, pp. 1483-1486.
recognition experiments with an auditory model,” fmoc. 1988 IEEE
Int. Conf. Acoustics, Speech, and Signal Processiey York, Apr.
1988, pp. 215-218.

[14] , “A comparison of several acoustic representations for speech
recognition with degraded and undegraded speectPiac. 1989 IEEE
|n€;-830nf- Agg;szi%Sy Speech, and Signal Processit@sgow, U.K., May Lutz Welling was born in Wuppertal, Germany,
1989, pp. —265. ) o in 1968. He received the Dipl. degree in electrical
[15] S. M. Kay, Modern Spectral Analysis—Theory and ApplicatiofEn- - engineering from Aachen University of Technology,
glewood Cln‘is, NJ: Prentice-Hall, 1988. - i Aachen, Germany, in 1993.
[16] D. H. Klatt, “Software for a cascade/parallel formant synthesizér, — Since 1993, he has been with the Department of
Acoust. Soc. Amenyol. 67, pp. 970-995, Mar. 1980. Computer Science, Aachen University of Technol-

[17] G. E. Kopec, “Formant tracking using hidden Markov models an
vector quantization,1EEE Trans. Acoust., Speech, Signal Processin(
vol. ASSP-34, pp. 709-729, Aug. 1986.

[18] R. G. Leonard, “A database for speaker-independent digit recognitior
in Proc. 1984 IEEE Int. Conf. Acoustics, Speech, and Signal Processir _
San Diego, CA, Mar. 1984, pp. 42.11.1-42.11.4.

[19] J. Makhoul, “Linear prediction: A tutorial reviewProc. IEEE,vol. 63,
pp. 561-580, Apr. 1975.

[20] S. McCandless, “An algorithm for automatic formant extraction using
linear prediction spectrafEEE Trans. Acoust., Speech, Signal Process-
ing, vol. ASSP-22, pp. 135-141, 1974.

[21] Y. Normandin, R. Cardin, and R. De Mori, “High-performance con:
nected digit recognition using maximum mutual information estime
tion,” IEEE Trans. Speech Audio Processing). 2, pp. 299-311, Apr.
1994.

[22] G. E. Peterson and H. L. Barney, “Control methods used in a study
the vowels,”J. Acoust. Soc. Amewpl. 24, pp. 175-194, Mar. 1952.

[23] L. Rabiner and R.-W. SchafeBigital Processing of Speech Signals.
Englewood Cliffs, NJ: Prentice-Hall, 1978.

ogy. In 1996, he was a Visiting Researcher at the
Entropic Research Laboratory, Washington, DC. His
research interests are in large vocabulary speech
recognition, robust speech recognition, and signal
processing.

e
it
=l

7

Hermann Ney (M’'86) received the Dipl. degree in

physics from the University of Goettingen, Goet-

tingen, Germany, in 1977, and the Dr.-Ing. degree

in electrical engineering from Braunschweig Uni-

versity of Technology, Braunschweig, Germany, in

1982.

| In 1977, he joined Philips Research Laboratories,

,|" first in Hamburg, then in Aachen, Germany, where

[24] H. B. Richards, J. S. Mason, M. J. Hunt, and J. S. Bridle, “Derivin i he worked on various aspects of speaker verifica-
articulatory representations of speech,” froc. 1995 Europ. Conf. i J tion, isolated and connected word recognition, and
Speech Communication and Technolddggdrid, Spain, Sept. 1995, pp. - large-vocabulary continuous-speech recognition. In
761-764. 1985, he was appointed Head of the Speech and Pattern Recognition Group.

[25] O. Schmidbauer, “An algorithm for automatic formant extraction in conFrom 1988 to 1989, he was a Visiting Scientist at AT&T Bell Laboratories,
tinuous speech,” ifProc. EUSIPCO-90, Fifth European Signal Process-Murray Hill, NJ. In July 1993, he joined Aachen University of Technology,
ing Conf.: Signal Processing V, Theories and Applicatiddarcelona, Aachen, Germany, as a Professor of computer science. His work has focused
Spain, Sept. 1990, vol. 2, pp. 1151-1154. on the application of dynamic programming and statistical techniques for

[26] R. C. Snell and F. Milinazzo, “Formant location from LPC analysiglecision making in context. His current interests cover all aspects of pattern
data,”|[EEE Trans. Speech Audio Processing). 1, pp. 129-134, Apr. and speech recognition, such as signal processing, search strategies, language
1993. modeling, automatic learning, and language translation.

";-h.
—




