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ABSTRACT studies, theacoustic characteristidhat exist in the literature

are qualitative, relational and speaker dependédritey
In this paper, theacoustic-phonetic characteristics and the characterize the fricatives wétbom the articulation standpoint
automatic recognition ofhe American English fricatives are  of separate syllables. When itomes to the automatic
investigated. The acoustic features that exist in the literature arerecognition of continuous, naturally spoken, speech, a
evaluated and new features @m@posed. Tdest the value of  considerable amount of researchsiill needed.Some recent
the extracted features, knowledge-based acoustic-phonetic studies [2, 3, 4, 10, 13, 14, 1Bhvetried to deal with this
system forthe automaticrecognition of fricatives, in speaker  problem butmore workstill needs to beloneuntil we are able
independent continuous speech, is proposed. The system useg fully understand the variability of treeoustic characteristics
an auditory-based front-end processing and incorporates newof the fricative consonants.
algorithms forthe extraction and manipulation of theoustic- ) . L
phonetic featureshat proved to be rich in theinformation In this paper, we discuss the resultoof research ithis area.
content. Several features, which describe the relative amplitude,Tn€ /n/phoneme is excluded from oakperiments due to its
location ofthe most dominant peak, spectral shape and duration S€Mi-vowel unique characteristics. Thieerature’s acoustic-
of unvoiced portionare combined inthe recognition process. _phonetlc_ features of _frlcatl_veare testedcarefully for f[helr
Recognition accuracy &5% for voicing detectiorand 93% for information content using different methods of extraction. New
place of articulation detection are obtaifed TIMIT database  features are proposed and tested as well. Eventualmalete

continuous speech of 22 speakdrem 5 different dialect fricative recognition system is simulated which incorporates
regions. new algorithms forthe extraction and manipulation of the

information-rich features. For space reasoosly the final
1. INTRODUCTION results aregiven. A moredetailed discussion of the features
involved, and their characteristics, is given in [1].
The fricativesform the largest set afonsonants ithe English
language which has nine standard fricative consonaatsely: 2. FRICATIVE RECOGNITION SYSTEM
the voiceless fricatives which includée labio-dental /f/ as in
leaf, the linguo-dentalth/ as in teeth, thalveolar/s/ as in 2.1 Front End Processing

lease and the palatal /sh/ as in leash and toé&ed cognates Mean-

Ivl as in leave, /dh/ as in seethe, /z/ as in Lee’s and /zh/ as in - >
’ ’ iti ?| Envelopd
rouge. The ninth fricative ithe /h/which is considered also a  Input | Critical Hair Cell P9 Rate
. e . Band —»| Synapsely| Detector|
semivowel. These consonants can be distinguished by English- X Model
speaking listeners in identical phonetic contexts, regardless of Filters GSD ﬂc’:hrony

whether these contextse meaningful utterances or nonsense
syllables. Therefore, the features needed for such discrimination
can only reside in the acoustical signal.

Fig.(1). Block diagram of an auditory-based front-end
signal processing system.

Several past studies have investigated such features. Referenc
[9, 11, 12]are examples adome ofthe earliest studiewhich
characterize the fricativeconsonants. Using perceptual
experiments on synthetic speech, analysis of spoken syllable
and primitive recognition experimentbese studies provide us
with much data on theacoustic characteristics of fricatives.
However they havbeen largely qualitative inature and relied

on a small set of stimuli produced in few vowel contexts usually
by a single speaker. Later studies [6, 8, 15, H#]e added to
our knowledge about fricatives. However, except for a few

the front-end signal processitigat is used irour system is a
biologically-oriented filter-bank system. It is based on the
system developed by Seneffd described in detail {17]. The
St)lock diagram is given in Fig.(1). The system gives two outputs,
namely the mean-rate output and the GeneraliSstchrony
Detector (GSD) output. The front-end Bark-scaled filter bank
consists of 36 filters with 20dB/decade hiffjequency pre-
emphasis. The reasofts choosinghis systemare described in
detail in [1].



2.2 The Recognition Experiments correct response, whiléie GSD quantity (LOWG) give88%.
The 85% obtainedrom the mean rate quantifg OWE) is in
The system mentioned ithis paper is designed using 220 agreement with Stevens result of 83%. The lio%rovement
fricatives extractedrom continuous speech frorhe TIMIT (from 85% to 95%) resultsom the use of th&SD output with
database spoken by 6 speakers, 3 females and 3 males havingits powerful periodicity detection ability [1, 17].
northern dialect of American English. The systerthisn tested
on 500 different fricatives extractéidm the continuous speech
TIMIT databasefor 22 speakersfrom 5 different American
dialect regionsnamely: northern, western, southern, midland Relative amplitude (intensity) (RA)as been suggested in the
and New Yorkcity dialects. The individual features are tested literature as a feature to discriminate between sibilants
separately [1]. After deciding on which features to use, based on(alveolars and velars) which have large RA and non-sibilants
their information content, an automatic recognition algorithm (labio- and linguo-dentals) which have smBIA. The RA is

was developed to combirtee different features into a single  gefined as:RA = end.. en
decision. The results of this algorithm are described below. y '\J"'C""““/i:al |tersy Wou

2.3.2 Relative Amplitude and Spectral Flatness

i-allfilters
2.3 Acoustic Features Used where yeny is the mean-rate outpdtom the ith filter and
normalization takes place with respect to the nearest vowel.
2.3.1 Duration and Voicing Detection A betterperformance is obtained by integrating two properties,

namely: the low relative amplitude andhe spectral flatness
The duration of theinvoiced portion (DUP) ofhe fricative is  which characterizes non-sibilants, in one featix could be
used as avoicing detectionfeature [1, 18]. We developed a ysedsolely for the discrimination between sibilants andn-
method to detect the absence or presence of voicing in the Sign%ibi|antsl We called this feature the MaximuRormalized
and hence detect the start and end poifiging is manifested Spectral Slope (MNSS). It is defined as:
in the output byow frequency energy which is characteristic of

voiced sounds, specially vowedad semi-vowelsTwo methods MNSS= max{ ( yenv- yerly)l‘ricative } / YQ'M@
are developed to detect such energy [1]: izallfiiters i-alfffers
1. The totalenergy ofthe lowest 9 filters (less than 1 This featuregave excellent performance and explained the
kHz) in the GSD output. Such output is readily results obtained earlier by Behrens and Blumstein in their
normalized in theGSD processing and is increasingly perceptual experiments [1,3]. A threshold wahosen
sensitive to periodicity. Call it LOWG. empirically to be 0.02for unvoiced and 0.01 for voiced
2. The ratio between thew frequency (belowi.5 kHz) fricatives. Thus, if MNSS is greater than 0.02 (or 0.01), the
and high frequency (above 3 kHz) energiethmmean fricative is detected as a sibilant, otherwise it is non-sibilant. If
rate output,normalized with respect to the nearest MNSS is near the threshold value, we use normalization with
vowel. Call it LOWE. respect to the fricativenergyinstead of the nearegbwel. The
The advantage of using two quantities instead of one ittt results are shown in table (2).
tend tocomplement each other. dither of them exceeds its Detected as Detected as
threshold, then phonation is assumed present. Therefore the sibilant non-sibilant
DUP isthe period where both quantitiésOWG and LOWE) /s/ and /z/ 89 0
are below their respective thresholds. Clearlfor a fully /1, VI, Ith/ and /dh/ 8 83
phonated fricative, DUP is equal to zero. If DUP is below a Ish/ and /zh/ 34 6
certain, empirically determined, threshold then the fricative is
assumed voiced, otherwise it is voiceless. Table (2). Confusion matrix for sibilant/non-sibilant
Detected as voiced Detected as unvoickd discrimination using the MNSS. Correct rate is 94%.
Voiced 186 17
Unvoiced 9 288 2.3.3 Spectral Shape and Peak Location
Table (1). Confusion Matrix for voicing detection The spectral shape is knowngtay a major role ithe place of
Correct response rate is 95%. articulation detection of fricatives. Alveolar fricatives are

characterized by a higher lowest spectral peak compared to
palatal fricatives. Since labio- and linguo-dentals have been
successfully detected ithe previous section because of their
relatively flat spectrum and low amplituddae concern inthis
section will be orhow to discriminate between alveolars and
palatals.

The threshold used for the DUP is about 60 ms. However, if the
DUP is abovelO0 ms, then, almost surely, the fricative is

voiceless. This is in agreement with Stevessult, who found

60 ms to be a threshold for voiceless detection [18]. The
advantage of usinthe two featured OWG andLOWE, instead

of just one of them could be confirmed by comparing the

performance oftable (1) to those obtained by using either The primary featur¢hat we investigated is thmost dominant
feature alone. The mean-rate quant{tyOWE) gives 85% peak (MDP) location. Palatalre characterized by @mpact



spectrum which has a dominant peak at a relatively low
frequency, compared tbe alveolarsvhose peak is at a higher
frequency,and to the non-sibilantshich usually do not have a
significant peak and theimost dominant peak is usually at a
higher or much lower frequency. Therefotiis featurecould

be useful in extracting palatals. The bgmrformance is
obtained using theGSD output which vyielded abetter
performance compared the mean-rate (98.5% versus 91%)
[1]. The results are shown in table (3).

Detected as | Detected as nont
palatal palatal
/s/ and /z/ 0 89
[fl, Ivl, Ith/ and /dh/ 0 91
/sh/ and /zh/ 37 3

Table (3).Confusionmatrix for palatal detection using
the GSD MDP. Correct response rate is 98.5%.

Detected Detected Detected
as alveolar| as dental | as palatal
Alveolars: /s/ and 188 11 5
/2]
Dentals: /f/, Iv/, 2 144 6
/th/, /dh/
Palatals: /sh/ ang 8 2 134
/zh/

Table (5).Confusion matrix for place of articulation
detection for 22 newpeakersfrom 5 different dialects,
not used in thesystem design. Correctte is 93%.
(alveolars: 92%, dentals: 95% and palatals: 93%).

2.5 Overall Recognition

Thevoicing detectiorand the place of articulation detection are
combined in a single system which is capable of differentiating

Another feature which was found to play an auxiliary role in the between fricatives. The results are shown in table (6).

discrimination between alveolars and palatals is the Spectr

Center ofGravity (SCG). It describes some properties of the,

spectral shape whichre not described by the MNSS or the

MDP location. It is defined as:

ix yen

yenv

i:allfilters>1.2kHz i:allfilters>1 &Hz

SCG= v /

*' sl | /1, #hl | ishi | 1zi] Wi Idnd| izhi
/s/ 90 8 2 0 0 0
/f1, Ith/ 4 87 4 0 5 0
/sh/ 4 1 92 | o 0 3
1z/ 8 1 1 | 85 2 3
I, Idh/ 0 0 0 0 100 0
Izh/ 0 0 9 7 1 83

2.4 Place of Articulation Detection

In the previous section, the differeatoustic features
that are needed in the place of articulation detection are

extracted and evaluated separately. In this section, the different

features are cobined to form a decision othe place of
articulation. We use 3 main features:

The Maximum Normalized Spectral Slope (MNSS).
The Spectral Center of Gravity (SCG).
The location of the most dominant peak (MDP).

Detected | Detected| Detected
as alveolar| as dental| as palatal
Alveolars:/s/ and /z/ 85 4 0
Dentals: /f/, v/, Ith/, 0 91 0
and /dh/
Palatals:/sh/ and /zh 2 0 38

Table (4).Confusion matrix for place of articulation
detection forthe 6 speakers (3 males and 3 females)
used in the system design. Correct response rate is 97%.

The algorithm used is explained in Fig.(2). The results of the
place of articulation detection are represented inctrdusion
matrix of table (4)for the data used in the design and in table
(5) for new data that were never encountereefore by the
system. The recognitiorate obtained using thialgorithm is
about 97%for the former and93% for the latter.For multi-
speaker continuous speech recognition, thisvisra goodresult
given the simplicity of the algorithm and the system used.

Table (6).Confusionmatrix for fricatives’ detection (in
percentages) for 28peakersfrom 5 different dialects,
not used in the system design. Overall correct
recognitionrate is 90% Rows are inputs,columns are
outputs.

3. CONCLUSION

In our work, theacoustic features characterizitige fricative
consonantsire analyzed indetail. Three features proved to be
very useful in detecting the place of articulatioramely: the
Maximum Normalized Spectral Slope (MNS#)e location of
the MostDominant Peak (MDP) anthe Spectral Center of
Gravity (SCG). These features weable to achieve a 93%
recognition accuracy. As for voicindetection, we used the
duration of theunvoiced portion (DUP) ofhe fricative as the
main cue in detecting voicing. Using two physiqahntities to
extract this feature, an accuracy of 95% was obtained.

The obtained results show significant improvement compared to
previous work. Similar experiments, which stuhe acoustic-
phoneticautomatic recognition of fricatives using multispeaker
continuous speech with comparable database aieequite rare

in the literature. Results obtained Hyughes and Hall§l2] for
place of articulation detection of smaller database size (190
fricatives from 5speakerspavebetween 77%-80% recognition
accuracy. Theyelied mainly onthe spectral shape fmerform
their recognition. The 93% obtained in our experiments indicate
a significant improvemerthat ismainly due to the use of new
features, extraction and manipulation algorithnghich



integrate several acoustic propertiestire decisionmaking
process. In voicingletection, the obtained resulbow also a
clear improvement ovahe 83% rate obtained by Stevestsal

[18]. This is inspite of thefact that the database used was

larger, more variablg22 speakerdrom 5 different dialects

versus 3 speakers in their case) and wdhtinuous speech as
opposed tothe controlled utterancethat were used in their
experiments. The reason behind timsprovement could be

attributed to themproved technique useldere for detecting
phonation (periodicity). This is a clear example hafw the

translation proces&om abstract features to physical features [3]

could play a significant role in the recognition performance.

The system developed this work is meant mainly teest and

evaluate the features extracted and the algorithms used in thei 4]
a worst-case

manipulation. Its performance represents
assessment. When integrated withsystem which involves
more complicated techniqueslike training, speaker
normalization and variable thresholds, it is expectegive an
even better performance.

Is MNSS <threshold (0.02 or 0.01)? OR MDP < 1KHzP?

lNo Yesl

Sibilant Non-Sibilant (/f/, /v/, /th/ and
/dh/)
unvoiced \ Voiced
[fl and /th/ I /vl and /dhll
Is the SCG < threshold
(4KH2)?
Yes No
<3KHz? Location of the | >4KHz?

largest GSD peak

~

> 3KHz and <4KHz?

<2.5KHz? Location of the largeqt>3.5KHz?
GSD slope?

> 2.5KHz and <3.5KHz?

Difference between the
Y_es largest GSD peak valup No
N i and the highest order 1 v
Palatal (/sh/ | filter GSD output (>3)?| Alveolar (/s/
and /zh/) and /z/)

unvoiced \Yoiced voiced unvoice(i
0 /2l | =]
Fig.(2). Algorithm for place of articulation detection.

4. ACKNOWLEDGMENT

This work is supported by a grant from Catalyst Foundation.

5. REFERENCES

[1] Ali, AM.A., “Acoustic Features for the Automatic
Recognition of Fricatives”, Technical Report, TR-
CST27AUGY7, Center for Sensor Technologies, University
of Pennsylvania, 1997.

[2] Baum, S. R. and Blumstein, S. E.,“Preliminary

observations on the use of duration asua to syllable-

initial fricative consonant voicing iEnglish”, J. Acoust.

Soc. Am 82 (3), pp. 1073-1077, 1987.

Behrens, S. and Blumstein, S. E., “On the role of the

amplitude of the fricative noise in the perception of place

of articulation in voiceless fricative consonants” Acoust.

Soc. Am 84, pp. 861-867, 1988.

Behrens, S. J. and Blumstein, S. FE'Acoustic

characteristics of English voiceless fricatives: a descriptive

analysis”,J. Phonetics16, pp. 295-298, 1988.

[5] Cohen,J.R.,“Application of an Auditory Model to Speech
Recognition”,J. Acoust. Soc. AiB5, 2623-2629, 1989.

[6] Cole, R. A.and Cooper, WE., “Perception of voicing in
English affricates and fricativesd, Acoust. Soc. Am58,
pp. 1280-1287, 1975.

[7] Cole, R., et al “The Challenge of Spokemanguage
Systems: Research Directions ftne Nineties”, IEEE
Trans. Speech and Audio Prp8, pp. 1-20, 1995.

[8] Guerlekian, J.A., “Recognition dfie Spanish fricatives /s/
and /f/",J. Acoust. Soc. Am70, pp. 1624-1627, 1981.

[9] Harris, K. S., “Cuedor the discrimination ofAmerican
English fricatives in spoken syllabled’ang. Speech 1,
pp. 1-17, 1958.

[10] Hedrick, M. S.and Ohde, R. N.‘Effect of relative
amplitude of frication on perception of place of
articulation”,J. Acoust. Soc. A4, pp 2005-2026, 1993.

[11] Heinz, J. M.and Stevens, K. N., “On the Properties of
Voiceless Fricative Consonants), Acoust. Soc. Amn33,
pp. 589-596, 1961.

[12] Hughes, G. W.and Halle, M.,“Spectral Properties of
Fricative Consonants’]. Acoust. Soc. Am28, pp.303-
310, 1956.

[13] Jongman, A., “Duration of frication noiseequired for
identification of English fricatives”J. Acoust. Soc. Am
85 (4), pp. 1718-1725, 1989.

[14] Klatt, D.H. and Klatt, L.C.,“Analysis, synthesis and
perception of voice qualityariationsamong female and
male talkers”J. Acoust. Soc. AB7, pp. 820-857, 1990.

[15] Manrique, A.M.B., and Massone, M.tfAcoustic analysis
and perception of Spanish fricative consonarts’Acoust.
Soc. Am 69, pp. 1145-1153, 1981.

[16] McCasland,G.P., “Noise intensity and spectrum cues for
spoken fricatives”,). Acoust. Soc. AmSuppl.1, 65S578-
S79, 1979.

[17] Seneff, S., “A Joint Synchrony/MeanRate Model of
Auditory Speech Processingd. Phonetics16, pp. 55-76,
1988.

[18] Stevens, K.N., et al, “Acoustic and perceptual
characteristics ofvoicing in fricatives and fricative
clusters”,J. Acoust. Soc. A1, pp. 2979-3000, 1992.



