Chapter 10 Fourier analysis of signals
using discrete Fourier transform

10.1 Fourier analysis of signals using the DFT
10.2 DFT analysis of sinusoidal signals
10.3 the time-dependent Fourier transform

For finite-length signals, the DFT provides frequency-
domain samples of the Discrete-time Fourier transform.
In many cases, the signals do not inherently have finite
length. The inconsistency between the finite-length
requirement of the DFT and the reality of indefinitely
long signals can be accommodated exactly or
approximately through the concepts of windowing, block
processing, and the time-dependent Fourier transform
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10.1 Fourier analysis of signals using the DFT

One of the major applications of the DFT is in analyzing the
frequency content of continuous-time signals.
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10.2 DFT analysis of sinusoidal signals

10.2.1 the effect of windowing
10.2.2 the effect of spectral sampling

We choose sinusoidal signals as the specific
class of examples to discuss, but most of the
Issues raised apply more generally.




10.2.1 the effect of windowing

X (e1”) =V (e')
Before windowing:

X[n] = Ay cos(awgh + 6y) + A cos(aon + 6))
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After windowing:
v[n] =x[n]wn]
:%W[n]eJQOeron _I_%W[n]e—j@oe—ja)on
+%W[n]ejeleja)ln +%W[n]e_nge_Ja)1n
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V(e‘ )=—X(e’ )*W(e‘ )
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We can find that windowing smears or broadens the impulse in
theoretical Fourier representation, and thus reduces the ability to
resolve sinusoidal signals that are closely spaced in frequency .

The amplitude of one spectrum is affected by the amplitude of
another and vice versa when two components are closely spaced
in frequency. This interaction is called leakage (Jit#%) . The
component at one frequency leaks into the vicinity of another

component due to the spectral smearing introduced by the
window.

So reduced resolution and leakage are the two primary effects on
the spectrum as a result of applying a window to the signal. The
resolution is influenced primarily by the width of the main lobe

of w(e) ,while the degree of leakage depends on the relative
amplitude of the main lobe and the side lobes of w(e') .

We define the frequency resolution (FiZ4r#54%) is equal to the
width of the main lobe of w(e'”) .
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EXAMPLE

example 10.8:

X[n] = (cos(i—Zn)

A
+0.75cos(——n
Cray)

w[n] = kaiser (L =32
~ 64, f =5.48)
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Conclusion: increase L can increase resolution
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Determine window’s shape and length

(1) for Kaiser windows:

0.12438(A, +6.3) 60 < A, <120
B =10.76609(A, —13.26)** +0.09834(A, —13.26) 13.26 < A, < 60
0 A, <13.26

\

| _28n(A +12)
155A

A - main —lobe width
A, :relative side—Ilobe level

(2) for Blackman window:
look up the table
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10.2.2 the effect of spectral sampling

V(e'?) = V[K]

The DFT of the windowed sequence provides
samples of Vv (')

Spectral sampling can sometimes produce
misleading results.
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X[n] = (cos(i—Zn)
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MATLAB%;

BT B K X)
EXAMPLE
DFT {521

f (t) = cos( 2~f,t) + cos( 2#f,t), f, =2Hz, f, =2.5Hz, f, = 64 Hz,

f(t 0<n<63
fl[n]: ()|t:nT ,T :1/ fs
0 64 < n<128
fIn]=fM)|_.  0<n<128

AIVE 128 S DFT , FhB & 1A A

Fi[n]:& 64, 5%, DFT %128
F2[n]: & K128, %, DFT A %128
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L1=64; L2=128; N=128; T=1/64

n1=0:L1-1; X1=cos(2*pi*2*n1*T)+ cos(2*pi*2.5*n1*T)
n2=0:L2-1,; X2=C0S(2*pi*2*n2*T)+ cos(2*pi*2.5*n2*T)
k=0:N-1; X1=fft(x1,N);  X2=fft(x2,N)
stem(k,abs(X1)); hold on; stem(k,abs(X2),’r.”);
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EXAMPLE [FIRT: T TSR
L1=64,L2=128, N1=N2 =128
f (t) = cos( 2zft) + cos( 2zf,t), f, =2Hz, f, =2.5Hz, f, = 64 Hz,

f(t 0<n<63

f.[n]= () o T =1/f,
0 64 <n <128

f.In]= f(t)|_ 0<n<128

F [K1FIF, [k 5052 £ [n]A0f,[n]128 £ DFT

LA F KRR, KTk, KON i s 2

(D hEmIbE . Af = %: 0.5Hz

(2) PP EINE —F ) =KkAf k =4

f, = k,Af ,k, =5,

WP FREIES  k, =128 —k, =124 ,k, =128 —k, =123

(3 FHE:
W 1 A, =4r/L1=4Af k =3,6128 — 3,128 — 625 kil & this &
T 2: A, =4x L2 =2Af, HABWEZL Sy 0
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10.3 the time-dependent Fourier transform

1.definition

X[n,4)= 3 x[n+mlw[m]e "

M=—00

dn = miwin]= - [~ X[n, 2)e Mg
2z do |
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