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Abstract
This paper proposes a classification module for fricative con-
sonants in telephone speech using an acoustic-phonetic fea-
ture extrapolation technique. In channel-deteriorated telephone
speech, acoustic cues of fricative consonants are expected to
be degraded or missing due to limited bandwidth. This pa-
per applies an extrapolation technique to acoustic-phonetic fea-
tures based on Gaussian mixture models, which uses a statistical
learning of the correspondence between acoustic-phonetic fea-
tures of wideband speech and the spectral characteristics of tele-
phone bandwidth speech. Experimental results with NTIMIT
database verify that feature extrapolation improves the perfor-
mance of fricative classification module for all unvoiced frica-
tives by around 10% (relative error) compared to the perfor-
mance obtained by only acoustic-phonetic features extracted
from the narrowband signal.

Index Terms: acoustic-phonetic features, fricative consonants,
speech recognition, telephone speech

1. Introduction
Statistical methods have been successful for automatic speech
recognition systems if large training data are used to model con-
textual variations. However, if the training data is limited or
if the operating environment differs from the training environ-
ment, performance usually degrades significantly. This may be
the case for recognizing noisy or channel-degraded speech [1].

Alternative speech recognition systems attempt to over-
come these problems by adopting acoustic phonetic-based fea-
tures. These features incorporate information related to articu-
lation of phonemes. The overall speech recognizer consists of a
collection of modules for extracting specific speech character-
istics that describe phonemes. Acoustic-phonetic features are
regarded as reducing speaker-dependent information and focus-
ing on analyzing the linguistic information in the speech signal
[2][3].

The acoustic-phonetic approach has been applied to the
classification of fricative consonants.The unvoiced fricatives are
/f/, /th/, /s/, and /sh/, and the voiced fricatives are /v/, /dh/, /z/,
and /zh/, in English. In this study, /h/ has been excluded from
the fricatives, as it is produced by aspiration at the vocal folds
rather than frication at an oral closure. Previous studies on frica-
tive classification include the examination of new acoustic cues
or methods to obtain better performance in noise-free speech
[4][5][6].

Studies on recognition of missing features in noise have
been conducted[7][8], but research on spectrally degraded
speech using acoustic-phonetic features have not been inves-
tigated as much. This is partly because there are less acoustic-
phonetic features that can be extracted if the bandwidth is lim-

ited. Recently, Chang et al. [9] devised a neural network archi-
tecture approach with a principled means of selecting frames
to conduct place- and manner-of-articulation classification us-
ing articulatory-acoustic feature in clean and telephone channel
speech. Their results show the detection accuracy of around
70% for fricatives. However, the study employed a neural net-
work architecture which has high complexity.

Several studies on measuring correlation between the spec-
tral envelope of the high and the low frequency band showed
that different manner classes exhibit different mutual informa-
tion measures. Nilsson et al. [10] showed that vowels have
the highest values (0.85). However, there is usually enough in-
formation to recognize vowels in narrowband signals, so that
performance degradation in narrowband speech recognition is
less than that for consonants. Consonants, however, exhibit rel-
atively high information in high frequency bands, with mutual
information values of 0.81, 0.66, and 0.64, for stops, fricatives
and nasals, respectively [10]. Therefore, if the manner class for
fricative consonants is given, high frequency band information
should be predictable from low frequency bands.

To obtain information related to high frequency bands from
a narrowband signal, we can use feature extrapolation based on
Gaussian mixture models (GMM). GMM-based parameter con-
version has been used for voice conversion, bandwidth exten-
sion, etc [11][12]. It is suitable for finding additional features to
predict high frequency band information. In the proposed algo-
rithm, acoustic-phonetic features related to the high frequency
spectrum can be extrapolated using statistical learning of the
correspondence between features in clean wideband speech and
the spectral envelope of telephone speech. The extrapolated
acoustic-phonetic feature is added to existing narrowband pa-
rameters. Unvoiced fricative consonant classification is con-
ducted here using the Bayes classifier with a sequential 2-class
tree structure. To find the reliability of the estimated features
from the narrowband features, the Kullback-Leibler divergence
of feature distributions is measured. Results show that feature
extrapolation improves the performance of the fricative classifi-
cation module. Compared to performance obtained by features
extracted from low frequency bands, using the extrapolated fea-
ture along with the existing features decreases the relative error
around 10%.

This paper consists of the following. Section 2 introduces
acoustic-phonetic features used. In Section 3, we describe the
proposed feature extrapolation framework for acoustic-phonetic
features. We present results of feature extrapolation in Section
4, and conclude in Section 5.

2. Acoustic-phonetic features
A number of acoustic cues have been proposed to classify frica-
tive consonants. All cues for identifying fricative consonants
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typically require spectral information.

2.1. Narrowband features

In telephone speech, spectral information may not exist over
3.5 kHz, so that limitations in selecting appropriate acoustic
cues are expected. In this paper, the term Narrowband Features
(NB) is defined as the measurements of relative amplitude (in-
tensity), spectral moments (mean, variance, skewness, and kur-
tosis), Amax-Amean, and spectral peak location, which can be
extracted from narrowband speech. These terms are described
below.

• Relative amplitude (intensity): Sibilants (/s/, /sh/) have
a substantially greater (10-15 dB) amplitude than nonsi-
bilants (/f/, /th/). The relative amplitude is calculated by
the ratio of root-mean-square (rms) amplitude (in dB) of
the fricative to rms amplitude of maximum vowel ampli-
tude [5].

• Spectral moments: These features involve measures for
discriminating sibilant and nonsibilant fricatives, as well
as between /s/ and /sh/ among sibilants. They are ob-
tained from both local (spectral peak) and global (spec-
tral shape) characteristics [5].

• Amax-Amean: Amax-Amean is the log of the ratio of
the maximum amplitude of the spectrum to mean ampli-
tude of the spectrum. We introduce this feature in this
paper.

• Spectral peak location: This includes frequency loca-
tions of the peaks of the spectral envelope. Sibilants
show a distinctive spectral peak, while the spectrum of
non-sibilants is more flat [4]. Spectral peak is measured
as the highest amplitude peak of the spectrum.

2.2. Wideband feature

In this paper, Wideband Feature is defined as the feature which
uses information in the high frequency band. Several features
are possible, but we select band energy ratio, which has been
shown to be effective in fricative classification.

• Band energy ratio: The spectrum of non-sibilants (/f/ and
/th/) is flat while the peak frequency of /s/ is higher than
that of /sh/ (around 4-5 kHz and 2.5-3 kHz, respectively),
and may be used to discriminate between them. Band
energy ratio is the ratio of the spectral energies of two
frequency bands [6].

BER = 10log10

[
EB1

EB2

]
. (1)

where B1 = 4-8 kHz and B2 = 2-4 kHz. This feature
is expected to be greatest for /s/ and least for /sh/, with
intermediate values for /f/ and /th/. This measure cannot
be used if the bandwidth is limited.

3. Feature extrapolation framework
3.1. Feature extrapolation procedure

3.1.1. Modeling phase

In the first step, models are constructed from GMMs with joint
density estimation. In this phase, we construct a mapping func-
tion, using a pair of training speech utterances. As shown in
Figure 1, two speech signals with fricative segment information

Figure 1: Block diagram of the feature extrapolation

are the inputs. One is clean speech, and the other is the version
transmitted through telephone channels. First, averaged power
spectra for fricative consonants are obtained using fricative seg-
ment label information. Using the averaged power spectra, mea-
surements for band energy ratio from the wideband signal, and
envelope estimation from the narrowband signal are found, re-
spectively. In estimating narrowband spectra, it is possible to
select parametric representations of the spectrum. In our work,
we select Mel-frequency cepstral coefficient (MFCC) represen-
tation for the spectral envelope, which is common and can also
be used for recognition at the last stage. For MFCCs, we used
cepstral mean subtraction (CMS) for channel compensation in
telephone speech [13]. Then, the band energy ratio and the esti-
mated envelope are concatenated into a composite joint vector.
Using GMM-based feature extrapolation with joint vectors as
inputs, the statistical model for feature extrapolation is built.

3.1.2. Extrapolation phase

The second step is the extrapolation of features representing
high frequency band information. In this phase, feature extrapo-
lation is performed using the estimated envelope obtained from
the narrowband spectrum.

3.2. GMM-based parameter conversion

GMM-based parameter conversion has been used in applica-
tions such as voice conversion, bandwidth extension, etc [11]
[12]. This technique is applied to feature extrapolation by sta-
tistical learning of parameters which estimate the spectral enve-
lope in telephone speech, from parameters which reflect acous-
tic phonetic characteristics in clean speech. The least squares
regression estimate is calculated from a pair of training param-
eters: the spectral envelope from narrowband speech and the
acoustic-phonetic feature from wideband speech.

The following derivation is from Park and Kim’s work [11].
Let x ∈ Rn be the spectral vector which represents the spectral
envelope of narrowband speech and y ∈ Rm be the acoustic
phonetic-based feature vector of the original wideband speech.
A conversion function F (x) is to be found that minimizes the
mean square error,

εmse = E
[||y − F (x)||2] , (2)

where E[·] denotes expectation, and F (x) is the extrapolated
wideband acoustic phonetic-based feature to be estimated. It is
shown that the solution is given by a conversion function in the
form of the conditional expectation [14], then the conversion
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function is given by

F (x) = E [y|x] =
Q∑

i=1

p(i|x)E{y|x, i}

=
Q∑

i=1

p(i|x)[μy
i + Cyx

i Cxx−1
i (x − μx

i )].

(3)

where μx
i and μy

i are vectors of means for mixture i for the spec-
tral vector from narrowband speech and the acoustic phonetic-
based feature of wideband speech, respectively. Cxx

i is the co-
variance matrix of the spectral vector from narrowband speech,
and Cyx

i is the joint covariance matrix. The weighting function
p(i|x) denotes the a posteriori probability that the i-th Gaussian
component generated the vector x.

3.3. Evaluation of extrapolated feature

Figure 2 shows the probability density functions (pdfs) of wide-
band features from TIMIT and extrapolated ones from NTIMIT.
As can be seen, we expect that extrapolated features for sibilants
(/s/, and /sh/) are helpful for classification, but those of nonsibi-
lants (/f/ and /th/) are not as discriminative.

To assess reliability of estimated features, we measured
Kullback-Leibler divergence between the two groups for each
phoneme, which is computed as [15]:

DKL(Q(α), P (α)) =
∑
α

Q(α) log Q(α)
P (α)

. (4)

where Q(·) and P (·) denote each probability distribution. Re-
sults in Table 1 indicate that feature extrapolation of acoustic-
phonetic feature can be predicted fairly well.

4. Performance evaluation
4.1. Experimental setup

We conduct fricative classification experiments to evaluate the
performance of the proposed feature extrapolation of acoustic-
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Figure 2: Probability density functions of band energy ratio of
the unvoiced fricatives /sh/, /f/, /th/, and /s/. Top: wideband
feature from TIMIT, Bottom: extrapolated feature from NTIMIT

Table 1: Kullback-Leibler divergence between original and ex-
trapolated probability distributions of wideband features from
TIMIT and NTIMIT, respectively.

/f/ /th/ /s/ /sh/

KL-distance 0.43 0.66 0.25 0.41

phonetic features. TIMIT and NTIMIT databases are used
for the clean and telephone speech data, respectively [16][17].
This correspondence allows feature-level combination across
databases. Each fricative is extracted using the database tran-
scription boundaries. We used cross validation to reduce influ-
ence of training tokens. This approach adjusts the number of
tokens among each place of articulation used for GMM mod-
eling with joint density estimation. The joint density for the
extrapolation function was modeled as mixtures of 8 Gaussian
densities. The number of densities was determined through pre-
liminary experiments.

Figure 3 shows a block diagram of the classification proce-
dure. We applied feature extrapolation after classification be-
tween sibilants and nonsibilants. In preliminary experiments,
we determined that the two-level procedure of dividing into
sibilants and nonsibilants, followed by the final place classi-
fication was better than that of the simpler 4-class extrapola-
tion scheme. After feature extrapolation, we use the extrapo-
lated feature along with either narrowband features or MFCCs
to form the feature vector to represent fricative consonant place.
We used cross validation for actual classification. The Bayes
classifier was used in classification, with each fricative modeled
as mixtures of 4 Gaussian densities. Similar to the extrapolation
function, the number of mixtures was determined by prelimi-
nary experiments.

4.2. Results and analysis

In preliminary experiments, each of the narrowband features
showed ability in separating the fricative consonants. Table 2
shows classification accuracy for unvoiced fricative consonants
in NTIMIT using narrowband features, the extrapolated wide-
band feature, and MFCCs. For the final results, where the ex-
trapolated wideband feature was added to narrowband features
(NB+EF), relative error for all unvoiced fricative consonants
improved by 11.0%, 3.8%, 1.2%, and 10.4%, respectively, com-
pared to the performance obtained when using only narrowband
features (NB).

The spectra of fricative consonants have different shapes.
These spectra become similar in telephone speech due to
band-limitation. Performance improvement, especially for /s/,
from addition of the extrapolated wideband feature, shows that
the extrapolated acoustic-phonetic feature contains information

Figure 3: Block diagram of the module for classification of
fricative consonants.

1263



Table 2: Classification accuracy (in %) of unvoiced fricative
consonants in NTIMIT using narrowband features in NTIMIT
(NB), the extrapolated feature (EF), and MFCCs in NTIMIT
(nMFCC). Node 1 and Node 2 indicate classification between
sibilants and nonsibilants, and classification within each sibi-
lant or nonsibilant group, respectively. (See Figure 3).

Features /f/ /th/ /s/ /sh/

Node 1
nMFCC 86.2 86.7 43.5 94.7

NB 84.0 88.4 41.3 96.1

nMFCC 67.6 62.8 88.9 86.1
Node 2 NB 65.1 57.1 83.5 85.0

NB+EF 71.1 59.3 85.5 87.0

nMFCC 58.3 54.4 38.7 81.5
Results NB 54.7 50.5 34.5 81.7

NB+EF 59.7 52.4 35.3 83.6

Table 3: Classification accuracy (in %) of unvoiced fricative
consonants in NTIMIT by combination of narrowband features
in NTIMIT (NB), the extrapolated feature (EF), and MFCCs in
NTIMIT (nMFCC).

Features /f/ /th/ /s/ /sh/

Node 1
nMFCC 86.2 86.7 43.5 94.7

NB+nMFCC 89.1 89.8 40.1 95.8

nMFCC 67.6 62.8 88.9 86.1
Node 2 NB+nMFCC 72.8 60.2 89.4 87.3

NB+EF+nMFCC 73.2 59.8 89.0 87.4

nMFCC 58.3 54.4 38.7 81.5
Results NB+nMFCC 64.9 54.1 35.8 83.6

NB+EF+nMFCC 65.2 53.7 35.7 83.7

which is not extracted by narrowband features directly obtained
from telephone speech. The added feature which contains in-
formation in the high frequency band for classifying fricative
place reduces ambiguity between fricative consonants.

Table 3 shows classification accuracy for unvoiced fricative
consonants in NTIMIT by combination of narrowband features,
the proposed extrapolated wideband feature, and MFCCs. For
the final results, performance of MFCCs with acoustic-phonetic
features outperforms that using only MFCCs. Relative error for
all unvoiced fricative consonants improved by 16.5%, -1.5%,
-4.9%, and 11.9%, respectively. In other words, by adding
acoustic-phonetic features to MFCCs, performance can be fur-
ther improved. Performance improvement may be expected if
more predicted wideband features are added.

5. Conclusions
In this paper, we suggested extrapolation of acoustic-phonetic
features to improve performance of the fricative detection mod-
ule in telephone speech. In such circumstances, less acoustic-
phonetic features can be extracted since high frequency band
information is missing. Based on the correlation between the
spectral envelope of the high and low frequency band, we at-
tempted to obtain information related to the high frequency
band. By extrapolating an additional feature, we confirm that
the proposed feature extrapolation of acoustic-phonetic features
provided additional information to classify fricative consonant

place.
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