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ABSTRACT

The present investigation analyses the behaviour of the
first order derivatives of the log-mel-spectrum of vowels
which constitutes the basis for the mel-frequency cep-
stral coefficients (MFCC). The results indicate that the
dynamic features when inspected at log-mel-spectra
level seem to be less influenced by speaker specific char-
acteristics and degrade less in fast speech. However,
when analysed in terms of MFCC the results indicate
that the static features separate better between the
vowel classes than the dynamic features. It could also
be shown that the most important features for vowels
with long duration occur at the beginning of a segment
while for short vowels the most distinguishable point of
measurement tends to be at the middle of the segment.

1 INTRODUCTION

In automatic speech recognition (ASR) dynamic fea-
tures are part of all standard acoustic feature sets be-
cause they allow to include information from a broader
context than the frames. However, little is known
about the kind of information they actually contain
and how they are affected by changes in speech rate.
Most investigations that analyse the characteristics of
dynamic features are based on formants. They indicate
that most of the spectral change occurs at the segment
boundaries and is not influenced by rate variation (e.g.
[1]). It is questionable, though, if this also holds true
for the acoustic features used in ASR.

In many phonetic investigations it has been observed
that the dynamic features in terms of formants are usu-
ally not affected by a change of speech rate in casual
speech (e.g. [2] [1]). This reflects the fact that in a
casual speaking style the movement of the articulators
is not accelerated in fast speech. Instead, the move-
ments are cut off before a target position is reached.
This articulatory reduction can be observed as acoustic
reduction in the speech signal. For vowels in the F1-
F2 plane this implies a shift towards the center caus-
ing more overlap of the different vowel classes. This
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ally co-occurs with reduced vocal effort which is
ted in the steepness of the spectrum and has also
shown for consonants in fast speech [3]. Thus,
focussing on the dynamics of articulation-related

res such as formants one would expect no influ-
of speech rate on the dynamic features. Conse-
ly, one could assume that dynamic features are a
choice for classification tasks since they behave
rly under different conditions.

ver, it has been reported that the derivatives
e standard mel-frequency cepstral coefficients
C) are the most affected features by speech rate

tion. In [4] a classifier based solely on dynamic
res was successfully trained to distinguish be-

different speech rates. Also, it was observed
recognition results improved most when adapt-
he first order derivatives to speech rate. These
adicting results indicate that there is a signifi-
difference between formant tracks and the deriva-
of spectrum-based features. While the former
on the frequency change of energy peaks, the
measure the change of energy within single fre-
y bands. This raises the question how the dy-

c MFCCs are actually affected by rate variation.

er to better understand what kind of information
erivatives of the MFCC represent, the log-mel-
ra which constitute the basis of MFCCs and their
atives computed on several vowels produced by
peaker in spontaneous speech were analysed in
detail.

2 DATA ANALYSIS

a. The analysis was carried out on the data of
ale speaker from the German Verbmobil Corpus
he corpus contains spontaneous speech recorded
appointment scheduling dialogues. The data has
restricted to speech from one speaker in order
eserve the formant structure in the spectral en-
envelope which is characteristic for each speaker
ould level out if averaged over different speakers.



The focus of the current investigation was put on vow-
els. One reason was that their formant structure gives
a characteristic overall spectral envelope and is there-
fore easier to interpret. Secondly, it has been shown
in many investigations, that vowels are the segments
which are clearly affected most by variations of speech
rate [6].

Segmentation. For the segmentation of the speech
data a forced alignment was performed based on the
canonical transcription of each utterance. For the
forced alignment the HMM based speech recognition
system ESMERALDA [7] was applied which had pre-
viously been trained on the official training set of the
Verbmobil Corpus.

Computation of the log-mel-spectrum. In or-
der to compute the log-mel-spectrum a 16 ms Ham-
ming window was applied on the speech signal which
was shifted in 10 ms steps over the signal. With a
sampling rate of 16 kHz this gives a base of 256 data
points for each frame upon which a FFT was applied.
The FFT results in 128 frequency channels with a res-
olution of 62.5 Hz, providing a frequency range from
62.5 to 8000 Hz. A mel filterbank was then applied on
the log-energy-spectrum providing 32 mel filter chan-
nels. The mel filter bank consists of 32 overlapping
triangular filters which summarise the frequencies of
mel spaced frequency bands. The effect is that the en-
ergy of the higher frequencies is strongly summarised
while the lower frequencies retain a relatively fine reso-
lution. In particular this non-linear scaling emphasises
the frequencies at which the first two or three formants
occur.

Measurements. Before measurements were taken
at specific points at each vowel segment the log-mel-
spectrum was computed for each frame of all utter-
ances. Only then were the values derived at three
points of each segment: the first (BEG), the middle
(MID) and the last (END) frame. They represent the
points of measurement (POM) which will be compared
to each other. These values are referred to as the
static features. For the dynamic features the first order
derivatives of a frame xt were calculated over the five
consecutive frames (xt−2xt−1xtxt+1xt+2). Thus, for
each frequency channel the derivatives over time were
computed giving the tendency whether the energy of
a certain frequency bin is rising or falling. The dy-
namic features were computed at the same POMs for
each segment as for the static features. In order to as-
sess the influence of the segment duration on the static
and dynamic features the data was analysed with re-
spect to the segment duration. Thus, each vowel class
was separated into quartiles according to their segment
duration. For the subsequent analysis only the data of
the quartiles with the longest and shortest vowel du-
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s were considered. In summary, six different fea-
sets were derived {BEG | MID | END} X {static
amic} which were compared for long and short
ls. In the following section these six feature sets
e compared in more detail.

3 RESULTS

he comparison of the static and dynamic features
wels with short versus long duration the means
ariances were computed for each vowel and du-
class (cf. table 3 for the total number of occur-
and the mean duration of tokens in each vowel
.

Duration (ms)
vowel total # short long

vowels vowels
a: 164 30 165
i: 92 30 183
u: 32 31 121
a 302 35 103
I 212 30 78
U 100 34 141
E 96 30 88
@ 80 30 111
6 156 30 153

e 1: Number of occurrence and durations of auto-
matically segmented vowels (vowels are given in
SAMPA notation).

og-mel spectra
ples of mean log-mel spectra are given in Fig. 1
which show the static and dynamic spectra for

owel /a/ with (a) long and (b) short duration.
ugh only a single example is shown here, the gen-
ehaviour is similar in most of the analysed vowels.
ed lines indicate the values measured at the first
of the vowel, the blue lines those measured at

iddle frame and the green lines represent the val-
aken from the last frame of the vowels. The error
indicate the variance.

ost striking difference between static (Fig. 1) and
mic (Fig. 2) features is the high variance in the
spectrum. This indicates that while the absolute
y can vary widely the change in energy remains
vely constant. Also, the overall variance for short
ls is smaller than for long vowels in both static
ynamic data. This might reflect a general ten-
towards a more restricted articulation space in

peech.

ermore, the slope of the mean static spectra re-
the underlying speaker-specific mean spectrum
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Figure 1: Means and variances of static Log-Mel-Spectra
of the tokens with (a) longest and (b) short-
est duration of vowel /a/. Error bars indicate
variances.
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Figure 2: Means and variances of dynamic Log-Mel-
Spectra of the vowels with (a) longest and (b)
shortest duration of vowel /a/. Error bars in-
dicate variances.

which is evidently absent in the dynamic features. This
is not surprising since the mean should not be expected
to vary over time. However, the dynamic spectrum
of the short vowels shows a somewhat steeper slope
than that of the long vowels. This might be due to a
higher coarticulatory influence of fricatives or friction
like noises which are more common in the articulation
of fast speech where constrictions are not as tight as
in well articulated speech.

Note also that the dynamic features of the long vowels
indicate three different phases with the middle phase
being the one where most of the overall formant struc-
ture is built up. In contrast, the dynamic spectrum of
the short vowels does not show such phases. Instead,
the formant structure seems to be built up constantly
over the whole duration of the segment.

In summary, just from visual inspection of the log-mel
spectra one would conclude that although the dynamic
mel spectrum is more affected by changes in speech
rate, it exhibits a more pronounced, less variable spec-
tral envelope which is less affected by a speaker spe-
cific mean spectrum. This suggests that the dynamic
features contribute more relevant information to clas-
sification than the static features. In order to test this
hypothesis a measurement of the class separability of
the six feature sets was performed.
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the data base of this investigation is by several

s too small to perform a reliable estimate of the
separability based on the 32-dimensional feature
given by the log-mel spectra a dramatic feature
tion had to be performed. This was achieved by
ing an inverse cosine transform (ICT) on the data
results in standard MFCCs. The following anal-
as based on the first two coefficients. Thus, for

log-mel spectrum a two-dimensional feature vec-
= (C1, C2) was derived, where C1 and C2 denote
rst and second coefficent of the MFCC respec-
. Because ICT (∆(x)) = ∆(ICT (x)) it is suffi-
to perform the ICT on the static log-mel spec-
and compute the derivatives of the MFCC sub-
ntly in order to obtain a cepstral representation
e dynamic features. With these two-dimensional
sentations it is possible to determine how well the
ature sets separate between the different vowel
s. If the dynamic log-mel spectra are indeed a
r representation of the vowel characteristics their
sponding MFCCs should show a better ability to
ate between the different vowel classes. In order
t which feature sets provide a better distinction
en the vowel classes, the inter-class and intra-
distances of each feature set were computed and
ared1. These distances are used in discriminative
ses to determine how well a given set of features
minates between the classes. In general two val-
re computed for LDA, the within-class distance
nd the between-class distance SB . The first mea-
s the weighted mean over the intra-class variances
the latter gives the variance of the means of all
s. However, for simplicity only the diagonals of
atrices were taken into account. Since the di-
ls of SW and SB are inversely proportional, it
es to consider only one of these matrices.

etween class distance SB is the variance over the
s of the classes and is computed as follows:

SB =
K∑

c=1

p(c) ∗ (µc − µ)(µc − µ)T (1)

e p(c) is the relative occurrence of the class c, K
tal number of classes, µ the sample mean and µc

ean of class c. In order to derive a single value
ch feature set, the trace of the matrix SB was
uted:

score = tr[SB ] =
D∑

i=1

sbii (2)

e D denotes the dimensionality of the feature vec-
The higher this score, the further away are the
means from the global mean indicating that the

order to obtain comparable results from the different fea-
ets the data points were mean and variance normalised so
he sample mean was set to 0 and the variance set to 1.



Long vowels Short vowels
Feature set score Feature set score
POM s/d POM s/d
MID stat 0.88 BEG stat 0.66
END stat 0.44 BEG dyn 0.59
END dyn 0.41 MID dyn 0.45
BEG stat 0.41 MID stat 0.42
BEG dyn 0.35 END dyn 0.32
MID dyn 0.28 END stat 0.27

Table 2: Separability scores for different feature sets for
long and short vowels. A higher score indicates
a better separation of the vowel classes.

vowel classes can be separated more easily. Table 2
shows the resulting scores for each feature set. The
results indicate that for long vowels the best class sep-
aration is achieved by the static features at the middle
of the segments (MID, stat). In contrast, the dynamic
features at the same POM (MID, dyn) give the worst
separation of the classes. For short vowels the pic-
ture is a little different. Here, the the static and dy-
namic features (BEG) both show a comparable score.
Note that while for the long vowels the middle (MID)
frame seems to be most important, for the short vowels
the features at the first frame (BEG) receive the best
scores. In general the results suggest that the static
features provide the most useful information. How-
ever, at least for the short vowels the dynamic features
also seem to convey important information. But it re-
mains to be shown if that information is additive or
redundant.

Thus, although the dynamic spectra seem to convey
more reliable and less influenced information about the
vowel identity this can in fact not be confirmed in terms
of the class separability of the first two cepstral coeffi-
cients.

4 DISCUSSION

In contrast to results reported in the literature on
formants and their movements over time the log-mel
spectra indicate that there is a significant difference
between dynamic and static features especially under
different rate conditions. The results suggest that dy-
namic features capture vowel specific characteristics
better than static features because they do not exhibit
the underlying speaker specific mean spectrum which
shades the overall formant structure. This effect is
even more pronounced in vowels with short durations.

However, the between class distances of the first two
MFCC indicate that the dynamic features are generally
less well suited for representing the different vowels. In
general it seems to be the case that different kinds of
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res become more important under different situa-
. Thus, for long segments the most useful informa-
ies in the middle frames while for short segments
eginning part of the vowels contains the most im-
nt information. While the dynamic features do
eparate well between the classes in vowels with
durations, they give a similar performance as the

features for short vowels. This indicates, that
mice features may contribute important informa-
especially in fast speech, but that static features
e main source of information.
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eĺıková, and Petr Sojka, Eds., Berlin Heidelberg,
99, vol. 1692, pp. 229–234, Springer.


	headLEa1: 15th ICPhS Barcelona
	pagenumber1353: 1353
	footerL1: ISBN 1-876346-48-5 © 2003 UAB
	headLOa2: 15th ICPhS Barcelona
	footerL2: ISBN 1-876346-48-5 © 2003 UAB
	pagenumber1354: 1354
	headLEa3: 15th ICPhS Barcelona
	pagenumber1355: 1355
	footerL3: ISBN 1-876346-48-5 © 2003 UAB
	headLOa4: 15th ICPhS Barcelona
	footerL4: ISBN 1-876346-48-5 © 2003 UAB
	pagenumber1356: 1356


