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ABSTRACT

An experimental study describing the effects of
carbon and electret telephone transducers on au-
tomatic speech recognition (ASR) performance is
presented. It is shown that telephone based ASR
performance on a connected digit task actually im-
proves when speech is spoken through the carbon
transducer. This surprising result is explained by
a study of the differences in acoustic characteris-
tics between carbon and electret telephone hand-
sets. An initial attempt is made to devise a simple
procedure for obtaining a parametric transforma-
tion which emulates the properties of the carbon
transducer. The parameters of this transforma-
tion are trained automatically from speech spo-
ken simultaneously through carbon and electret
telephone handsets. When telephone speech data
is transformed according to this procedure, a sig-
nificant improvement in ASR performance is ob-
tained. These results are interpreted and future
research directions are discussed.

1. INTRODUCTION

Despite the fact that a large percentage of telephones in
most telecommunications markets employ carbon trans-
ducers, the physical and acoustic characteristics of the
carbon transducer are poorly understood. It is known
that carbon transducers are highly non-linear, with char-
acteristics that vary considerably over time and from one
transducer to the next [1]. Yet, despite the nonlinear dis-
tortion and variability that the carbon button transducer
introduces to telephone speech, the carbon has long been
known to be preferred by human listeners over transducers
with more linear characteristics. Formal subjective stud-
ies have shown that human listeners prefer speech spoken
through carbon telephone handsets over speech spoken
through electret handsets [2]. As a result, expander cir-
cuitry is included in the design of some telephone hand-
set models containing electret transducers to emulate the
background noise reduction properties of carbon trans-
ducers [2].

In this paper, we present evidence that the acoustic
characteristics of carbon transducers can actually enhance
automatic speech recognition (ASR) performance. Specif-
ically, it is shown that performing ASR on utterances spo-
ken through a carbon transducer results in improved per-
formance over that obtained using an electret transducer.
A 50% reduction in ASR error rate was observed for utter-
ances spoken through carbon transducers for a connected
digit tecognition task over the public switched telephone
network.
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In section 3, empirical evidence is provided relating
to properties of the carbon transducer that explain this
surprising result. We argue that it is the carbon trans-
ducer’s relative insensitivity to turbulent airflow phenom-
ena which makes it less sensitive to many of the sources of
variability that can be detrimental to ASR performance.
We also present evidence which suggests that many of the
non-linear distortions commonly attributed to the carbon
microphone may have a less significant effect on the fea-
ture representations that are used in ASR than turbulent
airflow phenomena. Finally, we incorporate the acquired
knowledge of the properties of the carbon transducer to
derive a nonlinear feature space transformation to emulate
the carbon transducer’s desirable characteristics. Our ul-
timate goal is to improve speech recognition performance
over the public switched telephone network (PSTN).

2. EFFECT OF TRANSDUCER TYPE ON
ASR PERFORMANCE

An experimental study was performed to determine the
effects of using carbon as opposed to electret based tele-
phone handsets on ASR performance. The speech corpus
used for the study was collected over the PSTN. The ut-
terances collected were spoken through both carbon and
electret transducers, allowing HMM training and testing
to be performed on carbon or electret utterances sepa-
rately. The training/testing data consisted of 5368/2239
continuons utterances spoken over the telephone network
by 52/22 speakers. Each utterance contained from one to
seven digits with the total number of digits in the train-
ing/testing data amounting to 16321/6793.

Speech recognition was performed using continuous
Gaussian observation density hidden Markov models
(HMM) defined over mel-frequency cepstrum observations,
their derivatives, and their second derivatives. It isimpor-
tant to note that the speech data collection was performed
under contralled circumstances. All utterances were col-
lected using a set of two electret and two carbon telephone
handsets which were tested and found to be in good work-
ing condition. Previous studies of ASR performance over
the PSTN relied on the use of telephone station sets that
already existed in the speakers’ homes. These station sets,
especially those based on carbon transducers, can often be
in poor working condition.

The per digit error rates for different training and test-
ing conditions are given in Table 1. There are several ob-
servations that can be made from this table. First, the
error rate was lower for test utterances spoken through
a carbon handset regardless of the training conditions.
Second, for matched training and testing conditions, the
performance for carbon handsets was almost 50% better
than for electret handsets. Finally, it was observed that,
when testing using the carbon handset utterances, the dif-
ference in performance between matched and unmatched
conditions was relatively small. Obviously, any system
that provides good overall ASR performance and robust-
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ness to varying training conditions is very desirable. A
better understanding of the characteristics of the carbon
transducer may help us in designing speech recognition
systems with these properties.

Testing | Carbon Data  Electret Data
HMM Training

Carbon Data 1.3% 4.1%
Electret Data 1.6% 2.4%
Combined Data 1.3% 2.8%

Table 1: Telephone network based connected digit recog-
nition error rate for transducer-dependent models.

3. ACOUSTIC PROPERTIES OF CARBON
AND ELECTRET TRANSDUCERS

This section attempts to compare and quantify the differ-
ences in acoustic characteristics between the carbon and
electret telephone transducers as they relate to antomatic
speech recognition. We look specifically at how the dif-
ferent transducers affect the underlying feature represen-
tations that are used in ASR.

In order to make direct comparisons between carbon
and electret transducers and their effect on speech sig-
nals, a stereo database of carbon/electret speech (SCE)
was used. Connected digit utterances were spoken si-
multaneously through carbon and electret handsets, and
recorded over the PSTN. Thirty-one three-digit strings
were recorded in two sessions for each of four different
speakers, resulting in a total of 248 utterances. Initially,
these recordings were used to make comparisons between
the mel-frequency log filter-bank energies derived using
the two transducers. A Davis and Mermelstein filter~bank
consisting of twenty—four filters over a four kHz. band-
width was used in all experiments. These comparisons
are important because the cepstrum observation vectors
used in the speech recognition experiments were derived
from the filter-bank energies through an inverse cosine
transform.

Fig. 1(a) displays the short-time energy contour for
the 3-digit string ‘three-six—six’. Note the differences in
the average energy for the plosive /ks/ and the fricatives
/s/, /th/ between the carbon transducer (solid line) and
electret transducer (dashed line). The electret transducer
is clearly affected by the direct airflow that accompanies
plosive and fricative production. This ‘pop’ effect is well
known and compensated for in some electret transducers
through careful design of the microphone grill [3]. How-
ever, in most telephone handsets the principle mechanism
for reducing the effects of the turbulent airflow is to design
the handset so that the transducer is positioned outside
the air stream. As a result, there is considerable variation
in the amount of ‘pop’ noise depending on the positioning
of the handset relative to the speakers’ mouth. Indeed,
we have observed different degrees of distortion among
speakers and sessions in the SCE database. Average en-
ergy differences between carbon and electret utterances
can be as high as 10 dB.

Fig. 1 (b) displays typical mel-frequency filter-bank
envelopes measured in dB for the phonemes /iy/, /ah/,
and /s/ from the SCE database. The spectral energy
contours for carbon utterances {solid line) show spectral
minima that are consistently attenuated relative to that
of electret utterances (dashed line). The local carbon-
electret spectral envelope differences can be as high as 20
dB in the vicinity of spectral minima. This is thought to
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Figure 1: {(a) Short-time energy contours for stereo carbon
(solid) and electret (dashed) and carbon data for the ut-
terance ‘three—six—six’ (b) Mel spectral envelope for stereo
carbon (solid) and electret data speech frames (20 msec):
/iy/ from ‘three’, /ah/ from ‘one’; /s/ from ‘six’

be primarily a result of the turbulent airflow ‘pop’ effect
that introduces noise in the spectrum. From the anecdo-
tal evidence illustrated by the plots in Fig. 1, it is clear
that there is considerably more variability associated with
speech that is passed through the electret transducer. It
is very likely that this increased variability is responsible
for the increase in ASR error rates obtained using electret
data.

4. NON-LINEAR CHARACTERISTICS OF
THE CARBON TRANSDUCER

The discussion in the previous section suggested that the
most salient difference between carbon and electret tele-
phone handsets from an ASR point of view is the carbon
transducer’s insensitivity to turbulent airflow phenomena.
There was no mention of the widely know non-linear prop-
erties associated with the carbon transducer. This section
briefly discusses these issues and considers their relative
importance for ASR.

The well established facts about the acoustic char-
acteristics of the carbon transducer are {1]: (a) random
variation of the sensitivity of the transducer depending on
the state of agitation of the carbon granules which may
include ‘packing’ or total loss of sensitivity when the car-
bon granules are packed together; (b) non-linear instanta-
neous distortion evident as clipping for ‘expansive’ signal
peaks (ie., peaks corresponding to carbonm chamber ex-
pansion) and smooth compression of ‘compressive’ peaks;
(¢) nonlinear input/output gain curve resulting in sup-
pression of background noise; {d) contact noise and noise
surges caused by current instabilities in the network.

A laboratory study was performed to investigate the

1534



properties of the carbon transducer by attaching a car-
bon telephone handset powered from the telephone net-
work to a B&K head and torso simulator. The important
difference between measurements obtained from this ex-
perimental set—up and the measurements discussed in Sec-
tion 3 is the measurements obtained here were not taken
from actual speakers. Therefore, the airflow effects should
not be a factor. The carbon transducer’s respounse to a
number of different stimuli were analyzed including syn-
thetic stimuli and a pre-recorded utterances. These were
part of a larger set of experiments that were intended to
extend a previous study of carbon transducer characteris-
tics performed by Joe Hall and Bob Kubli using the same
experimental apparatus [4].

In Fig. 2(a), we show the response of the carbon trans-
ducer to a pair of tones at 100 dB SPL. Intermodulation
harmonics appear at multiples, sums, and differences of
the original frequencies due to the nonlinear distortion
introduced by the transducer. The fact that the ampl-
tudes of the non-linearly generated harmonic tones are
sometimes as little as five dB down from the input ampli-
tudes illustrates the effect of the non-linear transducer on
simple tones. Of course, the degree of distortion is heavily
dependent on the input dynamic level.

In Fig. 2(b) we compare the mel-frequency filter-bank
energies for the carbon transducer (solid line) and a refer-
ence condenser microphone {dashed line) for the phoneme
/ae/ recorded at 100 dB SPL. The spectrum of the carbon
transducer has been normalized by the response to a swept
tone. For speech signals, one might expect that inter-
modulation products might severely distort the spectral
envelope. However, comparisons of many curves like the
ones in Fig. 2(b) suggest that, at least for the smoothed
spectral representations that are obtained from the mel-
frequency filterbank analysis, this effect is minor. The
combined data described in Sections 3 and 4 suggest that
the effect of the well known non-linearities in the carbon
transducer may have far less of an effect on ASR perfor-
mance than the turbulent airflow phenomena described in
Section 3.

5. FEATURE SPACE TRANSFORMATION

An initial effort was made to model the differences in
acoustic characteristics between the carbon and electret
transducers. This model has been used in a procedure to
reduce the transducer induced variability described in Ta-
ble 1. The model was motivated by the experimental ev-
idence suggesting that the desirable effects of the carbon
transducer stem from its ability to suppress highly vari-
able speech information. Hence, the general notion be-
hind the compensation or transformation procedure is to
try and recover the characteristics the carbon transducer
from the utterances spoken through a “less desirable” lin-
" ear transducer. Since the effects of this non-linear device
are dependent on the characteristics of the input speech,
it is important that the transformation be time-varying.
The transformation corresponds to a set of HMM state de-
pendent linear transformations, effectively approximating
the non-linear characteristic as a segmental linear models.
The problem is treated as a signal recovery problem.
The cepstrum vectors derived from the carbon transducer,
&, are taken as the “desired” signal, and the cepstrum
vectors derived from the electret transducer, Z§, are taken
as the “corrupted” signal. It is assumed that these vec-
tors are realizations of random processes that are related
according to #; = &7 + ¢, where §; represents a simple
linear filtering operation. This can be modeled as an addi-
tive bias in the mel-frequency cepstrum domain. It is also
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Figure 2: (a) Fourier spectrum for a pair of tones and for
their carbon transducer output (b) Mel-frequency filter—
bank spectrum for carbon (solid) v. reference (dashed)
transducer output for /ae/ from ‘vans’.

assumed that #¢ and ¢ are both represented by Gaus-
sian densities that are tied to the states of the hidden
Markov digit models. The parameters of the HMM state
dependent Gaussian densities associated with 7: are ob-
tained from the simultaneous carbon / electret recordings
of the SCE database according to the process illustrated in
Fig. 3. Note that the set of speakers and transducers used
in the SCE corpus are completely separate from those
used in the corpus described in Section 2 which is used to
evaluate recognition performance. Viterbi alignment of
each training utterance spoken through a carbon trans-
ducer is performed against the known word transcription
for the utterance. All frames where Z{ are assigned to
state 8, = k are used to estimate the mean, jix, and vari-
ance, #; of §: = £f — 7§ for state k. After obtaining
these statistics as part of a training procedure, it is pos-
sible during recognition to estimate the expected value
of the carbon transducer output conditioned on the elec-
tret transducer output for each state E{Z{|Z7,8: = k}.
However, in our experiments, using this optimal linear es-
timator performed no better than simply subtracting the
mean jIx from observations decoded during recognition to
state 8; = k.

During speech recognition, the compensation proce-
dure is applied as shown in Figure 4. First, a list of N most
likely string candidates (n—best list) is generated from the
original test utterance. Second, a state dependent trans-
formation is performed for each string candidate, by re-
placing each observation #; with #; — fs, as described
above. Finally, the best string is chosen as the one as-
sociated with the transformed utterance with the highest
likelthood. This process of “rescoring” the top scoring
string candidates produced by the Viterbi decoder is an
easy way of applying acquired knowledge of transducer
distortion. However, there is no reason why this proce-
dure could not be more tightly coupled in the initial search
procedure. The speech recognition performance obtained
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Figure 3: Characterizing the carbon—electret transducer
distortion process. For each HMM state 8, = k, the mean
fx and variance &2 of the “transducer distortion” cep-
sttum vectors §: are computed. The state segmentation
#1,...,07 of the input utterance is obtained for a known
transcription using the carbon HMM.

using this procedure is measured for test utterances spo-
ken through both electret and carbon transducers, as it
is important that the error rate does not increase under
any condition.

Table 2 displays the speaker independent digit recog-
nition error rate using a number of different testing condi-
tions. The results are reported for the same speech recog-
nition corpus that is described in Section 2. In all cases, a
hidden Markov model trained from combined data using
both carbon and electret transducers is used for testing.
The error rate displayed in the first row of Table 2, given
as the baseline condition, is simply repeated from Table 1.
The second row of Table 2 is the error rate for the com-
pensation procedure described in Figure 4 when an n-best
list consisting of the 4 best string candidates is used. The
“n-best / CMS rescoring” procedure shown in the third
row of the table is identieal to the procedure shown in the
second row except the compensation and rescoring is per-
formed using cepstrum mean normalized (CMS) training
and test data. Finally, the last row of the table represents
the error rate obtained using cepstrum mean subtraction
(CMS) on both training and test data.

Test Word Error Rate

Conditions Carbon | Electret
Baseline 1.3% 2.8%
N-Best / Rescore 1.2% 2.4%
N-Best / CMS Rescore | 1.0% 1.9%
CMS 1.1% 2.1%

Table 2: Connected digit recognition error rate for the
transformed electret and carbon PSTN test data.

6. SUMMARY

The compensation procedure described in this paper was

motivated by the observation that performing speech recog-

nition on utterances spoken through carbon transducers
can reduce error rate by over 50% compared to the per-
formance obtained using electret transducers. There are
several observations that can be made from the results in
Table 2. The first observation is that the compensation
procedure described in Section 5 improved performance
for utterances obtained from electret transducers by over
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Figure 4: Applying transducer compensation process as
part of an n—best string rescoring procedure.

30%. However, it is also true that simply performing
cepstrum mean normalization (being careful to estimate
cepstrum averages using only observation vectors corre-
sponding speech frames) improved performance by 25%.
Hence, while the compensation procedure was effective,
there is still much to be done to impose a greater consis-
tency between the process of parameter identification and
recognition.

In general, it is very difficult to estimate the parame-
ters of a spectral mapping procedure from the small num-
ber of observations that are available during recognition.
The procedure described here attempts to deal with this
problem by estimating these parameters a priori. Non-
parametric probabilistic spectral mappings have been pro-
posed in the past for speech restoration [5]. The sim-
ple parametric spectral mapping procedure investigated
in this paper is important because if incorporates prior
information obtained from acoustic observations from the
non-linear carbon transducer.
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