Chapter 2
Single-Channel Noise Reduction with
a Filtering Vector

There are different ways to perform noise reduction in the time domain. The simplest
way, perhaps, is to estimate a sample of the desired signal at a time by applying a
filtering vector to the observation signal vector. This approach is investigated in
this chapter and many well-known optimal filtering vectors are derived. We start by
explaining the single-channel signal model for noise reduction in the time domain.

2.1 Signal Model

The noise reduction problem considered in this chapter and Chap. 3 is one of recov-
ering the desired signal (or clean speech) x(k), k being the discrete-time index, of
zero mean from the noisy observation (microphone signal) [1-3]

y(k) = x(k) + v(k), (2.1)

where v(k), assumed to be a zero-mean random process, is the unwanted additive
noise that can be either white or colored but is uncorrelated with x (k). All signals
are considered to be real and broadband. To simplify the derivation of the optimal
filters, we further assume that the signals are Gaussian and stationary.

The signal model given in (2.1) can be put into a vector form by considering the
L most recent successive samples, i.e.,

y(k) = x(k) + v(k), 2.2)
where
y(k) = [y(k) y(k — 1) -+ y(k — L+ D]" (2.3)

is a vector of length L, superscript 7 denotes transpose of a vector or a matrix,
and x(k) and v(k) are defined in a similar way to y(k). Since x (k) and v(k) are
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4 2 Single-Channel Filtering Vector

uncorrelated by assumption, the correlation matrix (of size L x L) of the noisy
signal can be written as

Ry = E[y(k)y” (k)]
=Ry +Ry, (2.4)

where E[-] denotes mathematical expectation, and Ry = E [x(k)x” (k)] and Ry =
E [v(k)v" (k)] are the correlation matrices of x (k) and v(k), respectively. The objec-
tive of noise reduction in this chapter is then to find a “good” estimate of the sample
x (k) in the sense that the additive noise is significantly reduced while the desired
signal is not much distorted.

Since x (k) is the signal of interest, it is important to write the vector y(k) as an
explicit function of x (k). For that, we need first to decompose x(k) into two orthog-
onal components: one proportional to the desired signal, x(k), and the other one
corresponding to the interference. Indeed, it is easy to see that this decomposition is

x(k) = pxx - x(k) + x;(k), (2.5)
where

Py = [1 px(1) -+ pe(L — DT
_ Elx()x(k)]

0] (2.6)

is the normalized [with respect to x (k)] correlation vector (of length L) between
x(k) and x (k),

E [x(k —Dx (k)]

px(l) = E [)Cz(k)]

, I=0,1,...,L -1 2.7)

is the correlation coefficient between x(k — /) and x (k),
xi(k) = x(k) — py - x(k) 2.8)
is the interference signal vector, and
E[xi(k)x(k)] = 0rx1, (2.9)
where 07 1 is a vector of length L containing only zeroes.
Substituting (2.5) into (2.2), the signal model for noise reduction can be expressed
as

Y(k) = pyy - x(k) + xi(k) + v (k). (2.10)

This formulation will be extensively used in the following sections.
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2.2 Linear Filtering with a Vector

In this chapter, we try to estimate the desired signal sample, x(k), by applying a
finite-impulse-response (FIR) filter to the observation signal vector y(k), i.e.,

L-1
2k =D iy =1
=0
=h'y(k), (2.11)
where z(k) is supposed to be the estimate of x (k) and
T
h:[ho hy --- hL,l] (2.12)
is an FIR filter of length L. This procedure is called the single-channel noise reduction
in the time domain with a filtering vector.

Using (2.10), we can express (2.11) as

z(k) =" [py, - x(k) +xi(k) + v(K)]

= xgq (k) + x5q(k) + v (k), (2.13)
where
xta(k) = x()h” py, (2.14)
is the filtered desired signal,
xi(k) = hTx;(k) (2.15)

is the residual interference, and
vm (k) = h"v(k) (2.16)

is the residual noise.
Since the estimate of the desired signal at time k is the sum of three terms that are
mutually uncorrelated, the variance of z(k) is
2 T
o; =h'Ryh
=c7)gfd +U)gri +03m’ 2.17)

where

ax2rd = 63 (thxx)2

= h"Ry,h, (2.18)
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oy =h"Ryh
=h”Ryh — h' Ry h, (2.19)
oy =h"Ryh, (2.20)
02 = E|[x*(k)] is the variance of the desired signal, Ry, = o07p, pl, is the

correlation matrix (whose rank is equal to 1) of xq(k) = py, - x(k), and Ry, =
E [xi (k)xiT (k)] is the correlation matrix of x; (k). The variance of z(k)is useful in the
definitions of the performance measures.

2.3 Performance Measures

The first attempts to derive relevant and rigorous measures in the context of speech
enhancement can be found in [1, 4, 5]. These references are the main inspiration for
the derivation of measures in the studied context throughout this work.

In this section, we are going to define the most useful performance measures for
speech enhancement in the single-channel case with a filtering vector. We can divide
these measures into two categories. The first category evaluates the noise reduction
performance while the second one evaluates speech distortion. We are also going to
discuss the very convenient mean-square error (MSE) criterion and show how it is
related to the performance measures.

2.3.1 Noise Reduction

One of the most fundamental measures in all aspects of speech enhancement is
the signal-to-noise ratio (SNR). The input SNR is a second-order measure which
quantifies the level of noise present relative to the level of the desired signal. It is
defined as

iSNR = | 2.21)

CQN | *qm

where o = E [v?(k)] is the variance of the noise.
The output SNR' helps quantify the level of noise remaining at the filter output
signal. The output SNR is obtained from (2.17):

! In this work, we consider the uncorrelated interference as part of the noise in the definitions of
the performance measures.
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2

o
oSNR (h) = ——1—
axri + GUrn

o2 (0py)’

) 2.22
h”Rj,h (2:22)

where
Rin = in + I{v (223)

is the interference-plus-noise correlation matrix. Basically, (2.22) is the variance of
the first signal (filtered desired) from the right-hand side of (2.17) over the vari-
ance of the two other signals (filtered interference-plus-noise). The objective of the
speech enhancement filter is to make the output SNR greater than the input SNR.
Consequently, the quality of the noisy signal will be enhanced.

For the particular filtering vector

h=i=[10--- 0]7 (2.24)
of length L, we have
oSNR (ij) = iSNR. (2.25)

With the identity filtering vector ij, the SNR cannot be improved.
For any two vectors h and p,, and a positive definite matrix R;,, we have

(07 py)® < (W' Rinh) (oL, R ). (2.26)

with equality if and only if h = gRi;1 Px.» Where ¢ (7 0) is a real number. Using
the previous inequality in (2.22), we deduce an upper bound for the output SNR:

oSNR (h) < o2 - pI R ' p,, Vh (2.27)
and clearly
. 2 T -l
OoSNR (ij) < o7 - p5 R; " poxy, (2.28)
which implies that
o2 - pI R 1oy > 1. (2.29)

The maximum output SNR is then

0SNRpyax = 02 - pL R-1py (2.30)

1
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and

0SNRax > iSNR. 2.31)

The noise reduction factor quantifies the amount of noise being rejected by the
filter. This quantity is defined as the ratio of the power of the noise at the microphone
over the power of the interference-plus-noise remaining at the filter output, i.e.,

2
Eor (h) = b, (2.32)
. h’R;,h
The noise reduction factor is expected to be lower bounded by 1; otherwise, the
filter amplifies the noise received at the microphone. The higher the value of the
noise reduction factor, the more the noise is rejected. While the output SNR is upper
bounded, the noise reduction factor is not.

2.3.2 Speech Distortion

Since the noise is reduced by the filtering operation, so is, in general, the desired
speech. This speech reduction (or cancellation) implies, in general, speech distortion.
The speech reduction factor, which is somewhat similar to the noise reduction factor,
is defined as the ratio of the variance of the desired signal at the microphone over
the variance of the filtered desired signal, i.e.,

o2

Esr (h) =—
O
- (2.33)

2
(h7 py)
A key observation is that the design of filters that do not cancel the desired signal
requires the constraint

h'p, =1 (2.34)

Thus, the speech reduction factor is equal to 1 if there is no distortion and expected
to be greater than 1 when distortion happens.

Another way to measure the distortion of the desired speech signal due to the
filtering operation is the speech distortion index,? which is defined as the mean-
square error between the desired signal and the filtered desired signal, normalized
by the variance of the desired signal, i.e.,

2 Very often in the literature, authors use 1/vgq (h) as a measure of the SNR improvement. This
is wrong! Obviously, we can define whatever we want, but in this is case we need to be careful to
compare “apples with apples.” For example, it is not appropriate to compare 1/vgq (h) to iSNR and
only oSNR (h) makes sense to compare to iSNR.
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E {[xa(k) — x(k)]*}
E [x2(k)]
= (thxx - 1)2
— [ ) — 1], (2.35)

vgq (h) =

We also see from this measure that the design of filters that do not distort the desired
signal requires the constraint

vgg (h) = 0. (2.36)

Therefore, the speech distortion index is equal to O if there is no distortion and
expected to be greater than 0 when distortion occurs.
It is easy to verify that we have the following fundamental relation:

oSNR (h) &y (h)
iSNR &4 (h)’

(2.37)

This expression indicates the equivalence between gain/loss in SNR and distortion.

2.3.3 Mean-Square Error (MSE) Criterion

Error criteria play a critical role in deriving optimal filters. The mean-square error
(MSE) [6] is, by far, the most practical one.
We define the error signal between the estimated and desired signals as

e(k) = z(k) — x(k)
= xta (k) + xi (k) + vin (k) — x(k), (2.38)

which can be written as the sum of two uncorrelated error signals:
e(k) = eq(k) + er(k), (2.39)

where

eq(k) = xtq(k) — x(k)
= (h" py, — 1)x(k) (2.40)

is the signal distortion due to the filtering vector and

er (k) = xyj(k) + v (k)
=hTx;k) + hTv(k) (2.41)

represents the residual interference-plus-noise.
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The mean-square error (MSE) criterion is then

J (h) = E[e*(b)]
=02 +h"Ryh — 207 E [x(k)x (k)]
=02 4+h"Ryh — 20707 p,

= Jg (h) + J; (h), (2.42)
where
Ja (h) = E[ej (k)]
=02(h" py, — 1) (2.43)
and

Ji (h) = E[ef (k)]
=h"R;,h. (2.44)

Two particular filtering vectors are of great interest: h = i; and h = 07 ;. With
the first one (identity filtering vector), we have neither noise reduction nor speech
distortion and with the second one (zero filtering vector), we have maximum noise
reduction and maximum speech distortion (i.e., the desired speech signal is com-
pletely nulled out). For both filters, however, it can be verified that the output SNR
is equal to the input SNR. For these two particular filters, the MSEs are

J () = i (i) = o}, (2.45)
J(O0px1) = Ja(OLx1) = o7 (2.46)
As a result,
iSNR = LL_“). (2.47)
T (i)

We define the normalized MSE (NMSE) with respect to J (i;) as

~ J(h

— iSNR - vgq (h) +

1
&nr (h)

— iSNR [usd (h) + (2.48)

oSNR (h) - & (hJ ’
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where
va (h) = %, (2.49)

iSNR - g (h) = ;‘: g]')) (2.50)

o () = 81; @.51)

OSNR (h) - £ (h) = %. (2.52)

This shows how this NMSE and the different MSEs are related to the performance
measures.
We define the NMSE with respect to J (07x1) as

Tmy= "™
J (OLx1)
1
= vy (h) + m (2.53)
and, obviously,
J (h) =iSNR - J (h). (2.54)

We are only interested in filters for which
Ja (i) = Ja(h) < Jqa (0Lx1), (2.55)
J: (0rx1) < Jr (h) < J; (iy) . (2.56)
From the two previous expressions, we deduce that
0<wvs(h) <1, (2.57)

1 < & (h) < 00. (2.58)

Itis clear that the objective of noise reduction is to find optimal filtering vectors that
would either minimize J (h) or minimize Jy4 (h) or J; (h) subject to some constraint.
2.4 Optimal Filtering Vectors

In this section, we are going to derive the most important filtering vectors that can
help mitigate the level of the noise picked up by the microphone signal.
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2.4.1 Maximum Signal-to-Noise Ratio (SNR)

The maximum SNR filter, hy,«, is obtained by maximizing the output SNR as given
in (2.22) from which, we recognize the generalized Rayleigh quotient [7]. It is well
known that this quotient is maximized with the maximum eigenvector of the matrix
R;llRXd. Let us denote by Amax the maximum eigenvalue corresponding to this
maximum eigenvector. Since the rank of the mentioned matrix is equal to 1, we have

Amax = tr(R;; 'Ry, )
=2 -pLRpy., (2.59)

1
where tr (-) denotes the trace of a square matrix. As a result,

OSNR (hypax) = Amax
=2 pLRpy., (2.60)

XX

which corresponds to the maximum possible output SNR, i.e., 0SNRyax.
Obviously, we also have

hinax = SR oy, (2.61)

where ¢ is an arbitrary non-zero scaling factor. While this factor has no effect on
the output SNR, it may have on the speech distortion. In fact, all filters (except for
the LCMV) derived in the rest of this section are equivalent up to this scaling factor.
These filters also try to find the respective scaling factors depending on what we
optimize.

2.4.2 Wiener
The Wiener filter is easily derived by taking the gradient of the MSE, J (h)
[Eq. (2.42)], with respect to h and equating the result to zero:
hw = O}?R;lpxx.
The Wiener filter can also be expressed as
hw = Ry E [x(k)x (k)]
=R, 'Ryij
= (IL — R, 'Ry)i;, (2.62)

where I, is the identity matrix of size L x L. The above formulation depends on the
second-order statistics of the observation and noise signals. The correlation matrix
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Ry can be estimated from the observation signal while the other correlation matrix,
Ry, can be estimated during noise-only intervals assuming that the statistics of the
noise do not change much with time.

‘We now propose to write the general form of the Wiener filter in another way that
will make it easier to compare to other optimal filters. We can verify that

Ry = 020, 0L, + Rip. (2.63)

Determining the inverse of Ry from the previous expression with the Woodbury’s
identity, we get

R‘ pPr Ry

) (2.64)
+ p Rln pXX

Substituting (2.64) into (2.62), leads to another interesting formulation of the Wiener
filter:

2
2R-
i Pxe (2.65)

hy = ,
1+ 02pLR;, s

that we can rewrite as

2
hy = Rm pxxpxx i
I + Amax

B R.' (Ry — Rin) .

- 1
1 +1tr [R (R, — Rm)]

__ R 2Ry~ L ii. (2.66)
1-L+tu(R,'R )

From (2.66), we deduce that the output SNR is

O0SNR (hw) = Amax
=tr(R,'Ry) — L. (2.67)
We observe from (2.67) that the more the amount of noise, the smaller is the output

SNR.
The speech distortion index is an explicit function of the output SNR:

1
[1 + oSNR (hw)]? =

Ugq (hw) = (2.68)

The higher the value of 0SNR (hw) , the less the desired signal is distorted.
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Clearly,
oSNR (hw) > iSNR, (2.69)

since the Wiener filter maximizes the output SNR.
It is of interest to observe that the two filters hy,x and hy are equivalent up to a
scaling factor. Indeed, taking

o2

=_x 2.70
=1 . (2.70)

in (2.61) (maximum SNR filter), we find (2.66) (Wiener filter).
With the Wiener filter, the noise and speech reduction factors are

(0 man)?
&nr (hy) = ISNR -
1 \2
> (1 + 7 ) s 2.71)
2
& (hy) = (1 + 1 ) . (2.72)

Finally, we give the minimum NMSEs (MNMSEs):

J (hy) = ISNR <1 (2.73)
VT T 1 oSNR (hy) — '

_ 1

Jhy)= ———— < 1. (2.74)

1 + oSNR (hy) —

2.4.3 Minimum Variance Distortionless Response
(MVDR)

The celebrated minimum variance distortionless response (MVDR) filter proposed
by Capon [8, 9] is usually derived in a context where we have at least two sensors (or
microphones) available. Interestingly, with the linear model proposed in this chapter,
we can also derive the MVDR (with one sensor only) by minimizing the MSE of the
residual interference-plus-noise, J; (h) , with the constraint that the desired signal is
not distorted. Mathematically, this is equivalent to

m&nhTRmh subjectto h'p,, =1, (2.75)
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for which the solution is

h _ Ry oy
MVDR = —
TR oy
that we can rewrite as
-1
R 'Ry -1,
hyvvpr = SRR LT
tr(R;, Ry) —
o2
o2R py,
)\max

Alternatively, we can express the MVDR as

Ry py,

hyvpr = T—
PLRy oy,

The Wiener and MVDR filters are simply related as follows:

hw = sohmvpr,
where

S0 = h\T;Vpxx
Amax

B ]“I‘Amax.

15

(2.76)

(2.77)

(2.78)

(2.79)

(2.80)

So, the two filters hw and hyypr are equivalent up to a scaling factor. From a
theoretical point of view, this scaling is not significant. But from a practical point
of view it can be important. Indeed, the signals are usually nonstationary and the
estimations are done frame by frame, so it is essential to have this scaling factor
right from one frame to another in order to avoid large distortions. Therefore, it
is recommended to use the MVDR filter rather than the Wiener filter in speech

enhancement applications.
It is clear that we always have

0SNR (hMypr) = 0SNR (hy) ,
vsd (hmvpr) =0,

& (hmypr) = 1,

0SNR (hyvpr)

gnr (hMVDR) = — = = Enr (hW) s

iISNR

2.81)

(2.82)

(2.83)

(2.84)



16 2 Single-Channel Filtering Vector

and
~ iISNR ~
1>Jh =——— > J(hw), 2.85
> J (hyvpr) oSNR (hrvom) = (hy) (2.85)
_ 1 _
J (h =— > J(hwy). 2.86
(hpvpr) oSNR (harvor) (hy) (2.86)

2.4.4 Prediction

Assume that we can find a simple prediction filter g of length L in such a way that
x(k) ~ x(k)g. (2.87)
In this case, we can derive a distortionless filter for noise reduction as follows:
min h'Ryh subjectto h’g=1. (2.88)

‘We deduce the solution

Ry’lg

hp = (2.89)

g’Ry'g’

Now, we can find the optimal g in the Wiener sense. For that, we need to define
the error signal vector

ep(k) = x(k) — x(k)g (2.90)
and form the MSE
J (g) = E[ef (k)ep(k)]. (2.91)
By minimizing J (g) with respect to g, we easily find the optimal filter
8o = Py (2.92)

It is interesting to observe that the error signal vector with the optimal filter, g,,
corresponds to the interference signal, i.e.,

ep.o(k) = x(k) — x (k) py,

This result is obviously expected because of the orthogonality principle.
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Substituting (2.92) into (2.89), we find that

R—l
hp = Ty%. (2.94)
prRY pxx

Clearly, the two filters hyrypr and hp are identical. Therefore, the prediction approach
can be seen as another way to derive the MVDR. This approach is also an intuitive
manner to justify the decomposition given in (2.5).

Left multiplying both sides of (2.93) by hg results in

x(k) = hlx(k) — hlep o (k). (2.95)

Therefore, the filter hp can also be interpreted as a temporal prediction filter that is
less noisy than the one that can be obtained from the noisy signal, y(k), directly.

2.4.5 Tradeoff

In the tradeoff approach, we try to compromise between noise reduction and speech
distortion. Instead of minimizing the MSE to find the Wiener filter or minimizing the
filter output with a distortionless constraint to find the MVDR as we already did in
the preceding subsections, we could minimize the speech distortion index with the
constraint that the noise reduction factor is equal to a positive value that is greater
than 1. Mathematically, this is equivalent to

rrilin Ja (h) subjectto J; (h) = ,303, (2.96)

where 0 < B < 1 to insure that we get some noise reduction. By using a Lagrange
multiplier, u > 0, to adjoin the constraint to the cost function and assuming that the
matrix Ry, + uRj, is invertible, we easily deduce the tradeoff filter

—1
hTJL = OJCZ [RXd + :uRin] Pxx
—1
Rin Pxx

noi? + LR oy

RI'Ry -1, .
= n Y~ j;, (2.97)

p— L+ (R 'Ry)

where the Lagrange multiplier, u, satisfies
Ji (hr,,) = Boi. (2.98)

However, in practice it is not easy to determine the optimal w. Therefore, when this
parameter is chosen in an ad hoc way, we can see that for
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* u =1, ht,| = hw, which is the Wiener filter;

* 1 =0, hr o= hymypr, which is the MVDR filter;

e 1 > 1, results in a filter with low residual noise (compared with the Wiener filter)
at the expense of high speech distortion;

e 1 < 1, results in a filter with high residual noise and low speech distortion.

Note that the MVDR cannot be derived from the first line of (2.97) since by taking
w = 0, we have to invert a matrix that is not full rank.

Again, we observe here as well that the tradeoff, Wiener, and maximum SNR
filters are equivalent up to a scaling factor. As a result, the output SNR of the tradeoff
filter is independent of x and is identical to the output SNR of the Wiener filter, i.e.,

oSNR (hr ;) = oSNR (hy), Vu > 0. (2.99)
‘We have
M 2
vea (hr ) = (—=——1) , 2.100
sd( T,/L) (M +)\max) ( )
M 2
& (hry) = (1 - ) : (2.101)
)Vmax
(l‘L + )\max)z
h = 2.102
o (B iSNR - Amax (2.102)
and
7 (hr,,) = iSNR 12+ B > 7 (hw) (2.103)
Tu) = ———— > J (hy), .
g (m+ )\max)z
7 (hr,,) W2 hmax > 7 (hy) (2.104)
T, e W) . .
a (M‘*‘)‘max)z

2.4.6 Linearly Constrained Minimum Variance
(LCMV)

We can derive a linearly constrained minimum variance (LCMV) filter [10, 11],
which can handle more than one linear constraint, by exploiting the structure of the
noise signal.

In Sect.2.1, we decomposed the vector x(k) into two orthogonal components to
extract the desired signal, x (k). We can also decompose (but for a different objective
as explained below) the noise signal vector, v(k), into two orthogonal vectors:
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v(k) = py, - v(k) + vy(k), (2.105)

where p,, is defined in a similar way to py, and v, (k) is the noise signal vector that
is uncorrelated with v(k).

Our problem this time is the following. We wish to perfectly recover our desired
signal, x(k), and completely remove the correlated components of the noise signal,
Pyy - V(k). Thus, the two constraints can be put together in a matrix form as

1
Clh= [0] : (2.106)

where
Civ = [pxr Pvo] (2.107)

is our constraint matrix of size L x 2. Then, our optimal filter is obtained by min-
imizing the energy at the filter output, with the constraints that the correlated noise
components are cancelled and the desired speech is preserved, i.e.,

hicwy = arg min h'Ryh subjectto CI h= [ (1)] : (2.108)
The solution to (2.108) is given by
_ _ -1 1
hiemy = Ry 'Cyy (CLR;'Cyy) [0] . (2.109)

By developing (2.109), it can easily be shown that the LCMYV can be written as a
function of the MVDR:

1 y2
h =——h — t, 2.110
LeMy = 7 aMvDR — 775 ( )
where

_ 2

2 (p){x ylpvv)
e — pe— , (2.111)

(pxny pxx)(pvvRy pvv)
with 0 < y2 < 1, hpmvpr is defined in (2.78), and
Rfl

D T U 2.112)

1 .
p;ny Pvy

We observe from (2.110) that when y2 = 0, the LCMV filter becomes the MVDR
filter; however, when 2 tends to 1, which happens if and only if Pxy = Pyy> WE
have no solution since we have conflicting requirements.
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Obviously, we always have

0SNR (h cmv) < 0SNR (hyvvpr) , (2.113)
vsd (hLemy) =0, (2.114)
& (homv) =1, (2.115)
and
énr (hLemv) < énr (hmvpr) < énr (hw) . (2.116)

The LCMV filter is able to remove all the correlated noise; however, its overall noise
reduction is lower than that of the MVDR filter.

2.4.7 Practical Considerations

All the algorithms presented in the preceding subsections can be implemented from
the second-order statistics estimates of the noise and noisy signals. Let us take the
MVDR as an example. In this filter, we need the estimates of Ry and py,. The
correlation matrix, Ry, can be easily estimated from the observations. However, the
correlation vector, py,, cannot be estimated directly since x (k) is not accessible but
it can be rewritten as

E[y®)y(k)] — E [v(k)v(k)]

XX 2 2
oy — 0
2 2
0y Pyy — TP
_ 9Py v Pvv
=1, 2.117)
¥ v

which now depends on the statistics of y(k) and v(k). However, a voice activity
detector (VAD) is required in order to be able to estimate the statistics of the noise
signal during silences [i.e., when x (k) = 0 ]. Nowadays, more and more sophisticated
VADs are developed [12] since a VAD is an integral part of most speech enhancement
algorithms. A good VAD will obviously improve the performance of a noise reduction
filter since the estimates of the signals statistics will be more reliable. A system
integrating an optimal filter and a VAD may not be easy to design but much progress
has been made recently in this area of research [13].

2.5 Summary

In this chapter, we revisited the single-channel noise reduction problem in the time
domain. We showed how to extract the desired signal sample from a vector containing



2.5 Summary 21

its past samples. Thanks to the orthogonal decomposition that results from this, the
presentation of the problem is simplified. We defined several interesting performance
measures in this context and deduced optimal noise reduction filters: maximum
SNR, Wiener, MVDR, prediction, tradeoff, and LCMV. Interestingly, all these filters
(except for the LCMV) are equivalent up to a scaling factor. Consequently, their
performance in terms of SNR improvement is the same given the same statistics
estimates.
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