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Prediction of formant frequenciesfrom linear

combinations of filterbank and cepstral
coefficients

Jesper Hogherg

Abstract

The topic of this paper is formant frequency prediction wing multiple linear
regresson. This technique provides robust formant frequency estimates but with
limited predsion. We apfy this approach to predict formant frequencies of one
male speaker comparing three different spedral representations. Me scaled
filterbarks are shown to perform dlightly better than linear prediction based
cepstral coefficients.

The basdline approach uses one linear prediction model for each formant. This
approach is exended by using multiple models for each formart. In this case, each
model istrained on daa from sub-bands of the formant frequency. This methodis
shown to be vey useful for predicting F2, which has a large frequency span The
rms error of F2 can be reduced by up to 43% using multiple models on an
independent test set. Moderate sizes of training dda suffice to derive the linear
prediction models which implies that predictors can ke trained for a new speaker

with asmall formant labelli ng effort.

I ntroduction

The use of formant frequencies in speech
analysis and moddling is appealing in principle
due to the close reation to the vocal tract
geometry. Unfortunately, reliable formant fre-
guency estimates are very difficult to extract
from the speech wave. However, several studies
have shown that there eist approximately linear
relationships between formant frequencies and
other spectral representations (Plomp et al.,
1967 Pols e al., 1969 Klein et al., 197Q Pols
e al., 1973 Broad & Clermort, 1989 Bayya &
Hermansky, 1990 Hermansky & Cox, 1991).

Pols and coll eagues used principal component
analysis to derive features that maximally
explained the variance in vowvd spectra described
by the log energy in 18 1/3-octave frequency
bands. The reationship between the two most
important components was drikingy similar to
that of F1 and F2 (Pols et al., 1973.

Broad & Clermont (1989 predicted the first
three formant frequencies from linear prediction
(LP) based cepstral coefficients using multiple
linear regresson. Bayya & Hermansky (1990
also showed that formant bandwidths could be
predicted using the same method

Multiple linear regresson yidd formant
predictions that compare very favourable to
estimates derived drectly from LP in terms of
robustness (Hermansky & Cox, 1991). That is,
smooth and continuous formant frequency

trajectories can be obtained using this technique.
The robustnessis, however, traded for some loss
in precision compared to LP.

Several formant based applications have
emerged very recently indcating a revived
interest in formant analysis. For instance, Ding
& Campbdl (1997 used a formant frequency
based dstance measure in unit sdection for
concatenation synthesis. Formant estimates have
aso been shown to be useful in spesker
normalisation for automatic speech recogrition
(Lincoln et al., 1997).

In an effort to increase the naturalness of the
KTH text-to-speeh system (Carlson et al.,
1991), we have applied data driven methods to
formant synthesis (Hogberg, 1997). The idea is
to create a trainable TTS-system that can be
easily adapted to a new speaker. A crucial point
in this endeavour is, of course, automatic
parameter estimation, e.g. formant extraction.

The starting point in this gudy is hence to use
multiple linear regresson modds to predict
formant frequencies, F;, from some spectral
representation, 3, with N dimensions,

N
F :ai,0+zai,jﬁ,j' )
=

The prediction coefficients, a;; are derived using
standard least squares methods. Three different
spectral representations are compared in this
study.
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Pols et al. (1973 found that linear models based
on speeh spectra from 50 speakers did na
provide precise formant predictions for the
indvidual speakers though the poded results
were good Broad & Clermont (1989 also
showved, as could be anticipated, that the
prediction errors increased when formant
frequencies of more than ore speaker were
predicted. In view of these results and with the
speech synthesis application in mind we are
primarily interested in speaker dependent models.
Therefore, the main concern o this gudy is to
investigate the amount of data that is neaded to
train predictors for one speaker obtaining
maximum prediction precision for unseen data.
We propose a nowd approach to increase
prediction precision in which multiple modds are
used for each formant. In this procedure, the final
formant frequency prediction is a weighted sum
of the contributions from the indvidual modds.
Therest of this paper is organised as foll ows:
The next section briefly describes the speech data
used for this investigation. The following section
addreses the wuse of different spectral
representations and mode orders. Next, the
multiple model approach is evaluated and the
need for training data is investigated in
guantitative terms. A discusson and some
conclusions are provided in the last sections of
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Speech material

The speech data (16 kHz sampling frequency)
used in this dudy pertains to ore male subject
reading eleven short stories and rewspaper text.
The first part of the material has been used in
several other studies, e.g. Carlson & Nord, 1993
Hogoerg, 1994 Both corpora have been
manually segmented and labdled and contain
more than 30 minutes of speech together. In all,
the speech data comprise some 12,000 vowes.
The first four formant frequencies have bee
hand corrected and used in a previous dudy
(HOgberg, 1997). Figure 1 shows the formant
frequency distributions. The mean frequencies
are442 1451, 2470and 3424Hz for F1, F2, F3
and F4, respectively. The correspondng standard
deviations are 94, 356, 204 and 256 Hz. Thus,
the relative variation in the first two formant
frequencies are much larger than the
correspondng \ariation in F3 and F4. The
standard deviations are 21% and 25% of the
mean frequencies for F1 and F2. The corre-
spondng \eriation in the higher formants
amounts to 8% for F3 and 7% for F4.
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Figure 1. Formant frequency histograms based on 100000 frames.
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Effect of model order and
spectral representation

Speech spectrum representations

The speech spectrum representations were me-
scaled filterbank coefficients (MFFB), cepstral
coefficients derived from the me scaled
filterbank (MFCC), and cepstral coefficients
derived from linear prediction parameters
(LPCC). This analysis was performed using the
HTK-todkit (Young & Woodand, 1993.

The MFFB coefficients (filter outputs) were
calculated as weighted sums of FFT magnitudes
in N frequency bands. The frequency bands were
equally spaced onamd scale defined by
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The md scale filterbank cepstral coefficients, c,,
were caculated from the N filterbank
coefficients, m, using the Discrete Cosine
Transform

2 3 .
c = \/%;mj COS%(] —O.S)E, (3)

and the LP-cepstral coefficients are given by

n-1
c,=-a,+— ) (n-i)ac, , 4
n=oa D (n-iags @)
where g are the coefficients in the all pole modd
of the vocal tract transfer function

f 1
Mel = 259530910@““ 200" ) H(z)=———. (5)
1+ a;z”’
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Figure 2. The root mean square erors in predicted formant frequencies for different number of
spedral coefficients (model order.) Diamonds g¢and for LPCC based models, triandes and squares
represent MFCC and MFFB based models respedivdy.
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All  codfficients were calculated from pre-
emphasised speeh using 25 ms Hamming
windowed speech frames at rate of 100 frames
pe second The maximum sea of formant
frequency vectors amounted to almost 100,000
tokens. These vectors were etracted from vowel
segments only.

Each formant frequency was aligned with the
correspondng spectral vector. Equation 1. was
solved for the prediction coefficients, aij, that
minimised the total squared error in the predicted
formant frequency values. This procedure was
repeated for each o the four formant frequencies
for each spectral representation and for each
modd order. In the MFCC case, the number of
cepstral coefficients was chasen to be the number
of filters minus one, c.f. equation 2. The number
of LP based cepstral coefficients was chosen to
equal the order of the LP-analysis.

Results

Figure 2 shows the roat mean squared errors in
the predicted formant frequencies for the MFFB,
MFCC and LPCC-representations as a function
of the number of coefficients. The erors are
computed from predictions of the etire data set,
i.e., in this figure the train and test sets are the
same. The different spectral representations all
yidd similar predictions when the higher orders
are compared. The LPCC seams to be less well
suited than MFFB and MFCC for lower order
moddling d low order formants. The optimum
order of the LPCC modeds is about seventeen.
This matches the best theoretical modd order for
the average male speaker using two poles for
each formant and ore for the source spectrum
(F42 = 8kHz).

Therdative impact of the formant frequencies
on the detail of the speech spectrum is reflected
in these curves. Generally spesking, the best
modd order increases with the formant number.

The best modds yield rms errors around 50,
170 140 and 175 Hz for F1, F2 F3 and F4,
respectively. This means that roughly 50% of the
standard deviation could be eplained for F1 and
F2. For F3 and F4, about 30% of the standard
deviation could be eplained using these modds.

The smallest rms errors are larger than those
obtained by, for instance, Broad & Clermont
(1989 who reported 27, 79 and 82 Hz for F1 to
F3 when training and testing on the same
material of one speaker. Part of this discrepancy
can be plained by the complexity and quality
of the speeh data bases. One important
explanation is probably found in the reference
data; some precision was traded for speal in the
markup procedure of the current data base

44

Moreover, the vowd spectra in the current study
are influenced by various voice source condtions
found in continuous geeh, most importantly
affecting spectral tilt. Many vowvd spectra ae
substantially influenced by the surroundng
context, e.g. adjacent nasals have introduced
extra poles and zeros.
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Figure 3. Measured F2 values plotted aganst
the prediction errors. The predictions were
made on the eaitire data set using 17 mel
filterbark cepstral coefficients (MFCC).

In Figure 3, the measured F2 values are plotted
against the prediction errors. Apparently, the
prediction errors are nat randamly distributed
over the formant frequency range. It seams that
the linear mapping daes nat modd the variation
over the aitire frequency range properly. Thisis
particularly troublesome for F2 which has a very
wide frequency span, approximatdy 5002500
Hz for the speaker of this qudy. This figure
shows that the prediction erors are clearly
frequency dependent, high frequencies above
2000 Hz have been underestimated and low
values under 1000 Hz have been owerestimated.
This sans to be a general problem with the
linear regresson approach. Hermansky & Cox
(1991, page 331) commented on similar F2
erorsin predictions on a sample utterance.

Multiple models and training

effects

In the foregaing, it was noted that the linear
modd did na adequatdy modd the whde
frequency range. There are a number of plausible
explanations and potential remedies to this
problem, one being that the models would benefit
from higher order prediction terms. However,
addng quadratic and cubic terms to the



regresson equation 1 yidds only very small
improvements in the rms errors. Instead, we
suggest that the rlationis only piece-wise linear,
i.e., the rdation is a well defined function orly
for limited frequency ranges. In the following
section, we propose a method that is based on
this hypothesis. This approach utilises gatistics
to calculate the probability that a spectral vector
has a formant in a certain frequency band
Phore-specific  datistics can aso  be
accommodated when formant predictions are
made on a labeled data base. Henceforth,
seventeen MFCCs are used for prediction. This
“modd order” was chosen because it provided
the smallest errors for all formants. The cepstral
representation was preferred to the filterbank
because of its gatistical properties (variable
independence) which allows ssme simplification
of the calculations.

Multiple models

The range of the ith formant was divided into K
frequency bands and ore linear modd, Mk, was
derived for each such sub-band d each formant,
k=1,.. K. This divides the prediction processinto
two steps, the first of which consists of
predicting the band in which the formant
frequency is located. The second step is a fine
tuning d thefirst prediction. The accuracy in the
first step becomes crucial, incorrect decisions
will result in dscortinuities and hence decreased
robustness Therefore, we have implemented a
soft clasdfication strategy to avoid these
problems. The formant frequency prediction is a
weighted sum of the contributions from all K
modes for that particular formant.

The weght asdgned to the prediction
generated by the modd, My, is calculated as the
probability, P, that the true formant value is
found in the kth frequency band gven the
correspondng spectral  vector, B. Hence, a
prediction for theith formant is given by

F =L . (6)

Bayes' rule gives that

P(M,,[B)= P(B|M|;E/)3)P(Mik)

» (7)
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where P(B|M; ) is estimated using a multivariate
normal distribution with a diagoral covariance
matrix

4N - fO
nl Hixgo
5238 o, 05
P(ﬁ||v|i,k)= ®
o2 I—lJI K
with . and o, being the sample mean and

standard dev|atlon d the ith formant in the jth
spectral dimension in the kth sub-band. N is, as
before, the number of spectral coefficients.

P(M; ) is the fraction d the total count that
has been used to train modd My, i.e, the
fraction d the tokens of formant i that are
located in frequency band k.

Table 1. Limits (H2) of the four frequency bands
used for each formant frequency.

BAND 1 BAND 2 | BAND 3 | BAND 4
F1 | 150 351 501- 651-
350 500 650 1500
F2 | 500 110+ | 1501 | 190%k
1100 1500 [ 1900 | 3000
F3 | 1200 200k | 2501 | 300%
2000 2500 | 3000 [ 4500
F4 | 2000 320k | 3501 | 3800
3200 3500 | 3800 [5000

In this investigation we divided the frequency
range of each formant into four sub-bands
(K=4). Table 1 shows the frequencies bounding
the non-overlapping bands for each formant. The
uppxr and lower bounds of each formant
frequency are used to exclude extreme outliers.

Adding phone-specific statistics

In the case when the speech data have been
segmented prior to the formant frequency
analysis, we have accessto the phore identity for
each frame to be processed. Under these
circumstances we can substitute P(M;y) for
P(Mik [, where | is the identity of the segment.
The identity need na correspondto the phoreme,
it might just as wel apply to a broader classlike
“back vowd” or to a more spectrally well defined
unit like a phorein a specified context. The latter
kind d statistics would o course demand more
training data. In this context, we consider
phoreme identities or even broad phore classs
appropriate since we strive to kegp the amount of
manually analysed training cbta to a minimum.
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Phoreme statistics are used in the experiments of
the current study.

Theimportance of the size of thetraining
material

In al regresson and classfication it is important
to asssssmodd performance using unseen data.
In this gqudy, the training material relies on
manual work which we, neallessto say, want to
minimise. Therefore, it is particularly interesting
to investigate how the prediction performance on
independent test data varies with the size of the
training set.

The data was consequently divided into ore
test set and a number of training sets of various
sizes. The test set corsisted o roughly 24,000
tokens and the full training set consisted o
75,000 tokens. There were thirteen training sets
of various dzes that were designed by addng
new data to the set last used, thus accumulating
more and more training dbta until the atire
training material was used. The test set and the
full training set were disunct.

Results

Figure 4 shows the test set rms errors for the
different type of modds as a function d the
training set size. The prediction errors using the
original one modd per formant (singe modd) are
indcated with damonds. The lowest error rates,
using the singe modd approach, are comparable
to those when testing and training onthe etire
data set. The test set rms errors are lessthan 10
Hz higher for all formants than the correspondng
training set errors depicted in Figure 2. This
means that there are very small differences
relatively seen except for F1. The modds appear
to be fully trained, with respect to the current test
sef, when some 40,000 tokens are used for
training. That is, no further improvement is
obtained when larger training sets are used.

The multiple modd results can also be seenin
Figure 4. The multiple modd results, with and
without the phore-specific statistics, are
indicated with squares and trianges, respectively.
Using a priori knowledge of the segment identity
reduces prediction errors as anticipated. We see
the largest gains using segment identity
information for F1 and F2. The maximally
trained modds yidd a seven to ten percent error
reduction rdative to the multiple modds with no
segment identity information.

The multiple modd approach performs
favourably compared to the sinde modd
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approach when applied to F1 and, in particular,
to F2. In the case of F1, the performance is
somewhat unstable for very small amounts of
training data. For moderate to large training sets,
the best multiple modds give about ten percent
lower errors than the singe modds. The most
dramatic improvement using multiple modds is
obtained for F2. The multiple modds using
phore-specific  statistics reduce the mean
prediction error with about 35-45% percent for
all training set sizes. The best modd set used to
predict F2 produces a rms error below 100 Hz
when applied to the test set.

There seans to be no @in in applying
multiple moddls in prediction d higher formants.
Given a reasonable amount of training chta, the
singe modds do just as wdl or better than the
multiple modds. Singe modds are probably
sufficient because the higher formants have
smaller variances relative to the centre
frequencies. Also, the more subtle impact on the
spectrum of the higher formants, especially on a
perceptually motivated scale, also makes it
harder to dstinguish in what frequency band they
arelocated.

Prediction results that can be anticipated from
Figure 2 are obtained when oy deven MFCCs
are used (nat shown in Figure 4). This
representation is better for small and moderate
size training sets predicting lower formant
frequencies. As the amount of training dhta
increases and the number of formants increases
larger numbers of coefficients can be mativated.
Prediction errors need nd be zero to be
negligible the perceptual limits are more
interesting. Therefore, the best results are
compared to formant frequency diff erence limens
which amount to 3-5% of the frequency
(Flanagan, 1955 Nord & Sventdius, 1979.
Table 2 compares the best results obtained with
multiple models for each formant using seventeen
MFCC coefficients and a priori knowledge about
segment identities to formant frequency limens.
The frequency limens are approximated as five
percent of the mean formant frequencies.

Table 2. BEST RMS. The best test set pre-
diction results using sevaiteen MFCCs, a
priori knoMedge abou segment identity and
multiple modds for each formant. LIMEN:
formant frequency difference limens approxi-
mated as 5% of the mean formant frequency
values.

F1 F2 | F3 F4
BEST RMS[HZ] | 52 97 | 155 | 186
LIMEN [HZ] 22 72 | 124 | 171
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Figure 4. Theroat meansguare arors in predicted formant frequencies of the test set as a function o
the size of the training material. The formant frequencies were predicted from 17 MFCCs. Diamonds
standfor single mode results, squares represent the multi model results and trianges correspondto
multi models complemented with phore-spedfic statistics.

Discussion

As mentioned in the introduction, we are
currently developing a trainable formant based
TTS system (Hogberg, 1997. Therefore, our
primary interest has been to find aut if multiple
linear regresson can provide formant predictions
that are precise enough to be useful for speech
synthesis. Table 2 indicates that the method still
needs ome refinement to reach a performance
where the arors are perceptualy insignificant. If
the precision could be somewhat improved this
method is potentially very useful considering its
robustness and the fact that only moderately
sized training corpora ae neaded. From Figure 4
we can see that some 30005000 tokens are
sufficient to train models that will explain a great
deal of the formant frequency variability. This
means that, in the current data base, only 20 - 40
utterances would have to be manually corrected.
Using limited amounts of data, more attention

could be paid to precision than has been dore in
the correction d the current data base. This
would probably decrease the prediction errors.
The training dita should be controlled for
phoretic balance to ensure sufficient coverage of
the acoustic space.

A potential problem is the influence of the
voice source. For instance, the tilt of the speech
spectrum changes with the closing characteristics
of the wvocal folds. Therefore, variation
contributed by this factor most certainly
influences the formant frequency prediction
However, an analysis dedicated to quantify the
voice source influence in the current prediction
framework is needed before we know the
importance of this gecific problem.

As regards the precision, some modifications
could be applied to the proposed multiple modd
approach. For instance, the probabilistic
modeling could be etended to substitute the
linear moddls entirely by creating a code book d
Gaussan probability density functions. The
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formant frequency would then be the sum of the
code book centroids weighted by their output
probabili ties for an doserved spectral vector.

An alternative to the probabilistic chaice of
mode would be to adapt an analysis-by-synthesis
procedure. Each modd would be evaluated by
mapping the predicted formant frequency back to
a spectral vector and, subsequently, picking the
modd yidding the spectral vector with the
small est distance from the original.

Figure 3 shows a prediction error that is
frequency dependent. It could be argued that this
is a consegquence of the uneven dstribution ower
the formant frequency range as depicted in
Figure 1. It is possble that the under-
representation d the extremes means that these
cases are less wel trained. However, some
preliminary experiments usinga priori knowedge
of the distribution to weight the training tokens
did na provide an improvement. These
experiments were rather crude, so more daborate
attempts using robust prediction should nd be
ruled aut.

Complementary techniques could be used for
further fine tuning d the formant frequencies in
appli cations demandng Fgh prediction precision.
Carlson & Glass (1992 proposed a method to
determine speech parameters adopting an
analysis-by-synthesis  approach. Synthetic
spectra were matched against real speech spectra
searching for optimal parameter values in an
iterative fashion. The starting guess for the
parameter values of the synthetic spectra were
provided by a rule based formant synthesiser.
Instead of using rules, we suggest that the initial
formant frequency estimates could be provided
by multiple linear regresson.

Further work might also be pursued on
speaker independent linear prediction d formant
frequencies.

Conclusions

In this gudy, we have confirmed that formant
frequencies can be predicted robustly from
coefficients of different spectral representations
using multiple linear regresson. The periments
we have described addressed issues concerning
the choice of spectral representation and modd
order, moddli ng extensions and the influence of
training set size.

Mde scaled filterbank  coefficients, the
correspondng cepstral coefficients and cepstral
coefficients derived from linear prediction were
compared. All three spectral representations
provided similar results when a relatively large
number of coefficients (>15) were used. The me
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based features provided better prediction modds
foo F1 and F2 when a smal number of
coefficients was used.

Further, we have etended the origina
regresson methodto account for multiple models
for each formant frequency in order to increase
the precision in the predictions. Using this
approach we could reduce the F2 rms error onan
independent test set with more than 40%. The
performance of the methodwas nat as impressve
when applied to the other formant frequencies.
We hypothesise that the relative success of
applying the multiple modd approach depends on
the width of the formant frequency ranges.

We have also taken a special interest in
relating the amount of training data to prediction
performance. It seems that moderate amounts of
training data (20-40 uterances) suffice to dotain
reasonable moddls. This means that only a small
amount of manual labour is needed to create
modd s tail ored to a new speaker.
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