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Numerous attempts have been made to find low-dimensional, formant-related representations of
speech signals that are suitable for automatic speech recognition. However, it is often not known
how these features behave in comparison with true formants. The purpose of this study was to
compare two sets of automatically extracted formant-like features, i.e., robust formants and HMM2
features, to hand-labeled formants. The robust formant features were derived by means of the split
Levinson algorithm while the HMM2 features correspond to the frequency segmentation of speech
signals obtained by two-dimensional hidden Markov models. Mel-frequency cepstral coefficients
~MFCCs! were also included in the investigation as an example of state-of-the-art automatic speech
recognition features. The feature sets were compared in terms of their performance on a vowel
classification task. The speech data and hand-labeled formants that were used in this study are a
subset of the American English vowels database presented in Hillenbrandet al. @J. Acoust. Soc. Am.
97, 3099–3111~1995!#. Classification performance was measured on the original, clean data and in
noisy acoustic conditions. When using clean data, the classification performance of the formant-like
features compared very well to the performance of the hand-labeled formants in a gender-dependent
experiment, but was inferior to the hand-labeled formants in a gender-independent experiment. The
results that were obtained in noisy acoustic conditions indicated that the formant-like features used
in this study are not inherently noise robust. For clean and noisy data as well as for the
gender-dependent and gender-independent experiments the MFCCs achieved the same or superior
results as the formant features, but at the price of a much higher feature dimensionality. ©2004
Acoustical Society of America.@DOI: 10.1121/1.1781620#

PACS numbers: 43.72.Ne, 43.72.Ar@DOS# Pages: 1781–1792
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I. INTRODUCTION

Human speech signals can be described in many di
ent ways~Flanagan, 1972; Rabiner and Schafer, 1978!. Some
descriptions are directly related to speech production, w
others are more suitable for investigating speech percep
Speech production is often modeled as a source signal f
ing into a linear all-pole filter. In terms of this model, th
phonetically relevant properties of speech signals are
resonance frequencies of the filter, also known as forma
The formant representation of speech signals is attractive

a!Electronic mail: F.de.wet@let.kun.nl
b!Electronic mail: weber@idiap.ch
c!Electronic mail: l.boves@let.kun.nl
d!Electronic mail: b.cranen@let.kun.nl
e!Electronic mail: bengio@idiap.ch
f!Electronic mail: bourlard@idiap.ch
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cause it is parsimonious yet powerful. For instance, it is w
known that the frequencies of the first two or three forma
are sufficient for the perceptual identification of vowels~Pols
et al., 1969; Flanagan, 1972; Minifieet al., 1973!. Many at-
tempts have therefore been made to exploit the formant
resentation in speech synthesis, speech coding and autom
speech recognition~ASR!.

A special reason why formants are attractive is their
lation, by virtue of their very definition, to spectral maxim
In the presence of additive noise, the lower energy region
the spectrum will tend to be masked by the noise energy,
the formant regions may stay above the noise level, eve
the average signal-to-noise ratio becomes zero or nega
~Hunt, 1999!. The formant representation may therefore
expected to be robust against additive noise. Automatic
extracted formant-like2 features have shown some potent
1781781/12/$20.00 © 2004 Acoustical Society of America
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for noise robustness in automatic speech recognition, e
cially when combined with nonparametric spectral featu
~Garner and Holmes, 1998; de Wetet al., 2000; Weberet al.,
2001a!.

Despite its apparent advantages, the formant represe
tion is not widely used in speech technology applications
this area, nonparametric representations of speech signa
most commonly used. Even if the estimate of the spec
envelope is derived from a parametric estimator such as
ear Predictive Coding~LPC! @which can be related to th
source-filter model of acoustic speech production~Markel
and Gray, 1976!#, speech systems avoid an explicit interpr
tation of the spectral envelope in terms of formants.

Given the explanatory power of the formant represen
tion in speech production and perception research, its
sence in speech technology seems awkward. One of the
sons why formants are not widely used in speech techno
is that there is no one-to-one relation between the spe
maxima of an arbitrary speech signal and the resonance
quencies of the vocal tract. The exact causes of the many
many mapping between spectral maxima and true form
need not concern us here. What is essential is that de
numerous attempts to build accurate and reliable autom
formant extractors~e.g., Flanagan, 1972; Rabiner and Sch
fer, 1978; Welling and Ney, 1996; Garner and Holmes, 19
Bazzi et al., 2003!, there are still no tools available that ca
automatically extract true formants from speech reliably. L
beling spectral maxima as formants is often only possibl
the phonetic label of the sound is known, because the spe
may contain a varying number of prominent maxima~Garner
and Holmes, 1998; Stevens, 1998!.

The many-to-many relation between spectral maxi
and true formants is not the only reason why speech tech
ogy systems avoid formant representations. Not all spe
sounds are equally well suited to be described in terms of
resonance frequencies of a linear all-pole filter. Nasals
fricatives, for example, can only be accurately describe
antiresonances are specified in addition to the resona
~Ladefoged, 1975; Stevens, 1998!. The voice source may
also contain spectral peaks and valleys that may affect
spectral peaks in the corresponding speech signals. T
even if it were possible to accurately and reliably label sp
tral maxima as formants, one would still be faced with t
fact that many portions of typical speech signals show fe
spectral maxima than the number of vocal tract resonan
predicted by acoustic phonetic theory. Most of the sea
algorithms that are used in ASR are designed to deal w
feature vectors of a fixed length. Formant extractors wh
do not yield a fixed number of spectral peaks labeled
formants for each data frame can therefore not be use
conjunction with standard ASR search algorithms.

If it is difficult, if not impossible, to consistently and
reliably extract true formants from arbitrary speech signa
the question arises whether the formant-like parameters
are delivered by one of the existing ‘‘formant’’ extractio
techniques are as versatile as the true vocal tract resona
To be useful for current ASR applications, a formant extr
tor must be guaranteed to deliver an equal number of
mant parameters for each speech frame. Moreover, if
1782 J. Acoust. Soc. Am., Vol. 116, No. 3, September 2004
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parameter values must have at least some relation to v
tract resonances, they must develop smoothly over time
this study two formant-like feature representations that fu
both these basic requirements were investigated: t
dimensional hidden Markov models~HMM2! ~Weberet al.,
2000! and robust formants~RFs! ~Willems, 1986!. The de-
tails of these techniques will be explained in Secs. II B a
II C.

The best way to compare the performance of autom
cally extracted formant-like features and true formants wo
be to evaluate their performance in a real ASR system. H
ever, all state-of-the-art ASR systems rely on very large c
pora to train probabilistic models in a fully automatic ma
ner. Obtaining corpora that are sufficiently large for AS
purposes is only feasible if no manual intervention is nee
in the acoustic analysis of the signals. Due to the lack
tools to compute true formants reliably and accurately,
perts are needed to add formant labels to the speech
training database. This makes it practically impossible
provide sufficiently large training corpora for the develo
ment of formant-based processing. Yet, the theoretical att
tiveness of the formant representation has motivated sev
attempts to overcome this hurdle.

One way to circumvent the problem that there are
databases with true formant labels that are sufficiently la
to train an ASR system, is to look for another task on wh
the representations can be compared, and from which
might draw inferences to realistic ASR tasks. Such a t
would, of course, require a suitably labeled database. On
the few corpora that does include hand-labeled formant
the American English Vowels~AEV! database presented i
Hillenbrandet al. ~1995!. The AEV data have been used fo
experiments with human and automatic vowel classificati
a task that is much simpler than continuous speech reco
tion. However, it is safe to assume that if a formant-li
representation fails to approach the same vowel classifica
performance as the true formants in the AEV database,
highly unlikely that such a representation could yield t
theoretical advantage expected from true formants on a m
realistic continuous speech recognition task.

Thus, the goal of the research reported in this paper
to investigate the degree to which formant-like features
approximate the performance of true formants in a vow
classification task, and to interpret the results in terms of
extent to which formant-like features can harness the th
retical advantages of true formants in ASR. More spec
cally, the aims of the research reported here are

~1! to investigate the degree to which RFs and HMM2 fe
tures resemble true formants.

~2! to compare the performance of true formants with R
and HMM2 features on a vowel classification task.
order to strengthen the link with current research
ASR, a set of nonparametric features, i.e., mel-freque
cepstral coefficients~MFCCs!, was also included in the
experiments. In addition, two different classificatio
techniques were used: Linear Discriminant Analy
~LDA ! and Hidden Markov Models~HMMs!. The out-
come of these experiments should indicate to what
de Wet et al.: Formant-like features for vowel classification
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tent a close relation between acoustic features and v
tract resonance frequencies is important for autom
vowel classification.

~3! to investigate the claim that formant-like features are
herently robust against additive noise, because they
related to the spectral maxima that will stay above
local spectral level of additive noise.

The rest of this paper is organized as follows: Section
briefly introduces the AEV database, the RF algorithm, a
the HMM2 feature extractor. Section III reports on the e
perimental setup and the results of the vowel classifica
experiments. The results are followed by a discussion
conclusions in Secs. IV and V, respectively.

II. DATABASE AND FORMANT EXTRACTION

A. Database of American English vowels

The speech material that was used in this study i
subset of the database of American English vowels~AEV!
presented in Hillenbrandet al. ~1995!. The AEV database
contains recordings of 12 vowels~/{, (, }, ,, Ä, Å, ), É, #, É,
|, Ç/! produced in isolated /h-V-d/ syllables by 45 men,
women, and 46 children. Various acoustic measurem
were made for each token in the database, including vo
duration, vowel steady-state times,3 formant tracks, and fun-
damental frequency tracks.

To obtain the formant tracks, candidate formant pe
were first extracted from the speech data by means of a 1
order LPC analysis. These values were subsequently ed
by trained speech scientists. The formant tracks were o
hand-edited between the start and end times of the vow
i.e., the formants corresponding to the leading /h/ and trai
/d/ of the /h-V-d/ syllables were not manually labeled. On
the formant tracks corresponding to the vowel sections of
/h-V-d/ sections were therefore used in the classification
periments described in Sec. III.

Where irresolvable formant mergers occurred, Hille
brandet al.put zeros into the higher of the two formant slo
affected by the merger. In order to use the vowels contain
mergers for our classification experiments, we replaced
zeros by the frequency value in the lower formant slot, i
two equal values were used. Irresolvable mergers occurre
about 4% of the vowel tokens.

In the Hillenbrand study, F1, F2, and F3 were measu
for all the signals. F4 tracks were only measured if they w
clearly visible in the peaks of the LPC spectrum. In 15.6%
the utterances, F4 could not be measured. For the purpo
the current investigation, we therefore decided to limit t
scope of the hand-labeled formant feature set to the first t
formants. In addition, we decided to use an equal numbe
male and female utterances and not to use the children’s d
The latter decision was made because it could not be g
anteed that the two automatic formant extractors co
handle children’s speech appropriately.

The mean values that were measured for the first th
male and female formants were all well below 4 kHz~Hill-
enbrandet al., 1995!. We therefore decided to downsamp
the original 16 kHz speech data to 8 kHz. Furthermore,
J. Acoust. Soc. Am., Vol. 116, No. 3, September 2004
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acoustic analyses in our experiments adhered to the s
time resolution used by Hillenbrandet al. Specifically, all
analyses used a frame rate of one frame per 8 ms. This
lows a frame-to-frame comparison of the hand-labeled f
mants with the formant-like features generated by the t
automatic extraction techniques. Finally, in keeping w
what has become standard practice in ASR, the formant
quencies were mel-scaled before they were used in the c
sification experiments4 ~Davis and Mermelstein, 1980
Rabiner and Juang, 1993!.

B. Robust formant algorithm

The robust formant~RF! algorithm was initially de-
signed for speech coding and synthesis applicati
~Willems, 1986!. The algorithm uses the split Levinson alg
rithm ~SLA! to determine a fixed number of spectral maxim
for each speech frame~Delsarte and Genin, 1986!. Instead of
directly applying a root solving procedure to the LPC po
nomial, a so-called singular predictor polynomial is co
structed from which the zeros are determined in an itera
procedure. The iterative procedure guarantees that the n
ber of complex conjugate pairs of zeros is always equa
half the LPC order, provided that the order is even. Thus,
algorithm will always return the same number of paramete
Moreover, since the procedure tends to spread the z
evenly on the unit circle, it enforces a large degree of co
nuity in the parameter tracks~as a function of time!. After the
frequency positions of the RF features have been establis
their corresponding bandwidths are chosen from a predefi
table such that the resulting all-pole filter minimizes the er
between the predicted data and the input.

A potential disadvantage of the SLA is that it cann
handle formant mergers in a way that resembles the pro
dure used in Hillenbrandet al. ~1995!. Because of the ten
dency of the SLA to distribute poles uniformly along the un
circle, formant mergers are likely to result in one or tw
‘‘resonances’’ that are shifted away~in frequency! from the
true resonances of the vocal tract.

As was mentioned in the previous section, the scope
this study is limited to the frequency range between 0 an
kHz and to the values of the first three formants. However
the AEV database the mean value~taken over all the relevan
data! of F4 is 3.536 kHz~s5135.5! for males and 4.159 kHz
~s5174.7! for females. This implies that, for some of th
vowels produced by male speakers, the frequency band
tween 0 and 4 kHz may contain four vocal tract resonan
instead of three. An automatic formant extraction proced
applied to the AEV data should therefore be able to deal w
a potential discrepancy between the true number of forma
in the signal and the requirement that only the first th
formants must be returned. For the RF extractor, the simp
way to cope with this requirement is to use a sixth-order L
analysis.5 However, the accuracy of the LPC analysis
bound to suffer if a sixth-order analysis is used to analy
spectra with four maxima, because two complex poles
usually required to model each spectral peak~Stevens,
1998!. In these cases an eighth-order LPC seems more
propriate, although it introduces the need to select three
from the set of four.
1783de Wet et al.: Formant-like features for vowel classification
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Given these constraints, there are a number of poss
choices that can be made concerning the calculation of
RFs. We considered two of these:~1! calculate three RF fea
tures per frame~RF3!; ~2! calculate four RF features pe
frame and use only the first three~3RF4!. These two sets o
RF features were calculated every 8 ms over 16 ms H
ming windowed segments. We subsequently calculated
Mahalanobis distance between the hand-labeled form
~HLFs! and the RF3 and 3RF4 features, respectively. T
Mahalanobis distance between two distributions is define
~Dudaet al., 2001!:

r 25~x2m! t( 21~x2m!. ~1!

The mean Mahalanobis distance~across all vowels! be-
tween the HLFs and the two sets of robust formants
given in Table I. The results in Table I show that the R
features are closer to the HLFs if the order of the analy
corresponds to the inherent signal structure. If there is a m
match between the number of spectral peaks the algor
tries to model and the number of spectral maxima that a
ally occur in the data, the distance between the RFs
HLFs increases. In the rest of this paper we will pres
results for both gender-dependent and gender-indepen
data sets. Because the RF3 features yielded the smalles
halanobis distance for the mixed data set, these will be u
in the gender-independent experiments. In the gen
dependent experiments, the RF3 and 3RF4 features wil
used for the female and male data, respectively.

C. The HMM2 feature extractor

HMM2 is a special mixture of hidden Markov mode
~HMMs!, in which the emission probabilities of a conve
tional, temporal HMM are estimated by a secondary HM
~Weber et al., 2001b!. As shown in Fig. 1, one secondar

TABLE I. Mean Mahalanobis distance between the hand-labeled form
and the RF features.

Gender RF3 3RF4

Male 3.5 2.1
Female 1.6 5.3
All 1.9 3.0

FIG. 1. Left panel: Schematic representation of an HMM2 system in
time/frequency plane. The left–right model is the temporal HMM with
top–down frequency HMM in each of its states. Right panel: Example
temporal ‘‘FF’’ vector ~left! as emitted by a frequency HMM. Each of th
squares in this feature vector corresponds to a four-dimensional subve
Gray arrows indicate the frequency positions at which transitions betw
the different frequency HMM states took place. The corresponding ind
form an HMM2 feature vector~right!.
1784 J. Acoust. Soc. Am., Vol. 116, No. 3, September 2004
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HMM is associated with each state of the temporal HM
While the conventional HMM works along the temporal d
mension of speech and emits a time sequence of feature
tors, the secondary HMM works along the frequency dime
sion, and emits a frequency sequence of feature vec
provided that features in the spectral domain are used.

In fact, each temporal feature vector can be seen a
sequence of subvectors. The subvectors are typically l
dimensional feature vectors, consisting of, for example
coefficient, its first- and second-order time derivatives, a
an additional frequency index~Weberet al., 2001c!. If such a
temporal feature vector is to be emitted by a specific tem
ral HMM state, the associated sequence of frequency sub
tors is emitted by the secondary HMM associated with
corresponding temporal HMM state. Therefore, the seco
ary HMMs ~in the following also called frequency HMMs!
are used to estimate the temporal HMM state likelihoods
turn, the frequency HMM state likelihoods are estimated
Gaussian mixture models~GMMs!. As a consequence
HMM2 can be seen as a generalization of conventio
HMMs, where higher dimensional GMMs are directly us
for state emission probability estimation.

Frequency filtered filterbanks~FFs! ~Nadeu, 1999! are
typically used as features for HMM2, because they are co
paratively decorrelated in the spectral domain. In cert
ASR tasks, the baseline performance of the FF coefficie
has been shown to be comparable to that of other wid
used state-of-the-art features such as MFCCs~Nadeu, 1999!.
For the HMM2 systems that were used in this study, a
quence of 12 FF coefficients was calculated every 8
While a larger number of FF coefficients could possibly
advantageous, this number was chosen in order to make
number of features used for HMM2 comparable to that c
ventionally used in HMMs. Together with their first- an
second-order time derivatives plus an additional freque
index, these FF coefficients form a sequence of 12 fo
dimensional subvectors. Each square in the vector lab
‘‘FF feature vector’’ in Fig. 1 therefore represents a fou
dimensional subvector.

Speech recognition with HMM2 can be done with th
Viterbi algorithm, delivering~as a by-product! the segmenta-
tion of the signal in time as well as in frequency. The fr
quency segmentation of one temporal feature vector refl
its partitioning into frequency bands of similar energy. Su
posing that certain frequency HMM states model frequen
bands with high energy~i.e., formant-like regions! and others
those bands with low energies, the Viterbi frequency s
mentation could be interpreted as an alternative way to r
resent formant-like structures.

For each temporal feature vector, we determined fr
the Viterbi segmentation at which point in frequency~i.e.,
between which subvectors! a transition from one frequenc
HMM state to the next took place. For example, in Fig. 1 t
first HMM2 feature vector coefficient is 3, indicating that th
transition from the first to the second frequency HMM sta
occurred before the third subvector. In the case of four f
quency HMM states connected in a top–down topology~as
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seen in Fig. 1!, we therefore obtain three integer indices~cor-
responding to precise frequency values!. In our classification
experiments, these indices were used as three-dimens
feature vectors in a conventional HMM.

HMM2 design options

The design of an HMM2 system can vary substantia
depending, for example, on the task and on the data
model. There are a number of design options which de
mine the performance of an HMM2 system. These inclu
issues likemodel topology~which needs to be considere
both in the time and the frequency dimension!, the addition
of frequency indices, different initialization possibilities, as
well as different~combinations of! segmentation strategie
that can be applied fortraining and testpurposes. These
design options are discussed in detail in Weber~2003!.

The models that were used to obtain the results repo
on in Sec. III all had a three-state, left–right topology in t
time domain and a four-state top–down topology in the f
quency domain. Frequency indices were included as a
tional feature components in the frequency subvectors.
initialization of the gender-independent HMM2 models w
based on the assumption of alternating high and low ene
frequency HMM states. The gender-dependent models w
initialized according to the hand-labeled formant freque
cies’ segmentation. The HMM2 features that were used
training were obtained by means of forced alignment wh
those that were used for testing were obtained from a
recognition. Training and testing were done with HT
~Young et al., 1997! and the HMM2 systems were realize
as a large, unfolded HMM, which is possible when introdu
ing synchronization constraints~Weberet al., 2001b!.

Finally, it should be pointed out that results from a pr
vious study have shown that adding first-order time deri
tives does not improve the classification performance
HMM2 features on the AEV database~Weberet al., 2002!.
In that study, it was argued that this result can be attribu
to the nature of the AEV data, exhibiting only very few spe
tral changes~see Sec. III A 2 for a graphical illustration!, in
conjunction with the very crude nature of the HMM2 fe
tures. Often, the frequency segmentation of one phon
would be the same for all time steps, resulting in zero-valu
time derivatives. In other cases, oscillations between
neighboring segmentations were observed, which g
equally meaningless derivatives.

III. EXPERIMENTS AND RESULTS

In the following, the design, execution, and results of t
vowel classification experiments are described. In Sec. II
the first question posed in Sec. I is addressed, i.e., to w
extent the features yielded by the two automatic form
extractors resemble the hand-labeled formants in the A
database. The design of the classification experiments is
sequently described in Sec. III B. Section III C reports on
Linear Discriminant Analysis~LDA ! classification results
The LDA experiments enable us to relate our results to th
reported in Hillenbrandet al. ~1995!. The results of the
HMM classification experiments are presented in Sec. III
J. Acoust. Soc. Am., Vol. 116, No. 3, September 2004
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The HMM experiments were conducted in order to det
mine whether the classification performance of hand-labe
formants with LDA generalizes to the classification perfo
mance obtained with the maximum likelihood~ML ! proce-
dures that are dominant in the ASR community. Finally, S
III E reports on the classification performance of the au
matically extracted formant-like features in~simulated! noisy
acoustic conditions.

A. How formant-like are RFs and HMM2 features?

There are no generally accepted procedures to asses
degree to which formant-like features resemble true f
mants. In this study we approached the problem in t
complementary ways: by means of a formal distance m
sure that captures the goodness-of-fit in a single meas
and by means of a graphical illustration of the physical n
ture of the differences that underlie the summary measu

1. Statistical distance
The Mahalanobis distance was introduced in Sec. II B

a means to select the RF feature sets that were closest to
hand-labeled counterparts, in terms of statistical distan
The minimum values from Table I are repeated in Table
together with the mean Mahalanobis distances between
HLFs and the HMM2 features. The values in Table II clea
indicate that, in terms of statistical distance, the RFs
more similar to the HLFs than the HMM2 features.

2. Graphical illustration
Some of the issues involved in comparing HLFs, RF

and HMM2 features can be illustrated by means of a typi
example, in the form of a representative token of the vow
/É/. Figure 2 shows the HLF tracks corresponding to a
male pronunciation of the vowel overlaid on a spectrogr
representing the frequency range between 0 and 4000 H

The same example was used to create the graphs in
3. In each of the subplots in Fig. 3, they axis corresponds to
frequency index, thex axis to time, and darker shades of gra
to higher intensity levels. Figure 3~a! shows the same HLFs
as in Fig. 2, but overlaid on the mel-weighted log-ener
within each frame. The mel-scaled filterbank that was use
obtain the energy values consisted of 14 filters that w
linearly spaced in the mel frequency domain between 0

TABLE II. Mean Mahalanobis distance between the hand-labeled forma
RFs and HMM2 features.

Gender RF HMM2

Male 2.1 8.0
Female 1.6 9.1
All 1.9 5.6

FIG. 2. HLF tracks corresponding to a female pronunciation of the vo
/É/.
1785de Wet et al.: Formant-like features for vowel classification



ro-
FIG. 3. Feature tracks corresponding to a female p
nunciation of the vowel /É/: ~a! HLFs overlaid on the
mel-scaled log-energy of each frame,~b! the same
HLFs on the corresponding FF features;~c! RFs on the
mel-scaled log-energy of each frame, and~d! HMM2
feature tracks on FF features.
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2146 mel~corresponding to the frequency range betwee
and 4000 Hz, as in Fig. 2!. Figure 3~b! shows the HLFs
overlaid on 12 FF features, which were derived form the
filterbank values, and which were used to train the HMM
feature extractor. It can be seen that, while the HLFs foll
spectral maxima in the filterbank domain, they are position
at the transitions from low to high intensity regions in the
domain. Figure 3~c! shows the tracks of the RF feature
overlaid on the mel-scaled filterbank features, while Fig. 3~d!
shows the HMM2 feature tracks overlaid on FF features.

The data in Fig. 3 show that the RF feature tracks
fairly similar to the HLFs. Most importantly, there are n
obvious examples of missing formants or wrong labels. T
RF features exhibit more frame-to-frame variation than th
hand-labeled counterparts. In this example, the LPC sp
trum of the vowel contained multiple peaks in the F2–
region, while the human labelers consistently preferre
peak at a lower frequency than the RF procedure. We h
not been able to verify whether this type of frame-to-fram
variation is related to those parts of the vowels in which
human labelers found it most difficult to find the ‘‘correc
spectral peaks. It is also not clear whether this variation
affected the classification performance of the RF featu
relative to the more smooth HLF features. During norm
human speech the articulators move relatively slowly. T
smooth HLF feature tracks therefore seem to be more p
sible than the slightly more ‘‘noisy’’ RF features. The sho
term variations in the RF features are the result of the
tempt of the low-order LPC analysis to account for t
spectral envelope in the original acoustic signal, which is
only determined by the vocal tract resonances, but also
the excitation. For the RF extractor to yield feature tracks
smooth as the HLF an additional smoother would have to
applied to the raw RF values.

The HMM2 features are very crude and do not resem
either the HLF or the RF tracks. The crudeness is due to
fact that the HMM2 features are derived from 12 FF featur
instead of spectral envelopes sampled at multiple equidis
frequencies. However, the feature tracks in Fig. 3~d! indicate
that, for the example utterance illustrated in the figure,
HMM2 method succeeded in separating high from low
1786 J. Acoust. Soc. Am., Vol. 116, No. 3, September 2004
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tensity regions in the FF domain. While the first and th
HMM2 feature tracks are roughly situated near formant p
sitions~corresponding to the transition between low and h
intensity in the FF domain, and to spectral peaks in the sp
trogram!, the HMM2 track in the middle can be supposed
correspond to a spectral valley. General trends present in
signal ~such as the upward tendency for the highest form
at the end of the vowel! are also reflected by the HMM2
tracks.

For other data examples, unexpected transitions and
cillations of the HMM2 feature tracks were also observe
These effects are explained in more detail in Weber~2003!.
However, for most examples, one or two HMM2 featu
tracks correspond to a certain degree~given their low accu-
racy, which is limited by the low frequency resolution of th
FF features! to the HLFs, while another one frequently co
responds to a spectral valley.

B. Experimental setup

Given the fact that the AEV database is quite small
three-fold cross-validation was used for the classification
periments. The classifiers~LDA and HMM! were trained on
two subsets of the data, and tested on the third one. T
each experiment consisted of a number of independent t
Moreover, all tests were performed in two condition
gender-independent and gender-dependent. The gen
independent data sets were defined as three nonoverlap
train/test sets, each containing the vowel data of 60~train!/
30~test! speakers, with an equal number of males and
males in each set. For the gender-dependent data, three
pendent train/test sets were defined for males and fem
separately. Each train/test set consisted of 30~train!/15~test!
speakers. For the gender-independent data sets, the cla
cation results reported in the following correspond to t
mean value of the three independent tests. The gen
dependent results were obtained by averaging the classi
tion results of six independent experiments~three male and
three female!.

Five different feature sets were used to conduct
vowel classification experiments, i.e., hand-labeled forma
de Wet et al.: Formant-like features for vowel classification
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~HLFs!, robust formants~RFs!, HMM2 features, and two
sets of mel-frequency cepstral coefficients~MFCCs!. The
MFCCs were included as an example of acoustic featu
that are commonly used in ASR applications. MFCCs
scribe the spectral envelope in a small number of orthogo
coefficients ~Davis and Mermelstein, 1980; Rabiner an
Juang, 1993!. Usually, 10 to 15 MFCCs are needed to obta
a sufficiently accurate description of the spectrum. The fi
set of MFCCs that was used in this study, MFCC12, c
sisted of 12 MFCCs (c1 ...c12).

6 However, the MFCC12 fea
ture set contains four times as many coefficients as the H
RF, and HMM2 representations. We therefore decided to
ate a three-dimensional MFCC set, MFCC-LDA3, by pr
jecting the twelve-dimensional MFCCs into a thre
dimensional feature space. In order to accomplish
transformation, an appropriate transformation matrix was
rived from the relevant training data by means of LDA.

C. LDA classification results

This section reports on an experiment that compares
performance of RFs, HMM2, and MFCC features to the p
formance of HLF features on a task that is very similar to
one described in Hillenbrandet al. ~1995!. In contrast with
the original study, we used an LDA@instead of quadratic
discriminant analysis~QDA!#, we included all vowels,7 and
we used only the adult speakers’ data. To maintain
equivalence between the LDA experiments described h
and the corresponding experiments with HMMs that are
scribed in Sec. III D, we used the three-fold cross-validat
scheme described in Sec. III B for training and testing~in-
stead of a leave-1-out jackknifing procedure!. As in Hillen-
brand’s study, we investigated classification performance
a single set of formant values determined in the vowel ste
state ~stst!, pairs of formant values measured at 20% a
80% of the vowel duration~20%80%!, and triplets in which
the steady state value was added to the values at 20%
80% of the vowel duration~20%stst80%!.

The classification rates obtained for the gend
independent data are given in Table III and those for
gender-dependent data in Table IV. Table III also conta

TABLE III. LDA classification results~% correct!: gender-independent data

Feature type stst 20%80% 20%stst80%

Hillenbrand 81.0 91.6 91.8
HLF 77.0 ~62.5! 91.4 ~61.7! 91.9 ~61.6!
RF 63.4 81.8 83.0
HMM2 31.7 48.7 52.2
MFCC12 73.1 90.5 91.2
MFCC-LDA3 67.3 88.3 90.1

TABLE IV. LDA classification results~% correct!: gender-dependent data

Feature type stst 20%80% 20%stst80%

HLF 79.4 ~62.4! 93.6 ~61.5! 93.8 ~61.4!
RF 76.1 91.2 92.0
HMM2 48.5 60.1 63.8
MFCC12 81.7 94.5 94.2
MFCC-LDA3 73.9 92.3 93.5
J. Acoust. Soc. Am., Vol. 116, No. 3, September 2004
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the results from the QDA experiments reported in Hille
brandet al. ~1995!. The results show that our results for th
HLF features, obtained with a simpler discriminant analy
technique, are very close to Hillenbrand’s results. Hum
classification for the same data~based on the complete /h
V-d/ utterances! was 95.4% correct~Hillenbrand et al.,
1995!. The results in Tables III and IV indicate that th
vowel classes can be separated reasonably well~in compari-
son with human performance! by the steady state values o
their first three formants. Information about patterns of sp
tral change clearly enhances the distinction between clas

As our goal was to compare the performance of the H
features with that of the other features, the 95% confide
intervals corresponding to the HLF results are indicated
parentheses. The values in Tables III and IV show that, w
the exception of the MFCC12 features, the HLF featu
outperform all the other features in terms of vowel class
cation rate. The difference between HLF and the other res
is much larger for the gender-independent experiments t
for the gender-dependent experiments. This difference is
pecially evident for the RF features: for the gende
independent experiments the HLF features outperform
RF features by more than 10%~absolute!, whereas the cor-
responding difference for the gender-dependent experim
is less than 3%~absolute!.

The data in Tables III and IV also show that the clas
fication performance of the HMM2 features is substantia
lower than the results obtained for the other feature sets. T
observation indicates that the vowel classes are not line
separable given these features at just one, two, or three
ferent instances in time. While the HMM2 features at a
given moment may not be sufficient to discriminate betwe
the vowel classes, the additional information required to
so may be provided by a complete temporal sequence
HMM2 features. This presupposition will be investigated
the following section within the framework of HMM recog
nition.

The MFCC12 features achieve classification rates t
compare very well with those of the HLF features. Althou
they perform slightly better than the HLF features in t
gender-dependent experiments, this difference is not sig
cant. This result indicates that, for the current vowel clas
fication task, three HLF features and 12 MFCCs are equ
able to discriminate between the vowel classes. The th
dimensional MFCCs outperform both the RFs and
HMM2 features and their classification performance is o
slightly inferior to the classification rate achieved by t
MFCC12 features.

D. HMM classification rates on clean data

The classification rates in Tables III and IV were o
tained by means of a LDA. In discriminative training alg
rithms such as LDA, the aim of the optimization function
to achieve maximum class separability by finding optim
decision surfaces between the data of the different clas
However, the recognition engines of most state-of-the
ASR systems are trained using a ML optimization criterio
The training algorithms therefore learn the distribution of t
data without paying particular attention to the boundar
1787de Wet et al.: Formant-like features for vowel classification
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between the different data classes. Although discrimina
training procedures have been developed for ASR, they
not as commonly used as their more straightforward M
counterparts~e.g., Juanget al., 1996!. The LDA classifica-
tion described in Sec. III C also required a time-domain s
mentation of the data. In real-world applications this kind
information will not be available. The aim of the next expe
ment is therefore to evaluate the classification performa
of the different feature sets using HMMs that were deriv
by means of ML training.

Toward this aim, we compared the vowel classificati
rates achieved by the five feature sets used in the LDA
periments. With the exception of the HMM2 features, t
first-order time derivatives of all the features were also
cluded in the acoustic feature vectors. Since in mainstre
ASR it is usual to add overall energy to MFCC features,
extended the MFCC12 vectors to MFCC13 by addingc0 .
The resulting feature vector dimensions for the HLF, R
HMM2, MFCC13, and MFCC-LDA3 features were ther
fore 6, 6, 3, 26, and 6.

Classification experiments were conducted using b
the gender-independent and the gender-dependent data
defined in Sec. III B. For each of the vowels in the AE
database and for each acoustic feature/data set combina
a three state HMM was trained. The EM algorithm imp
mented in HTK was used for the ML training~Young et al.,
1997!. Each HMM state consisted of a mixture of ten co
tinuous density Gaussian distributions. The results of
classification experiments are shown in Table V. Once ag
the 95% confidence intervals corresponding to the HLF
sults are indicated in parentheses. The values in the last
umn of Table V correspond to the dimensions of the differ
feature sets.

According to the results in Table V, the HLF featur
consistently achieved classification rates of almost 90%
rect. Even though these values are significantly lower t
those measured in the LDA experiments, they do indic
that, in principle, the HLF features are suitable to be used
features in combination with state-of-the-art ASR metho
i.e., using HMMs, ML training, and Viterbi classification.

A remarkable difference between the LDA and HM
experiments is the excellent classification rate achieved
the HMM2 features: these features perform much bette
combination with HMMs than with LDA. Table V show
that, for the gender-dependent data, the HMM2 features
only outperform the MFCC-LDA3s but also approximate t
performance of the HLF and RF features, in spite of th
lower feature dimensionality.

The data in Table V also show that, for the current vow

TABLE V. HMM classification results~% correct! for gender-independen
and gender-dependent data.

Feature type Gender-independent Gender-dependent Feature dim

HLF 87.7 ~62! 89.6 ~61.8! 6
RF 84.1 90.5 6
HMM2 77.0 87.2 3
MFCC13 92.3 92.1 26
MFCC-LDA3 79.9 81.6 6
1788 J. Acoust. Soc. Am., Vol. 116, No. 3, September 2004
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classification task, HLF features compare very well w
MFCCs. Although the MFCC13 features outperform th
HLF counterparts on both gender-independent and gen
dependent data, this is at the price of a much higher fea
dimensionality. MFCCs with the same dimension~MFCC-
LDA3! perform significantly worse than both MFCC13 an
HLF. In contrast to what was observed for the LDA expe
ments, the RFs and HMM2 features also perform much b
ter in comparison with the MFCC-LDA3 features.

A comparison between the gender-independent
gender-dependent results shows that, in general, the gen
dependent systems work better, even in the case of H
features. This observation is in good agreement with the
sults of the LDA experiments. Another similarity betwee
the HMM and LDA results is the fact that the classificatio
performance of the automatically extracted formant-like fe
tures are especially gender-dependent. Although not to
same extent as the formant-like features, the performanc
the MFCC-LDA3 features is also enhanced by using gend
specific modeling. Only the performance of the MFCC
features seems to be insensitive to gender differences.
MFCC13 features are probably less sensitive to the gen
dependent properties of the data because, in addition to
formation on the formants, they also contain informati
about spectral level and general spectral shape.

E. HMM classification rates on noisy data

In this experiment, the models trained on the MFCC1
RF, and HMM2 features that were used for the experime
described in Sec. III D, were tested in noise. The HLF fe
tures could not be included in this experiment, because it
not possible to obtain hand-labeled formants for the no
data. The models were trained on clean data only and n
acoustic conditions were simulated by artificially addi
babble and factory noise to the test data at SNRs of 18, 1
and 0 dB. The babble and factory noise were both taken fr
the Noisex CD~Noisex, 1990!. The Noisex babble noise
contains speech from many different people speaking sim
taneously and individual speakers and utterances canno
discerned from the hubbub. As a result, the signal powe
fairly constant and the long-term spectrum is quite flat. T
long-term spectrum of the Noisex factory noise also does
exhibit any significant peaks. However, the factory noise
not stationary; it contains a number of hammer blows a
other noise bursts.

Figure 4 gives an overview of the classification perfo
mance of gender-dependent models tested in noise. Cla
cation rate is shown as a function of SNR for both bab
and factory noise. Similar, but slightly inferior, results we
obtained for the gender-independent models.~These results
are not shown here.!

In Sec. I it was argued that, in the presence of addit
noise, the lower energy regions in speech spectra will ten
be masked by the noise energy, but that the formant reg
~spectral maxima! may stay above the noise level, even if th
average signal-to-noise ratio becomes zero or negative.
line of reasoning gave rise to the hypothesis that a repre
tation in terms of formants or formant-like features should
comparatively robust against additive noise. However,

sion
de Wet et al.: Formant-like features for vowel classification
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26
FIG. 4. Average classification rates~% correct! for
gender-dependent models trained on clean MFCC
~1!, RF ~* !, and HMM2 ~s! features and tested in
babble~left panel! and factory~right panel! noise. The
corresponding feature vector dimensions are
~MFCC13!, 6 ~RF!, and 3~HMM2!.
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results in Fig. 4 do not support this hypothesis. In fact,
figure shows that the recognition performance of all th
systems deteriorates in noise. While the performance of
different features is comparable at SNRs of 18 dB a
higher, at lower SNRs the performance degradation of
MFCC13 features seems less severe than that of the form
related features. To a certain extent, this result may be
plained by the fact that the MFCC13 system has a total o
feature components at its disposal, while the dimensiona
of the RF and HMM2 systems is restricted to 6 and 3,
spectively. The higher-order MFCCs—which may conta
redundant information in clean conditions—seem to be be
at maintaining system performance in adverse acoustic
ditions. However, no analysis was done to determine to w
extent the errors made when using the different features
complementary. It was also not investigated whether cla
fication performance could be improved by using a com
nation of different feature streams.

For all three systems the drop in recognition rate is m
severe in factory noise than in babble noise. Factory no
also seems to affect the RF features more than HMM2.
type of performance degradation shown in Fig. 4 is equi
lent to results obtained for other databases in compar
simulations of noisy conditions~e.g., de Wetet al., 2000!.

In principle, the argument that spectral maxima may s
above the noise level seems to be plausible. However, the
features~which are supposed to model spectral maxima of
all-pole signal! clearly fail in noisy acoustic conditions. Thi
observation suggests that the RF algorithm is ‘‘misled’’
the added noise, such that it is no longer capable to find
spectral maxima that correspond to the formants. The no
the signal, the more the all-pole character of the speech
nal disappears. Consequently, the fixed order all-pole mo
of the RF-algorithm is no longer able to estimate the para
eters of the underlying speech production system, and
RF-extractor is turned into a parametric estimator of
peaks in a spectral envelope, the details of which are incr
ingly determined by the noise.

The failure of the HMM2 system at low SNRs may b
explained as follows: for heavily degraded speech, the n
J. Acoust. Soc. Am., Vol. 116, No. 3, September 2004
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ber of recognition errors made by the HMM recognizer e
bedded in the feature extractor is bound to increase. A
result, the corresponding HMM2 features will be calculat
by the ‘‘wrong’’ HMM2 feature extractor, i.e., the HMM2
model corresponding to the wrong phoneme will give t
best likelihood score and will therefore be chosen for feat
extraction. Recognition errors made by the HMM2 featu
extractor and the conventional HMM recognizer~which uses
the erroneous HMM2 features! accumulate, which will forc-
ibly lead to severe degradations at low SNRs.

IV. DISCUSSION

One of the aims of this study was to investigate t
degree to which RFs and HMM2 features resemble true
mants. The statistical distances and graphical illustrati
provided in Sec. III A showed that, of the two automatica
extracted formant-like feature sets, the RFs are more sim
to the HLFs than the HMM2 features. In fact, the automa
cally extracted RF features resembled the HLF features q
closely, provided that the RF algorithm was given prior i
formation about the gender of the speaker. This informat
helps the RF algorithm to avoid one of the most importa
errors in automatic formant assignment, i.e., labeling sp
ous peaks as formants, with the results that all higher-or
formants in the frame are labeled incorrectly.

Although HMM2 can, in principle, be used as an es
mator of true formants, the implementation of HMM2 th
was used in this study is not a formant extractor in the cl
sical sense. Because the HMM2 features were derived fro
12-parameter frequency filtered filterbank, they are inh
ently very coarse. However, the coarse quantization of
HMM2 features is not an intrinsic limitation of this approac
to the representation of spectral envelopes. Rather, it is
of the implications of the way in which the current version
HMM2 has been implemented. Other implementatio
which use filters with much narrower pass bands than the
critical band filters used in this study, should be investigat

In our comparison of the performance of true forman
RFs, and HMM2 features on a vowel classification task,
1789de Wet et al.: Formant-like features for vowel classification
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following observations were made. For the gender-depen
data the overall classification performance obtained for
20%stst80% condition with LDA is better than the results
the HMM classifiers. For the gender-independent data
difference is not equally clear. Apparently, removing t
overlap between different vowels from males and fema
helps the LDA to find an optimal class separation. The M
classifier implemented by the HMMs seems to be less p
erful in this regard.

The most salient difference between the LDA and HM
results concerns the classification rates that were obtaine
the HMM2 features. While the HMM2 results for the HMM
classifier are comparable with the corresponding HLF
sults, the LDA classifier does not seem to be able to dis
guish between the vowel classes if it is trained on HMM
features. This result indicates that it is not possible to dis
guish between the vowel classes in the coarsely quant
HMM2 feature space when only a few points~in time! are
taken into consideration. Due to the coarseness of
HMM2 features, HMM2 feature tracks may change rath
abruptly at any point in time. For example, an abrupt cha
may occur before the 20% duration point for some pron
ciations of a certain phoneme and after the 20% dura
point for other pronunciations of the same phoneme. T
LDA classifier does not seem to be able to deal with th
differences. The HMM classifier, on the other hand, is able
handle these changes in the data because it classifies vo
in terms of a complete temporal sequence of HMM2 fe
tures.

In both the LDA and the HMM classification exper
ments, the classification rates measured for the gen
dependent data sets were higher than the correspondin
sults for the gender-independent data sets. Classifica
performance is determined by two factors, i.e., the degre
estimation noise in the features and the overlap between
vowels in the feature space. The observation that the a
matically extracted formant-like features generally yield
much better results for the gender-dependent data sets
be explained by the fact that the vowel classes are be
separated in a gender-dependent feature space. Howeve
RF and HMM2 features clearly benefit more from the gen
separation than the HLF and MFCC features. This sugg
that, for the RF and HMM2 features, the gender separa
also achieved a certain degree of reduction in estima
noise in the features themselves.

The classification experiments also showed that the
ference between the gender-dependent and gen
independent results was much smaller for the HLF featu
than for the other feature representations. This observa
can probably be explained by the fact that the human labe
knew the gender of the speakers. The labelers also knew
identity of the tokens while they were assigning the form
labels. This gives the HLF features another advantage o
the automatically derived features: these either rely on
perfect classification results~in the case of HMM2! or have
no knowledge about the token for which feature extraction
attempted~in the case of the RF features!. However, a com-
parison of the results obtained with HLF and gend
dependent RF features suggests that, for the vowel clas
1790 J. Acoust. Soc. Am., Vol. 116, No. 3, September 2004
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cation task investigated in this study, the advantage of ex
knowledge is rather small when the gender of the speake
taken into account by the automatic feature extraction pro
dures. This observation may not generalize to other d
bases. Especially in fluent, continuous speech the phon
context of the vowels will be richer and have a bigger imp
on the spectral envelopes. After all, the /h-V-d/ context w
chosen to minimize coarticulation effects, which will be e
pecially cumbersome for automatic~and manual! formant
extraction, e.g., in the case of nasal consonants.

A comparison of the classification performance of HL
and RFs for the LDA and HMM experiments, and of HLF
and HMM2 features for the HMM experiments, suggests t
features that are directly related to vocal tract resonan
have very few advantages over formant-like features, as l
as the measurement errors in the different feature types
comparable. Especially the results obtained with the HMM
features, which definitely do not represent formants in
sense of vocal tract resonances, suggest that consistenc~in-
cluding smoothness of the feature tracks over time! is more
important than the relation to the underlying, physical spe
production process. This result suggests that the formant
traction technique that was recently proposed in Bazziet al.
~2003!, which guarantees a fixed number of formant valu
for each frame as well as smooth feature tracks over ti
would be a viable candidate to deliver formant-like featu
that can be used in ASR.

Finally, the results in Sec. III E show that the forman
like features that were investigated in this study are not
herently robust against additive noise. Neither the RFs
the HMM2 features were able to keep track of the spec
maxima that should remain intact in noisy speech data.
the use of formants in ASR the message appears to be
the theoretical advantages of the formant representation
neutralized by the enormous difficulty of building a reliab
automatic formant extractor, especially one that is also a
to process noisy speech. The theoretical advantages o
formant concept for processing noisy speech can only
harnessed by signal processing techniques that take
profit of continuity and coherence in the signals, both in tim
and in frequency.

The relative success of adding formant candidates
MFCC parameters in the work of Holmeset al. ~1997! sug-
gests that a feasible alternative would be to address form
extraction and ASR simultaneously. Hypotheses about
mant values should be conditioned by phone observa
probabilities, because knowledge of the recognized soun
a powerful knowledge source to guide the classification
spectral peaks as formants. At the same time, an interpr
tion of the signal in terms of sounds and words that ma
sense against the background of formant candidates sh
result in more accurate ASR than one that does not. T
suggests that, for a formant representation to have its m
mum impact on ASR, it is not just the signal processing a
feature extraction that must be advanced. Major advance
the search and decision processes that eventually link
tures to words, meanings, and intentions are also require
de Wet et al.: Formant-like features for vowel classification
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V. CONCLUSIONS

In this paper, a number of issues related to the use
usefulness of the formant concept in ASR were investiga
Because there are no databases available that contain en
true formant data to train ASR systems, we focused on
AEV database introduced in Hillenbrandet al. ~1995!.

The first conclusion that can be drawn from our data
that, of the two automatic formant extraction techniques
der investigation, robust formants did approximate ha
labeled formants rather closely, provided that the RF al
rithm had prior knowledge of the speaker gender. T
HMM2 features, on the other hand, did not resemble vo
tract resonances.

Second, for the automatic classification of vowels,
found little advantage in using acoustic features that hav
direct relation to vocal tract resonances. If the features
consistent and feature tracks are smooth, their performa
can approximate that of true, hand-labeled formants.

Third, the theoretical robustness of formant measu
against additive noise could not be verified for either of
two automatically extracted, formant-like feature sets. Ba
ground noise seems to introduce additional spectral peak
the spectral envelopes, which cannot be effectively discar
as formant candidates by the relatively simple signal p
cessing techniques underlying RF extraction and HMM2 f
ture computation.

In summary, it seems fair to say that, for the clean
perimental conditions that were studied in this investigati
the formant representation of speech signals has no com
ling advantages~when used as a conventional feature s!
over representations that do not involve error-prone labe
decisions such as MFCCs. In noisy conditions, we found
the theoretical advantages of the formant concept were va
diminished by the failure of our signal processing techniq
to reliably distinguish between spectral maxima that mus
attributed to vocal tract resonances and maxima that are
troduced by the noise.
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1Some of the experimental results reported in this study were present
‘‘Evaluation of formant-like features for ASR,’’ Proceedings of the Seven
International Conference on Spoken Language Processing, Denver,
September 2002.

2In this paper the termformant or true formantsrefers to the resonance
frequencies of the vocal tract. The termformant-likerefers to features tha
are similar, but not necessarily identical, to true formants.

3Vowel steady state was defined by Peterson and Barney as, ‘‘... follow
the influence of the /h/ and preceding the influence of the /d/, during wh
a practically steady state is reached’’~Peterson and Barney, 1952!.

4In Hillenbrand and Gayvert~1993! it was found that, for a vowel classifi
cation task, nonlinear frequency transforms significantly enhanced the
formance of a linear discriminant classifier. For a quadratic classifier, on
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other hand, there was no advantage for any of the nonlinear transfo
~mel, log, Koenig, Bark! over linear frequency. During the current invest
gation HMM classification experiments were also conducted using
original, linear frequency values. No significant difference was obser
between the tests performed with the linear frequency values and the
scaled values.

5The possibility to apply pre-emphasis is incorporated in the acoustic
processing of the RF algorithm. One may therefore assume that the inh
spectral tilt in the data is equalized and that all the LPC poles are avail
to model spectral peaks.

6These features were derived using HTK’s feature extraction softw
~Young et al., 1997!.

7Data from /e/ and /o/ were omitted in Hillenbrandet al. ~1995! to facilitate
comparisons with Peterson and Barney’s results.
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