[2R2 Exflsks U H—FURI Y

Science Tokyo Research Repository

oo /00000
Article / Book Information
Title Toward Robust Speech Recognition Under Adverse Conditions
Authors Sadaoki Furui
Citation Proc. ESCA Wrokshop on Speech Processing in Adverse Conditions,
Cannes-Mandelieu, , , pp. 1-12
Pub. date 1992, 11

Powered by T2R2 (Science Tokyo Research Repository)


http://t2r2.star.titech.ac.jp/

ESCA Workshop on Speech Processing in Adverse Conditions
Cannes-Mandelicu, France, November 10-13, 1992

Toward Robust Speech Recognition Under Adverse Conditions
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Speech signals are subject to variations resulting from linguistic variables as well as such acoustic variables as
additive noise, speaker individuality, environment-dependent speaking styles, and microphone and transmission char-
acteristics. This paper overviews the main methods that have been investigated to cope with these variations, which are
the major factors degrading the performance of speech recognition systems used in practical situations.

The following methods have been used to deal with additive noises: using special microphones, using auditory
models for speech analysis and feature extraction, reducing and suppressing noise, using noise masking and adaptive
models, using spectral distance measures that are robust against noises, and compensating for spectral deviation result-
ing from the special speaking manners used in noisy environments (Lombard effect). Various methods have also been
used to cope with the problems caused by the different characteristics of different kinds of microphones.

Discourse recognition using spontaneous speech has recently occupied the attention of many researchers. In this
area, it is necessary to cope with variations that are not encountered when recognizing speech read from a text. Various
approaches to giving recognition systems the ability to automatically adapt to individual speakers have also been ac-
tively explored. To cope with the variation related to linguistic processing, methods of adaptation to a new task have
been investigated.

1. Introduction phenomena resulting from variation are the following:

A panel session titled "Towards robust speech recog-
nition” was organized in the IEEE Speech Recognition

Workshop held at the Arden House, New York in De- Table 1 - Main causes of speech variation.
cember 1991. This session addressed the problem that Speech-correlated noisc
even if a speech recognition system performs remarka- reverberation, reflection
bly well in laboratory evaluations and during demonstra- Environment | Uncorrelated noise

additive noise

tions to prospective clients, it often performs not nearly (stationary, unstationary)

as well in the "real world". This is mainly because the
speech that actually has 1o be recognized varies for many Attributes of speakers
reasons and therefore usually differs from training dialect, gender, age
speech. Even the psychological awareness of communi-

Manner of speaking
breath & lip noise

cating with a speech recognizer could make the talker stress
produce a noticeable difference. Speaker Lombard effect
The recognition performance for speech influenced rate
by noise and distortion is cspecially degraded when only ;::rll
very clean speech was used to train the system. The cooperativeness
main causes of speech variation can be classified accord-
ing to whether they originate in the speaking and record- Microphone (Transmitter)
ing environment, the speakers themselves, or the input I ;?i'ﬁgm to the microphone
equipment (Table 1). equigr‘;[em Transmision system
Although the physical phenomena of variation can distortion, noise, echo
be classified as noise addition or as distortion, the dis- Recording equipment

tinction between these categories is not clear. The actual




(1) Spectral variation .
Several spectral peaks disappear and the spectral

envelope becomes flat. Spurious spectral peaks appear.

Spectral inclination and bandwidth change. Other spec-

tral variations include nonlinear transformation.

(2) Nonlinear time expansion and contraction

(3) Additive noise increases the difficulty of determining

the speech period.

When people speak in a noisy environment, not only
does the loudness (energy) of their speech increase, but
the pitch and frequency components also change. These
speech variations are called the Lombard effect: the first
formant of a vowel often increases while the second for-
mant decreases. The Lombard effect also includes a sig-
nificant change in spectral tilt [1-3]. Several experimen-
tal studies have indicated that these indirect influences of
noise have a greater effect on speech recognition than
does the direct influence of noises entering microphones
[4-5]. Tt has also been reported that articulation effects
under noisy conditions are context dependent [3].

Because methods for coping with individual speech
variation have already been surveyed [6-7], this paper
just briefly reviews the major speaker-independent
methods used in speech recognition, concentrating espe-
cially on speaker adaptation techniques. Rcaders who
want to know details should refer to the original papers.

When recognizing spontaneous speech in dialogs, it
is necessary to deal with variations that are not encoun-
tered when recognizing speech that is read from texts.
These variations include out-of-vocabulary words, un-
grammatical sentences, botched utterances, restarts,
repetitions, style shifts, and instability in the detection of
end-points.

Another problem related to the variation of speech is
how to adapt to a new task. Most advanced speech rec-
ognition systems use statistical approaches consistently
for acoustic and linguistic processing. To build reliable
statistical models, it is necessary to use large speech and
text databases. These databases must be changed to fit
new tasks every time the tasks are changed, but it is diffi-
cult to collect a large database for each task. We would
therefore like to be able to use a relatively small database
to adapt the model to a new task . This adaptation of
statistical linguistic models is now under investigation.

2. Speech Recognition under Noisy
Conditions

2.1 Overview

Recognition performance under noisy conditions is
often impaired by variations in the amount of speech
quality degradation rather than by the degradation itself.
Problems are created, for example, by the variation of
noise level associated with variations in the distance
between the speaker and the microphone. If training can
be performed under the same noise conditions as those
under which the speech is to be recognized, performance
is better than that attained when training occurred under
noise-free conditions. Conversely, if training is per-
formed under noisy conditions and the speech to be rec-
ognized is clean, performance is worse than when noisy
speech is recognized.

If the range over which noise characteristics and
speaking manner (such as speaking rate, loudness, and
Lombard effect) are known ahead of time, training under
the various expected conditions is useful [5]. This
method is limited, however, because it is impossible to
train under every condition. It would therefore be useful
to have methods for automatically adapting to and nor-
malizing the effects of adverse conditions.

Figure 1 shows the major methods that have been
investigated (8], along with the basic sequence of acous-
tic processing in speech recognition. The following
subsections explain the methods in each of these catego-
ries.

2.2 Special transducer arrangements

A head-mounted noise-canceling microphone (gradi-
ent microphone) is especially useful for dealing with the
problems of low-frequency noise and room reverbera-
tion and for preventing the problems that occur when the
distance between the speaker and the microphone varies
[9). Under very noisy conditions, like those in the cock-
pit of a fighter plane, this microphone is not effective
enough. It has however been reported that the use of
two-sensor input which combines an accelerometer (a
throat microphone or a bone-contact microphone) output
for low frequencies (< 1.5 kHz) and gradient micro-
phone output for high frequencies (> 1.5 kHz) is effec-
tive [9]. The test reported, however, was limited to
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Figure 1. Major methods for coping with noise problems
in speech recognition.

matched training and testing conditions, and thus cannot
be extrapolated to unmatched situations.

Superdirectional microphones are useful when noise
comes from a restricted direction. An adaptive micro-
phone array for noise reduction (AMNOR) is a micro-
phone array consisting of microphone units that are each
followed by a digital filter. The characteristics of these
digital filters are automatically adjusted to ensure that
the microphone array is insensitive to sound coming
from the direction of the noise source [10]. When the
noise is diffused, however, as it is in airplanes and cars,
the effectiveness of superdirectional microphones is
relatively low [11].

One of the conventional methods for adaptive noise
cancelation uses the adaptive filtering algorithm to proc-
ess two input signals [11-12]. In this method (Fig. 2), the
transfer characteristics from the noise source to the pri-
mary microphone are approximated by a transversal fil-
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Figure 2. The concept of adaptive noise canceling
(Reprinted from: B. Widrow, et al., Proc.
IEEE, No. 12, 1975, p. 1693).

ter, and the noise at the primary microphone - estimated
from the input of reference (auxiliary) microphone - is
canceled. The noise that should be canceled must of
course be properly estimated, and the larger the distance
between the primary and reference microphones, the
more difficult it is to estimate the noise. But if the dis-
tance between the microphones is small, it is difficult to
prevent the speech signal from reaching the reference
microphone. Although this method can reduce the fun-
damental wave component of car engine noise, a noise
source that is easily captured, it is difficult to reduce dif-
fused noise by using this method.

Adaptive noise cancelation was tested in a speech
recognition experiment in a car. Speech period was de-
termined from the power ratio of two microphone inputs,
and noise masking and a special distance measure were
applied. The distance measure consisted of inverse-vari-
ance weighted cepsira and delta-cepstra (see Subsection
2.6). For speech with an SNR of 13 to 24 dB, recogni-
tion was more accurate than when a conventional single-
input method was used {13).

When speech recognizers are used for remote-con-
trol of acoustic equipment like stereo and television sets,
the sound produced by the equipment becomes interfer-
ing noise. But because the noise is known in these situ-
ations, adaptive filtering is appropriate. It has been con-
firmed that an adaptive FIR filter controlled by a normal-
ized LMS algorithm can reduce radio and television
noise by 15 to 25 dB [14].

Yamada et al. [15] have investigated a method for
removing reverberation by inverse filtering the band-




split reverberant speech obtained from multiple micro-
phones. Because the construction of the inverse filter is
based on MINT (multiple-input/output inverse) theorem
[16] so as to minimize the difference between the in-
verse-filtered signal and reference signal for each fre-
quency band, this method is called the sub-band MINT
method (Fig. 3). When speech was uttered in a room
with a reverberation time of 0.55 to 0.86 s and the sub-
band MINT method was used with 512 sub-bands and
two microphones, the original speech signal from 0.5 to
8.5 kHz was well recovered.

This method has been simplified to a multi-micro-
phone sub-band selection method [17] and applied to
word recognition. When a conventional single micro-
phone was used, reverberation decreased recognition ac-
curacy by roughly 10%, but when five to seven micro-
phones were used and the inverse filtering was applied,
the accuracy was decreased by only 2-3 percent.

2.3 Novel representations of speech
(Auditory models)

The human hearing system is more robust than ma-
chine systems - more robust not only against the direct
influence of additive noise but also against the speech
variation (that is, the indirect influence of noise), even if

' the noise is very inconstant. A speech recognizer is

therefore expected to become more robust when its front
end uses models of human hearing. This can be done by
imitating the physiological organ or by reproducing psy-

Reverberant signal

(Echoic room) / JL

Band splitting / Decimation

4

Dereverberation (MINT)

4

Band merging / Interpolation

Sound source

Original signal Recovered signal

Figure 3. The sub-band MINT method (Reprinted from:
Yamada et al., Proc. IEEE ICASSP,
Toronto, 1991, p. 970).

choacoustic characteristics.

The ensemble interval histogram (EIH) is a computa-
tional model based upon the temporal discharge patterns
of auditory-nerve fibers [18)]. It uses the ensembile histo-
gram of interspike intervals, which histogram is gener-
ated by a simulated array of auditorynerve fibers, to pro-
duce a frequency-domain representation of the input sig-
nal (Fig. 4). The EIH model 1) uses 85 simulated coch-
lear filters splitting the frequency band between 200 and
3200 Hz, 2) detects the times when the output of each
cochlear filter exceeds a threshold level, and 3) calcu-
lates histograms of level-crossing intervals. Although
the histogram ensemble is similar to a frequency spec-
trum, it has a nonlinearity similar to that of human audi-
tory processing characteristics and it has nonuniform
frequency resolution. The recognition of noisy speech
was greatly improved by applying this model to a DTW-
based recognition system.

The short-time modified coherence (SMC) of speech
increases the SNR of the speech signal by using the in-
herent coherence of adjacent segments in the signal [19].
Although the amount of improvement is data dependent,
the SNR was increased by 10 to 12 dB when it was ini-
tially 0 to 20 dB. Using the SMC, speaker-dependent
ten-digit recognition with noisy speech (whose SNR was
10 dB) provided a recognition accuracy of 98.3%, which
was close to the 99.2% accuracy obtained with noise-
free speech. When the traditional all-pole spectrum rep-
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Figure 4. The ensemble interval histogram (EIH)
computational model (Reprinted from: O.
Ghitza, Journal of Phonetics, No. 16, 1988,
p. 111).




resentation was used, the recognition accuracy with
noisy speech was only 39.8%.

PLP (perceptual linear predictive) analysis is a tech-
nigue that estimates the auditory spectrum by using three
concepts derived from the psychophysics of hearing: 1)
the critical-band spectral resolution, 2) the equal-loud-
ness curve, and 3) the intensity-loudness power law.
The auditory spectrum is then approximated by an au-
toregressive all-pole model [20]. As described in Sub-

section 2.6, the combination of PLP and weighted -

(liftered) cepstral distance measures is effective when
recognizing noisy speech.

2.4 Signal enhancement preprocessing

Various research on noise suppression has been con-
ducted [21]. Most noises are additive and can be classi-
fied according to whether they are correlated or uncorre-
lated to speech. Noises can also be classified as station-
ary or nonstationary. The most typical nonstationary
noises are other voices. The difficulty of noise suppres-
sion depends on characteristics of the noise. A noise
reference is often used for stationary noise, and one of
the typical methods for suppressing siationary noise
uncorrclated with speech is the Wiener filter method
[22].

Ephraim et al. [23] have investigated a method for
estimating the short-time noise level and the all-pole
spectral model for the original speech from a given sig-
nal consisting of speech and uncorrelated additive noise.
The estimation is performed by using iterative calcula-
tions that minimize the spectral difference between
noise-added speech and a complex speech model. LetY,
o/A , and N respectively be the power spectral density of
noise-added speech, all-pole model spectral density, and
noise power level. The values of o/A and N are esti-
mated by iterative calculations to minimize the Itakura-
Saito distance measure defined by the following equa-
tion:

d¥Y (w), o/ A (w)+ N (w))
L [ Y@
2n )., of/A (w)+ N (w)

Y ()
-1 1) dw
° o/A (w)+ N () 1 (1

The estimated oJA is used in speech recognition as a

speech spectrum. An advantage of this method is that
because it is unnecessary to know the noise level explic-
itly, this method can be used in the same way even when
the noise level of recognition speech differs from that of
training speech. The results of a speaker-dependent
word recognition experiment using white-noise-added
speech whose SNR was 10 dB showed that this method
increased recognition accuracy from 37% to 72% when
reference templates were made using clean speech.

Hidden Markov model (HMM) decomposition is a
method for separating speech from a signal consisting of
speech and additive noise [24-25]. Speech and noise are
each modeled by a HMM, and the noisy signal is as-
sumed to be modeled by a composite constructed by
combining these two models. The Viterbi algorithm is
used to decide which state sequence in the composite
model is the most likely to have produced the observed
signal. This corresponds to the process of searching a
path in the three-dimensional space shown in Fig. 5.
This method can be applied not only to stationary noise
but also to time-varying noise, such as another speaker's
voice. The effectiveness of this method was confirmed
by experiments using speech signals to which noise or
other speech had been added.

The cocktail party effect is the phenomenon that a
person can extract one speaker's voice from noisy back-
ground. An engineering model of the cocktail party ef-
fect was constructed by using a comb filtering technique

Model 1
)
L\

A{%Q

Observations

Figure 5. Decomposition of a 3-dimensional state
sequence into two 2-dimensional
projections in the Model 1 and Model 2 state
spaces (Reprinted from: A.P. Vargaetal.,
Proc. Eurospeech, 1991, p. 1176).




[26]. In an experiment using a signal consisting of two
overlapped speech samples, the pitch frequency of one
speaker's voice was extracted by using the temporal
continuity of pitch frequency, and the speaker's voice
was extracted by the comb filter controlled by the pitch
frequency.

The comb filtering method was improved by adding
the capability of estimating and subtracting the noise
bias of each harmonic component [27]. A block diagram
of this method is shown in Fig. 6. For spcech with an
SNR of 12 dB, this method increased the isolated word
recognition rate from 25% to 80% in the case of white
noise, and from 60% to 95% in the case of room noise.

Because it is not necessary in speech recognition to
output a noise-reduced speech wave, methods for adding
estimated noise to reference templates instead of reduc-
ing noise in the observed signal have also been investi-
gated [28-29]. The noise-adding method is easier to use
because it is free from the negative power problem that
sometimes occurs in noise-reduction methods when
noise level is over-estimated.
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Figure 6. The comb filtering method for reducing noise
(Reprinted from: H. Nagabuchi, Trans.
IEICE Jpn., No. 5, 1988, p. 1101).
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2.5 Noise masking and adaptive models

Klatt [30] tried combining filter-bank analysis and
noise masking by a method in which only those fre-
quency bands whose energy levels are higher than the
masking levels derived from the noise levels are used in
the distance calculation for each frame. The noise level
of each band is estimated beforehand when there is no
speech input. For each frame, the speech level of a fre-
quency band in which the level of either the training ut-
terance or the input speech is lower than the level of the
masking noise is replaced by the masking level for both
reference and input speech and therefore not used in the
distance calculation. This method assumes that the noise
level is stable and the noise level of input speech is not
high. If the noise level is too high, a meaningful distance
cannot be calculated because there are not enough fre-
quency bands whose levels are higher than the masking
levels. This method cannot be used directly in LPC-
based speech recognition systems.

The noise masking method was also extended for
application to stochastic-model-based recognition meth-
ods [31-32]). These methods combine noise models with
HMMs, and experimental results have showed that one
of these methods reduces recognition errors by roughly
two-thirds [33-34].

Spectral mapping transforms noisy speech into clean
speech by using correspondence rules between clean and
noisy signals. The rules are obtained by using vector
quantization techniques [35). This method differs from
most of the already mentioned methods, which use sig-
nal estimation theory to estimate the signal and the noise.
It has been reported that applying the mapping method to
anoisy signal with an SNR of 14 dB improved the SNR
by roughly 10 dB.

A spectral mapping method based on hierarchical
spectral clustering, which was originally proposed for
speaker adaptation [36][7], has recently been applied to
the spectral normalization of speech distorted by various
additive noises, and its usefulness has been confirmed
[37]. The use of neural nets for nonlinear mapping of
cepstral parameters has also been investigated [38].

2.6 Robust distortion measures

Robust distortion measures selectively and automati-
cally emphasize similarity (distortion) measures derived
from those parts of the spectrum that are less corrupted




by noise. Because various methods described in the
preceding subsections extract stable parts of noise-cor-
rupted speech spectra or transform speech into stable
representations, they can also be regarded - in a broad
sense - as robust distortion measures.

Experimental evaluation of various distance meas-
ures in speaker-dependent word recognition based on
LPC and filter-bank analysis have confirmed that the
WLR measure weighted at the lower frequency bands is
robust against white noise [39-41]. The WLR measure is
defined by the following equation:

(D) 15 8(@) 1y/(®)
A ff(w) fwy =~ o”

+ ff(w) -log /(@) -DE (w)} dw
g () 8 (w) c®

=23 (rnm - rn(g)) (cnm - cn@) @3]
a=1

f (w): Reference spectral envelope

& (w): Input spectral envelope
0‘) (g)
(/) (g)

Power
Auto-correlation function

(0 (‘) Cepstral coefficient

When the spectrum is represented by an all-pole
model, this measure can be easily calculated by using
autocorrelation functions and cepstral coefficients. The
WLR measure increases robusiness against noise by
weighting spectral peak regions that are less affected by
noises. A large-vocabulary isolated word recognition
experiment evaluated the WLR measure by using speech
that had an SNR of 18 dB and that was corrupted by
white noise. With clean reference templates, the recog-
nition rates were 85.0% when using the WLR and 65.3%
when using cepstral distance measure [40].

An unsymmetrically weighted LR measure, in which
noise-adaptive bandwidth expansion was combined with
frequency weighting, has also been proposed [42-43).

Weighted (liftered) cepstral distance measures are
generally represented by the following equation [44-45]:

N 2 2
d, =3 wmec ¥ 3)

w
P n=1

Here ¢ # and ¢, @ are the n-th cepstral coefficients for
the two spectra that should be compared. It has been ex-
perimentally confirmed that since additive noises usu-
ally influence lower-order cepstral coefficients and the
weighting factors, w(n), deemphasize these coefficients,
this measure improves the recognition accuracy for
noisy speech [46-47].

The smoothed group delay (SGD) distance measure
is a weighted cepstral distance measure in which the
weighting factor is defined as w(n)=n’ / exp(-n*/27%)
(s20). Experiments with noisy or distorted speech have
indicated that the most effective spectral peak emphasis
is achieved by setting s between 1 and 2 and ¢ at about 5.
The recognition accuracy for speech with multiplicative
noise and with an SNR of 10 dB was then 82%, whereas
the accuracy without weighting was only 62% [48]. A
weighted group delay (WGD) spectral distance measure
that combines the advantages of the WLR and SGD
measures has also been proposed and shown to be robust
against noise [49].

Additive white noise reduces the norm (length) of the
LPC cepstral vectors, and this norm shrinkage has been
found to be a function of the noise level. The orientation
(direction) of the cepstral vector is less susceptible to
noise perturbation than is the vector norm. Although the
shrinkage of the vector norm degrades recognition accu-
racy when conventional Euclidean distance calculations
are used, the following cepstral projection measure is
robust against differences between the noise levels of
training and input speech. Its use results in recognition
that is more accurate than when any other measure is
used [50-52]:

C'V) C(S)

dc? c®=1c®
1cPnc®)

)

Combination of this measure with the PLP analysis
described in Subsection 2.3 is also effective for Lombard
speech [53].

Delta-cepstra (or transitional cepstra), defined as
regression coefficients for the time functions of cepstral
coefficients over a rougly 50-ms period [54], are effec-
tive for recognizing noisy Lombard speech [55-56].

IMELDA (integrated mel-scale representation using
linear discriminant analysis) is a distance measure based
on the discriminant analysis technique, and its effective-
ness for recognition of noisy speech has also been inves-




tigated [57-58]. R

Increased robustness against noise has also been
achieved by using two-dimensional cepstral analysis for
the frequency and time domains [59].

2.7 Stress compensation

Stress compensation is the process of compensating
the spectral changes resulting from the vocal efforts
made in order to adapt to noisy environments, and the
spectral mapping technique described in Subsection 2.5
has been used for spectral-adaptation-based stress com-
pensation [28]. In this method (Fig. 7), the spectra of
reference templates made from stress-free speech ut-
tered under the noise-free condition are mapped to the
spectra of stressed speech uttered under the noisy condi-
tion.

To obtain the mapping rules, the same words are ut-
tered under two conditions: while hearing noise through
a headphone, and in a quiet environment. The quiet-en-
vironment speech is vector quantized, and a set of
stressed speech spectra corresponding to each codebook
element of stress-free speech is obtained by aligning the
time axes of the two utterances. To obtain stress-com-
pensated prototypes for use as the mapping targets of
stress-free speech, each set of spectra is averaged in the
autocorrelation domain. In addition, a noise spectrum is
added to the prototypes in order to cope with the additive
noise. For the isolated digit recognition task using
speech utterances in a car running at 60 mph with the fan
switched on, this technique reduced the recognition error
rate from 29.9% to 9.6%.

Simple linear transformation of cepstral coefficients
has also been used as a stress compensation technique
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Figure 7. The noise-adaptive speech recognition system,

[60]. It was observed that the means and variances of
cepstral vectors that define the observation probabilities
of an HMM display some systematic modification in
various speaking styles. Thus, a compensated word
model could be constructed by shifting the means and
scaling the variances in the original HMM according to
the observed modifications. In isolated-word recogni-
tion experiments including six speaking styles, this
method reduced the substitution error rate from 25.9% to
16.4%.

3. Coping with the Speech Variation
Resulting from Different Kinds of
Microphones

The difference between the characteristics of micro-
phones used for training and recognition sometimes
greatly degrades recognition. For example, in the
speaker-independent recognition of continuous speech
with a perplexity of 65, the recognition accuracy was
85% when test utterances were obtained through the
same close-talking microphone used for recording train-
ing utterances, whereas it decreased to less than 19%
when the test utterances were obtained through a desk-
mounted microphone [61].

The effectiveness of the CDCN (codeword-depend-
ent cepstral normalization) method proposed to cope
with this problem has been confirmed by various experi-
ments [62-64]. In this method, noise level and spectral
inclination are estimated directly from input speech,
without using training utterances, in the cepstral domain.
When the distortion characteristics for the speech signal
x(?) are represented by the linear filter A(f) and the uncor-
related noise added to the output of this filter is repre-
sented by n(f), power spectral density is represented as

Y, w)=Y_ W) IHW*+Y (w) (%)

Although it is difficult to directly and separately ex-
tract the effects of distortion and noise from ¥ (w) in the
cepstral domain, by introducing several approximations
the noise and spectral inclination there can be estimated
under the maximum likelihood criterion. The estimation
is executed by iterative calculations similar to those in
the EM algorithm. Using the CDCN method is more
effective than independently applying spectral subtrac-
tion and spectral normalization methods.




In the speaker independent recognition of continuous
speech with a perplexity of 63, the recognition rate when
using the different microphone was almost the same as
that achieved when using the same microphone [64].
Another advantage of the CDCN method is that it can
adapt dynamically to the variation of acoustical environ-
ment, since it does not need long-term a priori statistical
information about noise.

4. Coping with Spontaneous-Speech-
Specific Problems

As described in Section 1, the recognition of sponta-
neous speech poses a lot of difficult problems that do not
occur in the recognition of speech that is read. A word
spotting technique is frequently used to determine the
speech period in spontaneous speech - that is, for sepa-
rating speech from stationary and nonstationary noises
in real environment. The nonstationary noise includes
such speech and speech-like sounds as coughing, restart-
ing, and the repetition of utterances. The word spotting
method extracts these words from continuous speech by
using acoustical and temporal characteristics of target
words in the top-down manner [65-66].

Systems for recognizing spontaneous speech should
tolerate "barge-in" - that is, talk-over-prompt speech
input. Allowing people to talk over prompts, thus short-
cutting instructions, is essential to constructing a com-
fortable interactive system. This means that we have to
be able to deal with speech-on-speech issues. If the
prompting speech is known, the easiest solution is to
completely isolate the input and output channels and use
echo cancelation technology. A more challenging
method, which was described in Subsection 2.4, is to
model speech in the presence of speech.

In spontaneous speech, correct sentences are not
always spoken, and obstacle words and sounds that are
unnecessary for understanding the utterances are fre-
quently added. Additionally, the system is requested to
respond to the utterance as quickly as possible. To solve
these problems, it is necessary to establish a method for
detecting the time at which sufficient information has
been acquired instead of detecting the end of input
speech.

Style shifting is also an important problem in sponta-
neous speech recognition. In typical laboratory experi-
ments, speakers are reading lists of words rather than

trying to accomplish a real task. Users actually trying to
accomplish task, however, use a different linguistic
style. This task-oriented style is hard to simulate pre-
cisely, but ATIS data collection methods tried in the
DARPA community seem to come closest [67].

5. Speaker Adaptation

Approaches to building speaker-independent recog-
nition systems include [7]:

(1) Signal processing to extract invariant features

(2) Information theoretic approaches (such as those

using discriminant methods)

(3) Pattern recognition (including multiple-template

methods)

(4) Artificial intelligence (knowledge engineering)

(5) Statistical approaches (for example, using

HMMs)

(6) Neural networks

The performance of speaker-independent speech rec-
ognition systems has recently been greatly improved by
training them with a large speech database spoken by
many speakers and by incorporating statistical models of
speech variations. It is still impossible, however, to ac-
curately recognize the utterances of every speaker. Ex-
periments have shown that people can adapt to a new
speaker's voice after hearing just a few syllables [68].
Recent research has therefore explored the possibility of
giving recognition systems the ability to automatically
adapt to individual speakers [6].

Speaker-adaptation methods are generally classified
either as supervised (text-dependent) methods, in which
training words or sentences are known, or as unsuper-
vised (text-independent) methods, in which arbitrary ut-
terances can be used. The major speaker-adaptation
methods which have recently been investigated are the
following:

(1) Speaker cluster selection methods

(2) Interpolated re-estimation algorithm

(3) Codebook adaptation/normalization algorithm

(4) Reference-templates generation methods

It is essential to improve the performance of speaker-
independent recognition systems and to develop a
method that automatically adapts these systems to a new
speaker. The adaptation method should be able to in-
crease performance to match that of the speaker-depend-
ent systems - that is, systems using a large database of




training utterances uttered by the speaker whose speech
is being recognized [69].

6. Adaptation to a New Task

Speech recognition systems basically consist of
acoustic and linguistic models, and both models change
their characteristics according to the recognition tasks.
For acoustic models, task-independent phone models
have recently been explored [70]. But because auto-
matic training using utterances without phone labels is
now possible [71], it is not difficult to use large speech
databases to make task-dependent acoustic models that
can be changed every time a task changes.

The adaptation of linguistic models, in contrast, is
still a very important issue. This is because a linguistic
database needs to be much bigger than an acoustic data-
base, and collecting a large linguistic database for a new
task is difficult and costly. Various research has there-
fore explored the adaptation of linguistic models [72-
74].

7. Conclusion

This paper has briefly reviewed the major methods
for improving the performance of speech recognition
systems used under field conditions - when speech sig-
nals are subject to many different kinds of variations.
Making speech recognition systems that are robust when
used under adverse field conditions requires us to answer
a fundamental question: what the essential feature para-
meters and methods should be. That is, methods that are
not robust in actual use cannot be considered to be essen-
tial methods.

Although many methods for robust speech recogni-
tion under adverse conditions have already been pro-
posed, these methods have not yet been fairly compared.
It will therefore be essential to collect databases under
field conditions (actual or simulated) and to use these
databases to compare the effectiveness of the proposed
methods. It is also necessary to make clear the appropri-
ate application areas for each major method, to set forth
guidelines for combining these methods, and to improve
the most promising methods.

To correctly evaluate specech recognition technolo-
gies and to achieve steady technical progress, it is impor-
tant to comprehensively evaluate a technology under
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actual field conditions instead of under a single con-
trolled laboratory condition. It is also important to
evaluate and improve the technology from the viewpoint
of the human interface, for which evaluation under ac-
tual and adverse conditions is essential.
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