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MM6. Discrete-Time Wiener Filters 
Reading page: Chapt 7, pp.406-419

Explain MM5 exercise 
6.1 (Ideal) Noncausal Wiener Filters
6.2 Causal Wiener Filters
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What have we talked through MM5 
– Minimum Mean Squared Error 
Estimation?

5.1 Linear minimum mean squared error estimators
5.2 (Nonlinear) minimum mean squared error estimators
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5.1 Linear Minimum Mean Squared 
Error (LMMSE) Estimators
LMMSE Problem formulation 

A random sequence X(1), ... X(M) whose realization can 
be observed
A random variable Y which has to be estimated
Seek a linear estimator as: 

By miminizing the mean squared error(MSE): 
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5.1.1 Orthogonality Principle
A necessary condition for a linear estimator denoted by 
h=[h0, ... hM]T to be the solution of the LMMSE is that 
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5.1.3 LMMSE Soultion
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5.2 Minimum Mean Squared Error 
Estimators (MMSEE) 
MMSEE: The solution for MMSEE of Y based on the 
observation of X(1),....,X(M) is: 

Which reaches 
Specially, if X(1)=x(1),....,X(M)=x(M) is observaed, then 

iff [Y X(1),....,X(M)] is a Gaussian vector
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Explain the MM5 Exercise!
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MM6. Discrete-Time Wiener Filters 
Reading page: Chapt 7, pp.406-419

6.1 Noncausal Wiener Filters
6.2 Causal Wiener Filters
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Discrete-Time Wiener Filters

Motivation:
Estimate a WSS random sequence Y(n) based on the 
observation of another sequence X(n).

Without loss of generality we assume that 
E{Y(n)}=E{X(n)}=0

The goodness of the estimator is described by MSE
}))(ˆ)({( 2nYnYE −
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6.0 An Intuitive Explanation

Observable random sequence: 
X(1),     X(2),        ...,               X(M)

Y(1),     Y(2),        ...,               Y(M)

A random sequence which needs to be estimated

LMMSEE1
h0

1,h1
1,..hM

1
LMMSEE2
h0

2,h1
2,..hM

2
LMMSEEM
h0

M,h1
M,..hM

M

(Wiener) Filter/System
h0,h1,..hM
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6.0 Prediction and Filtering

Prediction: Ŷ(n) depends on past observations of X(n)
Filtering: Ŷ(n) depends on the present observation and/or 
one or many future observations  X(n)
Causal, noncausal filters
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6.1 Ideal (Noncausal) Wiener Filters
Problem Formulation:

Seek a linear filter 

Which minimizes the MSE 

The filter reaching above requirement is called ideal 
(noncausal) Wiener filter 
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6.1.1 Orthogonal Principle
The coefficients of a Wiener filter satisfy 

Consequences: 
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6.1.1 Orthogonal Principle (Cont’d)
Define the crosscorrelation and autocorrelation:  

Consequence of orthogonal principle: (Wiener-
Hopf equation)
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6.1.2 Wiener Filter in Transfer Function
Wiener-Hopf equation:

TF of the Wiener filter:

MSE residual: 
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6.1.3 Wiener Filter via LMMSEE
Wiener filter:

MSE residual: 
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MSE residual: 
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MM6. Discrete-Time Wiener Filters 
Reading page: Chapt 7, pp.406-419

6.1 Noncausal Wiener Filters
6.2 Causal Wiener Filters
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6.2.1 Causal Wiener Filter (Case A)
Case A: X(n) is a white noise with unity variance 

E{X(n)X(n+k)}=δ(k)
Ideal Wiener filter: 

A causal Wiener filter can be achieved by cancelling 
the noncausal part of ideal Wiener filter:  

The causal Wiener filter minimizes the MSE within the 
class of causal linear estimators
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6.2.2 Causal Wiener Filter (Case B)
Case B: X(n) is a WSS signal

Causal whitening filter: 
If SXX(f) satisifies the Paley-Wiener condition: 

then X(n) can be converted into an equivalent white noise 
sequence Z(n) with unit variance by filtering it with an 
appropriate causal filter g(n)
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6.2.3 Whitening and Whitening Filter 
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6.2.4 Causal Wiener Filter (Whitening)
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6.2.5 Spectral Decomposition Theorem



22-Oct-04 Stochastic Processes 24

6.2.6 Causal Wiener Filter (Cont’d)
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6.2.7 Finite Wiener Filter
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LMMSEE:

MSE residual: 
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