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CHAPTER 1 0 

Environmental Robustness 

A speech recognition system trained in the 
lab with clean speech may degrade significantly in the real world if the clean speech used in 
tr~ning 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 
~coustical environment, defined as the transformations that affect the speech signal from the 
lime it leaves the mouth until it is in digital fonnat. 
. Chapter 9 discussed a number of variability factors that are critical to speech recogni­

tion. Because the acoustical environment is so 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 

Environmental ;---­
obustness 

The acoustical environment is defined as t~e set of tran_sf~n~a~ions_ that affect the s ee 
· al from the time it leaves the speaker s mouth until rt 1s rn digital form. T P ~h 

srgn . . . . dd. . . . wo main 
sources of distortion are described here. a 1t1ve noise and channel distortion. Ad .. 

· · h b k d d I h dn,ve noise such as a fan running m t e ac groun . oor s ams, or ot er speakers' s h . 
' . . . . b d b . peec ' is 

Common in our daily hfe. Channel d1stort1on can e cause y reverberatton the f . . . . : requency 
response of a microphone, the presence of an electncal filter m the AID circuitry th 

I. h d ' ere-
sponse of the local loop of a telep_hone me, a speec c_o ec. etc. Reverberation, caused by 
reflections of the acoustical wave m walls and other obJects, can also dramatically alter the 

speech signal. 

10.1.1. Additive Noise 

Additive noise can be stationary or nonstationary. Stationary noise, such as that made by a 
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[n] is defined as white noise if its power spectrum 
is flat, Sxx(f) = q, a condition equivalent to different samples being uncorrelated, 
R.u[n] = q8[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 unifonn 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 are 
often interested in white Gaussian noise as it resembles better the noise that tends to occur 
in practice. See Algorithm 10.1 for a me~hod to generate white Gaussian noise. Variable xis 
normally continuous, but it can also be discrete. 

White noise is useful as a conceptual entity, but it seldom occurs in practice. ~os~ of 
the noise captured by a microphone is colored since its spectrum is not flat. Pink noise 15 3 

particular type of colored noise that has a low~pass nature as it has more energy at the 10~ 
frequ~~cies and rolls off at higher frequencies. The noise g~nerated by a computer fan, an _air 
condttmner O . . . ynthes1ze 

. k . ' ran automobile engme can be approximated by pink n01se. We can 5 . d 
pm n01se by filt · . . . al the desire enng white nmse with a filter whose magnitude squared cqu s 
power spectrum. 

A great deal of dd' · . . . . . . . rties change 
over time 1 . a itive noise 1s nonstahonary, smce its stat1sttcal prope ran 

· n practice even th . . · · system, 0 
automobile are ' e noises from a computer, an air cond1t10nmg d licks 

not perfectly stat' . . h keyboar c ' are caused by ph . 
1 

. ionary. Some nonstat1onary noises, sue as h as lip 
ys1ca ob•ects Th - · es sue 

J • e speaker can also cause nonstauonary nms 

l 
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acks and breath noise. The cncktail party effect is the phenomena d h' h sin . n un er w 1c a human 
listener can focus onto one conversat10~ out of many in a cocktail party. The noise of the 

nversations that are not focused upon 1s called babble noise When the . . co . . 
0 

• • nonstaltonary noise 
. correlated with a known s1e,nal, the adaptive echo-canceling (AEC) tee! · f S . 1s 1111ques o ect1on 
!0.3 can be used. 

ALGORITHM 10.1 : WHITE NOISE GENERATION 

To generate white noise in a computer, we can first generate a random variable p with a 

Rayleigh distribution: 

P/P) = pe-p'11 (10.1) 

from another random variable rwith a uniform distribution between {0, 1), p,(r) = 1, by simply 

equating the probability mass pf'(P)!dPI = P,(r)!drl so that 1:~1 = pe-P'12; with integration, 

it results in r = e-P' ;2 and the inverse is given by 

p == J-2 In r (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 torm. However, it p fol­
lows a Rayleigh distribution as in Eq. (10.1), obtained using Eq. (10.2) where r is uniform 
between (0, 1), and 0 is uniformly distributed between (0, 21r ), then the white Gaussian noise 
can be generated as the following two variables x and y. 

x = pcos(0) (10.3) 
y= psin(0) 

They are independent Gaussian random variables with zero mean and unity variance, since the 

Jacobian of the transformation is given by 

ap, ap ... 
J= ap ae =lcos0 -psin01==p (10.4) 

ap,, apy sin0 pcos0 
ap ae 

and the joint density p(x, y) is given by 

p(x,y) = p(p,0) = p(p)p(0) =-' e-p' 12 

J p 2Tr (10.5) 

1 (' • 
= 

2
,c e- ·' +r>12 == N(x,0,l)N(y,0, I) 
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Environmental Rob~ 

Of additive noise can sometimes change the way the speaker speaks Th Toe presence . k . . · e 
,f:f. [ 401 is a phenomenon by which a spea er increases his vocal effort in th 

Lombard e11 ect f . . e 
f b k round noise. When a large amount o noise 1s present, the speaker tends 1 presence o ac g . b I f h · · 0 

h. h tai'ls not only a higher amphtude, ut a so o ten igher pitch, slightly di~ shout w 1c en . . uer-
&' t and a different coloring of the spectrum. It 1s very difficult to characten· ent 1onnan s, ze 

& rmati'ons analytically but recently some progress has been made [36] these trans1 o ' · 

10.1.2. Reverberation 

If both the microphone and the speaker are in an anechoic' chamber or in free space, a mi­
crophone picks up only the direct acoustic path. _In pr~ctice, in addition to the direct acoustic 
path, there are reflections of walls and other obJects m 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 r from the speaker for the direct path. For the kth reflected sound wave, the 
sound has to travel a larger distance '* , so that its level is proportionally lower. This reflec­
tion also takes time 4 = '• 'c to arrive, where c is the speed of sound in air.2 Moreover, 
some energy absorption a takes place each time the sound wave hits a surface. The impulse 
response of such filter looks like 

- p 1 - p 
h[n]= I,-* 8[n-4]=-I,-* O[n-4] 

k•O rk C bO 4 
(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 8[n] in Eq. (10.6), other ()ow-pass) impulse responses 
are used. 

. Often we have available a large amount of speech data recorded with a close-tal_king 
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 h[n], so mat 
the filtered speech resembles speech collected with the far field microphone, and then retrain 
the sySlem. This requires estimating the impulse response h[n] of a room. Alternatively, we 
can ~lter the signal from the far field microphone with an inverse filter to make it resemble 
the signal from the close-talking microphone. 

' An anechoic chamber is th rb' materials SO 
that it 

8 
1 room at has walls made of special fiberglass or other sound-abso mg . sur-

faces. bsorbs all echoes. It is equivalent to being in free space, where there are neither walls nor reflecung 
2 
ln air at standard atmo h · ) 1 varies with 

d'rn . . sp enc pressure and humidity the speed of sound is c=33 l.4+0.6T (ml s · 1 

t erent media and different levels of humidity and pressure. 
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One way to estimate the impulse response is to play a white noise s· 1 [ ) hr 
· · h· th · 1gna x n t ough 

a loudspeaker or art1fic1al mout , e signal y[n] captured at the microphone is given by 

y(nJ = x[n] * h[n] + v[n] (I0.7) 

where v[n] is the additive noise present at the microphone. This noise is due to sources such 

as air conditioning and computer fans and is an obstacle to measuring h[n] The . 1 · db · · · · . 1mpu se 
response can be estimate y mm1m1zmg the error over N samples 

E =-I, y[nJ- Lh[mJx[n-m] 
} V-1( M-1 Jl 
N nc.O m=-0 

(10.8) 

which, taking the derivative with respect to lz[m] and equating to O, results in our estimate 

h[/] : 

- =-I, y[n]- Lh[mJx[n-m] [n-1] a£ I 1 N-1( M - , ·} 

dh[/J Ji//J,.h{/} N n=O m=O 

=-Ly[n}x[n-/]- L h[mJ - Ix[n-m]x[n-/] 
1 N-1 M-1 A ( I N-1 J 
N nsO m=O N n=O 

(10.9) 

=-Ly[nJx(n-1]-h[/]- Lh[m] -Ix[n-m]x[n-l]-8[m-l] =O 
1 N- 1 M-1 ( I N-1 J 
N n=O m;O N n=O 

Since we know our white process is ergodic, it follows that we can replace time averages by 
ensemble averages as N ~ 00 : 

} N-1 

lim-I,x[n-m]x[n-l] = E{x[n-m]x[n-1]}= 8[m-/J 
N-. N n=O 

so that we can obtain a reasonable estimate of the impulse response as 

A } .Y-1 

h[l] =-LY[n]x[n-l] 
N n..o 

Inserting Eq. (10.7) into Eq. (IO.I 1) ,we obtain 

h[l] = h[l] + e(/] 

where the estimation error e[n] is given by 

I N-1 M-1 ( 1 N - 1 J' 
e[l]=-I,v[n]x[n-1]+ Lh[m] -Ix[n-m]x[n-l]-8[m-l] 

N ns O m =O N n: O 

(JO.IO) 

(10.11) 

(10.12) 

(10.13) 

If v[n] and x[n] are independent processes, then E{e(/]} = 0 , sin~e x[nJ is zero-mi:~ 
so that the estimate of Eq. (10. 11) is unbiased. The covariance matnx decreases to 
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0 Ustn~ 

N 
~ 

00 
with the dominant tenn being the noise v[n]. The choice of N for a 1 . , . ow-vana 

estimate depends on the filter length M and the noise level present in the room. nee 
The filter h[n] could also be estimated by playing sine waves of different fr . 

or a chirp1 [52]. Since playing a white noise signal or sine waves may not be p e~uenc1es . . . ractJcal an 
other method is based on collecting stereo recordmgs with a close-talking micro h ' · 
far field microphone. The filter h[n] of length M is estimated so that when apppl;nde and a 

· · [····th d "hth etothe close-talking signal x n] 1t mm1mizes e square error wit e far field signal y( ] . 
. . f M 1 · . • n , which 

results in the following set o mear equations. 

M-1 

}: h[m]Rn[m-n] = Riy[n] 
m• O 

which is a generalization of Eq. (10.11) when x[nJ is not a white noise signal. 

7!XX),,----,,----,----,--.......,....-.......,....-.......,....---,----,---,-~ 

6CXX}. 

500'.) . 

l 400) ,~ 
Ill 20'.X) 

i 1000 

I O il\{l'~IV"'-'·M~-·~.....,._, ______ __J 

-1000 

-2CXXJ 

&oin' ~;:,--=~:::---=----'--=---'--__,__.,_____j 
~ ~ ~ ~ 1~ 1~ 1@ 1~ 1~ 2(XX) 

Time {sarll)les) 

(10.14) 

Figure IO.I Typical impul estimated b dri . ~e response of an average office. Sampling rate was 16 kHz. It was 
Eq. (IO ll)Y Th vfimlg a 4-mm~te segment of white noise through an artificial mouth and using 

. . e i ter length is about 125 ms. 

It is not uncommon t h . . . rooms In F' 0 ave reverberation times of over 100 milliseconds tn office 
· igure 10.1 we show th t · al . e yp1c impulse response of an average office. 

10.1.3. A Model of the Environment 

A widely used model of the d . 
rupted by both addit' . egradatton encountered by the speech signal when it gets cor-

ive noise and h 1 . d rive c anne distortion is shown in Figure l 0.2. We can e 

'~A~c:h=irp~fu: n--:-r ---.------
time: sin( c ion continuously varies its fr . with 

n(<ag +<0in)). equency. For ex.ample, a linear chirp varies ics frequency 1tnearlY 
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