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DEFINITIONS
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� Desired signal

� Additive noise signal

� Observation

� Desired signal estimation
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INTRODUCTION

� Signal separation techniques

� Signals do not overlap in time domain 

� Non-overlapping power spectra
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INTRODUCTION (2)

� Suggestion:

Existence of arbitrary domain where the 

representations of the signals are disjoint

4

7/1/2007

dλ nλ
Λ



5

SIGNAL SEPARATION USING LTV 

FILTERS
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� Separation by LTV filtration:

� Perfect separation of stochastic signals is 

achieved when:
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SIGNAL SEPARATION USING LTV 

FILTERS (2)
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� Non-stationary Wiener-Hopf Filter (WHF):

( ) ( ) ( ), , ,dx xxR t h t R dτ α α τ α= ∫T

( ) ( ) ( ) ( )2 , , ,dd dxt R t t h t R t dσ α α α= − ∫T

( ) ( ) ( ), , ,dd dxR t t h t R t dα α α= ∫T

with MSE given by:

� For “perfect separation”:
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� Spectral transforms

� Direct transform basis kernel

� Inverse transform basis kernel

� For stochastic signals:
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POWER SPECTRA FOR NON-

STATIONARY SIGNALS (3)

� Definition: Generalized Power Spectrum

where                                                .
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POWER SPECTRA FOR NON-

STATIONARY SIGNALS (4)

� Definition: Generalized Cross Power Spectrum
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TRANSFER FUNCTIONS

� Input-output relationship for LTV system:

� Transfer function of LTV system:
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SEPARATION TECHNIQUES

� Definition: Ideal filter over the Λ-domain

� Theorem: an ideal filter over the Λ-domain with 

impulse response               may be represented as
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SEPARATION TECHNIQUES (2)

� Theorem (Ideal Filter Component):

the WHF            , which give perfect separation, is 

an ideal filter                 assuming that the signals 

have disjoint generalized spectrum components.

� How do we chose the transform kernels?
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SELECTING TRANSFORM KERNELS
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� The kernel for this combined domain:

when

SELECTING TRANSFORM KERNELS (2)

17

7/1/2007

( )( ){ } ( )( ){ }ˆ ˆ ˆ ˆ: 0 : 0N Dλ λ λ λ δ λ≥ ≥ = ∅∩

( )
( )( ) ( )( ){ }
( )( ) ( )( ){ }

ˆ ˆ ˆ, , : 0
ˆ,

ˆ ˆ ˆ, , : 0

n

d

k t N
k t

k t D

λ λ λ λ λ
λ

δ λ λ δ λ

 ≥
= 

 ≥




18

SELECTING TRANSFORM KERNELS (3)
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� The concatenated kernel:

where                                                           and

is “unused” space:                                 .

� Such a domain exists when the transform is 

isomorphic.
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DISCRETE CASE

� Discrete time and discrete spectral domains

� For non-degenerate transform:
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DISCRETE CASE (2)

� Defining

we can write compactly

� Concatenating discrete spectra:
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SEPARATING FILTERED 

MODULATED SIGNALS

� General form:

where:

known deterministic signals

bandlimited to  , unknown
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SEPARATING FILTERED 

MODULATED SIGNALS (2)

� Using the described method we define:

� The signal are separable if the transform is 

isomorphic.
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DISCRETE MODULATION

� Following the continuous case, define:

then:

where

7/1/2007

( )

( )
( )

( ) ( )( )2 /

ˆ ,

ˆ , , 1/

ˆ ,

c

c

n p q
d N D

pn

jnp Nnp
v v V N

pn

n p q
n N N

pn

k W p P

k k p n p P W N e

k W p P

π

−

+

  = ∈ 

  = ∈ = 

  = ∈ 

ˆ ˆ ˆ| |T T T T
d d n n vk H k H k k =  

( )( ) ( )( )
[ ]

, ,d d n n

tp
v Npt

H diag h t H diag h t

k W

= =

=



24

DISCRETE MODULATION (2)

� Calculating Ideal Filter Matrix:

if rank(k)=N then

Generalized Bandpass Filter

Ideal Filter Matrix

else

Signals are inseparable

endif
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DISCRETE MODULATION (3)

� Noise gain for Filter Matrix:

in the case of white noise in the input of the 

filter, the noise gain is given by

where y is the output.
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UNIFORM MODULATION

� Uniformly Modulated Process:

, x(t) – stochastic process, c(t) – known signal.

Then:
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UNIFORM MODULATION – Chirp-

Modulated Signals

�Modulating signals:

� For:
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UNIFORM MODULATION – Chirp-

Modulated Signals (2)
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UNIFORM MODULATION – Chirp-

Modulated Signals (3)
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UNIFORM MODULATION – Chirp-

Modulated Signals (4)
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Conclusions

� Nonstationarity is useful when only a single 

observation of mixture of signals is available.

� Separation with one observation sensor can only be 

achieved by exploiting prior knowledge of signals

structure.

� Signal separation technique by concatenating 

frequency domains was introduced and specifically 

applied to uniformly modulated signals.
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Proposed Improvement – Separation of 

Chirp-Modulated signals

� The discussed algorithm uses Fourier Transform to 

build the concatenated kernel k, using all the given 

samples of x(t). These exist miltiple hd(t) and hn(t) 

that do not allow perfect separation.

� The improvement: use of STFTSTFT instead of Fourier Fourier 

TransformTransform. By performing short time analysis we 

could achieve better results with the signals that 

are not separable using the discussed algorithm.
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