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Problem Formulation – system identification

� Given input x(n) and output d(n) of 
an unknown system H(z), estimate 
a system           such that e(n) is 
minimized.

� The system is 
often assumed
to be FIR
� Can’t go unstable

� The taps of the
adaptive filter are
adjusted by the
adaptive algorithm
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Notation
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Steepest Descent

� Write the error as:

� Form the cost function:

� Modify the coefficients so as to reduce the cost:
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Optimal Filtering

� Steepest descent is an iterative (adaptive) algorithm to find the 
minimum point in the cost function

� Steepest descent ideally attains the optimal solution given by 
the Wiener-Hopf equations

where                                     is the autocorrelation matrix
and                                is the cross-correlation vector

$ 1
opt

−=h R p

( ) ( )TE n n⎡ ⎤= ⎣ ⎦R x x
[ ]( ) ( )E n d n=p x



Adaptive Filters and SIMO System Identification 7

The Least-Mean-Square Adaptive Algorithm

� Least-Mean-Square is an approximation to the steepest 
gradient approach.
� True gradient

� Instantaneous approximation uses the product

� The expectation has been removed – gradient noise is expected

� Tap Update Equation:
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The Normalized NLMS ‘Workhorse’

� The Normalized LMS (NLMS) is popular in practice
� Performance is less dependent on data properties

� This is the workhorse of adaptive DSP
• Low complexity
• Can be run using fixed point arithmetic
• Noise robust
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Classes of Algorithms

� Supervised
� A reference signal used to 

generate an error that can be 
minimised

� Single Channel
� One observation
� Identifiy a single channel system

� Blind
� No reference signal available

� Multichannel
� More than one observation
� Identify several systems

How much information 
is available? HarderEasier

How many assumptions must 
we make?
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Single Channel System Identification

� Example: echo cancellation
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Performance Evaluation

� Segmental mean square error (MSE)
� Measures the output error
� Divide error signal into blocks of chosen length
� Compute MSE in each block
� Often expressed in dB as a power ratio between d(n) and e(n)

� System Misalignment
� Measures the error in the system identification

dB

� Where            is the sum of the squared elements of the vector
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AEC Performance – White noise input
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AEC Performance – speech input
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Unsupervised Single Channel Technique

� Blind Signal Extraction
� To extract a particular signal from a mixture of signals and noise
� ‘Blind’ because we don’t know the signals and we don’t know how 

they have been mixed

� Consider N signals in a vector
and an MxN mixing matrix A

where x(n) are the observed mixtures
� Now consider demixed signals y(n) and a demixing matrix W 

applied to x
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Approach

� Assumptions
� A is an MxN matrix of rank N

and M≤Ν
� The signal to be extracted was 

generated by a nonwhite source 
signal generated by an AR 
process
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Results

better

worse
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Blind Multichannel System Identification

� The aim is to estimate the channels from the observations alone.
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Approach

� The only fact that is known is that all the observations 
originate from the same source. An error function can 
therefore be written: 
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Performance Evaluation

worse

better

Variable step-size LMS-type adaptation
a) state-of-the-art; b) optimal variable step-size; c) theoretical performance bound
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Inversion

� Inversion aims to recover the source signal 
� Convolve the observation with the inverse system estimate

� Considerations
� Non-minimum phase systems result in unstable inverses

• Zeros outside the unit circle in z give rise to unstable poles when inverted
� Multi-channel systems can be exactly inverted using the MINT method
� Note that exact inverse of a system estimate is usually worthless

• Need the system estimate to be perfect
• Current research into approximate inverse techniques
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Summary and Conclusions

� Adaptive system identification is a powerful technique
� Supervised algorithms require a reference signal
� Unsupervised algorithms require other information in lieu of 

the reference
� Assumptions on the nature of the signal or channel
� Multichannel observations

� Open research questions in unsupervised multichannel blind 
methods are many
� Step-size
� Noise robustness
� Order estimation
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