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• Summary of the LMS Linear Adaptive
Transversal Filter  ( FIR )
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:tor  weight vec

-in tap change over the control  to Introduce

)(*)(
2)(

1
)(ˆ)1(ˆ)1(ŵ
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Finally  

nenu
nu

nwn
or

nenu
nu

n

nenu
nu

nwnwn

Mkneknu
nu

nkwnkwn

µ

µd

µ

d

d

+=+

=+

=
-+=+

-=-=

-+=+



11

0

)(*)(
2)(

 )(ˆ)1(ˆ
small, is

)(n number whe small aby division   theavoid To

sense. squaremean  
in the convergent is LMS normalized  then  the

20   :satisfy  must      

parameter. size-step varying- timea with algorithm
LMSan  as  viewedis algorithm normalized the

2)(

 (n)           
settingBy 

>
+

+=+

<<

=

a

nenu
nua

nwnw

nu

nu

µ

µµ

µµ



12

SUMMARY OF THE NORMALIZED 
LMS ALGORITHM
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estimates. unbiasedfor 
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Application: MVDR Spectrum 
Estimation

• Independent sensors placed at different points
in space, “listen” to the received signal and try 
to distinguish between the spatial properties 
of signal and noise.

• Beamformer places nulls in the directions of 
the sources of interference in order to increase 
the output SINR.

• The goal is to minimize the variance (average
power) of the beamformer output while a 
distortionless response is maintained along 
the direction of a target signal of interest.  
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•Output of linear transversal filter in response 
to tap inputs:
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energy:
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• To solve the constrained minimization 
problem , a constrained cost function is 
defined:
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Where, λ is a complex Lagrange multiplier.   

• The minimization involves equating the 
gradient to zero:
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Where, is    autocorrelation function of tap
inputs.
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• Solving for λ subjecting to the constraint and 
Substituting it in the equation for optimum 
tap weights, gives the MVDR formula as 
follows:
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• The above equation is referred as the MVDR
Spectrum estimate, at any    the power due 
to other frequencies is minimized. Hence the
Spectrum exhibits relatively sharp peaks.
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