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\_
CHAPTER 1

Environmental Robustness

A speech recognition system trained in the

lab_ \Yith clean speech may degrade significantly in the real world if the clean speech used in
tr{umng doesn’t match real-world speech. If its accuracy doesn’t degrade very much under
mismatched conditions, the system is called robust. There are several reasons why real-
world speech may differ from clean speech; in this chapter we focus on the influence of the
acoustical environment, defined as the transformations that affect the speech signal from the
tme it leaves the mouth until it is in digital format.
, Chapter 9 discussed a number of variability factors that are critical to speech recogni-
tion. Because the acoustical environment is s important to practical systems, we devote this
chapter to ways of increasing the environmental robustness, including microphone, echo
cancellation, and a number of methods that enhance the speech signal, its spectrum, and the
corresponding acoustic model in a speech recognition system.
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10.1. THE ACOUSTICAL ENVIRONMENT

The acoustical environment is defined as lfxe set of tran‘sf(.)npal.ions that affect the e

signal from the time it leaves the speaker’s r_n.outh u-ntll It 1s in digital form, Ty, m;ih
sources of distortion are described here: additive noise and channel distortigy, 1
noise, such as a fan running in the background, door slams, or other speaker’ ¢
common in our daily life. Channel distortion can be caused by reverberation, the frequenc
response of a microphone, the presence 'of an electrical filter in the A/D Circuitry, the ri
sponse of the local loop of a telephone line, a speech cpdec, etc. Reverberation, caused b
reflections of the acoustical wave in walls and other objects, can also dramatical]y alter the

speech signal.

Additiye
peech, is

10.1.1. Additive Noise

Additive noise can be stationary or nonstationary. Stationary noise, such as that made bya
computer fan or air conditioning, has a power spectral density that does not change over
time. Nonstationary noise, caused by door slams, radio, TV, and other speakers’ voices, has
statistical properties that change over time. A signal captured with a close-talking micro-
phone has little noise and reverberation, even though there may be lip smacks and breathing
noise. A microphone that is not close to the speaker’s mouth may pick up a lot of noise
and/or reverberation.

As described in Chapter 5, a signal x[#] is defined as white noise if its power spectrum
is flat, S_(f)=gq, a condition equivalent to different samples being uncorelated,
R_[n]=qd8[n]. Thus, a white noise signal has to have zero mean. This definition tells us
about the second-order moments of the random process, but not about its distribution. Such
noise can be generated synthetically by drawing samples from a distribution p(x); thus we
could have uniform white noise if p(x) is uniform, or Gaussian white noise if p(x) is Gaus-
sian. While typically subroutines are available that generate uniform white noise, we ¢
often interested in white Gaussian noise, as it resembles better the noise that tends to occl
in practice. See Algorithm 10.1 for a method to generate white Gaussian noise. Variable x 18
normally continuous, but it can also be discrete. £

White noise is useful as a conceptual entity, but it seldom occurs in practice. MOSFO
the r'\oise captured by a microphone is colored, since its spectrum is not flat. Pink noise 18 ‘3
‘f’:‘::s:r“af type of colored noise that has a low-pass nature, as it has more energy ‘;‘ mfmk:ﬁr

conditi;:;i a:rd rolls off at hlgher .frequenmes. The noise generated bx a computer anéhesize
> Or an automobile engine can be approximated by pink noise. We can Sy’

pink noise by filtering white noise wi : als the esir®
power spectrum, & White noise with a filter whose magnitude squared equ

A great deal of additj
over time, In practice, eve
automobile are pot perfect

. : ; ; e ies changé
ve noise is nonstationary, since its statistical properti®s of
0 the noises from a computer, an air conditioning system:

. clicks:
ly Stationary. Some nonstationary noises, such as keyboard ¢

are ca : . . i
tsed by physical objects. The speaker can also cause nonstationary noises U™ f
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qmacks and breath noise. The cockrail party effect is the phenomenon under which a human
jistener can focus onto one conversation out of many in a cocktail party. The noise of the
conversations that are not focused upon is called babble noise. When the nonstationary noise
is correlated with a known signal, the adaptive echo-canceling (AEC) techniques of gection
10.3 can be used.

ALGORITHM 10.1: WHITE NOISE GENERATION

To generes whie nose in @ computer, we can first generate a random variable p with a
Rayleigh distribution:

p,(p)=pe? " -_
from another random variable rwith a uniform distribution between (0, 1), p,(+)=1, by simply

-pti2

equating the probability mass p, P)IdP| = p,(r)] dr\ so that

a ith integrati
il PP
dp p ; with integration,

itresults in r = e ' and the inverse is given by

p=v2lnr (10.2)
if ris uniform between (0, 1), and p is computed through Eq. (10.2), it follows a Rayleigh dis-
tribution as in Eq. (10.1). We can then generate Rayleigh white noise by drawing independent
samples from such a distribution.

If we want to generate white Gaussian noise, the method used above does not work, be-
cause the integral of the Gaussian distribution does not exist in closed form. However, if p fol-
lows a Rayleigh distribution as in Eq. (10.1), obtained using Eq. (10.2) where ris uniform
between (0, 1), and 6 is uniformly distributed between (0, 2 ), then the white Gaussian noise
can be generated as the following two variables xand y.

x = pcos(f) (103)

y=psin(@)

They are independent Gaussian random variables with zero mean and unity variance, since the
Jacobian of the transformation is given by

LA
_|dp 06 _|cos@ -p sin@ _ (10.4)
9& aﬂ " |sin@  pcos
dp 96|
and the joint density p(x, y) is given by
p(x,y)= 2P0 _ PPIPO) _ L o2
J p 27 (10.5)
=_l. ~(x 4yt _
e = N(x,0,)N(»,0.1)
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The presence of additive noise can sometimes change Fhe way the speaker speaks, The
bard effect [40] is 2 phenomenon by which a speake‘r increases his vocal effort i the
Lomba d noise. When a large amount of noise is present, the speaker tends to

ce of backgroun i ) .
f;ziinwhiCh entails not only a higher amplitude, but also of'ten hlghe'r pitch, slightly diffe.
ent fc;rmams, and a different coloring of the spectrum. It is very difficult to characterjze

these transformations analytically, but recently some progress has been made [36).

10.1.2. Reverberation

If both the microphone and the speaker are in an anechf)ic' .chamber or in free space, a m-
crophone picks up only the direct acoustic path. .In practice, in addition to the direct acoustic
path, there are reflections of walls and other objects in the room. We are well aware of this
effect when we are in a large room, which can prevent us from understanding if the rever-
beration time is too long. Speech recognition systems are much less robust than humans and
they start to degrade with shorter reverberation times, such as those present in a normal of-
fice environment.

As described in Chapter 2, the signal level at the microphone is inversely proportional
to the distance » from the speaker for the direct path. For the kth reflected sound wave, the
sound has to travel a larger distance r,, so that its level is proportionally lower. This reflec-
tion also takes time T, =r,/c to arrive, where c is the speed of sound in air.” Moreover,
some energy absorption a takes place each time the sound wave hits a surface. The impulse
response of such filter looks like

Y. 1S oy
Hn =Y L §n-T =._§: - 10.6
[n] ; . [7-T,] AT é[n-T,] (10.6)

where p, is the combined attenuation of the kth reflected sound wave due to absorption.
Anechoic rooms have P, =0. In general p, is a (generally decreasing) function of fre-
quency, so that instead of impulses §[#] in Eq. (10.6), other (low-pass) impulse responses
are used.

_ Often we have available a large amount of speech data recorded with a close-talking
microphone, and we would like to use the speech recognition system with a far field micro-
phone. To do that we can filter the clean-speech training database with a filter k(n], $0 that
the filtered speech resembles speech collected with the far field microphone, and then retrail
the system. This requires estimating the impulse response [n] of a room. Alternatively, %
can filter the signal from the far field microphone with an inverse filter to make it resemble
the signal from the close-talking microphone.

materials $0
flecting Sur”

! An anechoic chamber is a
that it absorbs al] echoes.
faces,

1 . - ' 'lh
d?f:lr at stan.dard atmospheric pressure and humidity the speed of sound is c=331.4+0.6T (m/s): i
rent media and different levels of humidity and pressure.,

room t.hat has walls made of special fiberglass or other sound-absorbing
It is equivalent to being in free space, where there are neither walls nor 1
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One way to estimate the impulse response is to play a white noise s; nal x[n
oy ; t
a loudspeaker or artificial mouth; the signal y[n] captured at the microphonf is giv[ell b};,rough
y{n] = x[n)* h{n]+v{n] (10.7)

where v[n] is the additive noise present at the microphone. This noise is due to sources such
air conditioning and computer fans and is an obstacle to measuring Afn). The impulse

as i
response can be estimated by minimizing the error over N samples
13 M=l 2
= -];Z(ylﬂl- 2 h[mlr[n—rn]J —_—
n=0 m=0

which, taking the derivative with respect to A[m] and equating to 0, results in our estimate
B

aE 1 N=if Mt )
N _1 T ;
MM lyryoiin N"Z..!(y["] ,.XJJ [mx[n—rm] Mn—1]

=%Nz:}’[nlx[n—1]‘§0fz[m](xll-gx[n—m]x[n-qJ -

N=l & Mol N-l
=iZy[n1r[n-1]-h[1]— Zh[rn][-l—zx{n -m]x[n-l]-b'[m—l]): 0
N n=0 m=0 N a=0

Since we know our white process is ergodic, it follows that we can replace time averages by
ensemble averages as N —oo:

N-1
lim %Zx[n— mlx[n—1]= E{x[n~mx{n—11} = 6[m-I] (10.10)
e n=0
so that we can obtain a reasonable estimate of the impulse response as

5[1]=%~2_': yinlx{n-1] (10.11)

Inserting Eq. (10.7) into Eq. (10.11) ,we obtain

hl1=h{I)+efl] (10.12)
where the estimation error e[n] is given by
N=l A -1 -1 b
dl]= A_l,-zv[n]x[n-l]+ '2 h[m](%ix[n—m]x[n-l]—5[m"[]J (10.13)
n=0 m=0 n=0

nce x{n] is zero-mean,

If v : EleI}=0, si
(] and x[n] are independent processes, then E{e{/]} B ererscs 10 0 a5

S0 that the estimate of Eq. (10.11) is unbiased. The covariance ma
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Environment| Rohtmmm
482

. ing the noise v[n]. The choice of N for a Joy,.
N =0, with the domll;'ﬁltl:rtle(mm;;e;ind the noise level.present in the room,
estimate depends on the ld Iso be estimated by playing sine waves of different frequencieg
The filter h[{l] coul ?n a white noise signal or sine waves may not t.)e Practical, 5.
or a chirp’ [52]. Since playluicting stereo recordings with a close-talking microphope i
other method is based on C(:“lter h[n] of length M is estimated so that Wh?n applied 1o e
far field micro_Phol;i'[r;Iih ii nl1inimizes the squared error with the far field signal yln, whic
::3;‘«;?;(1;5 ;;lgll::ving set of M linear equations:

Varianee

<] (10.14)
S HmR [m=n) =R, [n]

mu0

hich is a generalization of Eq. (10.11) when x[r] is not a white noise signal,
which is

7000
6000 |-
5000}

0 200 40 800 800 1000 1200 J400 1600 1800 2000
Time {samples)

: 16 kHz. It was
Figure 10.1 Typical impulse response of an average office. Sampling rate was

: e th and psing
estimated by driving a 4-minute segment of white noise through an artificial mou
Eq. (10.11). The filter length is about 125 ms,

. in office
. L, illiseconds in ©

It is not uncommon to have reverberation times of over 100 mllhs;t_l -

Tooms. In Figure 10.1 we show the typical impulse response of an average O

1013. A Model of the Environment

A widely used model of th

. r-

g n it gets €O
¢ degradation encountered by the speech signal when it
Tupted by both additiye no

e[‘iVC
. . S . We can d

1se and channel distortion is shown in Figure 10.2
\,

* A chirp function cop

. tinuously varjes its fre
ume: sin(a(e, + @n)) 1ts frequenc

ith
. linearly ¥
¥. For example, a linear chirp varies its frequency
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