The Time-Frequency Analysis

What we know is not much. What we do not know is immense.
Pierre-Simon Laplace

Motivated by ‘quantum mechanics’, in 1946 the physicist Gabor defined elementary time-
frequency atoms as waveforms that have a minimal spread in a time-frequency plane.
To measure time-frequency ‘information’ content, he proposed decomposing signals over
these elementary atomic waveforms. By showing that such decompositions are closely
related to our sensitivity to sounds, and that they exhibit important structures in speech and
music recordings, Gabor demonstrated the importance of localized time-frequency signal
processing.

Stéphane Mallat

2.1 Introduction

Signals are in general nonstationary. A complete representation of nonstationary sig-
nals requires frequency analysis that is local in time, resulting in the time-frequency
analysis of signals. The Fourier transform analysis has long been recognized as the
great tool for the study of stationary signals and processes where the properties
are statistically invariant over time. However, it cannot be used for the frequency
analysis that is local in time because it requires all previous as well as future
information about the signal to evaluate its spectral density at a single frequency w.
Although time-frequency analysis of signals had its origin almost 60 years ago, there
has been major development of the time-frequency distributions approach in the last
three decades. The basic idea of the method is to develop a joint function of time
and frequency, known as a time-frequency distribution, that can describe the energy
density of a signal simultaneously in both time and frequency. In principle, the
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56 2 The Time-Frequency Analysis

time-frequency distributions characterize phenomena in a two-dimensional time-
frequency plane. Basically, there are two kinds of time-frequency representations.
One is the quadratic method covering the time-frequency distributions, and the
other is the linear approach including the Gabor transform, the Zak transform,
the linear canonical transform, and the wavelet transform analysis. So, the time-
frequency signal analysis deals with time-frequency representations of signals and
with problems related to their definition, estimation, and interpretation, and it has
evolved into a widely recognized applied discipline of signal processing. For more
detailed information, we refer to Debnath (2001), Grochenig (2001), and Debnath
and Shah (2015).

This chapter is devoted to a fairly detailed examination of the joint time-
frequency analysis of signals. We start with the time-frequency localization of
signals which leads to the windowed Fourier transform. This is followed by the
Gabor transform and its basic properties. Included are the Zak transform and its
basic properties. Based on the relationship between the Fourier transform and linear
canonical transform, a coupled windowed transform, namely, windowed linear
canonical transform (WLCT) is introduced.

2.2 The Time-Frequency Localization

To achieve the time-frequency localization of spectral characteristics of a time-
varying signal, a window function is introduced into the Fourier transform. A win-
dow function g(f) is a function in L?>(R) such that both g(¢) and g(w) have rapid
decay, that is, g(z) is well localized in time domain, while g(w) is well localized
in frequency domain. Multiplying a signal f(¢) by a window function g(¢) before its
Fourier transform has the effect of restricting the spectral information of the signal to
the domain of influence of the window function. Using the translates of the window
function on the time axis to cover the entire time domain, the signal is analyzed for
spectral information in localized neighborhoods in time.

Definition 2.2.1 (Window Function). If g(¥) € L2(R), ||g|l>» # 0, and ¢ - g(f) €
L?(R), then g(¢) is called a window function.

It is important to note that g(¢) is a window function when its squared magnitude
|g(¥)|? has a second-order moment. Therefore, if g(f) is a window function, then
t'/2 . g(¢) also belongs to L>(R). Writing g(¢) = (1 +|¢|)~'(1 + |¢|)g(r) and applying
the Schwartz inequality, we can obtain

lell, = Ja+1n]; 1a+ 1], < o,

which infer that g(¢) is integrable on R and, hence, g(w) is continuous. Although it
follows from the Parseval identity that g(w) is also in L2(R), in general, it is not true
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that ¢ € L?(R). In other words, it is possible that while g is a window function, g is
not. An example of such a window function is the Haar function:

1
1, 0§t<§

g =41-1, 1=<r<l1 (2.2.1)

0, otherwise.

Example 2.2.1 (Examples of Window Functions).
1. The simplest window function is the rectangular function given by

1, |t§<a, a>0

1) =
D=0 1>a
Its Fourier transform is
R eiaw _ e—iaw
g(w) = ;
iw

Although g(#) is compactly supported, it gives a bad localization in frequency
due to its discontinuous nature. Therefore, usually the more smooth functions
are needed.

2. The triangular window or Fejer window is given by

t
l+-, —a<t<0
g(1) = 1—?, 0<t<a
a
0, |t|>a.

It can be easily verified that

asin? (@)
_ N2/
(%)
2

This function provides a good localization in frequency as its spectrum decay

8(w) =

1 1
at the rate of — which is faster than the decay of — exhibited by the Fourier
1)

W
transform of rectangular function.
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3. The Hanning window is given by
2 _t _ <t <
0 { cos ( ) , a/2 <t<a/2

0, elsewhere.

The corresponding Fourier transform is

2(w) a . (cla)) 1 n 2 1

w) = —sin | — — .
§ 4\ 7 Caw2 T aw/2 T T+ aw)2
4. The Hamming window is given by

t
b+ (1 — b) cos> (”—) —aj2<t<a)2
a

0, elsewhere.

g(t) =

The Fourier transform of this window is

. a . [aw 1-b 2(1 +b) 1-b
( )|:n—aa)/2+ aw/?2 _n+aw/2i|'

5. The Blackman-Harris window is given by

3
2kt
2(f) = Zakcos(ﬂT), —a/2 <t<a/2

k=0
0, elsewhere.

The Fourier transform of this function is

3
aw 1 1

A — . aw 1 k _ )

8(@) asm( 2 )Zak( ) |:2nk+aa) an—aw]

k=0

The most two important parameters for a window function are its center and
radius which are defined as below.

Definition 2.2.2 (Center and Radius). If g(r) is a window function, then the
center t* and the root mean square radius o, for g(¢) are given by

1 [ )
= — tlg(t)| dt 222
Tk / 5@ @22)

—00
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and

1/2

1 {/Oo(t—t*)2|g(t)|2dt , (2.2.3)

I8l

Oy

respectively. The diameter or width of a windowing function g(¢) is 20,.

It is immediate from the definition 2.2.2 that the center and standard width of
the rectangular window function g(f) = )[4, (#) are zero and 2a, respectively. The
function g described above with finite o, is called a time window. Similarly, we
can have a frequency window g(w) with center ®* and (RMS) radius ¢, defined
analogous to relations (2.2.2) and (2.2.3) as

w* = Lz / o|3()| do (2.2.4)
185 /oo
1 oo ) 1/2
Op = % / (@ — 0*)?[3()| do; . (2.2.5)
gl 1 /oo

For a window function g to be useful in time-frequency analysis, it is necessary that
both g and g are window functions. Henceforth, we will assume that both g and g are
window functions with rapid decay in time and frequency, respectively. As we have
indicated in the beginning, we could obtain the approximate frequency contents of
a signal f in the neighbourhood of some desired location in time, say t = b, by
first windowing function g to produce the window function f,(f) = f(¢) g(t — b)
and then taking the Fourier transform of f;(¢). This is called the windowed Fourier
transform or short-time Fourier transform (STFT), or sometimes referred to as
running-windowed Fourier transform.

Formally, we define the STFT of a function f € L?*(R) with respect to the
window function g evaluated at the location (b, @) in the time-frequency plane as

oo

Fof (b, w) = / f(t) gt — by e “'dr. (2.2.6)

Unlike the case of Fourier transform in which the function f must be known for
the entire time axis before its spectral component at any single frequency can be
computed, STFT needs to know f(¢) only in the interval in which g(z — b) is non-
Zero.

Moreover, equation (2.2.6) gives the localized spectral information of f(¢) in
the time window

[r* fb—o.t +b+ ot]. 2.2.7)
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Fig. 2.1 Time-frequency A w
plane for the WFT

Ot

¢

To derive the corresponding window in the frequency domain, apply Parseval
identity to equation (2.2.6), so that we obtain

Fof (b, w) = /_ f(t) gt —b)e ™ dr
=5 [T - vy
=7 [fORE—w) | ©) 228)

where .Z ~! is the inverse Fourier transform. If w* is the center and o, is the radius
of the window function g, then, (2.2.6) also gives the localized spectral information
of f in the frequency window

[a)* +w—0,, 0" +a)+0w]. (2.2.9)

Thus, we have a time-frequency window

[t* +b—o0,t"+b+ 0,] X [a)* +w—0, 0" +w+ Uw] (2.2.10)

centered at (* + b, w + ™) in the time-frequency plane, with width 20, and height
20, as shown in Figure 2.1. The width and height of the time-frequency window
are constant for all time and frequency values and have a constant area 4 0,0,,.
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From the above discussion, we conclude that in order to achieve a high
degree of localization in time and frequency, we need to choose a window function
with sufficiently narrow time and frequency windows. However, the Heisenberg
uncertainty principle (Theorem 1.7.1) imposes a theoretical lower bound on the area
of the time-frequency window of any window function g and is given by

1
0,0, > 3 (2.2.11)

where the equality holds only when g is a Gaussian function.

Example 2.2.2. A sinusoidal wave f(f) = ¢/’ whose Fourier transform is a Dirac
delta function given by f(w) = 27 §(w — wp) has a windowed Fourier transform

Ff(b,w) = e_ib(“’_“"))g(w — wo)

Its energy is spread over the frequency interval

_ % U_‘”]
[wo 2,a)0+ >

Example 2.2.3. The windowed Fourier transform of a Dirac delta function defined

by (1) = £t — bo) is
Fof (b,w) = e g (by — b).

Its energy is spread over the time interval

Oy o;
bo— 2 b —].
[" PR

2.3 The Gabor Transforms

It has already been stated in previous section that decomposition of a signal
into a small number of elementary waveforms that are localized in time and
frequency plays a remarkable role in signal processing. Such a decomposition
reveals important structures in analyzing nonstationary signals such as speech and
music. In order to incorporate both time and frequency localization properties in
one single transform function, Gabor (1946) first introduced the windowed Fourier
transform (or the Gabor transform) by using a Gaussian distribution function as a
window function. His major idea was to use a time localization window function
g4(t — b) for extracting local information from the Fourier transform of a signal,
where the parameter a measures the width of the window and the parameter b is
used to translate the window in order to cover the whole time domain. The idea is
to use this window function in order to localize the Fourier transform, then shift
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the window to another position, and so on. This remarkable property of the Gabor
transform provides the local aspect of the Fourier transform with time resolution
equal to the size of the window. In fact, Gabor used

Go(T) = “Tg(t —1) = M, T, g(1), (2.3.1)

as the window function by translating and modulating a function g, where g(¢) =
nie" 2, which is called canonical coherent states in quantum physics. The
energy associated with the function g, is localized in the neighborhood of 7 in an
interval of size o; measured by the standard deviation of |g|*. Evidently, the Fourier
transform of g; ., (7) with respect to t is given by

—it(v—w)

&ro(V) =e gv—w). 2.3.2)

Obviously, the energy of g, is concentrated near the frequency w in an interval of
size o, which measures the frequency dispersion of g;,. In a time-frequency (¢, @)
plane, the energy spread of the Gabor atom g, can be represented by the rectangle
with the center at (t*, a)*) and sides o; (along the time axis) and o, (along the
frequency axis). According to the Heisenberg uncertainty principle, the area of the

rectangle is at least —; thatis, 0; 0, > —. This area is minimum when g is a Gaussian

function, and the corresponding g, , is called the Gabor function or Gabor wavelet.

Gabor transform has effectively been applied in many fields of science and
engineering, such as image analysis and image compression, object and pattern
recognition, computer vision, optics, and filter banks. Since medical signal analysis
and medical signal processing play a crucial role in medical diagnostics, the Gabor
transform has also been used for the study of brain functions, ECG signals, and
other medical signals.

Definition 2.3.1 (The Continuous Gabor Transform). The continuous Gabor
transform of a function f € L*(R) with respect to a window function g € L*(R) is
denoted by ¢[f](t, w) = f,(t, w) and defined by

GIf)(t, ) = f,(t, 0) = /_ f(@) gt = e ™ dr = (f.5a), (2.3.3)

where g, (1) = 3(t — ™", 50 | 810 |, = |||, and, hence, g, € L*(R).
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We next discuss the following consequences of the preceding definition:
1. If the window g is real and symmetric with g(t) = g(—7) and if g is normalized

so that Hg” = 1 and Hgm) H = ”g(t ) ” = 1 for any (t,w) € R?, then the
Gabor transform of f € L?(R) becomes

G 1. 0) = {f. g10) = f_ £(2) gt — 1) e dr. 2.3.4)

This can be interpreted as the windowed Fourier transform because the multipli-
cation by g(7 —t) induces localization of the Fourier integral in the neighborhood
of T = t. Application of the Schwarz inequality to (2.3.4) gives

1710 0)| = [{f-0)| = 1] [l = 1]

This shows that the Gabor transform ¥4 [f](¢, w) is bounded.
2. It follows from definition (2.3.1) with a fixed w that

Gt w) = e /_00 F@) gt — 1) e Vdr = e (f x g,) (D), (2.3.5)

iot

where g,(t) = e
formula, we find

g(r) and g(—t) = g(t). Furthermore, by the Parseval

Gt 0) = (f.3,,) = (f %) = ¢t /_ F) g —w)e v, (2.3.6)

Note that except for the factor exp(iwt), result (2.3.6) is almost identical with
(2.3.3), but the time variable ¢ is replaced by the frequency variable @ and the
time window g(t — 1) is replaced by the frequency window g(v — ).

3. For a fixed w, the Fourier transform of ¢[f](z, w) with respect to ¢ is given by the
following:

F G 0)} = Fu + ) g(v). 23.7)
This follows from the Fourier transform of (2.3.5) with respect to ¢
FlI10 o)) = F e (5 2,) 0] = [0 + ) §().
4. If g(f) = e="/4, then

G111, ) = V2@ (WF) (1 + 2iw), (2.3.8)
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where W represents the Weierstrass transformation of f(x) defined by

W[f(] = % /_ Fx)e =97 4 gy, (2.3.9)

5. The time width o, around f and the frequency spread o,, around w are independent
of t and w. In fact, we have

o= [ " 0= 02gu0 (o) e = / " e 02la(e - = /

o]

2 |g(r) |2dr.
o0

Similarly, we obtain, by (2.3.2),

IS}

1 [ 1 [
o [ w=wlenfao = - [ w—orfawfa

I (% 5. 2
o v |g(u)} dv.

T J—o0
Thus, both o; and o, are independent of ¢ and w. The energy spread of g;,(7)
can be represented by the Heisenberg rectangle centered at (¢, w) with the area

0,0, which is independent of # and w. This means that the Gabor transform has
the same resolution in the time-frequency plane.

Example 2.3.1. Consider the function f defined by
—272 .
foy=e“", withg(r) =1.

Then, the Gabor transform of f is

GIf(t, w) =/ e—(a2r2+iwr)dr _ ﬁe_wz/%z.

00 a

Example 2.3.2. Obtain the Gabor transform of function
f(‘() — e—iar'

We have

o0
g1t w) = / 7T (v —f)dr = O (0 + ).

—00



2.3 The Gabor Transforms 65

Example 2.3.3. Find the Gabor transform of functions

@ f(r) =1, (b) f(r) = (), © f(zr) = 8(z — 1)

Next, we discuss some basic properties of continuous Gabor transform.

Theorem 2.3.1. Letf,g,h € LZ(R) and a, b be any two arbitrary constants. Then,
the following results hold:

(a) Linearity: g[af + bh] (t,w) = a%[f] (t,w) + bg[h] (1, w),
(b) Translation: %[Taf] (t, w) = e~i@a g[f] (t—a,w),

(c) Modulation: g[Maf] (t,w) = %[f] (t,w — a),

(d) Conjugation: g[f](t, W) = g[f] (1, —w).

The proof easily follows from the definition of the Gabor transform and is left
as an exercise.

Theorem 2.3.2. If two signals f, g € L*>(R), then

[~ [ Joeorfarao= sl

Proof. The left-hand side of the above result is equal to

[ : /| : 11| drdo

_ /_ Z f_ : /_ Z F(@) g(x — e dr
L[]

dido, h(t) =f(t)g(r —1)

SRR 2
:/_ h,(w)H dt

(o]

2
dtdw

R 2
ht(a))’ dw
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o0
= f ||ht(r)H2dt, by Plancherel’s theorem
—00

f_z a /_ : ORI

[P [ Jeof ax= rElel::

This completes the proof.

Theorem 2.3.3 (Parseval’s Formula). If the Gabor transforms of the two
functions f and h exist with respect to a window function g, then

(o) = g5 {F- ) (2.3.10)
In particular, if || g || , = 1, then the Gabor transformation is an isometry from L*(R)

into L*(R?).

Proof. We first note that, for a fixed ¢,
fit.w) = Z{i(0)} = F{f(1)g(1)}.

where g;(t) = g(t —1).

Thus, the Parseval formula (1.3.17) for the Fourier transform gives
oo ~ -~
/ fo(t, @) he (1, ) do = <§{fg,}, ﬁ{hgt}>
—00

— {fo. hg) = /_ F(0) gt — 1)) g(c D dr

[ s et o,
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Integrating this result with respect to ¢ from —oo to co gives
(fg, / / fg(t a))h (t,w)dtdw
- / f(r)R(r)dt / lg(x — )| dr
/ f(o)h(r)dr / |g(x)| dx (t—t=x)
= [lsllr- 1)
This proves the result.

If Hg“2 = 1, then (2.3.10) shows isometry from L?(R) into L?(R?).

Theorem 2.3.4 (Inversion Formula). If a function f € L>(R), then

f(r) = — / / fg(t w)g(t —1) " dw dt. (2.3.11)

Proof. We apply the inverse Fourier transform of f(t) and the Parseval formula to
1
replace ||g||2 by Hg“2 so that

L[> . - 1

@8y =5, [ e f@ido 5

o 1 00 )
— e’ f(w)dw —/ |g(v)| dv.
27 J oo 27 J_ oo

Since the integral is true for any arbitrary w, we replace @ by @ + v to obtain

1 [, A 1 [
Folgl =5~ f_ T o+ vdo - /_ _ By

1 o

it 1 e itv | 7 A~ N
=5 ooe dw~2n/_ooe [f(w—i—v)g(v)]g(v)dv
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1 [ . 1 [ =
= — e“tdw - [—/ e (w +v) g(v) dvi| , by (23.7)
21 J oo 27 J oo
1 © ~
= — e“dw - [fg(l’, ) * g(t)] , by (1.2.26)
27 Jooo
1
= "‘”da)/ fet,w) g(x — 1) dt
T orm

1 o) o
— / / e f(t,w) g(t —t) dt dw.
T J—00 J—00

This proves the inversion theorem.

Theorem 2.3.5 (Conservation of Energy). Iff € L?>(R), then

I [ [ ..
=5 [ [ ol ado. ERYES

where g is a normalized window function (|| g”2 = 1) .

Proof. Using (2.3.7) dealing with the Fourier transform of fg (t, w) with respect to ¢,
we apply the Plancherel formula to the right-hand side of (2.3.12) to obtain

/ / [fg(t w){ dtdw

= E da) —/ |J {fg(t a))}| dv

1

=5/ w—/ V(w+v)‘ 13(W)I* dv

= [ oy / )| )P av
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I [, 2 | oo
= —/ V(w)‘ d((), Since ||§|| = _/ |§(U)|2 dU -1
27 J o0 2w

—00

o0 A2
[ rer =il
—00
This completes the proof.

In many applications to physical and engineering problems, it is more important,
at least from a computational viewpoint, to work with discrete transforms rather than
continuous ones. In sampling theory, the sample points are defined by v = mw, and
T = nty, where m, n are integers and ¢, and wy are positive quantities. The discrete
Gabor functions are defined by

gm,n(t) = eZﬂmwot g(t - ntO) = M27tmwo Tnto g(t), (2313)

where g € L*(R) is a fixed function and #, and w, are the time shift and the
frequency shift parameters, respectively. A typical set of Gabor functions is shown
in Figure 2.2.

Definition 2.3.2 (Discrete Gabor Transform). The discrete Gabor transform is
defined by

Fm.n) = /_ FOZ a1t = (f. guu). (2.3.14)

The double series

DY ) gua® = DY A &mn) &m0 (23.15)

meEZ n€Z MEZ n€Z

is called the Gabor series of f. It is of special interest to find the inverse of the
discrete Gabor transform so that f € L?(R) can be determined by the formula

F(mto, nayy) = /_ F(0) gma® dt = (£, 8,)- (2.3.16)

The set of sample points {(mto,nwo)}oo — oo I8 called the Gabor lattice. The

m.n
answer to the question of finding the inverse is in the affirmative if the set of

functions {gm,,, (t)} forms an orthonormal basis or, more generally, if the set is a
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Fig. 2.2 The Gabor elementary functions g, (¢)

frame for L?(R). A system {gm,,, (t)} = {Mz,,mw0 T, g(t)} is called a Gabor frame
or Weyl-Heisenberg frame in L?(R) if there exist two constants A, B > 0 such that

Al <3S gmall” < BIFI (2.3.17)

meZ n€’

holds for all f € L*(R). For a Gabor frame {gm’,, (t)}, the analysis operator T, is
defined by
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Tof = {(f, gm,n)}m.n, (2.3.18)

and its synthesis operator T; is defined by

T;Cm’" = Z Zcm,n 8mn» (2.3.19)

meEZ n€l

where c,,, € {*(Z). Both T, and T; are bounded linear operators and in fact are
adjoint operators with respect to the inner product {, ). The Gabor frame operator
S, is defined by S, = T, T,. More explicitly,

Sef =Y > {f- 8mn) gma- (23.20)

meZ n€Z

If {gm,n : m.n € Z} constitutes a Gabor frame for L?(R), any function f € L*(R)
can be expressed as

FO=D"3 " gmn) on =D D _{f- &) - (23.21)

meZ n€Z meZ n€Z

where {g% ,} is called the dual frame given by g% , = S; ' gu.,. Equation (2.3.21)
provides an answer for constructing f from its Gabor transform (f , gm,,,) for a given
window function g.

Finding the conditions on ?y, wy, and g under which the Gabor series of f
determines f or converges to it, is known as the Gabor representation problem.
For an appropriate function g, the answer is positive provided that 0 < wpfy < 1.
If 0 < woty < 1, the reconstruction is stable and g can have a good time and
frequency localization. This is in contrast with the case when wyfy = 1, where the
construction is unstable and g cannot have a good time and frequency localization.
For the case when wgty > 1, the reconstruction of f is, in general, impossible no
matter how g is selected.

24 The Zak Transform

Historically, the Zak transform (ZT), known as the Weil-Brezin transform in
harmonic analysis, was introduced by Gelfand (1950) in his famous paper on eigen-
function expansions associated with Schrodinger operators with periodic potentials.
This transform was also known as the Gelfand mapping in the Russian mathematical
literature. However, Zak (1967, 1968) independently rediscovered it as the k — ¢
transform in solid state physics to study a quantum-mechanical representation of
the motion of electrons in the presence of an electric or magnetic field. Although
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the Gelfand-Weil-Brezin-Zak transform seems to be a more appropriate name for
this transform, there is a general consensus among scientists to name it as the Zak
transform since Zak himself first recognized its deep significance and usefulness
in a more general setting. In recent years, the Zak transform has been widely used
in time-frequency signal analysis, in the coherent states representation in quantum
field theory, and also in mathematical analysis of Gabor systems.

Definition 2.4.1 (The Zak Transform). The Zak transform (Qfaf)(t, w) of a
function f € L?(R) is defined by the series

(2if)(t.w) = Va)_flat + an) e ™", 2.4.1)

n€Z
where a > 0 is a fixed parameter, ¢ and @ are real.
If f (¢) represents a signal, then its Zak transform can be treated as the joint time-
frequency representation of the signal f. It can also be considered as the discrete
Fourier transform of f in which an infinite set of samples in the form f(at + an) is

used forn = 0, +1,+£2,.... Without loss of generality, we set a = 1 so that we
can write (ff f ) (t, w) in the explicit form

(Zf) (. 0) = Ft,0) = Y _f(t +n) e (2.4.2)

ne€z

This transform satisfies the periodic relation
(Zf)tw+ 1) = (Zf)(t ), (2.4.3)
and the following quasiperiodic relation
(Zf)(t + 1, w) = & (ZFf) (1. 0), (2.4.4)

and therefore the Zak transform Zf is completely determined by its values on the
unit square S = [0, 1] x [0, 1].

It is easy to prove that the Zak transform of f can be expressed in terms of the
Zak transform of its Fourier transform f(v) = .% {f(f)}. More precisely,

(Z1)(t, 0) = ™ (ZF ) (w, —1). (2.4.5)

To prove this result, we define a function g for fixed ¢ and w by

80) = €7 f(x 4 1).
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Then, it follows that

w B
2(v) / o) € dx
—00

oo
/ f(x+ l) e—2nix(v+w) dx
—00

— e2ni(u+w)t /oof(u) e—2m’(v+w)u du
—00

— eZni(UJra))tJ’Z-(U +w)

We next use the Poisson summation formula in the form

D g =) &@mn).

n€zZ n€Z

Or, equivalently,

Zf(t + }’l) e—27ria)n — eZniwIZe[Zni(Znn)t]f-(w + 2]_”,1)

n€z n€z

— leriwt Z]'E(w + m)eZUimt.

me7Z

This gives the desired result (2.4.5).

The following results can be easily verified:
(ZZf)(.1) = &7 Zf)(—t, »), (2.4.6)

(ijilf) (60, I) — eZniwt(féff) (—[, 60) (247)

If gnn(t) = e ¥ M g(t — n), then

(ngm,n) (w.1) = e~ 2milmi+nw) (D@pg(w, [))

We next observe that L?(S) is the set of all square-integrable complex-valued
functions F on the unit square S, that is,

1 pl
/ / |F(t, a))|2dtda) < 00.
o Jo

It is easy to check that L%(S) is a Hilbert space with the inner product

1 1
(F.G) = / / F(t,0) G(t, ) dt dw (2.4.8)
0 0
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and the norm

1/2

el = [ [ IFeofarao)

The set

{Mm,n = MZmn,Znn(t» Cl)) = eZni(mt+na)) .m,n e Z} (249)

forms an orthonormal basis of L?(S).

Example 2.4.1. 1f

1
masa(t) = —= Tna Mogmy/a a (),
Pmnza(?) NG 27m/a X[0.a) ()

where a > 0, then

(%d’m.n;a) (1, w) = en(t) en(w), where ex(f) = 2.

We have

t—n
a

1 , a
Baia) = = ™5 0.4 (t — na)

1 2mimt

=7 € ¢ Xnant+)a) (1)

Thus, we obtain

(w@{;(ﬁm,n;a) (l, a)) = Z ezjijm

kEZ

= Z en(®) € Yipmtnt1-1(0)
=

= en(1) en(®).

(ul+ak))([na,na+a] (at + ak)

We shall now discuss the basic properties of continuous Zak transform.
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Theorem 2.4.1. Let f,g € L*(R) and a,b be any two arbitrary constants. Then,
the following results hold:

(a) Linearity: [f(af + bg)](t, w) = a(fff)(t, w) + b(,&”g)(t, ),
(b) Translation: [Q”(T«f)](t, w) = (fff) (t—a,w),
(¢) Modulation: [f'f(be)](t, w) = eib’(ff) (t,a) — i) ,

2w
(d) Translation and modulation: Qf[Mzannf] (t, w) = e¥ritm=—rw) (fo) (1, w),

(e) Conjugation: (ff)(t, w) = (Q"f)(t, —-w),
(f) Symmetry:

(gf)(—h —w), Iffiseven

(Z1) (. w) :% —(Zf)(—t.—w), iffisodd

(g) Inversion: Fort,w € R,
1
0= [ (2n.o)do,
) 1
flw) = [ exp(—2miwt) (fff) (1, w) dt,
0
1 A
flx) = / exp(—2mixt)(Zf)(t,x) dt
0

() Dilation: (2Dsf )t 0) = (2Zf) (e %)

(i) Product and convolution of Zak transforms.

Results (2.4.3) and (2.4.4) show that the Zak transform is not periodic in the two
variables 7 and w. The product of two Zak transforms is periodic in ¢ and .

Proof. We consider the product

F(t,w) = (fo) (1, w) (Qfg) (t, )

and find from (2.4.4) that

(fg) (t,w) = e_z”i‘“(ﬂpg) (1, w).
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Therefore, it follows that

F(t+ 1,0) = (Zf)(t,0)(Zg)(t,0) = F(t, ),
F(t,o 4+ 1) = (Zf)(t,0)(Zg)(t,0) = F(t, ).

These show that F is periodic in ¢ and w. Consequently, it can be expanded in a
Fourier series on a unit square

F(t, w) = Z Zcm,n pimt eZninw7 (2.4.10)

meZ n€Z

where
1 pl
_ —2mwimt | —2mwinw
_/ / F(t,w)e e dtdw.
0o Jo

If we assume that the series involved are uniformly convergent, we can interchange
the summation and integration to obtain

= [ [ | e

r€Z

{Zg(t + S) 62711311)% —2wi(mt+nw) dt dw
SEZ

1
[ {Zf(t + }") Zg(t + S) e—Znimt dt[ eZﬂiw(s—n—r) do
re€z SEL 0
l .
= / Zf(t + et +n+r)y e Mg
0 re€z

r+1
- Z £(x) (x4 n)e M=) gy

v/
w B

- / 00 B+ m) 2™ dx
—00

= (£, ™ g(x + m)

= (f» Moy T—ng>-

Consequently, (2.4.10) becomes

(26) (. )(Z)(t.0) = 3 D f- Mo T-ng)e™™ "+, 24.11)

mEZ n€’

This completes the proof.
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Theorem 2.4.2. Suppose H is a function of two real variables t and s satisfying the
condition

H(t~|— 1,s+ 1) = H(t,s), and h(t) = /00 H(t,5)f(s)ds, s,t€R,

where the integral is absolutely and uniformly convergent. Then,
1
(Zf)(tw) = / (Z1) (s, w) D(t, 5, w) ds, (2.4.12)
0

where ® is given by

d(t,s,0) = ZH(I +n,s) e 2T, 0<ts,w<l (2.4.13)

ne€z

Proof. Using the definition of Zak transform, we have

(Zh)(t.w) = " h(t+ k) e 2™k =) g7k / ~ H(t + k, $)f (s) ds

k€EZ k€EZ
m+1
=) ek N / H(t + k, s)f (s) ds
keZ mezZ ™M

_ Ze—Znikw Z/l H(t+ k,s + m)f(s +m)ds
0

keZ mez,
1
:/ {ZZH(t—}—k,s+m)f(s+m)e_2”ik“’} ds,
0 kez mez

which is, due to (2.4.11),

[ H(t + k—m,s)f(s +m) e ds
/ §§ > H( )f (s +m) }
0

k€EZ meZ

= | H(t+n,s)f(s + m) g 2rimtmo 4o
[1zx |

me€Z n€’l

= /1 (f'ff)(s, w) O(t, s, w) ds. 2.4.14)
0

This completes the proof.
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In particular, if H(¢, s) = H(t — s),

(1, 5,0) = ZH(t—s + n) e e = (ffH)(t—s, ).

ne€z

Consequently, Theorem 2.4.2 leads to the following convolution theorem.

Theorem 2.4.3 (Convolution Theorem). If
o0
W = [ HG =50 ds = H )0
—0o0
then (2.4.12) reduces to the form

1
(Zh) () = /0 (ZH)(—5) (2f)(s.0)ds = ZH*)(0).  (24.15)

Example 2.4.2. T H(t) = Y ay§(t — k). then

kez
Z(H * f)(1, 0) = A(0)(ZS) (1, w), (2.4.16)
where
Al) =) ape ™™,
kez.
Clearly,

PH*)w) = F { / ” H(t — 5)f (s) ds} (t, )

D@f§zak/w 8(t — s —k)f (s) ds§ (t, )
keZ o

z g Y af- k)§ (r.0)

kEZ
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— Zak Zf(t +n— k) e—2m'mu

kEZ n€Z
— Zak Zf(t + m) e—2nia)(m+k)
kEZ meZ

= A(a))(ff)(t, ).

Theorem 2.4.4. The Zak transformation is a unitary mapping from L*(R) to L*(S).

Proof. It follows from the definition of the inner product (2.4.8) in L(S) that

(Qﬁf, Qﬁ,g) = a/l /1 {Zf(at—l—an) e_z’””w} {Zg(at+ am) &M% dt dw
o Jo

nez meZ

= a/(;l {Zf(at—i—an)g(at—l-an) dt

n€zZ

(n+1)a

-y [ rmma

nez v "

= /_ FOE0) dy ={f.g) (2.4.17)

In particular, if f = g, we obtain from (2.4.17) that
|21 = 1715 (2.4.18)

This means that the Zak transform is an isometry from L?(R) to L?(S).

Further, Example 2.4.1 shows that {¢, »;o(f) : m,n € Z} is an orthonormal basis
of L>(R). Hence, the Zak transform is a one-to-one mapping of an orthonormal basis
of L?(R) onto an orthonormal basis of L*(S). This completes the proof of theorem.

2.5 The Windowed Linear Canonical Transform

In early 1970s, a promising linear integral transform with three free parameters,
namely, linear canonical transform (LCT), was proposed by Moshinsky and Quesne
(1971a,b) which is considered as one of the most powerful tools for signal and
image processing. This transform has also been referred to by different names in
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the open literature such as quadratic-phase integrals (Bastiaans, 1979), generalized
Huygens integrals (Siegman, 1986), the affine Fourier transform (Abe and Sheridan,
1994a,b), ABCD transform (Bernardo, 1996), the generalized Fresnel transform
(James and Agarwal, 1996; Palma and Bagini, 1997), the extended fractional Fourier
transform (Hua et al., 1997), and Moshinsky-Quesne transform (Healy et al., 2016).
Therefore, we can say that the LCT is a generalization of many optical transforms
such as the Fourier transform, the fractional Fourier transform (FrFT), the Fresnel
transform, the Lorentz transform, and scaling operations. Thus, understanding the
LCT may help to gain more insight into its special cases and to carry the knowledge
gained from one subject to others.

With more degrees of freedom compared to the Fourier transform and the FrFT,
the LCT is more flexible in nature but with similar computation cost as that of
conventional Fourier transform (see Healy and Sheridan, 2010). The LCT has found
many applications in phase reconstruction, filter design, signal synthesis, pattern
recognition, time-frequency analysis, optimal filtering, radar analysis, holographic
three-dimensional television, quantum physics, and many others. However, the
LCT cannot reveal the local LCT-frequency contents due to its global kernel.
On the other hand, the windowed Fourier transform (WFT) with a local window
function handles this kind of situation very well, but unfortunately, the WFT often
performs unsatisfactorily for its low resolution. Therefore, in order to attain the local
contents and high localization properties of a signal, it is desirable to develop a new
transform by replacing the Fourier transform kernel with the LCT kernel in the
windowed Fourier transform definition. This new transform was first introduced by
Bultheel and Martinez-Sulbaran (2007) and is called the windowed linear canonical
transform (WLCT) which offers a flexible local frequency content, eliminates
cross term, and enjoys high resolution of a signal. For more about LCT and their
applications to signal and image processing, the reader is to referred to Stankovic
et al. (2003), Koc et al. (2008), Tao et al. (2010), Kou and Xu (2012), Shi et al.
(2014), Bahri and Ashino (2016), and Healy et al. (2016).

We shall start here with the formal definition of the linear canonical transform
(LCT).

ab

cd
—bc =1, a,b,c,d € R or in C. Then, the continuous linear canonical transform
(LCT) with parameter A of any function f € L*(R) is defined by

Definition 2.5.1. Let A = ( ) be a unimodular matrix, i.e., det(A) = ad

/oof(t) Ka(t,w)dt, b#0
Zilfl(w) = (2.5.1)

Vd exp %iCdzwzgf(dw), b=0
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where the kernel /C4 (¢, w) of LCT is given by

. 2 2
Kat, ) = exp % L (ﬂ _ Ao dom 1)} . (2.52)

For typographical convenience, we shall often denote the matrix A as
A = (a,b,c,d), in the text, but all operations have to be understood in the usual
matrix sense. Moreover, we note that when b = 0, the LCT becomes a chirp
multiplication. Therefore, we only consider the case of b # 0, and without loss of
generality, we assume b > 0 throughout this section.

The above definition allows us to make the following comments:

1. Actually, the LCT has three free parameters; if we let a = y/8,b = 1/8,
c=—-B+ay/B,d =a/B, then the LCT of f(¢) can be rewritten as

2l = [ Ko, (253)
where
Kalt,w) = f;ﬂ exp { % (yt2 —2Btw + aw® — %)} , (2.5.4)

and the parameter matrix is given by

A= (Z Z) - (—/3 Vs c%) = (ﬂ s _yl//ﬂﬁ)l B

2. The LCT given by (2.5.1) can be computed via Fourier transform as

L) = o= {; (‘%‘“2 - %)} 7 {exp (%)f(f)} ().

(2.5.6)
Note that if we let /(7) ! {i(mz ”)}f(t) th t
ote at 11 we Ie = ——¢€X -\ — — = . en equation
N DA 1
(2.5.6) takes the form
—7) 2 = 7 (o} (2) @57
eXp 2b A w) = b s D.

3. As a special case, when A = (a,b,c,d) = (0,1,—1,0), the LCT definition
(2.5.1) reduces to the classical Fourier transform.
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4. For the parameter matrix A = (a, b, ¢,d) = (cosa, sin®, —sin«, cos ) = %,
the LCT multiplied by ¢*/? coincides with the FrFT, i.e., #* = /2%, if
A =%

5. For the matrix A = (a,b,c,d) = (1,b,0,1), the LCT reduces to the Fresnel
transform.

6. Multiplication by a Gaussian or chirp function is obtained with A = (a, b, ¢,d) =
(1,0,c,1).

7. The scaling operator can be viewed as a special case of the LCT with
A= (a,b,c,d)= (d_l,0,0,d).

Two interesting and important properties of LCT are the index additivity and
reversibility. Index additivity means that the composition of two LCTs with
parameter matrices Ay = (ay, by, c1,d;) and Ay = (ap, by, ¢, dy), respectively,
equals to the LCT with parameter matrix A3 = A»Aj, that is,

L (Za)lf) = Zaslf] = ZLaoa If]. (2.5.8)

The inverse of the LCT with parameter matrix A = (a, b, c,d) is the LCT with
parameter matrix of A7! = (d,—b, —c, a), that is,

L1 (Fa) (f) =1 (2.5.9)

In case the parameter matrices A; and A, contain complex numbers, then the
additivity property (2.5.8) holds if

as d]
Im(—+ — 0. 2.5.10
m(b2 + b1) > ( )

However, if Im(ay/by + di/b1) = 0, then both of by and b, must be real.
Combining with the inverse property (2.5.9), then b must be real since

Ay = (a,b,c,d) and Ay = (d,—b,—c,a) = Al_1 by invoking additive property
(2.5.8).

Another important property of LCT is the Parseval formula:

(f.e) = <$a(f),$4(g)>- (2.5.11)
In particular, when f = g, we obtain the Plancherel formula for the LCT:

2
I7l; = |40 (2.5.12)

Following the idea of windowed Fourier transform, we shall try to generalize the
LCT to a new transform, namely, windowed linear canonical transform (WLCT).
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Before we give the formal definition of WLCT, we first recall that the windowed
Fourier transform (2.2.6) of any f € L?(R) with respect to the window function
g € L*(R) is given by

gg[f](”! C()) = /_ f(t) g(t - I/t) e—iCl)T dt = (f’ gu,w)a (2513)

where g, (1) = ¢“'g(t — u) = M,T,g(t). Note that the optimal window for time-
frequency localization can be achieved only if g is a Gaussian function. Moreover,
for fixed w = wy,

Suan (1) = €'g(1 — u), (2.5.14)

is called a Gabor filter. The extension of the Gabor filter to the LCT domain is given
by the following definition.

Definition 2.5.2. For a window function g € L*(R)\ {0}, its window daughter
function associated with LCT is defined by

i (a* 2tw do* w
(=== —u). 2.5.1
exp{ Z(b b + b 4)}g(t u) (2.5.15)

1
gh o) = NerT

This function is also called the linear canonical windowed Fourier kernel.
We are now in a position to introduce the basic definition of WLCT.
Definition 2.5.3. The windowed linear canonical transform (WLCT) of a function

f € L*(R) with respect to a window function g € L?(R) is denoted by %4 [f](u. w)
and defined by

Do) = [ OO (2.5.16)

where u,w € R, A = (a, b, ¢, d) with det(A) = 1 and gf}yw(t) is given by (2.5.15).

We next discuss the following consequences of the proceeding definition.

1. It is worth noticing that, when A = (a,b,c,d) = (0,1,—1,0), one recovers
the standard definition of WFT (2.5.13). In fact, we have the following relation
between WLCT and WFT:
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Galfl(u.w)

1 i — i (at? 2tw
= [ rosiwen |5 (G-

do* w
dt
)l

1 idw? o0 i [ at? T - .
- - ) — - = Ne(t — _”w/bdt
anexp{ 2% }/cf"f’{z(b 2)}J()g( ue

id 2 (9] . )
= exp { ZZCZ } / h(r) g(t — u) e~ ™/"dy
)

= exp{ Mg; } Y h] (u, %) .

(2.5.17)

2. If we take the Gaussian function as a window function in (2.5.16), then we get

the Gabor linear canonical transform (GLCT).

3. For a fixed u, WLCT (2.5.16) can be interpreted as the LCT of the product of a
function f and a conjugate and translated window function g, that is,

Ulw0) = 2 [0 =W} (@).

4. Implementing the inverse LCT (2.5.9) to WLCT (2.5.16), we obtain

i (af* 2t

f(’)m:\/%/_ gAf(u,a))exp{—z(b_ 3

5. The energy density of the WLCT is defined by

o i 2
o] =| = [~ row=aen |5 (-

2nh b b

We now investigate some basic properties of WLCT.

(2.5.18)
do* =
A | S

+ A 1 W

(2.5.19)

2

do* =
——— | d
b 4)} !

(2.5.20)

Theorem 2.5.1. Letf, g, h € L*(R) and o, B be any two arbitrary constants. Then,

the following results hold:

(a) Linearity: Galof + Bhl(u, w) = a Gu[f](u, w) + B 9a[h](u, w),
(b) Parity: 94[Pfl(u, w) = 9s[f](—u, —w), where Pg(t) = g(—1t),

. 2
iatgc
2
. 2
idbw;

(c) Translation: G4[T;,f](u, w) = exp {itoa)c —

(d) Modulation: G4[M,f](u, w) = exp {ida)a)o —

(e) Conjugation: Gu[f |(u, w) = 47 [f1(u, w).

} gA[f](u —fo,w — alo),

}%mmw—mm
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Proof.

(a). The proof of linearity easily follows from the definition of the WLCT.
(b). For every f € L*(R), we have

D[P (. )
Lo (ifa? 2w do?
- = [ rens e (G- G- ) e

1 o0
T /_ (= =)

i (a(—t)2 B 2(—1)(—w) N d(—w)? B n)} &

X exp%z 5 b p 1

= %[f1(—u, —w).
(c). From the definition of WLCT, we have
GulTof (1, @)

! Oo — ifa? 2w  do* 7
z\/ﬂf_wf(’—fo)g(f—u)expiz(b—b+b—4)§dt
a 2 2 d
/ F0) gy — u—1))e { (U'HO) (y;fo)w+cbz)_z)§dy
1 R .
_ﬁ[ FO 8y = u—1))

i ay2+at(2]+2ayt0 o 2w deo? 7w
X exp{ = ——————1———2 dy

G e 2
F/ 080 —(u—to))exp§ (“Z W+:_7;)}

. 2

i [aty— 2o

—|— ¢ 4
X exp§2< 5 ) ly

- i _ e — )
fO’)g - (M Zo)) exp % (az zy(wb foa) + (CU bt()a) _ Z)§
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toa)toa + dt%a

i
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2 _ 2tow

b

I

{ i (Zd(a)—
X exp 3

{ i (Zd(a) — toa)toa + dt%a2
exp ) >

b
exp { itow

This completes the proof of part (c).
(d). Forevery f € L>(R), we have

GalMoyf](u, @)

- J% /_ () 5 —0) exp {

/ FO 8w exp{ i (

ar*

ar?

b

5

at*  2(w — wob) +d(a) — wob+wob)?

2

Jeola ()

-2
(al()bloa))} gAf(M — 1y, w — toa)

i

2

2.
la;()c } gAf(u — 1o, W — l()a).

2tw

b b

e

— 4+ 2wot — —
ﬂ)}dt

2t(a) wob)
4

b T

b

[ F(0) g0 — ) exp %(

1 oo J—
- = /_ RUEED

b

)

b

i (a? 2t(w —wob) d(w —wob)®
X exp {2 (b_ b + b -7 + 2(w — wob)wob + a)gb2 dt
dba)o
= exp | idwwy — Galf1(t,  — wob).

(e). Forevery f € L*(R), we have

_ 1 oo . 5 5 4

i) =z [ o ee (5 -5+ G- )
= —i (a? 2w do?* 7w

= o Loz e |5 (G -5 G )

=97 [fl(u, ).
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Theorem 2.5.2 (Orthogonality Relation). If fi, g1.f> and g, belong to L*(R),
then the following formula hold:

<gA.g1f1 , gA.ng2> = (fi.f2)(s1. &2)- (2.5.21)

Proof. Assume that both the window functions g1, g, € L'(R) N L (R); then it is
obvious that for every u € R,

fi)gi(t—u) € *(R) and  fo(1) g2(t — u) € L*(R).
Therefore, it follows from the Parseval formula (2.5.11) for the LCT that

<gA,g1f B %,ng2>

= / / gA,glfl (u, a)) %,ngz(u,a)) dudw

= /_oo U_oo Zi {f](t)gl(t— u)} (w) .,%A{fz(t)gz(t— u)}(a)) dw] du

o0

o0
—00

o] )
=/ [/ F(O) (1) g1 (1 — u) g2(t — u) exp{%t}dt]du. (2.5.22)

By virtue of Fubini theorem, we can interchange the order of integration in (2.5.22)
to get

o] ) o]
(i) = [ 507G exp | - ar [~ wi= et -

= (fi.f)(g1. )

where the extension to general g1, go € L?>(R) has been done by the standard density
argument. As it is easy to verify that a fixed g; € L'(R) N L%®(R), the mapping

8 = (Daofi-Gapfo), () 1S a linear functional that coincides with (fi.f)(g1. 22)
on a dense subset L' (R) NL*® (R) of L?(R). It is therefore bounded and extends to all
g» € L*(R). Similarly, for arbitrary fi,f, and g € L*(R), the conjugate linear
functional g; — (%,glfl,gA,ngz)Lz(RZ) coincides with (fi.£)(g1.g) on L'(R) N
L*®(R) and extends to all functions of L?(R).

Corollary 2.5.1 (Conservation of Energy). Iff € L*(R), then

oo oo 2
/_ /_ 1f (0.0)| dudo = |f]5. (2.5.23)
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Proof. Taking fj = f, =f and g; = g» = gin (2.5.21), we obtain

] = /_ Z /_ : .0 dudo = |72 |- (2.5.24)

The desired result is obtained by taking Hg”i = 1in (2.5.24), that is,

2 2
2 for all f € L*(R). (2.5.25)

/_: /_Z (%_gf(u, w))zdudw =|f

Remark.

1. Suppose that [[f||3 = 1. Then, equation (2.5.25) reduces to
2 0o o0 2
H%*ng - / / ‘%A,gf(u,w)‘ dudo = 1. (2.5.26)
2 —o0 J—o0

This relation is known as the radar uncertainty principle in the WLCT domain.
2. It follows from (2.5.25) that f is completely determined by ¥4 ,f. Furthermore,
the condition

1
Gy, w) = ——(f M,T,g) =0, YuowéekR,
aof (U, ) 5rb (f g)
implies f = 0, which means that for each fixed g € L?(R), the set

{M,T,g : u,» € R} spans a dense subspace of L>(RR). Therefore, it is interesting
to see how f can be recovered from ¢, .f. In this regard, we present two proofs
for the remarkable inversion formula.

Theorem 2.5.3 (Inversion Theorem). Suppose that gi,g» € L*(R) and
(gl, gz) £ 0. Then for all f € L*(R), we have

f@® = @ /_ /_ Gaof (U, 0) Ka(t, w) g2(t —u) dudow. (2.5.27)

First Proof. Since 94,4, f € L*(R), it follows by Corollary 2.5.1 that the vector-
valued integral

) = [ [ Gy 1 (1, 0) Kor @) g2t — 1) du do

fe1.22)
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is well defined in L?(R). Using the orthogonality relation (2.5.21), we observe that

_ 1 0 oo .
<f’ h) = \/ﬁb—<gg / / gA,glf(u, C()) (h, Ma)TugZ) dudw
1, 2 —00 J—00

(81,82)(% of Gae: >
= (f.h).

Thus f = f. This proves the inversion theorem.

Second Proof. For every h € L*(R), the inverse transform of the WFT (2.5.13)
implies that

h(t) = / / o h(u, ®) €' g5(t — u) dudw
271’ gl,g2

/ / %g,h lw’/bgz(t W) dud?. (2.5.28)
27T (g1.82) b

If we let h(t) =

. t2
exp % ! (a_ — z)}f(t) and using the relation (2.5.17),

NeET 2\ 2

equation (2.5.28) becomes

1 i (af? T
mbe"p{i(?‘i)?ﬂ’)

exp
27T 81,82 / / {

Or, equivalently,

} ggA glf(” (,()) elwt/b g2(t - u) dud;

F(0) = / Gy ouf (1.0)

el

—i faf*  do® 2w =«
X exp{?(T+T—T—5)}g2(t—u)dudw
1 o oo -
= —/ / Gaof (U, 0) Ka(t,0) g2(t —u) dudow.
(81782> —o00 J—00

This proves the inversion theorem.
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2.6 Exercises

1. For the cosine window

2(f) = {cos (%t) —a/2 <t<a/2

0, elsewhere

show that its Fourier transform is

2(w) (aa)) 1 1
w) =acos|— — .
§ a 2 T—aw w4+ aw

2. Consider the hat function g defined by

t, 0<r<l1
gty=92—t, 1<t<2
0, otherwise,

and compute the time-frequency window for g.
3. Use definition 2.2.1 to show that the triplet function

—All gog2 (l’) —a)2 <

e cos , a/2 <t<a/2

4(0) = a / /
0, elsewhere,

is a window function.
4. Let f(¢t) = sin(xt) and the window function g(¢) be the function:

14+t —-1<t<0
ghy=491—-t 0<t<l1
0, otherwise.

Determine the windowed Fourier transform for f(¢).
5. Let f(t) = sin(nt) and the window function g(f) be the symmetrical hat
function:

1, —-1<t<l
0, otherwise.

e = |
Show that the windowed Fourier transform of f(7) is

Fo(t,w) =i

| sin(r + w) sin(r —w)
T+ w T—w
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10.

11.

. For the Gaussian function g(r) =

e~"/%_show that

wa

o0
> A —av?
@ [ 9ewd=io. ® &)=,
. Find the Gabor transform of the following functions:
@) f()=e " withg(t) =1, (b) () =e ™.
. Suppose g,,(t) = g(t — 1)e" where g is a Gaussian window defined in

Exercise 6, and show that

(@) Bro(v) = eTiV0N—aw=e)’ ®) Y1, 0) = —<f )

. For the Gaussian window defined in Exercise 6, introduce

1 00 1/2
Utz = — {/ 2% (1) dl’} .
el 1/-c0

Show that the radius of the window function is 1/a and the width of the window
is twice the radius.
Show that the marginals of the Zak transform are given by

/ 1 (Zf)(t.0)dow = f(t), and / 1 TN ZE) (1, 0) dt = f(w).
0 0

If £(¢) is time-limited to —a < t < a and band-limited to —b < w < b, where
0<ab< X then the following results hold:
(a) (f'ff)(t,a)) =f(r), |t| < 5, w € R

(b) (fo)(t,a)) = ez”iwff(a)), lw| < —, T eR.
Show that the second of the above results gives the Shannon sampling formula

fiy =YD g

= w(n—t)
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