Blind Deconvolution

Adaptive equalizerstypically require a
training period during which they operate on
known signal s/statistics

Thisknown signal training is not always
appropriate such asin mobile
communications

e Cost istoo high (time/bandwidth)

e Multipathing or other interference

In such cases, we must use blind

equalization.
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Figure 18.2 Cascade connection of an unknown channel and blind equalizer.

Assume a baseband model of

communications.

« Multilevel pulse amplitude modulation
(M-ary PAM)

Then

u(n) = Z hx(n—Kk)
where the dominating interference is due to

Intersymbol interference (1Sl) from channel

distortion. Thusthe noiseis ignored.



Also assume that

e N,#0for n <0 (noncausal)

=1 .
. to keep the variance of the

output constant.

As an example, a4-ary PAM modulation

scheme uses 4 signals

Or




To solve the equalization problem, we need
a statistical model of the data. Assume,
1) Thedataiswhite

E{x(n)} =0

- k=n
EXOM} =1
2) The pdf of x(n) is symmetric and

uniform

fX (X)




Deconvolution objective : if {w;} arethe

coefficients of the ideal inverse filter, then

..o I=0
IZWih—i—Jl—%J ole

If thisisthe case, the output of the equalizer
IS
Y =y wun=i) =y 3 whx(n=i-K
letting k=1 - |
y(n):ZX(n_I)IZ\Nih—i
:Zx(n—l)dl
=X(n)

Since h, 1s hot known, the exact inverse can
not be used.



We thus use an iterative procedure to find
the filter.
At iteration n, let the output be given by

L

y(n) = » W (mu(n-i)

where a 2L+1 tap filter is used.
If we set W () =0 for |i|>L,then

Y(n) = 3 W (nu(n-i)
= ZW‘u(n_i) + Z[W (n) —w]Ju(n-i)
=x(n) +v(n)

Residua ISl

v(n) = 3 [ (n) - w]u(n—i)

where

and for the ideal inverse filter

X(n) = Zw,u(n—i)



v(n) is the convolution noise containing the
residual ISl since ideal filter was not used.

The output y(n) is applied to a zero memory
nonlinear estimator

X(n) = g(y(n))
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Figure 18.5 Block diagram of blind equalizer,

 Thenonlinear estimate g[y(n)] can be

used to update the equalizer to produce a
better estimateat timen + 1

 Consider the equalizer error to be

e(n) =X(n) - y(n)



Thiserror can be used in the LM S algorithm
to update the equalizer weights
Wit (n+1) = (n) + u(n - 1)e(n)
for 1=0,21,+2,... £ L
Note that in this case, the cost function is
J(n) = E{&*(n)} = E{(X(n) - y(n))*}
=E{(aly(n)] - y(n))’}
Note J(n) is a nonconvex function of the
filter weights
 The cost function can have numerous

local minima



To evaluate the convolution noise, recall

U(n):ZhKX(n—k)
u(n-i) = Zth(n—i - k)

or
using thisin

y(n) =y wu(n=i)+ 3 [%(n) ~wu(n-i)
where — x(n) - v(n) -

A
w = perfectequalizemweights

A
W (n) =Finite approximat equalizerwith

w(n)=0 for |ipL
Then
v(n) = Z [W, (n) =w, Ju(n-1)
= Z Z h [W, (n) =w,[x(n—=i-k)

Lettingn —i1—k =1
v(n):Zx(I)D(n—I)

Where D(n) = Z hk[wn—k(n) - Wn—k]



[(n) = Z h W, (n)—w,_]

IS the residual impulse response of the

channel due to imperfect equalization.

« 0(n) issmall in vaue, but long and
oscillatory

Since the convolution noise is given by
v(n) = Z x(NO(n=1)
E{v(n)} = Z E{x(1)}0(n-1)

=0
Also

. N

E{v(n)v(n—))} = EEZ x(I)D(n—I); x(mUO(n—m- j)%

:ZZD(n—I)D(n—m—j)E{x(I)x(m)}
:ZD(n—I)D(n—I =)
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Since U(N) islong and oscillatory
E{v(n)v(n— )} = Z O(n=H0(n-1-)
tendsto averageto O for ) # 0. Thus
. (b* =0
E{v(n)v(n— )} =
(o= =g g
where

o’(n) = Z 0%(n-1)

Also, since v(n) = Zx(l)D(n—I) isa

weighted sum of 1.i.d. RVs. By the central
limit theorem v(n) is Gaussian. Lastly,

E{x(mv(n—])} = E{X(H)Z x(NO(n=1-= 1)}
=ZD(H-| - DEX(N)X()}
=0(=)) << Z 0*(n=1)=0*(n)

Thus we can say x(n) and v(n) are essentially
Independent.
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Now we must consider the nonlinear
estimation of x(n)

v Bayes A
Data symbol ! stimator — (1)
x(r)
Convolutional noise
vin)
Where:

1) x(n)isuniformly distributed with zero
mean and unit variance.

2) v(n) iswhite Gaussian noise with zero

mean and variance 9~ (N) , which is
Independent of x(n).
We will use Bayes estimation technique,
which requires knowledge of the

distributions.
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Define the estimation risk as
R=E{c(x,X(n)}

= } }c(x, X(n)) £, (X, y)dydx

—00 —00

if c(x,X(n))=(x=X(n))* isthe squared error

cost, then therisk isminimized if,

x= [xf, (x| y)dx
= E{x]| y} (conditiond expectation)

where we can use the fact that

f, (y]x)1,(x)
f,(y)

f (x]y)=
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Using the current model,
Y =C,X+V
where ¢y < 1 isascaling factor included to

ensure E{y*} = 1. Also, x and v are

Independent. Thus,

f,(y[x)=1,(y—cx
and

k= [f,(x]y)ox

TI (Y [X) T, (x)dx

= _1 i Y —=¢Xx) T, (X)dx

where £(%) (V)

N

-3 NE 0
Variance = ¢°
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Evaluating thisyields (Bellini, 1988)
K = 1 _ 0 Z(yl) _Z(yz)
GY G Q(yl) _Q(yz)

where
Y, = = (y +/3c,)
9
1
y2=;(y—ﬁco)
and
Z(y) =~ %
(y)_me

u2

2 du

1

Q(y)_\/ﬁ_!:e

For an 8 level PAM system:
2




When the blind equalizer has converged, the

algorithm is switched to decision-directed

mode.

In the case of binary symbol,

(+1  for symbol 1
x(n) =0
1  for symbol 2

we have

| f >0
my=sgnyry=n + Y2

1 ese
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Figure 18.8 Block diagram of decision-directed mode of operation.
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