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e Introduction
» Periodogram
» Correlogram

» Windowing and spectrum analysis
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Detection of signals (radar)
Signal modeling
Noise removal

Basic idea: Deter mine the correlation between elements of a signal
to enable modeling, compression. Determine power spectral
content of the signal to enable noise removal, detection,...
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e Signal Modeling
¢ Related to statistical description of signals (noise)

¢ Related to the Power Spectral Density (PSD)

RX1X1 (n)= Xl(n) U Xl(n) = z xl(m)xl(n +m) Autocorrelation
l DFT
1 . 1 2
Sy(k)= N X(k)X (k) = N|X(k)| Power spectral density
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Why spectrum analysis?
Filtering isaconvolution in spectral domain

Information representation in the spectral domain can be:
= Easier to interpret
= Easiertovisuaize
= More concentrated
= More natura (audio frequencies)
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Example
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Technique:
1 2 1 «
S (k)= N|X(k)| =NX(k)X k), k=0,1,..,N-1
Calculated using DFT.
1
) ——{orr {800 = S x(°
Problem?

What about long signals (thousands of samples)?
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Solution:
x(n) is decomposed in M smaller overlapping sections.

The spectrum is calculated for each section

Su0)= ZS ®)

Assumes stationarity and ergodicity
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Ryua( =5, O, = 3 x,(My,(1+m)  Autocorretation
1 N-1-p
Ry(p) = N r;xl(m)xl(m +p) Correlogram

Same as autocorrelation with extra 1/N term as summation done only on N terms
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Evaluation x(m)
of the sample estimate of
autocorrelation x(0)
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Consider the z transform: Therefore (see Notes):

Su(2)= S X@X(E) Su(K) =Ry (K) +R,y(K) =1,(0)

= % x(n)z‘”r;x(m)zm and

n=
1 N-1 N-1

=5 Z be(n)x(m)z'“‘n Su(k) = 2R [Ry (K)] -1, (0)
It can be shown that

N-1

S\@= 3 ez’
p="R-)
= ZrN(p)[z'P +2°]-1,(0)
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Two ap- x(n) = x(mw(n X
proaches to finding S(k) ¢ :’\ﬁnd( Bing orr 24 %l 2 S (k)
sequence

(a) Direct approach to finding Sy (k)

x(n__’)w(n) Auto correlation ol DFT ol Z_F::{o)] —I-SN(k)

(b) Power spectral density estimate Ry (k) used to find Sy (k)
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Why use power spectral density?

Pt _ [SVV éSN(k)

Porit IB(V)dV :BN (k)

p=SNR =

In alinear timeinvariant system (filter)

Pe Ps
s =0
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Matched filtering: optimizes SNR out P
— a-i2vT ﬂ

h(v)=e™ B(Y)

White noise case:

h(v) =e ™ s"(v)

h(t)=s(T-t)  correlation
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Experiment:
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EX er| ment: 10 Hz signal sampled at 40 Hz analysed using a0.25/ 1.95s window

- Check frequency content?
Wl
] Check Levels

- 1 What is happening?

. e Leakage
or
DFT Record Length of 1 period (Af = 4 Hz / Af = 0.513Hz ) Gibbs phenomenon
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Solution?

First clue: think about what a Discrete Fourier domain meansin the
time domain...

Second clue:
If you consider a integer number of periods what happens?

__What if it is a rational number of periods?
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Case of redl signals:

non-periodic

leakage is bound to happen unless the signal isthe same on both side of the
window of analysis:

Will not happen naturally for all signals and all windows
Will restrict the choice of windows / frequency resolution

Isunpractical for averaged periodogram estimation
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Solution is windowing the signals so that each end of the window

have the same valuel
Effect of windowing?
Theory:
X¢ = x(t)z o(t —KkT) Xy = WX,
1 00
X, =—Y X(f —kf X, =WLX
L5 Y XK " :
convolution
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Hamming: w(n)=0.54-0.46* cos%\lz—r_"lg
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w(n)

Hanning:  w(n) =0.50 - 0.50 * cosgil‘lg
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Difference between windows ?

Window type | Mathematical expression Sidelobes | Transition| Stop band
(dB) width | attenuation

Rectangular | w(n)=1 0<n<N-1 -13 0.9/N -21

Hamming w(n)=o.54—0.46cosgrzr_m1§ 0s<nsN-1 -31 3UN -44

Hanning _ _ 2m ; -41 3.3/N -53

w(n) =0.50 0.40cos§r_1§ 0<nsN-1
= 7 T
Blackman w(n)70.42—0.50cos%ﬁ%o.oscosé\mé 0sns<N-1 -57 5.5/N -74
Spectrum analysis 4.30
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