Introduction

Signal Model and Problem Formulation
Linear Filtering

Performance Measures

Optimal Filters

Implementation with the STFT

Multichannel Signal Enhancement in the
Frequency Domain

Fundamentals of
GNAL
ENHANCEMENT

and ARRAY SIGNAL
J. Benesty, |. Cohen, and J. Chen, PROCESSING

Fundamentals of Signal Enhancement
and Array Signal Processing,
Wiley-IEEE Press, 2017.

WILEY

Benesty, Cohen, and Chen Multichannel Enhancement: Frequency Domain 1\ 123



Q Introduction

@ Signal Model and Problem Formulation
a Linear Filtering

@ Performance Measures

© optimal Filters

G Implementation with the STFT

«O0)» «F»r « =>»

v



Introduction

Signal Model and Problem Formulation
Linear Filtering

Performance Measures

Optimal Filters

Implementation with the STFT

Introduction

We study the signal enhancement problem in the frequency domain
with multiple sensors.

We explain the signal model and state the problem we wish to solve
with the conventional linear filtering technique.

We then derive performance measures and show how to obtain the
most well-known optimal linear filters.
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Signal Model and Problem Formulation

We consider the conventional signal model in which an array of M
sensors with an arbitrary geometry captures a convolved desired
source signal in some noise field.

The received signals, at the discrete-time index ¢, are expressed as

Ym () = gm(t) * () + vy (1) Q)
=znt) +vnlt), m=1,2,.... M,

where g,,,(t) is the acoustic impulse response from the unknown
desired source, z(t), location to the mth sensor, * stands for linear
convolution, and v,,(t) is the additive noise at sensor m.

We assume that the signals ., (t) = g, (t) x 2(t) and v,,(t) are
uncorrelated, zero mean, stationary, real, and broadband.
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In the frequency domain, at the frequency index f, (1) can be
expressed as [1], [2], [3]

Yin(f) = G (H)X(f) + Vi (f) 2
=X (f) + Vi(f), m=1,2,..., M,

where Y, (f), G (f), X(f), Vi (f), and X,,,(f) = G (f) X (f) are the
frequency-domain representations of y,,(t), gm(t), z(t), v, (t), and
T (t) = gm(t) * x(t), respectively.

Sensor 1 is the reference, so the objective of multichannel noise
reduction in the frequency domain is to estimate the desired signal,
X1(f), from the M observations Y,,,(f), m = 1,2,..., M, in the best
possible way.
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It is more convenient to write the M frequency-domain sensors’
signals in a vector notation:

y(f) = g(HX() + v(f) €)
=x(f) +v(f)
=d(f)X1(f) +v(f),
where
y() = [ i) Ya(f) - Yu()]",
x(f)=[ Xi(f) Xeo(f) - Xu(H)]"
= X(f)g(f),
g(f)=[Gi() Ga(f) - Gu(n) ],
vif) = [ W) Valf) - V],
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and
TG Gu(f) 17
dN=11 a7 Cr(f)
_ &)
G1(f)

The vector d(f) can be seen as the steering vector for noise
reduction [4] since the acoustic impulse responses ratios from the
broadband source to the aperture convey information about the

position of the source.

There is another interesting way to write (3). First, it is easy to see

that

Xm(f) :7;(1Xm(f)X1(f)a m=12,...,M,
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where

VX1 X (f) = w (6)

E[1X:(f)P]

_Gulh)

Gi(f)’

is the partially normalized [with respect to X, (f)] coherence function
between X, (f) and X,,,(f).

m=1,2,...,M

3

Using (5), we can rewrite (3) as

y(f) = Yxx(NX2L(f) + v (), (7)
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where
Y =11 vx(f) - () ] 6)
B [1X:()P]

is the partially normalized [with respect to X (f)] coherence vector
(of length M) between X, (f) and x(f).

In the rest, v% . (f) and d(f) will be used interchangeably.

By definition, the signal X (f) is completely coherent across alll
sensors [see ed. (5)]; however, Vi (f) is usually partially coherent with
the noise components, V,,,(f), at the other sensors.
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Therefore, any noise term V,,,(f) can be easily decomposed into two
orthogonal components, i.e.,

Vm(f) = 7§1vnl(f)vl(f) + V77/1(f)7 m=12...,M, (9)

where vy, v, (f) is the partially normalized [with respect to V; (f)]
coherence function between Vi (f) and V,,,(f) and

EVHAHVEL()] =0, m=1,2,..., M. (10)

The vector v(f) can then be written as the sum of two other vectors:
one coherent with V; (f) and the other incoherent with Vi (f), i.e.,

v(f) =70 (O + V' (), (11)
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where

7V1v(f) = [ 1 A/V1V2(f) Pyvlvhl(f) ]T (12)

is the partially normalized [with respect to V1 (f)] coherence vector (of
length M) between Vi (f) and v(f) and

V=10 V() - Vi ]
If V1(f) is incoherent with V,,,(f), where m # 1, then vy, v, (f) = 0.

Another convenient way to write the sensors’ signals vector is

Y(f) =75, (DXL () + 70 (HVAS) +V'(F)- (13)

We see that y(f) is the sum of three mutual incoherent components.
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Therefore, the correlation matrix of y(f) is

@, (f)=E [y(f)y" (/)] (14)
= ¢x,(HAN)A" (f) + @v(f)
= (le (f)v;(lx( )7X1x(f) + (bVl (f)’)’?/lv(f)'Y\T/lv(f) + QV’(f%

where the superscript 7 is the conjugate-transpose operator,
ox,(f) = E {|X1(f)|2} and ¢y, (f) = E [|v1(f)|2} are the variances of
X1(f) and Vi (f), respectively, and @, (f) = E [v(f)v(f)] and

./ (f) = E[v/(f)v'F(f)] are the correlation matrices of v(f) and
v'(f), respectively.

The matrix ®,(f) is the sum of three other matrices: the first two are
of rank equal to 1 and the last one (correlation matrix of the
incoherent noise) is assumed to be of rank equal to M — 1.
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Linear Filtering

In the frequency domain, conventional multichannel noise reduction is
performed by applying a complex weight to the output of each sensor,
at frequency f, and summing across the aperture (see Fig. 1):

M
Z(f) = Hy(/)Ym(f) (15)

m=1

=h"(f)y(f),

where Z(f) is the estimate of X;(f) and

h(f)=[ Hi(f) Ho(f) - Hu(f)]" (16)

is a filter of length M containing all the complex gains applied to the
sensors’ outputs at frequency f.
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We can express (15) as a function of the steering vector, i.e.,

Z(f) =0 (f) [vx,(HX1(f) +v(f)] (17)
= X¢a(f) + Vin(f),
where
Xra(f) = X1 (BT (F)7k,«(f) (18)
is the filtered desired signal and
V() = hH (f)v(f) (19)

is the residual noise. This procedure is called the multichannel signal
enhancement problem in the frequency domain.
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The two terms on the right-hand side of (17) are incoherent. Hence,
the variance of Z(f) is also the sum of two variances:

67 (f) = b (f)®y (f)h(f) (20)
- ¢de (f) + ¢Vru (f),
where
bxea () = 03, () [ (P (D] (21)
v (f) = B (/)@ (/)R(f). (22)
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Performance Measures

Signal-to-Noise Ratio

Signal-to-Noise Ratio

Noise Rejection Factor
Desired-Signal Reduction Factor
Desired-Signal Distortion Index
Mean-Squared Error

The input SNR gives an idea on the level of the noise as compared to
the level of the desired signal at the reference sensor.

The narrowband input SNR is
_ Px, (f)

iISNR(f) = o) (23)
The broadband input SNR:
d

[ v (Hdf
Notice that

iSNR / iSNR( f)df. (25)
f
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The output SNR quantifies the SNR after performing noise reduction.
From (20), we deduce the narrowband output SNR:

¢de( )
oSNR [h(f)] = v () (26)
ox, (f) [0 (H)d(f)|”
h#(f)@(f)h(f
and the broadband output SNR:
H 2
SSNR (b _ L0 DR df -

Sy (f) @ (f)h(f)df

It is clear that

oSNR (h) # / oSNR [h(f)] df. (28)
f
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Assume that the matrix ®.(f) is nonsingular. In this case, for the two
vectors h(f) and d(f), we have

IhA(H)d(f)] < [ ()@ (HR)] [ (NHE1(NAN], (29
with equality if and only if h(f) oc ®1(f)d(f).

Using the inequality (29) in (26), we deduce an upper bound for the
narrowband output SNR:

oSNR[h(f)] < ¢x, (f) x " (/)@ (f)d(f), Yh(f). (30)

For the particular filter of length M:

h(f)=isi=[1 0 --- 0], (31)
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we have

oSNR [ii(f)] = iSNR(f), (32)
oSNR (i;) = iSNR. (33)

With the identity filter, i;, the output SNRs cannot be improved and

oSNR [ii(f)] < éx, (f) x d7(f)@ (HA(f), (34)

which implies that

v (f) x A" ()@ (Hd(f) > 1. (35)

Our objective is then to find the filter, h(f), within the design
constraints, in such a way that oSNR [h(f)] > iSNR(f).
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While the narrowband output SNR is important when we deal with
narrowband and broadband signals, the broadband output SNR is
even more important when we deal with broadband signals such as
speech.

Therefore, we also need to make sure finding h(f) in such a way that
oSNR (h) > iSNR.
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The noise reduction factor or noise rejection 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
reference sensor over the power of the noise remaining at the filter
output. Specifically:

@ the broadband noise reduction factor,

 fpenndr
&)= A Ha (36)
@ and the narrowband noise reduction factor,
_ (bVl (f)
&= Rme, (i) G0
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The broadband noise reduction factor is expected to be lower
bounded by 1; otherwise, the filter amplifies the noise received at the
senors.

The higher the value of the noise reduction factor, the more noise that
is rejected.
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In order to quantify the level of this distortion, we define the
desired-signal reduction factor or desired-signal cancellation factor as
the ratio of the variance of the desired signal at the reference sensor
over the variance of the filtered desired signal at the filter output.
Specifically:

@ the broadband desired-signal reduction factor,

J; 6, (F)df

q(h) = 38
W (AN 9
@ and the narrowband desired-signal reduction factor,
1
h = 39
Gl = (39)
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Once again, note that

(h(f)] df, (40)

€a(h) # [ &a[h(f)]df. (41)

Another key observation is that the design of filters that do not cancel
the broadband desired signal requires the constraint:

h(f)d(f) = 1. (42)

Thus, the desired-signal reduction factor is equal to 1 if there is no
cancellation and expected to be greater than 1 when cancellation

happens.

Benesty, Cohen, and Chen
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Lastly, by making the appropriate substitutions, one can derive the
following relationships between the output and input SNRs, noise
reduction factor, and desired-signal reduction factor:

oSNR (h)

iSNR

oSNR (/)] _

iSNR(f)

Benesty, Cohen, and Chen
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Another useful way to measure the distortion of the desired signal is
via the desired-signal distortion index, which is defined as the MSE
between the desired signal and its estimate, normalized by the power
of the desired signal. Specifically:

@ the broadband desired-signal distortion index,

S o D I (v ) — 1] df

h 45
v Ty ox (1)ir ()
@ and the narrowband desired-signal distortion index,
B || Xua(f) = X1 ()P
U4 = (46)

¢X1 (f)
= b (Fvi() — 1)
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It is interesting to point out that the broadband desired-signal
distortion index is a linear combination of the narrowband
desired-signal distortion indices as the denominator is simply a
scaling factor, i.e.,

f; éx, (Pva ()] df

B VL “n

The distortionless constraint implies that vq [h(f)] = 0, Vf.
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We define the error signal between the estimated and desired signals

at frequency f as

E(f)=Z(f) — Xa(f)
=h"(fy(f) - Xi(f)
= Xza(f) + Veu(f) — X1 (f).

This error can also be expressed as

E(f) =& +& (),

where

Ea(f) = [ (v (f) = 1] X2(f)

is the desired-signal distortion due to the complex filter and

Ea (f) =0 (f)v(f)

represents the residual noise.

Benesty, Cohen, and Chen
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The error signals &, (f) and &, (f) are incoherent.

The narrowband MSE is then

T = E (1€ (]

= ox, (f) + W7 (£) @y (H)L(f) — ox, (N () 7k, (f)

— ox: (N (HR(S),

which can be rewritten as

JI(f)] = E [|€a (NF] + B 1€ (DF]

= Ja[h(f)] + Ju [0(f)],

Benesty, Cohen, and Chen
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where

Ja[h(f)] = éx, () 02 (Pvief) = 1] (54)
= éx, (f)va [B(f)]

and

Jo 0(f)] =07 (f)@(f)h(f) (55)
¢V1 (f)

& [h())

=} F = = = ©DHACe
Domain 31\ 123
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Sometimes, it is also important to examine the MSE from the
broadband point of view. We define the broadband MSE as

ﬂm:Amew (56)
=/AMM#+/AWMW
f

f
= Ja(h) + J, (h).

It is easy to show the relations between the broadband MSEs and the
broadband performance measures:

=1iSNR x &, (h) x vq (h)

= 0SNR (h) x & (h) x v (h). (57)
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Maximum SNR

Maximum SNR

Wiener

MVDR

Tradeoff

LCMV

Generalized Sidelobe Canceller Structure

Let us rewrite the narrowband output SNR:

_ o (DT (N5 (D75 (HB(S) .

oSNR [h(f)]

output SNR as given above.

In (58), we recognize the generalized Rayleigh quotient [5].

It is well known that this quotient is maximized with the maximum

h7(f)®y(f)h(f)

The maximum SNR filter, h,,.x(f), is obtained by maximizing the

eigenvector of the matrix x, (/)85 (/)7 (/)75 (-

Benesty, Cohen, and Chen
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Let us denote by \;(f) the maximum eigenvalue corresponding to
this maximum eigenvector.

Since the rank of the mentioned matrix is equal to 1, we have

M(f) =t [ox, (B ()7 (F) i ()] (59)
= 0x, (H VX (N BT (Vi ()-

As a result,

OSNR [hmax(f)] = Al(f) (60)
= 0SNRpax(f),

which corresponds to the maximum possible narrowband output SNR.
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Obviously, we also have

hpax (f) = g(f)i’;l(f)'yﬁglx(f% (61)

where ¢(f) is an arbitrary frequency-dependent complex number
different from zero.

While this factor has no effect on the narrowband output SNR, it has
on the broadband output SNR and on the desired-signal distortion.

In fact, all the filters (except for the LCMV) derived in the rest of this
section are equivalent up to this complex factor.

These filters also try to find the respective complex factors at each
frequency depending on what we optimize.
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It is important to understand that while the maximum SNR filter
maximizes the narrowband output SNR, it certainly does not
maximize the broadband output SNR whose value depends quite a
lot on ¢(f).

Let us denote by oSNR(™) ( f) the maximum narrowband output SNR

max

of an array with m sensors.

By virtue of the inclusion principle [5] for the matrix
ox, ()25 (N7, x (Vi < (f), we have

oSNRIZ) () > oSNRLD(f) > -+ > oSNREL(f) >

max max

oSNR{).(f) = iSNR(f). (62)

This shows that by increasing the number of sensors, we necessarily
increase the narrowband output SNR.
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Example 1

Consider a ULA of M sensors. Suppose that a desired signal
impinges on the ULA from the direction 6y, and that an interference
impinges on the ULA from the endfire direction (6 = 0°).

Assume that the desired signal is a harmonic pulse of T' samples:

(1) = Asin 2nfot +¢), 0<t<T -1
W= o, t<0,t>T

with fixed, but unknown, amplitude A and frequency fy, and random
phase ¢, uniformly distributed on the interval from 0 to 2.

Assume that the interference w(t) is white Gaussian noise, i.e.,
u(t) ~ N (0,02), uncorrelated with x(t).

In addition, the sensors contain thermal white Gaussian noise,
Wy, (t) ~ N (0,02), that are mutually uncorrelated.
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The desired signal needs to be recovered from the noisy received
signals, y, (t) = 2, () + v (t), m=1,..., M, where

Um () = um(t) + wm (t), m = 1,..., M are the interference-plus-noise
signals.

For simplicity, we choose a sampling interval T; that satisfies T, = %.

Hence, the desired signal at sensor m is a delayed version of the
desired signal at the first sensor:

T (t) =21 (t — 7)) ,
where

(m — 1)d cos gy
cTy
=(m—1)cosby, m=1,2,...,. M

Tm —
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is the relative time delay in samples (not necessarily an integer
number) between the mth sensor and the first one.

The frequency-domain representation of the desired signal received
at the first sensor is given by

oo

X1(f) _ Z xl(t)eﬂ’rft
t=—00
_ %eerﬂ(erfo)(T*l)DT [7 (f + fo)] +
2 —29+tm(f=F)T=D) Do [ (f — fo)],
where
_ sin(Tw)

Benesty, Cohen, and Chen Multichannel Enhancement: Frequency Domain 39\ 123
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Therefore, the variance of X (f) is

A? A?

ox,(f) = 4DT[ (f+f0)]+—DT[ (f = fo)]-

Using the vector notation (3), we have

where

o

Freq Domain 40\ 123
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The interference signal at sensor m is also a delayed version of the
interference signal at the first sensor:

Um(t) =ug (t—m+1).

The frequency-domain representation of the interference signal
received at the first sensor is given by

T-1
Ul(f) = ul(t)eﬂ’rft.
t=0

Hence, the variance of Uy (f) is ¢u, (f) = To2.

Using the vector notation (13), we have

v(f) = v0,u(HUL) +w(f),
@y (f) = dv, (Vi a(HV0u(f) + Toiar,

Benesty, Cohen, and Chen Multichannel Enhancement: Frequency Domain 41\ 123
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where

7;} u(f) _ [ 1 e—g27rf e—]27rf2 e—g27rf(M—1) ]T
1
and I, is the M x M identity matrix.

The narrowband and broadband input SNRs are, respectively,

s = 200
A2 9
4T(0’12L+0'%U)DT[7T(f+fO)]+
A? 9
4T(O’5~|—0'12U)DT[7T(f_fO)]

[m] = = =

o
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and

{SNR — ff ¢X1 (f

where we have used Parseval’s identity.

The maximum SNR filter, hy,,.x(f), is obtained from (61).

[m] = = =

o
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Using (60), we can write the narrowband gain in SNRas

SNR [hnax
G [hmax(f)] = +R(f)(f)]
o2 o2 -1
=d"(f) ﬁ’)’au(f)’)’au(f) + ﬁIM d(f).

To demonstrate the performance of the maximum SNR filter, we
choose o2 = 0.0102.

Figure 2 shows the effect of the number of sensors, M, on the
narrowband gain in SNR, G [hy.x(f)], for different incidence angles of
the desired signal and different frequencies.

For a single sensor (M = 1), there is no narrowband gain in SNR. As
the number of sensors increases, the narrowband gain in SNR
increases.
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Figure 2: Narrowband gain in SNR of the maximum SNR filter for different incidence
angles of the desired signal and different frequencies: 6y = 30° (circles), 6y = 50°
(asterisks), 8p = 70° (squares), and 6y = 90° (triangles); (a) f = 0.01, (b) f = 0.05,
(c) f =0.1,and (d) f = 0.2.
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Wiener

The Wiener filter is found by minimizing the narrowband MSE,
J [h(f)] [eq. (52)]. We get

hw (f) = ¢x, (/)5 (Y, (f)- (63)
Let

@y (/)
¢Y1 (f)

be the pseudo-coherence matrix of the observations, we can rewrite
(63) as

Ly(f) = (64)

b () = T st T (k) 9)

= Hw (f)Ty ' (H7x,x (),
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where

Hw(f) =

iSNR(f)
1 +iSNR(f)

(66)

is the (single-channel) Wiener gain and T'; ' (f)v%, (/) is the spatial

information vector.

The decomposition in (65) is very interesting; it shows separately the

influence of the spectral and spatial processing on multichannel

signal enhancement.

Benesty, Cohen, and Chen
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We can express (63) differently, i.e.,

hy (f) = @, (/)E [x(f)X](f)] (67)
=&, (f)®x(f)is
= [y — @, (F) @ (f)] is.

In this form, the Wiener filter relies on the second-order statistics of
the observation and noise signals.

We can write the general form of the Wiener filter in another way that
will make it easier to compare to other optimal filters. We know that
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Introduction Maximum SNR

Signal Model and Problem Formulation Wiener
Linear Filtering MVDR
Performance Measures Tradeoff
Optimal Filters LCMV
Implementation with the STFT Generalized Sidelobe Canceller Structure

Determining the inverse of &, (f) from the previous expression with
the Woodbury’s identity, we get

()i x(N7x, (N2 (F)

& ! ®(f) - v . 69
v = A e D)
Substituting (69) into (63) gives
Ox, (F)® ()7, (f)
h - L , 70
M DV (8 (N a ) o
that we can rewrite as
—1 _

1+t { @) [@y(f) - Bu(f)]}
_ )% Ty
1= M +tr [, )@y (f)]

i
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Comparing (67) with (71), we see that in the former, we invert the
correlation matrix of the observations, while in the latter, we invert the
correlation matrix of the noise.

It is interesting to see that the two filters hy (f) and hy,..(f) differ
only by a real-valued factor. Indeed, taking

_ (le(f)
s(f) = T+ M) (72)

in (61) (maximum SNR filter), we find (70) (Wiener filter).

We can express hw (f) as a function of the narrowband input SNR
and the pseudo-coherence matrices, i.e.,

() L SNROITIL () ~ L
W T 1 iSNR()) tr [Ty (/)T (f)]

ii, (73)
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where

Ly(f)

_a.(f)
¢V1 (f)

From (70), we deduce that the narrowband output SNR is

and, obviously,

oSNR [hw (f)] > iSNR(f),

since the Wiener filter maximizes the narrowband output SNR.

Benesty, Cohen, and Chen
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The desired-signal distortion indices are

1
vq [h S E— 77
a [hw (f)] IFSNGE (77)
Cpex (DM df
va (hw) = T o, (Nl (78)

The higher the value of A1 (f) (and/or the number of sensors), the
less the desired signal is distorted.

It is also easy to find the noise reduction factors:

2
& b (f)] = 181\[111;(rfA)1>(<f/2]1(f)’ "

_ Ly ox(DISNRTH()df
Sy o (DM L+ M) df

&n (hw) (80)
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and the desired-signal reduction factors:

M)
a[bw(f)] = TR (81)
Iy ox, (f)df
hyw) = . 82
fahw) Jrdx (D) L+ M () df (62)
The broadband output SNR of the Wiener filter is
N
ox, (f) ————=df
oSNR (hw) = / 1 + A1(f)] . (©3)
D

/¢

Benesty, Cohen, and Chen
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Property

With the frequency-domain multichannel Wiener filter given in (63),
the broadband output SNR is always greater than or equal to the
broadband input SNR, i.e., oSNR (hyw) > iSNR.
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Example 2

Returning to Example 1, we now employ the Wiener filter, hy (f),
given in (63).

To demonstrate the performance of the Wiener filter, we choose
A =05, fo =0.1, T =500, 6y = 70°, and 02, = 0.0102.

w

Figure 3 shows plots of the broadband gain in SNR, G (hw), the
broadband MSE, J (hw), the broadband noise reduction factor,

&n (hw), and the broadband desired-signal reduction factor, &4 (hw),
as a function of the broadband input SNR, for different numbers of
Sensors.

For a given broadband input SNR, as the number of sensors
increases, the broadband gain in SNR and the broadband noise
reduction factor increase, while the broadband MMSE and the
broadband desired-signal reduction factor decrease.
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Figure 3: The broadband (a) gain in SNR, (b) MSE, (c) noise reduction factor, and (d)
desired-signal reduction factor of the Wiener filter for different numbers of sensors, M:
M =1 (solid line with circles), M = 2 (dashed line with asterisks), M = 5 (dotted line
with squares), and M = 10 (dash-dot line with trianales).
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Figure 4 shows a realization of the frequency-domain noise corrupted
signal received at the first sensor, |Y1(f)|, and the error signals

€ () =1Z(f) — X1(f)| for iSNR = —5 dB and different numbers of
sensors.

Figure 5 shows the corresponding time-domain observation signal at
the first sensor, y; (t), and the time-domain estimated signals, z(t).

Obviously, as the number of sensors increases, the Wiener filter
better enhances the desired signal.
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Figure 4: Example of frequency-domain noise corrupted and error signals of the
Wiener filter for different numbers of sensors, M: (a) |Y1(f)| (iISNR = —5 dB), and
€ ()| = 12(f) — X1(f)| for (b) M = 1 [0SNR (hy) = 14.2 dB], (c) M = 2
[oSNR (hy ) = 19.2 dB], and (d) M = 5 [oSNR (hw) = 25.5 dBI.
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Figure 5: Example of time-domain noise corrupted and Wiener filtered sinusoidal
signals for different numbers of sensors, M: (a) y1(t) (ISNR = —5 dB), and z(¢), for

(b) M = 1 [0SNR (hw) = 14.2 dB], (c) M = 2 [0SNR (hw) = 19.2 dB], and (d)
M =5 [0SNR (hy) = 25.5 dBl.
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The well-known MVDR filter proposed by Capon [6], [7] is easily
derived by minimizing the narrowband MSE of the residual noise,
Jn [R(f)], with the constraint that the desired signal is not distorted.

Mathematically, this is equivalent to

minh” (f)@(f)h(f) subject to h™(f)vk(f) =1, (84)

h(f)

for which the solution is

‘I"l(f)v}lx(f)

hyvpr(f) =

'7X1x(f)

Benesty, Cohen, and Chen

el (85)
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Using the fact that ®(f) =

bx, ()i ()7 k< (f), the explicit

dependence of the above filter on the steering vector is eliminated to

obtain the following forms:

hyvpr(f) = /\1(f)

()‘§

(N ®x(f).

li (86)

f)—Ium

[ Yo

[1 4 iSNR(

(
)

-
|1, (AT (f) = Ly

T L ISNR() o [T (N)Ty(f)] - M

Benesty, Cohen, and Chen

i
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Alternatively, we can also write the MVDR as

@ ()7 ()

h = 87
wvorl) = S ey v ) 87
T D)
Y (DTS ()75 ()
Taking

A(f)

in (61) (maximum SNR filter), we find (85) (MVDR filter), showing how
the maximum SNR and MVDR filters are equivalent up to a
real-valued factor.
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The Wiener and MVDR filters are simply related as follows:

hw(f) = Cw(f)hmvor(f), (89)
where
Cw(f) = by (/)7 () (90)
A
14+ XM(f)

can be seen as a single-channel frequency-domain Wiener gain.

In fact, any filter of the form:

h(f) = C(f)hmvor(f), (91)
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where C(f) is a real number, with 0 < C(f) < 1, removes more noise
than the MVDR filter at the price of some desired-signal distortion,
which is

1
or
va [a(f)] = [C(f) - 1]*. (93)
It can be verified that we always have
oSNR [hyvvpr(f)] = oSNR [hw (f)], (94)
vq [hmvpr(f)] =0, (95)
&a [hmvor(f)] = 1, (96)
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and

&n [hmvor(f)] < & [hw(f)],
& (hvvor) < & (hw) .

(97)
(98)

The MVDR filter rejects the maximum level of noise allowable without
distorting the desired signal at each frequency.

While the narrowband output SNRs of the Wiener and MVDR are

strictly equal, their broadband output SNRs are not.

Benesty, Cohen, and Chen
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The broadband output SNR of the MVDR is

ff ¢X1 (f)df
SNR (h = 99
oSN thavon) = N T ©9
and
oSNR (hpmyvpr) < 0SNR (hy) . (100)
Property

With the frequency-domain MVDR filter given in (85), the broadband
output SNR is always greater than or equal to the broadband input
SNR, i.e., oOSNR (hMVDR) > iSNR.
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Example 3

Returning to Example 2, we now employ the MVDR filter, hyrvpr (f),
given in (85).

Figure 6 shows plots of the broadband gain in SNR, G (hpvpr), the
broadband MSE, J (hyivpr), the broadband noise reduction factor,
& (hamvpr), and the broadband desired-signal reduction factor,

&4 (hpmvpr), as a function of the broadband input SNR, for different
numbers of sensors.

For a given broadband input SNR, as the number of sensors
increases, the broadband gain in SNR and the broadband noise
reduction factor increase, while the broadband MSE decreases.

Benesty, Cohen, and Chen Multichannel Enhancement: Frequency Domain 67\ 123



Introduction Maximum SNR

Signal Model and Problem Formulation Wiener
Linear Filtering MVDR
Performance Measures Tradeoff
Optimal Filters LCMV
Implementation with the STFT Generalized Sidelobe Canceller Structure
20f 20
o o
A @ 8o @ o 8 8 8 8 @ =2
~ 18] ~ 10
: :
52 1 s i e e p— 5; ol
S ~

a
|
Wb

— [ 5 15 = [} 5 15
iSNR (dB) iSNR (dB)
@) L ()
2
o @ o5
S R S
T Bl NN SRR RN r—h——
E H
(S S
%) F-og
E 0 5 15 0 5 15
iSNR (dB) iSNR (dB)

© (d)

Figure 6: The broadband (a) gain in SNR, (b) MSE, (c) noise reduction factor, and (d)
desired-signal reduction factor of the MVDR filter for different numbers of sensors, M:
M =1 (solid line with circles), M = 2 (dashed line with asterisks), M = 5 (dotted line
with squares), and M = 10 (dash-dot line with trianales).
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Tradeoff

In many practical situations, we wish to control the compromise
between noise reduction and desired-signal distortion, and one
possible way to do this is via the so-called tradeoff filter.

In the tradeoff approach, we minimize the narrowband desired-signal
distortion index with the constraint that the narrowband noise
reduction factor is equal to a positive value that is greater than 1.

Mathematically, this is equivalent to

minJa [b(f)] subject to. Ju [b(/)] = Rov, (1) (101)

where 0 < X < 1 to insure that we get some noise reduction.
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By using a Lagrange multiplier, ;1 > 0, to adjoin the constraint to the
cost function, we easily deduce the tradeoff filter:

(102)

hru(f) = 6x, () [Bx(f) + 12y (N Vi (f)
ox, (F)® (), <(f)
1+ ox, (7% (2 (N7 ()
B, (N)Py(f) —1u
=M +tr [ (f) @y (f)]

where the Lagrange multiplier, u, satisfies

Jn [hT,M(f)] = N¢V1 (f)

iy

However, in practice it is not easy to determine the optimal .

Benesty, Cohen, and Chen

(103)
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Therefore, when this parameter is chosen in a heuristic way, we can

see that for

@ u =1, hy1(f) =hw(f), which is the Wiener filter;
@ 1 =0, hro(f) = hmvpr(f), which is the MVDR filter;

@ 1 > 1, results in a filter with low residual noise at the expense of
high desired-signal distortion (as compared to Wiener); and

@ 1 < 1, results in a filter with high residual noise and low
desired-signal distortion (as compared to Wiener).

Benesty, Cohen, and Chen
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Note that the MVDR cannot be derived from the first line of (102)
since by taking ¢ = 0, we have to invert a matrix that is not full rank.

It can be observed that the tradeoff, Wiener, and maximum SNR
filters are equivalent up to a real-valued number.

As a result, the narrowband output SNR of the tradeoff filter is
independent of 1 and is identical to the narrowband output SNR of
the maximum SNR filter, i.e.,

OSNR [y u(f)] = 0SNR [hnax(£)], ¥p1 > 0. (104)
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We have
u 2
valhn, (] = |- (105)
6l (1) = |14 55 ] (106)
2
6 )= S 5 aen

The tradeoff filter is interesting from several perspectives since it
encompasses both the Wiener and MVDR filters.

It is then useful to study the broadband output SNR and the
broadband desired-signal distortion index of the tradeoff filter.
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It can be verified that the broadband output SNR of the tradeoff filter

is
()
/ alf RSN} SNtk

EETI
/¢ H+)\1(f)] d

oSNR (hr.,) (108)

Property

The broadband output SNR of the tradeoff filter is an increasing
function of the parameter p.

From this property we deduce that the MVDR filter gives the smallest
broadband output SNR.
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While the broadband output SNR is upper bounded, it is easy to see
that the broadband noise reduction factor and broadband
desired-signal reduction factor are not.

So when 1 goes to infinity, so are &, (hr,,) and &4 (hr ).

The broadband desired-signal distortion index is

2

e
/f(le(f Y

va (hr ) = (109)

Property

The broadband desired-signal distortion index of the tradeoff filter is
an increasing function of the parameter .
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It is clear that
0<wvq(hr,) <1, Yu>0. (110)

Therefore, as p increases, the broadband output SNR increases at
the price of more distortion to the desired signal.

Property

With the frequency-domain tradeoff filter given in (102), the
broadband output SNR is always greater than or equal to the
broadband input SNR, i.e., oSNR (hr ,) > iSNR, Vi > 0.
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From the previous results, we deduce that for u > 1,

ISNR S OSNR (hMVDR) S OSNR (hw) S OSNR (hT,u) y (111)
0 =vq (hmvpr) < vd (hw) <wvqg (ht ), (112)

andfor0 < p <1,

iSNR < oSNR (hmvpr) < 0SNR (ht ) < 0SNR (hyw), (113)
0=wvq (hMVDR) < vq (hT,,u) < vq (hw) . (114)

Benesty, Cohen, and Chen Multichannel Enhancement: Frequency Domain 77\ 123



Introduction Maximum SNR

Signal Model and Problem Formulation Wiener
Linear Filtering MVDR
Performance Measures Tradeoff
Optimal Filters LCMV
Implementation with the STFT Generalized Sidelobe Canceller Structure

Example 4

Returning to Example 2, we now employ the tradeoff filter, hr ,(f),
given in (102). We assume M = 5 sensors.

Figure 7 shows plots of the broadband gain in SNR, G (hr ), the
broadband desired-signal distortion index, vq (hr ), the broadband
noise reduction factor, &, (hr,,), and the broadband desired-signal
reduction factor, 4 (hr,,), as a function of the broadband input SNR,
for several values of .

For a given broadband input SNR, the higher is the value of p, the
higher are the broadband gain in SNR and the broadband noise
reduction factor, but at the expense of higher broadband
desired-signal distortion index and higher broadband desired-signal
reduction factor.
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Figure 7: The broadband (a) gain in SNR, (b) desired-signal distortion index, (c) noise
reduction factor, and (d) desired-signal reduction factor of the tradeoff filter for several
values of u: p = 0.5 (solid line with circles), © = 1 (dashed line with asterisks), u = 2
(dotted line with squares), and u = 5 (dash-dot line with triangles).
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LCMV

With the linearly constrained minimum variance (LCMV) filter [9], [10],
[11], [12], we wish to perfectly recover our desired signal, X;(f), and
completely remove the coherent components, ~7, , (f)V1(f) [see eq.

(11)].

The two constraints can be put together in a matrix form as

C¥ v, (fh(f) = [ (1) ] : (115)
where
Cx,vi (f) = [ Yix(F) v (f) ] (116)

is our constraint matrix of size M x 2.
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Then, our optimal filter is obtained by minimizing the energy at the
filter output, with the constraints that the coherent noise components
are cancelled and the desired signal is preserved, i.e.,

hicv (f) = argminh” (1), (F)h(f) subject to

cHulmin=| g | (117)

The solution to (117) is given by

hLCMV(f) = q’;l(f)CXlVi (f) [C)Igﬂﬁ (f)(ﬁ;l(f)Clel (f)} - l: é :|

(118)
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We always have

OSNR (hLCMV) S OSNR (hMVDR) y (119)
va (hLomv) =0, (120)
& (hoemv) =1, (121)
and
& (hpomy) < & (hvmvor) < & (hw) . (122)

The LCMV structure can be an interesting solution in practical
applications where the coherent noise is more problematic than the
incoherent one.
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Example 5

Returning to Example 2, we now employ the LCMV filter, hy,cnv (f),
given in (118). We assume M = 5 sensors.

Figure 8 shows plots of the broadband gain in SNR, G (hy,cmy), the
broadband MSE, J (hicmy ), the broadband noise reduction factor,
&n (hpemv ), and the broadband desired-signal reduction factor,

&a (hpemv), as a function of the broadband input SNR, for several
values of a = 02 /o2.

For a given broadband input SNR, as the ratio between the coherent
to incoherent noise increases (« decreases), the LCMV filter yields
higher broadband gain in SNR and higher broadband noise reduction
factor.
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Figure 8: The broadband (a) gain in SNR, (b) MSE, (c) noise reduction factor, and (d)
desired-signal reduction factor of the LCMV filter for several values of a = o2, /o2:

«a = 0.03 (solid line with circles), a = 0.1 (dashed line with asterisks), « = 0.3 (dotted
line with squares), and o = 1 (dash-dot line with trianales).
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The LCMV filter shown above can, obviously, be extended to any
number of linear constraints M. < M.

The constraint equation, which includes the distortionless constraint,
can be expressed as

C(f)h(f) =i, (123)
where

CiHy=[dalf) c(f) -~ em(f) ] (124)

is a matrix of size M x M. whose M, columns are linearly
independent and i, is a vector of length M. whose first component is
equal to 1 and the other components are some chosen real numbers
to satisfy the constraints on the filter.
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Generally, these constraints are null ones where it is desired to
completely cancel some interference sources.

Following the same steps as above, we easily find the LCMV filter:

1

hrenv(f) = @51 (/)C(f) [C (N @y (N)C)] . (125)

For M. =1, hrcwmv (f) simplifies to havpr(f)-
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Wiener

MVDR

Tradeoff

LCMV

Generalized Sidelobe Canceller Structure

In Table 1, we summarize all the optimal filters studied in this section.

Table 1: Optimal linear filters for multichannel signal enhancement in the frequency

domain.
Maximum SNR: hoax(f) = s(£)@H(HA(f), s(f) #
Wiener: hw(f) = 1_34_(,53[(;(1)(_)”[( Dk i
_ e, ()ey(f) - IM
MVDR: hyvor(f) = trg . ({}‘)I’y({)]
] — 1y
Tradeoff: hr, = M+ o [0 ()@, ()] i, p>0 1
LCMV:  hremv(f) = @, (£)C() [C7 (1)@, (HCH)] e

Benesty, Cohen, and Chen
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Generalized Sidelobe Canceller Structure

The generalized sidelobe canceller (GSC) structure solves exactly
the same problem as the LCMV approach by dividing the filter vector
hromv(f) into two components operating on orthogonal subspaces
[13], [14], [15], [16]:

hrpemv(f) = hun(f) —Be(f)wasce(f), (126)
where
i (f) = C(f) [C7(HC(H)] e (127)

is the minimum-norm solution of (123), B¢ (f) is the so-called
blocking matrix that spans the nullspace of CH (f), i.e.,

CH(f)Bc(f) = Onrx(ar—no)» (128)

and wasc(f) is a weighting vector derived as explained below.
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A block diagram of the GSC is illustrated in Fig. 9.

x(f)

+ hiix(f)

Xu(f)

BE(f)

wisc(f)

Figure 9: Block diagram of the generalized sidelobe canceller.
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The size of B¢ (f) is M x (M — M.), where M — M. is the dimension
of the nullspace of CH ().

Therefore, the length of the vector wgsc(f) is M — M..

The blocking matrix is not unique and the most obvious choice is the
following:

Be(f) = Pe(f)| o 0 ], (129)

where
—1
Pc(f) =Iu — C(f) [CT(H)C()]  CT(F) (130)
is a projection matrix whose rank is equal to M — M. and Iy;_ g, IS

the (M — M.) x (M — M.) identity matrix.
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To obtain the filter wgsc(f), the GSC approach is used, which is
formulated as the following unconstrained optimization problem:

min (o (f) - Be(f)w(f)]” @y (f) hwn(f) — Be(f)w(f)]", (131)

for which the solution is

wasc(f) = [BE(/)®y (f)Bc(f)] BE(N)®y (/b (f).  (132)

Define the error signal, which is also the estimate of the desired
signal, between the outputs of the two filters hyn(f) and Be(f)w(f):

Xi(f) = hiin(Ny () = w" (HBES)y (/). (133)

~ 2
It is easy to see that the minimization of £ UXl(f)‘ } with respect to

w(f) is equivalent to (131).
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Now, we need to check if indeed the two filters LCMV and GSC are
equivalent, i.e.,

-1

ii [ch(ne, (HCH)]  clne, () =

hiin(f) {Tur — @, (£)Bo(f) [BE(N)@y()Bc(f)]  BEW)}-
(134)

For that, we are going to follow the elegant proof given in [17].

The matrix in brackets in the second line of (134) can be rewritten as

Ly — @y (f)Bc(f) [BE(f)®y (f)Ba(f)]  BE(f) =
®Y2(f) [T — P1(f)] @5 2(f), (135)
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where

Pi(f) = ®/2(f)Be(f) [BE(/)®y(f)Be(f)] BE(S)BY(f) (136)

is a projection operator onto the subspace spanned by the columns of

&y/*(f)Bc(/f).
We have
BE(f)C(f) = BE(f)®y/*(f)®,'/*(f)C(f)
= 0(p/—M.)x M. - (137)

This implies that the rows of BZ(f) are orthogonal to the columns of

C(f) and the subspace spanned by the columns of &%/%(f)Bc(f) is
orthogonal to the subspace spanned by the columns of

®,'*(HC(f).
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Since B¢ (f) has a rank equal to M — M. where M, is the rank of
C(f), then the sum of the dimensions of the two subspaces is M and
the subspaces are complementary.

This means that

Pi(f) +Pa(f) = In, (138)
where
Py(f) =, 2(/)C(f) [CH (1)@, ()T CH ()% 2(1).
(139)
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When this is substituted and the constraint i’ = hil (f)C(f) is
applied, (134) becomes

Hence, the LCMV and GSC filters are strictly equivalent.
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Implementation with the STFT

In this section, we show how to implement the optimal filters in the
STFT domain.

The signal model given in (1) can be put into a vector form by
considering the L most recent successive time samples, i.e.,

Ym(t) = xm(t) + vir (), m=1,2,..., M, (141)
where
Yul) = [ym(®) yut=1) - yu@-L+1) ] (142)
is a vector of length L, and x,,, (t) and v,,,(t) are defined in a similar

way to y,, (t) from (142).
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A short-time segment of the observation [i.e., y,,(¢)], is multiplied with
an analysis window of length L:

g =] 920 ga(1) - guL-1)]" (143)

and transformed into the frequency domain by using the discrete
Fourier transform (DFT).

Let W denote the DFT matrix of size L x L, with

-
[W], ;= exp (—] z”) i, j=0,...,L—1. (144)

Then, the STFT representation of the observation is defined as [18]

Yo (t) = Wdiag (ga) Ym (t)v (145)
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You(t) = [ Yin(t,0) Yin(t,1)

Yot,L—1) 1.
In practice, the STFT representation is decimated in time by a factor
R(1<R<L)[19]:

(146)
Yo (rR) = Yo (t) li—rr

[ Yu(rR,0) Y (rR,1)

(147)
Yo(rR,L—1) ", reZ

[m] = =

o

A
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the mth sensor.

Figure 10 shows the STFT representation of the measured signal at

X (t)

Vi (t)

Figure 10: STFT representation of the measured signal at the mth sensor.
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Therefore, in the STFT domain, (1) can be written as
Yo (rR, k) = X (rRy k) + Vi (rR, k), (148)

where k =0,...,L — 1 denotes the frequency index, and X,,(rR, k)
and V,,,(rR, k) are the STFT representations of x,,(t) and v,,(t),
respectively.

Assuming that L, the length of the analysis window g, is sufficiently
larger than the effective support of the acoustic impulse response
gm(t) [20], we can apply the multiplicative transfer function (MTF)
approximation [20] and write the convolved desired signal at the mth
sensor as

X (rR, k) = G (k)X (rR, k), (149)

where X (rR, k) is the STFT representation of the desired signal, =(t),
and G,,, (k) is the DFT of g,,(t).
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Writing the M STFT representations of the sensors’ signals in a
vector notation, we have

y(rR, k) = g(k)X(rR, k) + v(rR, k) (150)

=x(rR,k)+ v(rR, k)
= d(k)X,(rR, k) + v(rR, k),

where

(rR,k) Ya(rR,k) --- Ya(rR.k) |*

[V

[ Xi(rR,k) Xo(rRk) --- Xum(rRk) ]©
X(r Rk) ()
[ G
=["n

Go(k) - Gu(k) ",

v(rR, k) (rR,k) Va(rR,k) --- Vam(rR,k) "
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and
_ 8(k)
G (k)
The correlation matrix of y(rR, k) is
@, (rR,k) = E [y(rR, k)y" (rR, k)] (152)

= ¢x, (rR, k)d(k)d" (k) + ®,(rR, k),

where ¢x, (rR,k) = F {|X1( k)| } is the variance of X, (rR, k) and
®,(rR, k) = E [v(rR,k)v ,k)] is the correlation matrix of v(f).
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In the STFT domain, conventional multichannel noise reduction is
performed by applying a complex weight to the output of each sensor,
at time-frequency bin (rR, k), and summing across the aperture (see
Fig. 11):

Z(rR, k) Z H: (rR, k)Y (rR, k) (153)

m=1
=h(rR, k)y(rR, k),
where Z(rR, k) is the estimate of X, (rR, k) and
h(rR, k)= [ Hi(rR,k) Ha(rR.k) --- Hy(rR.k)]"  (154)

is a filter of length M containing all the complex gains applied to the
sensors’ outputs at time-frequency bin (rR, k).
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We can express (153) as a function of the steering vector, i.e.,

Z(rR,k) = h® (rR, k) [d(k) X, (7R, k) + v(rR, k)] (155)
= de(’l"R, ]C) + ‘/;Il(TR, k‘),

where
Xi(rR, k) = X1(rR, k) (rR, k)d(k) (156)
is the filtered desired signal and
Vin(rR, k) = W (r R, k)v(rR, k) (157)
is the residual noise.

This procedure is called multichannel signal enhancement in the
STFT domain.
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The two terms on the right-hand side of (155) are incoherent.

Hence, the variance of Z(rR, k) is the sum of two variances:

¢z(rR,k) = W (rR,k)®y (rR, k)h(rR, k) (158)
= ¢de (TRv k) + (me (TR, k)v
where
bxn (PR, k) = dx, (PR ) [0 (rR, k)d(k)|”, (159)
ov.. (rR. k) = W (rR, k)®, (R, k)h(rR, k). (160)

In a similar way to the frequency-domain input SNR, we define the
narrowband input SNR as

iSNR(rR, k) = %. (161)
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The broadband input SNR is obtained by summing over all
time-frequency indices the numerator and denominator of
iSNR(rR, k).

We get
Zr k ¢X1 (TR, k)
iSNR= ————. 162
Zr,k ov; (R, k) ( )
Similarly, the broadband output SNR is
Zr k ¢de (TRv k)
oSNR (h) = == 163
( ) Z'f‘,k (bvrn (T‘R’ k) ( )

S,k &x, (PR, k) [0 (R, K)d (k)|

= 3, bR, k)@, (rR, k)h(rR. k)’
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the broadband noise reduction and desired-signal reduction factors
are, respectively,

Er,k dv, (TR, k)

6 () = >, b (1R k)® (rR, k)h(rR, k) (164)
and
Zr k ¢X1 (TR’ k)

h) = : , 165
e R W (R, AW (e

the broadband desired-signal distortion index is

H 2

va (h) = >k &x, (PR, E) [0 (r R k)d(K) — 1 (166)

Zryk ¢X1 (TRv k) ’
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and the broadband MSE is defined as

ZJ (rR, k)| (167)

- Z [¢X1 (rR, k) |n” (rR, k)d(k) — 1]’
r.k

h" (rR,k)®, (rR,k)h(rR, k)] .
The optimal filters, summarized in Table 1, are employed in the STFT

domain by replacing ®y(f), ®.(f), and d(f) with ®,(rR, k),
®, (rR, k), and d(k), respectively.
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Example 6

Consider a ULA of M sensors. Suppose that a desired speech
signal, z(t), impinges on the ULA from the direction 6,,, and that an
interference w(t) impinges on the ULA from the direction 6,,.

Assume that the interference w(¢) is white Gaussian noise, i.e.,
u(t) ~ N (0,02), uncorrelated with z(t).

In addition, the sensors contain thermal white Gaussian noise,
Wy, (t) ~ N (0,02), that are mutually uncorrelated.

The desired speech signal needs to be recovered from the noisy
received signals, ¥, (t) = ., (t) + v (t), m=1,..., M, where

U (t) = um (t) + wm (t), m =1,..., M are the interference-plus-noise
signals.
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Assume that the sampling frequency is 16 kHz, and that the sampling
interval 7 satisfies 7, = <. We have

xm(t) =1 (t - Tw,m) )
'U,m(t) =u (t - Tu,m) )
where

(m —1)dcost,

Tom = T, (m —1)cosb,,
—1)dcosf,
Tu,m = % = (m — 1) cosb,.

In the STFT domain, we obtain

x(rR, k) = X1 (rR, k)d(k),
u(rR, k) = Ui(rR, k)vi,u(k),
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where
d(k) = [ 1 e—02mkten/L  p=32nfras/L .. o=32mfTem/L }T’
v (k) = [ 1 e—02mktuz/L  ,=32nfrus/L .. p—i2nfrun/L ]T.
1

To demonstrate noise reduction, we choose 6, = 70°, 6,, = 20°,
02 = 0.102, a Hamming window of length L = 512 as the analysis
window, a decimation factor R = L/4 = 128, and Wiener filter:

hy (rR, k) = éx, (PR, k) [6x, (PR, k)d(k)d" (k) + @, (rR, k)]~ d(k).
(168)
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An estimate for the correlation matrix of v(rR, k) can be obtained by
averaging past cross-spectral power values of the noisy
measurement during speech inactivity:

@, (rR, k) =
ad, [(r— DRkl + (1 — )y(rR, k)y? (rR,k), X(rR,k) =0
. [(r— 1R, k], X(rR k) #0

(169)
where « (0 < a < 1) denotes a smoothing parameter.
This method requires a voice activity detector (VAD), but there are
also alternative and more efficient methods that are based on
minimum statistics [22], [23].

Finding an estimate for ¢x, (rR, k) is a much more challenging
problem [24], [25].
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In this example, for simplicity, we smooth |Y; (R, k)|” in both time and
frequency axes and subtract an estimate of the noise, i.e.,

éx, (rR, k) = max {ayl (R, k) — ¢vy (rR, k), o} ,

where $y1 (rR, k) is obtained as a two-dimensional convolution
between |Y; (7R, k)|* and a smoothing window w(rR, k).

Here, the smoothing window is a two-dimensional Hamming window
of size 3 x 11, normalized to }°, , w(rR, k) = 1.

Figure 12 shows the spectrogram and waveform of the clean speech
signal received at the first sensor, z1(t).

Figure 13 shows a realization of the observation signal at the first
sensor, y;(t), and the estimated signals, z(t), for different numbers of
sensors, M.
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Figure 13: Speech spectrograms and waveforms of (a) noisy speech signal received
at the first sensor, y1 (t) iISNR = —5 dB), and the estimated signal, z(¢), for (b) M =1
[oSNR (hw) = 6.64 dB], (c) M = 2 [oSNR (hw) = 8.72 dB], and (d) M =5

[0SNR (hw) = 13.34 dB].
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Figure 14 shows plots of the broadband gain in SNR, G (hw), the
broadband MSE, J (hw), the broadband noise reduction factor,

&n (hw), and the broadband desired-signal reduction factor, &4 (hw),
as a function of the broadband input SNR, for different numbers of
sensors, M.

Clearly, as the number of sensors increases, the Wiener filter better
enhances the desired speech signal in terms of higher SNR and
noise reduction, and lower MSE and desired-signal reduction.

Note that more useful algorithms for enhancing noisy speech signals
in the STFT domain are presented in [2], [26], [27].
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Figure 14: The broadband (a) gain in SNR, (b) MSE, (c) noise reduction factor, and
(d) desired-signal reduction factor of the Wiener filter for different numbers of sensors,
M: M =1 (solid line with circles), M = 2 (dashed line with asterisks), M = 5 (dotted
line with squares), and M = 10 (dash-dot line with triangles).
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