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2.1 Introduction and Basic Definitions

The Fourier transform is certainly one of the best known of the integral transforms and vies with the
Laplace transform as being the most generally useful. Since its introduction by Fourier in the early 1800s,
it has found use in innumerable applications and has, itself, led to the development of other transforms.
Today the Fourier transform is a fundamental tool in engineering science. Its importance has been
enhanced by the development in the twentieth century of generalizations extending the set of functions
that can be Fourier transformed and by the development of efficient algorithms for computing the discrete
version of the Fourier transform.

There are two parts to this article on the Fourier transform. The first (Sections 2.1 through 2.4) contains
the fundamental theory necessary for the intelligent use of the Fourier transform in practical problems
arising in engineering. The second part (Sections 2.5 through 2.8) is devoted to applications in which
the Fourier transform plays a significant role. This part contains both fairly detailed descriptions of
specific applications and fairly broad overviews of classes of applications.

This particular section deals with the basic definition of the Fourier transform and some of the integrals
used to compute Fourier transforms. Two definitions for the transform are given. First, the classical
definition is given in Subsection 2.1.1. This is the integral formula for directly computing transforms
generally found in elementary texts. From this formula many of the basic formulas and identities involving
the Fourier transform can be derived. Inherent in the classical definition, however, are integrability
conditions that cannot be satisfied by many functions routinely arising in applications. For this reason,
more general definitions of the Fourier transform are briefly discussed in Subsections 2.1.3 and 2.1.4.
These general definitions will also help clarify the role of generalized functions in Fourier analysis.

The computation of Fourier transforms often involves the evaluation of integrals, many of which
cannot be evaluated by the elementary methods of calculus. For this reason, this section also contains a
brief discussion illustrating the use of the residue theorem in computing certain integrals as well as a
brief discussion of how to deal with certain integrals containing singularities in the integrand.

2.1.1 Basic Definition, Notation, and Terminology

0

If ¢(s) is an absolutely integrable function on (—w, ) (i.e.,J' |¢(s)-| ds < o), then the (direct) Fourier

transform of ¢(s), #[#], and the Fourier inverse transform of ¢(s), 7 [¢], are the functions given by

7ld| :J'_o;(;(s)e_j“ds 2.1.1.1)

and

2.
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Example 2.1.1.1
If ¢(s) = e~ u(s), then

74

=J. e_su(s)e_j“ds =I e_(l+jx)5ds= 1.
x Jw 0 1+jx

and

e u() x5 ds = ! e_(l_jx)sds :;.
2o 212 B

Example 2.1.1.2
For a > 0, the transform of the corresponding pulse function,

_@., if ‘s‘<0{
p”(s)'én, it a<ly’

ja - ja
a ]x_e]x

:J'_ae‘f“ds :e]_x:isin(ax).

e,

A function, v, is said to be “classically transformable” if either

1. yis absolutely integrable on the real line, or

2. s the Fourier transform (or Fourier inverse transform) of an absolutely integrable function, or

3. yisalinear combination of an absolutely integrable function and a Fourier transform (or Fourier
inverse transform) of an absolutely integrable function.

If ¢ is classically transformable but not absolutely integrable, then it can be shown that formulas (2.1.1.1)
and (2.1.1.2) can still be used to define F[¢] and F[¢] provided the limits are taken symmetrically;
that is,

—mf ¢( “i%s g

and

g—l

?LITOI (p( ’“ds

In most applications involving Fourier transforms, the functions of time, ¢, or position, x, are denoted
using lower case letters — for example: fand g. The Fourier transforms of these functions are denoted
using the corresponding upper case letters — for example: F = F[ f] and G = %[g]. The transformed
functions can be viewed as functions of angular frequency, . Along these same lines it is standard
practice to view a signal as a pair of functions, f(¢) and F(w), with f(#) being the “time domain repre-
sentation of the signal” and F(w) being the “frequency domain representation of the signal.”
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2.1.2 Alternate Definitions

Pairs of formulas other than formulas (2.1.1.1) and (2.1.1.2) are often used to define %[¢] and F[¢].
Some of the other formula pairs commonly used are:

74

= I ! ds)e ™ ds, 9:'1[ 4}: = I g gs)e ™ ds (2.1.2.1)

and

\i:n I o:o(p(s)ejxsds L (21.22)

=L [ b 54

Equivalent analysis can be performed using the theory arising from any of these pairs; however, the
resulting formulas and equations will depend on which pair is used. For this reason care must be taken
to ensure that, in any particular application, all the Fourier analysis formulas and equations used are
derived from the same defining pair of formulas.

Example 2.1.2.1

Let ¢(¥) = ¢* u(f) and let vy, v, and y; be the Fourier transforms of ¢ as defined, respectively, by
formulas (2.1.1.1), (2.1.2.1), and (2.1.2.2). Then,

4’1(&)) :-[Ze_tu(t)e_ﬁwdt = 1_'_1]0) :

L[Iz(w) =J.w e_tu(t)e_jzmwdt = 1_'_],127_[&),

and

4/3(60) = 4\/§njie_tu(t)e_jtwdt = Vzln% .

2.1.3 The Generalized Transforms

Many functions and generalized functions® arising in applications are not sufficiently integrable to apply
the definitions given in subsection 2.1.1 directly. For such functions it is necessary to employ a generalized
definition of the Fourier transform constructed using the set of “rapidly decreasing test functions” and
a version of Parseval’s equation (see subsection 2.2.14).

A function, ¢, is a “rapidly decreasing test function” if

1. every derivative of ¢ exists and is a continuous function on (—o, o) and
2. for every pair of nonnegative integers, n and p,

9™(s) = O(s?) as |s| > .

The set of all rapidly decreasing test functions is denoted by & and includes the Gaussian functions as
well as all test functions that vanish outside of some finite interval (such as those discussed in the first

“For a detailed discussion of generalized functions, see the first chapter in this handbook.
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chapter of this handbook. If ¢ is a rapidly decreasing test function then it is easily verified that ¢ is
classically transformable and that both F[¢] and F-[¢] are also rapidly decreasing test functions. It can
also be shown that F[Z[#]] = ¢. Moreover, if fand G are classically transformable, then

J’_Z@[f] )i =I_Zf(Y)9"°[¢} K (2.1.3.0)

and

[[5°]d]| de)ax=[ )54 o (2132)

If fis a function or a generalized function for which the right-hand side of equation (2.1.3.1) is well
defined for every rapidly decreasing test function, ¢, then the generalized Fourier transform of f, %[f],
is that generalized function satisfying (2.1.3.1) for every ¢ in &. Likewise, if Gis a function or generalized
function for which the right-hand side of (2.1.3.2) is well defined for every rapidly decreasing test
function, ¢, then the generalized inverse Fourier transform of G, %[G], is that generalized function
satisfying equation (2.1.3.2) for every ¢ in &.

Example 2.1.3.1
Let o be any real number. Then, for every rapidly decreasing test function ¢,

J._mg?[ejay] (p(x)dx ZJ:meja@:[q} ‘ydy
= 27‘[5517_[-119?[(4 yejaydyg

O

2[4

=2nd d
- [ o= o)

where &(x) is the delta function. This shows that, for every ¢ in &,

I}m@>®4@@=ﬁ}wﬂ¢y@

a

and thus,

Flei*"], = 2r8(x - a).

Any (generalized) function whose Fourier transform can be computed via the above generalized
definition is called “transformable.” The set of all such functions is sometimes called the set of “tempered
generalized functions” or the set of “tempered distributions.” This set includes any piecewise continuous
function, £, which is also polynomially bounded, that is, which satisfies

f(s)| = O(s) asls| —> oo
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for some p < oo. Finally, it should also be noted that if fis classically transformable, then it is transformable,
and the generalized definition of F[f] yields exactly the same function as the classical definition.

2.1.4 Further Generalization of the Generalized Transforms

Unfortunately, even with the theory discussed in the previous subsection, it is not possible to define or
discuss the Fourier transform of the real exponential, ¢*. It may be of interest to note, however, that a
further generalization that does permit all exponentially bounded functions to be considered “Fourier
transformable” is currently being developed using a recently discovered alternate set of test functions.
This alternate set, denoted by 4, is the subset of the rapidly decreasing test functions that satisfy the
following two additional properties:

1. Each test function is an analytic test function on the entire complex plane.
2. Each test function, ¢(x + jy), satisfies

#(x + jy) = O(e ™) as x > + ©

for every real value of y and c.

The second additional property of these test functions ensures that all exponentially bounded functions
are covered by this theory. The very same computations given in example 2.1.3.1 can be used to show
that, for any complex value, o + jg,

Fle Pl = 278,.5(®),

where &,.4(¢) is “the delta function at o + jB” This delta function, 6,.,4(¢), is the generalized function
satisfying

J. 5a+]/3 dt—q(aﬂﬁ)

for every test function ¢(z), in 9. In particular, letting o + jB = -
@[ef]\w = 277:5_]-(00)
and
FL5(01l, = e

In addition to allowing delta functions to be defined at complex points, the analyticity of the test
functions allows a generalization of translation. Let a + j8 be any complex number and f(#) any
(exponentially bounded) (generalized) function. The “generalized translation of f{£) by a + j3,” denoted
by T,.;s (1), is that generalized function satisfying

IZTa+jﬁf t)de = J'f (4t+ a+]ﬁ)) (2.1.4.1)

for every test function, ¢(#), in . So long as = 0 or f{¥) is, itself, an analytic function on the entire
complex plane, then the generalized translation is exactly the same as the classical translation.

Touip (1) = ft = (o + jB)).
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It may be observed, however, that equation (2.1.4.1) defines the generalized function T, f even when
f(2) is not defined for nonreal values of z.

2.1.5 Use of the Residue Theorem

Often a Fourier transform or inverse transform can be described as an integral of a function that either
is analytic on the entire complex plane, or else has a few isolated poles in the complex plane. Such integrals
can often be evaluated through intelligent use of the reside theorem from complex analysis (see Appendix
). Two examples illustrating such use of the residue theorem will be given in this subsection. The first
example illustrates its use when the function is analytic throughout the complex plane, while the second
example illustrates its use when the function has poles off the real axis. The use of the residue theorem
to compute transforms when the function has poles on the real axis will be discussed in the next
subsection.

Example 2.1.5.1 Transform of an Analytic Function

Consider computing the Fourier transform of g(f) = e~

Because

it follows that

(2.1.5.1)

Consider, now, the integral of e-=* over the contour C, where, foreach y>0,C,=C ,+ G, + G +
C,, is the contour in Figure 2.1. Because e~? is analytic everywhere on the complex plane, the residue
theorem states that

_.2
O=I e “dz
CV
-2 -Z2 -2 -2
=I e dz+J. e dz+I e dz+I e dz.
Gy Gy Gy Cay

Thus,

—I e_zzdz=J. e_zzdz+J’ e_zzdz+J' e dz. (2.1.5.2)
C3,y Cl,y CZ,y C4’y
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c.a',y y=0/2
(’;.J’ g
iy 4
< — x=7 >
¥ Gy ¥
FIGURE 2.1 Contour for computing F[e*].
Now,
] . ) w2 oy
lim| e “dz=lim| e (v+39) dy
Y- Coy Y- Jy=0
) ., w/2 2
=lime™ e’ IV dy
Y- =0
=0.
Likewise,
. 2
lim e “dz=0,
y - Cqy
while
W W
. 2 . —y+]E ) oo+]E _
lim e “dz=Ilim e fdz=- “dz
Y- Cs y- o y+j9 —oo+jg
Y 2 2
and

00

. 2 ) Y o2 2
lim e “dz=Ilim e xdz=j e *dx.

Y- Cl,y y- o x=-y

The last integral is well known and equals v"‘;. Combining equations (2.1.5.1) and (2.1.5.2) with the

above limits yields
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G(w) =e 2 e dz
w
—oo+]E
—70)2 D 2 D
=e * limm| e %dz
y==gJdc, g
—lwz . D —ZZ _22 —ZZ |:|
=e¢ * lim e dz+I e dz+I e “dz[
=2 Ba, Gy Cay B
_sz —
—e 4 \NTT
So,
2 / ~La2
@[e_t] :G(w):\s‘ e *
w

Example 2.1.5.2 Transform of a Function with a Pole Off the Real Axis

-1
Consider computing the Fourier inverse transform of F(w) = (1+ wz) ,

1 3 ejtw

ol dw. (2.1.5.3)

For t=0,

00

1
==, 2.1.5.4
5 ( )

—00

1 .~ 1 1
0)=— dw =—arctanw
f( ) 271‘|’_o<,1+a)2 2

To evaluate f{¥) when ¢ = O, first observe that the integrand in formula (2.1.5.3), viewed as a function
of the complex variable,

has simple poles at z= = j. The residue at z=j is

Res 0] =tim( - ){2)=1im(z~) T +]_)S:1.e-a

while the residue at z = —j is
Res_j[CD] = Jlrr]j(z +j)CD(z) = —leet :

Foreach y>1,let C, C,,, and C_, be the curves sketched in Figure 2.2. By the residue theorem:

7!
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FIGURE 2.2 Contours for computing F[(1 + « ?)™].

and

2dz+J- 147 dz=2mjRes [CD]

Sdz +I e dz=2rRes_[@] = 12

Combining these calculations with equation (2.1.5.3) yields

and

d
f ZHIml+w

= jtew
l J

—[ne +1lim
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w

—Ilm
21y~ )c 1+z

271 ) 1 + 02

]tz

27TV~°°J’ 1+z

y-o 1+z

(2.1.5.5)

(2.1.5.6)



Now,

T jty(c056+jsin 9)
e 6
= &= —yeld

o l+y2 j20

T jry(cos@+jsin6)

r | € ]

——vye’|do
2 j20

1+y‘e

Jo

T e—tysme

Jo yz—l

ydeo.

Solongast>0and0<6< r,

0<ewsino<],

ejtz
lim ~dz
v-=Jc,, 1+z

Thus, for t> 0,

T —tysin@
<lim
yﬂOO 0 y —

yd9

<lim [ —Y— a6
v-=Jo y?-1

<lim Zny
y - y -1

Combining this last result with equation (2.1.5.5) gives

_1o e 01
flt)]=—me ™" —lim Sdz= e (2.1.5.7)
ZHE v-=)c,, 1+z° H 2

whenever ¢ > 0.
In a similar fashion, it is easy to show that if <0,

jtz
. e
lim ; dz
v-<Jc_,1+z

21 —tysme

<lim de
MJ e

<lim
y-w y —1

which, combined with equation (2.1.5.6), yields

1 |:| ejtz |:| l ,
flt —Ene +I|mJ' dz[F=e (2.1.5.8)
y-ojJc_ 1+z
2mg c,1+z8 g 2

whenever ¢ < 0.

© 2000 by CRC PressLLC



Finally, it should be noted that formulas (2.1.5.4), (2.1.5.7), and (2.1.5.8) can be written more concisely

as

2.1.6 Cauchy Principal Values

The Cauchy principal value (CPV) at x = x, of an integral,J’ #(x) dx, is

CPV I Zq(x)dx = lim %’m fx)dx + J’ i+£¢(x)dx§

provided the limit exists. So long as ¢ is an integrable function, it should be clear that

CPV I o;(p(x)dx = I Z(t(x)dx.

It is when ¢ is not an integrable function that the Cauchy principal value is useful. In particular, the
Fourier transform and Fourier inverse transform of any function with a singularity of the form (x — x;)™*
can be evaluated as the Cauchy principal values at x = x, of the integrals in formulas (2.1.1.1) and (2.1.1.2).

Example 2.1.6.1

Consider evaluating the inverse transform of F(w) = . Because of the o~ singularity, f

given by

f(e) :21nCPV _:wej“‘dw

or, equivalently, by

R

€1 . O
f(t) =1 lim 1e]”dz +I 1e’tdeD
2MTe-0" -z 2 e Z 0

£(0)= - tim Q'_gldw+J'R L jomko.

2MMz-0" J-r e W [

FUH is

(2.1.6.1)

(2.1.6.2)

isat z=0. For each 0 < ¢ < R, let C, and C, be the semicircles indicated in Figure 2.3. By the residue

theorem,
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FIGURE 2.3 Contour for computing [ ~1].

- . R . . .
I 1e”zdz +I 1e’tzalz +I Ee]tzdz +I Ee]tzdz =0.
-RZ e Z C 2 Cp 2

This, combined with equation (2.1.6.1), yields

. L s
fl)= -2 dim [ Lerdz+tim [ Lo (2.16.3)
2IE-0'Jc, z RoeJo z 0

provided the limits exist. Now,

0 . .
lim [ Leidz=tim [ L o0 040
e-0"Jc, z e-0" Eeje

=]I|m 0 e_ft(Sin9+jcose)de
sy (2.1.6.4)

0
=j I e°do
= —]'7'[
Similarly,

J’ 1ejtzdz=].J'ne—Rt(sin6+jcose)da
Cr 0

z

Here, because ¢ > 0, the integrand is uniformly bounded and vanishes as R — o. Thus,

lim EejtZdZZO. (2.1.6.5)

R-oo Cp z

With equations (2.1.6.4) and (2.1.6.5), equation (2.1.6.3) becomes

| o
f(1)= =2 dim [ Lerdz+lim 1e]”d25|= (2.1.6.6)

i
2 E-0t)c, z R-oJc z 2
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By replacing C, and C, with corresponding semicircles in the lower half-plane, the approach used to
evaluate f{¥) when 0 < 7, can be used to evaluate f{#) when ¢ < 0. The computations are virtually identical,
except for a reversal of the orientation of the contour of integration, and yield

flr)= —%, (2.1.6.7)

when ¢ <0.
Finally, it should be noted that formulas (2.1.6.2), (2.1.6.6), and (2.1.6.7) can be written more concisely
as

2.2 General Identities and Relations

Some of the more general identities commonly used in computing and manipulating Fourier transforms
and inverse transforms are described here. Brief (nonrigorous) derivations of some are presented, usually
employing the classical transforms (formulas [2.1.1.1] and [2.1.1.2]). Unless otherwise stated, however,
each identity may be assumed to hold for the generalized transforms as well.

2.2.1 Invertibility

The Fourier transform and the Fourier inverse transform, & and %1, are operational inverses, that is,

v =%F[¢] & F vl =¢.
Equivalently,
FAF = f and F[F[F]] = E

Example 2.2.1.1
Because F[e* u(1)]|, = (1 + jw)™ (see Example 2.1.1.1),

F! %%’ = e_tu(t).

2.2.2  Near-Equivalence (Symmetry of the Transforms)

Computationally, the classical formulas for %[q&(s)]\x and F1[¢(s)]|, (formulas [2.1.1.1] and [2.1.1.2] are
virtually the same, differing only by the sign in the exponential and the factor of (27)-! in [2.1.1.2]).
Observing that

Ao s =2 o € sl g 2 oL dls)e ) g
J'_oo(ds)e ds—ZH%J:wq(s)e dngn%I_w(p(s)e dsg

leads to the “near equivalence” identity,
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FLo)], = 27 FUP()] . = 22 F [P (-9)] .. (2.2.2.1)

Likewise,

(2.2.2.2)

gl

7] = o]

X

X -X

Example 2.2.2.1
Using near-equivalence and results of example 2.1.1.1,

]

2.2.3 Conjugation of Transforms

_,0 1 01
x E?n—jngzl—jx'

F

= Zﬁ_l[e_su(s)]

X

Using z* to denote the complex conjugate of any complex quantity, z, it can be observed that

E[Zf(t)e_jmdtg =Jif* (t)ej“”dt.
Thus,

FLA* = 22 F[F]. (2.2.3.1)

Likewise,
74| :;T@[f*] | (2.2.3.2)

2.2.4 Linearity

If « and S are any two scalar constants, then it follows from the linearity of the integral that
Flaf+ pgl = aF[f] + pF[g]
and
FaF+ BG] = aF[F] + BFG].

Example 2.2.4.1
Using linearity and the transforms computed in Examples 2.1.1.1 and 2.2.2.1,
%%’MD :%[e‘tu(t)wfu(—t)] ‘ = 1. + 1. =2
8 o lt+jw 1-jw 1+w?

w

and

_ 11 2wj
o l+jw 1-jo 1+w®

F %gn(t)e_‘t‘%

=9~7[e—tu(t)—etu(—t)]

w
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2.2.5 Scaling

If a is any nonzero real number, then, using the substitution = = at,

I_ o;f(at)e'j“"dt - i I O:of(r)e_jr‘z)dr .

»» this can be rewritten as

Letting F(w) = F[AD]

@[f(at)] ) :;Fé'g% (2.2.5.1)
Likewise,
%—1[p(aw)] tzif%ﬁ (2.2.5.2)

Example 2.2.5.1
Using identity (2.2.5.1) and the results from example 2.2.4.1:

530 2 _ 2

_1 _
w_‘a‘m T a?+w?

" Hall

2.2.6 Translation and Multiplication by Exponentials

If F(w) = F[A(H)]|, and « is any real number, then

FIfr - )], = e F(w), (2.2.6.1)

Fle (], = Flo - a), (2.2.6.2)

FLUF(o - )], = &+ f(1), (2.2.6.3)
and

F-1[e Ko )]|, = f(t + a). (2.2.6.4)

These formulas are easily derived from the classical definitions. Identity (2.2.6.2), for example, comes
directly from the observation that

Jie jat ¢ (t)e‘f””dt =Ji f (t)e_j (@)t gy

In general, identities (2.2.6.1) through (2.2.6.4) are not valid when ¢ is not a real number. An exception
to this occurs when fis an analytic function on the entire complex plane. Then identities (2.2.6.1) and
(2.2.6.4) do hold for all complex values of «. Likewise, identities (2.2.6.2) and (2.2.6.3) may be used
whenever « is complex provided F is an analytic function on the entire complex plane.
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Example 2.2.6.1

Let g(f) = e It can be shown that g() is analytic on the entire complex plane and that its Fourier
transform is

G(w) = nexpg— sz

(see example 2.1.5.1 or example 2.2.11.2). If B is any real value, then

T %—t2+2ﬂt5

) — %j(—ﬂﬁ)re-tg

()

—\nexpD— ( (72 @)
= e expr T 7 +j B
04 0

2.2.7 Complex Translation and Multiplication by Real Exponentials

Using the “generalized” notion of translation discussed in subsection 2.1.4, it can be shown that for any
complex value, o + jB,

F[Tonjp (D], = e=iP)e F(a),
FLeiiP f(D)]l, = Toujp F(o),
F U Torjp F(@)]], = eiP" (1),
and
FALel D0 F(0), = T (g -
Letting a = 0 and S = —, these identities become
@[T—jyf(t)]‘w =7 F((D),
Flet f(0]l, = T, Fw),
T, F(o)]|, = e (1),
and
Fie F(@)]|, = T;, 1),
Caution must be exercised in the use of these formulas. It is true that T, f(f) = f(r - (o + jB))
whenever 8 = 0 or f(z) is analytic on the entire complex plane. However, if f(z) is not analytic and 8 #

0, then it is quite possible that T,.,,; f(#) # f(t - (o + jB)), even if f(t— (o + jB)) is well defined. In these
cases T,.;; f(#) should be treated formally.
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Example 2.2.7.1
By the above

@[etu(t)]

= %[e”e"u(t)]

@

0
=T..
w 14']0)%

Note, however, that

_ 1 1
0 1-jw 1+j(w—(—2j))'

@[—etu(—t)]

Because e’ u(r) and —e* u(—f) certainly are not equal, it follows that their transforms are not equal,

r,010 1
i +jon 1+j(w—(—2j))'

2.2.8 Modulation

The “modulation formulas,”

@[cos(wot)f(t)] ‘w =;[F(w— cq))+ F( wt og)] (2.2.8.1)
and
%[sin(wot)f(t)] ‘w =21j[F(w— %)—F( wt og)] (2.2.8.2)
are easily derived from identity (2.2.6.2) using the well-known formulas
cos(wot) = %[eijt +e‘j°’°t]

and

Example 2.2.81
For a > 0, the function

oo
0S tB if —a<t<a
, otherwise

can be written as
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1(1)=cosgt 07 1)

Thus, using identity (2.2.8.1) and the results of example 2.1.1.2,

5 Za

darm

T -4k

COS(G&)) .

2.2.9 Products and Convolution

=R

If F=%[f] and G = %[g], then the corresponding transforms of the products, fgand FG, can be computed

using the identities

Eﬂ@:;fu;
and

FAFG] = f* g,

(2.2.9.1)

(2.2.9.2)

provided the convolutions, F * G and f * g, exist. Conversely, as long as the convolutions exist,

FIf = ¢l = FG
and

FIUF = G] = 2x fg.

Identity (2.2.9.1) can be derived as follows:

Jif(t)g _J“’tdt J:mgj- ]S’dSEg ) gy

2nI I =) 4 4
= leTjiF(s)G(w —s)ds

The other identities can be derived in a similar fashion.
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Example 2.2.9.1
From direct computation, if g > 0, then

F ‘1[e"3“’u(w)

= 1Ime(jt_ﬂ)wdw 1 gli
211 Jo

t 21 ﬁ—jl’.
And so,
0 0
F 1, 0 =27Te'B“’u(w).
B-ijto,,
Applying identity (2.2.9.1),
] 1 O 01 1 0O

o, Ben o,
=2];_[[27Te_2wu(a))] E[Z E_Swu( cﬂ
= 27TJ-_oo e Su(s)e_s(w_s)u( w— s)ds

if w<0

= EQT[ 2w _ _Sw

a?e e ], |f0<w

Example 2.2.9.2
By straightforward computations it is easily verified that for « > 0,

%[pa/z(t)] ‘w =§)sin§%w§
and
Para(t) * por(t) = A (1),

where p,,(?) is the pulse function,

and A () is the triangle function,
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Using identity (2.2.9.3)

@[/\a(f)] ‘w :i@[pﬂ(t) Dp"’/z(t)] ‘w

_102 . [Co

a E{;smgw%&smgw%

2.2.10 Correlation

The cross-correlation of two functions, f{¢) and g(#), is another function, denoted by f(#) * g(#), given by

J’ f* t+s (2.2.10.1)

where f*(s) denotes the complex conjugate of f{s). The notation p(#) is often used instead of f(#) * g().
The Wiener-Khintchine theorem states that, provided the correlations exist,

FIA1) * g(D],, = F*(0)G(w) (2.2.10.2)

and

7| (1)l

where F = F[f] and G = Z[g]. Derivations of these formulas are similar to the analogous identities
involving convolution.

For a given function, f(¢), the corresponding autocorrelation function is simply the cross-correlation
of f(¥) with itself,

zzlnp(w)* o), (2.2.10.3)

()

I £*(s)f(+5)d (2.2.10.4)

Often autocorrelation is denoted by p((#) instead of f(¢) * f(#). For autocorrelation, formulas (2.2.10.2)
and (2.2.10.3) simplify to

FI) * fD]l, = [Fo)) (2.2.10.5)

and

* p( ) (2.2.10.6)

) g
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2.2.11 Differentiation and Multiplication by Polynomials

If f(¥) is differentiable for all + and vanishes as t — *oo, then the Fourier transform of the derivative of
the function can be related to the transform of the undifferentiated function through the use of integration
by parts,

00

J'_mf'(t)e‘j“tdtz f(t)e‘f‘*”

=jw.f;f(t)e_jmdt :

iom+ij'_oo f(t)e‘f“”dt

In more concise form this can be written
FIF (D], = joF(o), (2.2.11.1)
where F = ZF[f]. By near equivalence, if G(w) is differentiable for all @ and vanishes as @ — oo, then
FAG ()], = -jtg(2), (2.2.11.2)
where ¢ = F1[G]. Similar derivations yield
FLAD]., = iF (o) (2.2.11.3)
and
F 1o G(0)], = -jg (), (2.2.11.4)

provided ¢ f(¥) and @ G(w) are suitably integrable.

Example 2.2.11.1
Using identity (2.2.11.1),

1l 0
a0 1 O
o J O -
F =% EHF.
Hl—]t)zé 5t _Jt%
w
0 O
= jwF . 0
= jw?2 re""u( a)
Example 2.2.11.2
Let o> 0 and g(£) = e*% It is easily verified that
g _ _
= 21g(t). (2.2.11.5)

Taking the Fourier transform of each side and using identities (2.2.11.1) and (2.2.11.3) yields
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ij(a)) =-2 q‘ZCGO.

The solution to this first-order differential equation is easily computed. It is
01 ,0
Glw)= Aexpr—w
()= 1203 45 '
The value of the constant of integration, A, can be determined” by noting that

00

A= G(o) = J’ e dr.

‘ V2
The value of this last integral is well known to be (\ i a) . Thus,

_m 01 ,0
G(a))— \f; expg—aw E

It should be noted that if f and F’ are assumed to be the classical derivatives of fand F that is

f'(t)= lim f(t+At)—f(t)

A0 At

and

=g,

then application of the above identities is limited by requirements that the functions involved be suitably
smooth and that they vanish at infinity. These limitations can be eliminated, however, by interpreting f'
and F’ in a more generalized sense. In this more generalized interpretation, f' and F’ are defined to be
the (generalized) functions satisfying the “generalized” integration by parts formulas,

[ = ol

and

[ Flod oo H{ a4 o

*A method for determining A using Bessel’s equality is described in Subsection 2.2.15.
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for every test function, ¢ ( with ¢’ denoting the classical derivative of ¢). As long as the function being
differentiated is piecewise smooth and continuous, then there is no difference between the classical and
the generalized derivative. If, however, the function, f{x), has jump discontinuities at x = x;, x,, ..., x\, then

f;J'eneraIized = fcllassical + Z ]kdxk !
where J, denotes the “jump” in fat x = x;,
I, =AIXIET2)+ (xk +Ax)—f(xk —Ax).

It is not difficult to show that the product rule, (fg)' = f'g + fg', holds for the generalized derivative as
well as the classical derivative.

Example 2.2.11.3

Consider the step function, u(f). The classical derivative of u is clearly 0, because the graph of u consists
of two horizontal half-lines (with slope zero). Using the generalized integration by parts formula, however,

[ ROCOGE ROLOE
= o)
=4{0)

= [ ole)elr)er

showing that 6(%) is the generalized derivative of u(%).

Example 2.2.11.4
Using the generalized derivative and identity (2.2.11.3),

o: 0 .44p01 080
Fo—0O =i -Fg -0 0
-jtg, “dwg @it

i o)

LHe™®

=zm%u(w)+e—wul(w)§

onf-ui{ )+ 4]

The extension of formulas (2.2.11.1) through (2.2.11.4) to the corresponding identities involving
higher-order derivatives is straightforward. If » is any positive integer, then

FLFOM], = (o) Fo), (2.2.11.6)
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FAFN )], = (=j1)" f(1), (2.2.11.7)
FLefD]ll, = j* F)(), (2.211.8)

and

Fo"F(@)]|, = ()" f). (2.211.9)

Again, these identities hold for all transformable functions as long as the derivatives are interpreted in
the generalized sense.

2.2.12 Moments

For any suitably integrable function, f{¢), and nonnegative integer, n, the “sth moment of £’ is the quantity

mn(f) =.[it"f(t)dt

Because

J’ o f(t)ar =%[ "11)
it is clear from identity (2.2.11.8) that
m,(f) = j"F"(0).

2.2.13 Integration

If F(w) and G(w) are the Fourier transforms of f{#) and g(¢), and g(¥) = ¢ f(¥), then tg(¥) = f(¥) and, by
identity (2.2.11.3), jG'(w) = F(w). Integrating this gives

@)~ G{a) = ~if, H{s)s

where a can be any real number. This can be written

D
E ——]J' ds+c (2.2.13.1)

where ¢, = G(a). For certain general types of functions and choices of a, the value of ¢, is easily
determined. For example, if f(¢) is also absolutely integrable, then

é@é = _]I (2.213.2)

()
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while if f{¥) is an even function

I:I
I:I

.
5! H, I

provided the integrals are well defined.

(2.2.13.3)

It can also be shown that as long as the limit of o~ F(w) exists as w — 0, then for each real value of

a there is a constant, ¢,, such that

a

== ng)) +c 5(w).

! 0
F g f(s)ds%

If f{¥) is an even function, then

:_jF(w),

w

F Q’ f(s)dsg

g

while if f{¥) andJ’ f(s) ds are absolutely integrable, then

@

F Q’ f(s)ds%

—o0 D

Example 2.2.13.1
Let a and S be positive,

f(f) = o _ e—ﬁlfl,

and

A
4 ; :
Both functions are easily verified to be transformable with

Fw)=7 PO 2a___ 2P

B

Because f(¥) is even, formula (2.2.13.3) applies, and
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= ~if, H{ss

_ .U 2a 2B O
- JL Euz+52 ‘32 +52 Eds

(2.2.13.7)

= —2j%rctan%§— arctan%%
s

Example 2.2.13.2
Applying the same analysis done in the previous example but using

() =1 - P

leads, formally, to

_ A
e

o~ 3 oD oy 28 O
g Ew_ [, ) e

=2 njj;w ci(s)ds + 2jarctan%§.

Unfortunately, this is of little value because

Ols)ds
[ el
is not well defined if o = 0. However, because

ald _

lime ""=1,
a-0*
and
U .
) Eb)D_ @5, ifO0<w
I|m+arctan E&E_ 0
a0 07T ifw<o
B 2
T
—Esgn(w),
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it can be argued, using equation (2.2.13.7), that

o 0 BN Ceo
= le;+—2]%arctangag— arctan%% (2.2.13.8)
= —jnsgn( w) + 2jarctan%§.

2.2.14 Parseval’s Equality

Parseval’s equality is

00

I (1) 2n " Hw)or (w)dw (2.2.14.1)

and is valid whenever the integrals make sense. Closely related to Parseval’s equality are the two “funda-
mental identities,”

xdszi@[f] ‘yh(y)dy (2.2.14.2)

[l

and

H(x)dx (2.2.14.3)

I_if ()] | dy= J’_Zg-l

Derivations of these identities are straightforward. Identity (2.2.14.2), for example, follows immediately
from

[ e g [ [ ) s

oo[loo

= [ ey

Parseval’s equality can then, in turn, be derived from identity (2.2.14.2) and the observation that

()-fr

y-1 [ o0 ao= 5[]
t 27T )-w 21T t
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2.2.15 Bessel’s Equality

Bessel’s equality,

t) dt=—
J’_w f( )‘ 21 _[oo
is obtained directly from Parseval’s equality by letting g = f.

Example 2.2.15.1
Let o > 0 and f(¥) = p,(9), where p () is the pulse function. It is easily verified that

F(w)‘zdw, (2.2.15.1)

a

F(w) :@[pa(t)] ‘w :J' e M dt :j)sin(aw).

-a

So, using Bessel’s equality,

o 2
I_msmc(rz)w) do=2nf | pa(?) dt
_2m £
_W -adt
_
_a

Example 2.2.15.2

Let o > 0. In Example 2.2.11.2 it was shown that the Fourier transform of g(f) = e*? is G(w) =

Aexp o ia)z D. The positive constant A can be determined by noting that, by Bessel’s equality,
4" H

2

0 2 00
R
oo 21T )

Letting @ = 2ar this becomes, after a little simplification,

e dr == A% [ 2 dr.
—00 7T —00

Dividing out the integrals and solving for A yields

—Gtz

e dw.

Aex - wZD
pErAfa E

where the positive square root is taken because

00

A= G(o) = I e dt >0.
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2.2.16 The Bandwidth Theorem

If f{¥) is a function whose value may be considered as “negligible” outside of some interval, (¢, t,), then
the length of that interval, At = ¢, — 1, is the effective duration of f(#). Likewise, if F(w) is the Fourier
transform of f{(r), and F(w) can be considered as “negligible” outside of some interval, (o,, ®,), then Ao
= w, — o, is the effective bandwidth of f{#).

The essence of the bandwidth theorem is that there is a universal positive constant, y, such that the
effective duration, At, and effective bandwidth, Aw, of any function (with finite At or finite Aw) satisfies

AtAw 2 y.

Thus, it is not possible to find a function whose effective bandwidth and effective duration are both
arbitrarily small.

There are, in fact, several versions of the bandwidth theorem, each applicable to a particular class of
functions. The two most important versions involve absolutely integrable functions and finite energy
functions. They are described in greater detail in Subsections 2.3.3 and 2.3.5, respectively. Also in these
subsections are appropriate precise definitions of effective duration and effective bandwidth.

Because it is the basis of the Heisenberg uncertainty principle of quantum mechanics, the bandwidth
theorem is often, itself, referred to as the uncertainty principle of Fourier analysis.

2.3 Transforms of Specific Classes of Functions

In many applications one encounters specific classes of functions in which either the functions or their
transforms satisfy certain particular properties. Several such classes of functions are discussed below.

2.3.1 Real/Imaginary Valued Even/Odd Functions

Let F(w) be the Fourier transform of f{#). Then, assuming f{(¢) is integrable,

o)

I_:f(t)e‘f“”dt
[ (eos(er) - sin{ ] (23.1.1)

[ oo (en{slr

If f() is an even function, then

00

J:mf(t)sin(wt)dt =0

and equation (2.3.1.1) becomes

F(a)) = I_ i f (t)cos(w:)dt = ZJ: f (t)cos( O.I)dt,

which is clearly an even function of ® and is real valued whenever f'is real valued. Likewise, if f{¥) is an
odd function, then
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00

J._mf (t)cos(wt)dt =0,

and equation (3.1.1) reduces to

F(w) = —jjif(t)sin(ar)dt = _sz::o f(t)sin(wt)dt,

which is clearly an odd function of o and is imaginary valued as long as fis real valued.
These and related relations are summarized in Table 2.1.

TABLE 2.1 (F = %[f])

f(t) is even & F(w) is even
f(#) is real and even & F(w) is real and even
f(¢) is imaginary and even & F (w) is imaginary and even
f()isodd & F(w) is odd
f(¢t) is real and odd & F (w) is imaginary and odd
f(¢) is imaginary and odd & F (w) is real and odd

On occasion it is convenient to decompose a function, f{¢), into its even and odd components, f()

and f,(1),
) = f.(1) + f(D),

where

)= ) (-] ana afe)= )= o(-1)

If f{¥) is a real-valued function with Fourier transform
Flo) = R(w) + jl(v),

where R(w) and I(w) denote, respectively, the real and imaginary parts of F(w), then, by the above
discussion it follows that

F(o) = R(w) = F[f(D],, , (2.3.1.2)
E(0) = jI(0) = FIf(N], . (2.3.1.3)
fg(t):g?‘l[Fe(w)] :jTJ'mR(w)cos(wt)dw, (2.3.1.4)

and

= ——J'O I(w)sin(wt)dw. (2.3.1.5)
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Rewriting F(w) in terms of its amplitude, A(w) = , and phase, ¢(w),

F(o) = A(w)e?),
it is easily seen that
R(w) cos(wt) — I(w) sin(wi) = A(w)[cosd(w) cos(wr) - sing(w) sin(wi)]
= A(w) cos(owr + ¢(w)).

Thus, by equations (2.3.1.4) and (2.3.1.5), if f{¥) is real, then

f(t) = fe(t)+f0(t) =7lTJ:A(w)cos(ax+ (,( o.))d w (2.3.16)

2.3.2  Absolutely Integrable Functions

If f{¥) is absolutely integrable (i.e.,I \f(t)\ dt < o) then the integral defining F(w),

Flw)= %[ f(t)] L = I Zf(t)e_jw’dt

is well defined and well behaved. As a consequence, F(w) is well defined for every w and is a reasonably
well behaved function on (-, ). One immediate observation is that for such functions,

:Ji f (t)dt

It is also worth noting that for any o,

= L[w fle)e

1. F(w) is a continuous function of w and for each —o < @, < oo,

00

dt:J'

<

f(t)‘dt.

[t

The following can also be shown:

I|m F J’ f e I dt
2. (The Riemann-Lebesgue lemma)

lim Fcw) =0.

W — *0o

As shown in the next example, care must be exercised not to assume these facts when f{¥) is not absolutely
integrable.
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Example 2.3.2.1

Consider the transform, F(w) of f{#) = sinc(¢) = ¢~ sin(#). The function f{¥) is not absolutely integrable.
Because

%‘1[npl(t)] ‘w =21nl[inp1(t)e"°”dt =sinc(w)
it follows that
F(w) = F[sinc(0]|, = 7 p(o).

Clearly

lim F(w)zo and Iim_F(w)z T

w-1" w1

while, using the residue theorem, it is easily shown that

F(l) = @[sinc(t)]

=J'_o;sinc(t)ejtdt = g

w=1

Thus, F(w) is not continuous.

Analogous results hold when taking inverse transforms of absolutely integrable functions. If F(w) is
absolutely integrable and f= %[F], then

f (0) = zlnjiF(w)d @,

and, for all real t,

)= 5]

Furthermore,

1'. f(¥) is a continuous function of + and for each —o < #, < oo,

lim f(t) = 2177 :F(w)ej“”odw.

[

2'. (The Riemann-Lebesgue lemma)

lim f(t)=o0.
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2.3.3 The Bandwidth Theorem for Absolutely Integrable Functions

Assume that both f{¥) and its Fourier transform, F(w), are absolutely integrable. Let ¢ and w be any two
fixed values for tand w such that f{ ¢ ) = 0 and F( w ) # 0. The corresponding effective duration, At, and
the corresponding effective bandwidth, Aw , are the satisfying

I

fle)ee=| (e}

00

.

The bandwidth theorem for absolutely integrable functions states that

F(w)‘dwz ‘F(H))‘A w

At Aw > 27
Moreover, using t = w = 0,
AtAw =2n

whenever f(¥) and F(w) are both real nonnegative functions (or real nonpositive functions) and neither
f(0) nor F(0) vanishes.

The choice of the values for t and w depends on the use to be made of the bandwidth theorem. One
standard choice for  and @ is as the centroids of [{#)| and |F(w)

00

t:-L(t)dt and wzm.

I f(t)\dt I F(w)\dw
Alternatively, to minimize the values used for the effective duration and effective bandwidth, ¢ and w can
be chosen to maximize the values of |f{ ¢ )| and |[F( @ ). Clearly, choosing t = 0 and & = 0 is especially
appropriate if both f{¢) and F(w) are real valued, even functions with maximums at the origin.

The above version of the bandwidth theorem is very easily derived. Because f(¥) and F(w) are both
absolutely integrable,

A=l

o)<

and

F(w)‘d w= 2171 ‘F(E)‘Am

1)< 5.

Thus,

o) 2ni(r) _

() " Jrla) ="

At Aw =
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Clearly, if both f(¢) and F(w) are real and nonnegative and neither f{0) or F(0) vanish, then the above
inequalities can be replaced with

Fo)= J‘ o:of(t)dt= f(o)ar,

f(0)= 2171 I ZF(w)dwz Ho)aw

and
_H0) 2nr(o) _
At Aw= f(O) X F(O) =2m
Example 2.3.3.1
Let o > 0 and f(r) = e The transform of f{) is
Flw)= azszz .

Observe that both f{¥) and F() are even functions with maximums at the origin. It is therefore appro-
priate to use ¢t = 0 and w = 0 to compute the effective duration and effective bandwidth,

f(t)‘dt =J:e_atdt = ZJ:e_mdt :5

At = f(lo).[:

and

The products of these measures of effective bandwidth and duration are

At Aw= Sﬁfaan) =2n

as predicted by the bandwidth theorem.

2.3.4 Square Integrable (“Finite Energy”) Functions

A function, f(¢), is square integrable if

00

.

For many applicatons, it is natural to define the energy, E, in a function (or signal), f{¥), by

f(t)‘zdt< 00,
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f(t)‘zdt.

e=iff]=[_

For this reason, square integrable functions are also called finite energy functions. By Bessel’s equality,

o= () =

where F(w) is the Fourier transform of f{#). This shows that a function is square integrable if and only
if its transform is also square integrable. It also indicates why |F(w)|? is often referred to as either the
“energy spectrum” or the “energy spectral density” of f(%).

Hw) dea (2.3.4.1)

2.3.5 The Bandwidth Theorem for Finite Energy Functions

Assume that f{(¢) and its Fourier transform, F(w), are finite energy functions, and let the effective duration,
At, and the effective bandwidth, Aw, be given by the “standard deviations,”

00

oy LA
J':) f(t)‘zdt

and

where t and w are the mean values of tand o,

- l:tf(t)zdt N l:wF(w)zdw.
[ L) [ o) ae

Using the energy of f(¥),

F(w)‘zd w,

E =Ji f(t)‘zdt :2171‘[0:0

the effective duration and effective bandwidth can be written more concisely as

o= (=)

and

© 2000 by CRC PressLLC



po=, [ (o-af (o dw

The bandwidth theorem for finite energy functions states that, if the above quantities are well defined
(and finite) and

A 2
fim d(e)} =0,
then
At Aw = l.
2
Moreover, when ¢ = 0 and w = 0, then
At Aw = l
2
if and only if f{¥) is a Gaussian,
ft) = Aee??,

for some o > 0.

The reader should be aware that the effective duration and effective bandwidth defined in this sub-
section are not the same as the effective duration and effective bandwidth previously defined in Subsection
2.3.3. Nor do these definitions necessarily agree with the definitions given for the analogous gquantities
defined later in the subsections on reconstructing sampled functions.

Example 2.3.5.1
Let @ > 0 and f(¥) = e The transform of f{¢) is

Flw)= azszz .

Because #{f) and oF(w) are both odd functions, it is clear that + = 0 and w = 0. The energy is

E= J’
Using integration by parts, the corresponding effective duration and effective bandwidth are easily
computed,

-al
e

2 00 1
dt = 2J' e dt ==
0 a

o= (- )

= \/ZaI t2e 72" dt
0
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and

/ . _\2 2
Aw:\zifj'_w(w—w) ‘F( a)‘ dw

0 2a f

/a z
:\3“51_[00&) Vzwzgdw

_lad 2w
S
\ ~ la*tw

=a.

(By comparison, treating f(¢) and F(w) as absolutely integrable functions [Example 2.3.3.1] led to an
effective duration of 2! and an effective bandwidth of ar.)
The products of these measures of bandwidth and duration computed here are

/
Atszﬁa :\/72 >1,
2a 2 2

as predicted by the bandwidth theorem for finite energy functions.

2.3.6 Functions with Finite Duration

A function, f{(¥), has finite duration (with duration 27T) if there isa 0 < T < oo such that

f(t) =0 whenever T < t].

The transform, F(w), of such a function is given by a proper integral over a finite interval,

Ho)=[ () ar (23.6.1)

Any piecewise continuous function with finite duration is automatically absolutely integrable and auto-
matically has finite energy, and, so, the discussions in the previous subsections apply to such functions.
In addition, if f{¥) is a piecewise continuous function of finite duration (with duration 2T), then, for
every nonnegative integer, n, 'f(¢) is also a piecewise continuous finite duration function with duration
2T, and using identity (2.2.11.8),

T

of e

Ao = i)' (o)

From the discussion in Subsection 2.3.2, it is apparent that the transform of a piecewise continuous
function with finite duration must be classically differentiable up to any order, and that every derivative
is continuous.

It should be noted that the integral defining F(w) in formula (2.3.6.1) is, in fact, well defined for every
complex @ = x + jy. It is not difficult to show that the real and imaginary parts of F(x + jy) satisfy the

w
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Cauchy-Riemann equations of complex analysis (see Appendix 1). Thus, F(w) is an analytic function on
both the real line and the complex plane. As a consequence, it follows that the transform of a finite
duration function cannot vanish (or be any constant value) over any nontrivial subinterval of the real
line. In particular, no function of finite duration can also be band limited (see Subsection 2.3.7).

Another important feature of finite duration functions is that their transforms can be reconstructed
using a discrete sampling of the transforms. This is discussed more fully in Section 2.5.

2.3.7 Band-Limited Functions

Let f(#) be a functon with Fourier transform F(w). The function, f{(¥), is said to be band limited if there
isa 0 < Q< o, such that

F(w) =0 whenever Q < |o.

The quantity 202 is called the bandwidth of f{(¥).
By the near equivalence of the Fourier and inverse Fourier transforms, it should be clear that f{¥)
satisfies properties analogous to those satisfied by the transforms of finite duration functions. In particular

1(2) =217TJ:g;F(w)ej“”dw, (2.3.7.1)

and, for any nonnegative integer, n, f*)() is a well-defined continuous function given by

10)= o o) oo

Letting r = x + jy in equaton (2.3.7.1), it is easily verified that f{x + jy) is a well-defined analytic
function on both the real line and on the entire complex plane. From this it follows that if f{#) is band
limited, then f(¥) cannot vanish (or be any constant value) over any nontrivial subinterval of the real
line. Thus, no band-limited function can also be of finite duration. This fact must be considered in many
practical applicatons where it would be desirable (but, as just noted, impossible) to assume that the
functions of interest are both band-limited and of finite duration.

Another most important feature of band-limited functions is that they can be reconstructed using a
discrete sampling of their values. This is discussed more thoroughly in Section 2.5.

2.3.8 Finite Power Functions

For a given function, f{#), the average autocorrelation function, p, (¢), is defined by

p,(1) :mle _Tf*(s)f(t+s)ds, (2.3.8.1)
or, equivalently, by
p,(1) :yﬂ%fT(t)*fT(t) (2.3.8.2)

where the * denotes correlation (see Subsection 2.2.10), and f(#) is the truncation of f{£) at t = =T,
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fT(t)=f(t)pT(t)=§l§(t)’ " -Ts<t<T (2.3.8.3)

, otherwise

If p, (?) is a well-defined function (or generalized function), then f{#) is called a finite power function.
The power spectrum or power spectral density, P(w), of a finite power function, f(¢) is defined to be
the Fourier transform of its average autocorrelation,

P(w) = @[pf(t)] ‘w = I ipf(t)e_jwtdt. (2.3.8.4)

Using formula (2.3.8.2) for p_ () and recalling the Wiener-Khintchine theorem (Subsection 2.2.10).

Sl k(o)

oo, (0], =tim o () 1)

where F,(®) is the Fourier transform of f(),

(@)= [ (e an= [ s(o)e

Thus, an alternate formula for the power spectrum is

P(w)=IT|m21T f(t)e e (2.3.8.5)
- -T
The average power in f{¥) is defined to be

5,00) ﬂ#f‘l% _TTf(s)zds. (2.3.8.6)

»» this is equivalent to

Because P(w) = F[ p, (1]

A number of properties of the average autocorrelation should be noted. They are
1. p,(?) is invariant under a shift in (1), that is, if g(1) = f{(t - 1), then p (1) = p, (2).
2. p,(Hand|p, ()| each has a maximum value at ¢ = 0.

3. ( ﬁf(t))* =p, (-9). Thus, as is often the case, if f{¢) is a real-valued function, then P, (¥) is an
even real-valued function.

As a consequence of the second property above, any function, f{(¢), satisfying

is a finite power function.
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The three properties listed above are easily derived. For the first,

-Ilm—J’ f* s—t t0+t)ds

T-w2

=I|mi 0f*(a)f(a+t)d
T-0 2T J-1-,

-'T'E'lﬁf *{o)slowi)
[ el

wtim [ 5*(o)slo+ o

The first limit in the last line above equals P, () while the other limits, involving integrals over intervals

of fixed bounded length, must vanish.
From an application of the Schwarz inequality,

[ bt

it follows, after taking the limit, that

7r(5) as I_TT fls+e)as,

T
<
-T

Hence, at £ =0, | p, () has a maximum (as does p, (¥), because p, (0) =| p, (0))).
Finally, using the substitution o = s + ¢,

*

(ps(r )*_E!r'mz If* HSdSH

If f{¥) is a finite energy function, then, trivially, it is also a finite power function (with zero average
power). Nontrivial examples of finite power functions include periodic functions, nearly periodic func-
tions, constants, and step functions. Finite energy functions also play a significant role in signal-processing
problems dealing with noise.
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Example 2.3.8.1
Consider the step function,

For0 <y,

T
T
:Iimi ds
T-0 2T 0
-1
2

Because the step function is a real function, its average autocorrelation function must be an even function.
Thus, for all ¢,

showing that the step function is a finite power function. Its average power p (0), is equal to 1/2, and
its power spectrum is

p(w):@%gw:m‘(o).

Example 2.3.8.2
Consider now the function

[0, ift<0
()=0; .
sing,  if0<t
For 0 <t

T

ﬁf(t) ~fim L[ f(s)f(s+t)ds

e 2T )y

=lim 21T :)T sin(s)sin(s + ¢)ds

-t 2 sl e

:m;Tgcos(r)fjsw(s)dwsm(r);jsm(s>cos(s)ds§
.

'mzﬁ% i (T)E

:icos(t).

© 2000 by CRC PressLLC



Because p, (1) is even,
for all t. The average power is

and the power spectrum is

p(w):gzél‘gcos(t)g

= g[é(w—l) + w+1)] .

[

2.3.9 Periodic Functions
Let 0 < p < 0. A function, f{%), is periodic (with period p) if

f(t + p) = f(1)

for every real value of ¢ The Fourier series, FS[f], for such a function is given by

00

FS[f” = Zc”ef"“", (2.3.9.1)
t
where
szz—n
p
and, for each n,
1 .
c == t)e B dt. 2.3.9.2
! p periodf() ( )

(Because of the periodicity of the integrand, the integral in formula (2.3.9.2) can be evaluated over any
interval of length p.)

As long as f(¥) is at least piecewise smooth, its Fourier series will converge, and at every value of ¢ at
which f{(¥) is continuous,

n=—oo

At points where f{(#) has a “jump” discontinuity, the Fourier series converges to the midpoint of the jump.
In any immediate neighborhood of a jump discontinuity any finite partial sum of the Fourier series,
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N

incor
E c e,
n=-

will oscillate wildly and will, at points, significantly over- and undershoot the actual value of f{¥) (“Ring-
ing” or Gibbs phenomena).

Because periodic functions are not at all integrable over the entire real line, the standard integral
formula, formula (2.1.1.1), cannot be used to find the Fourier transform of f{#). Using the generalized
theory, however, it can be shown that as generalized functions,

flr)= Zc oI (2.3.9.3)

and that the Fourier transform of f{¥) is given by

F(a)):OJPDoo c ej"A“”S

w

Zc @[em”]

n=—oo

icnzna(w—nAa).

n=—co

w

It should be noted that F(w) is a regular array of delta functions with spacing inversely proportional to
the period of f{¥) (see Subsection 2.3.10).

If f(#) is periodic (with period p), then f{(¥) is a finite power function (but is not, unless f{#) is the zero
function, a finite energy function). The average autocorrelation, p, (), will also be periodic and have
period p. Formula (2.3.8.1) reduces to

p,(1) =; I (5)£(s+¢)ds. (2.3.9.4)

Because p () is periodic, it can also be expanded as a Fourier series,

p,(1)= ianef"“”, (2.3.9.5)

and the power spectrum is the regular array of delta functions,

00

P(co): ZaHZm‘( w-nlA a)

n=—oo

A useful relation between the Fourier coefficients of P, (9,
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o =2 p,(t)e e ar, (2.3.9.6)
P Jperiod
and the Fourier coefficients of f{#),
c =1 fle)e e ar, (2.3.9.7)
P Jperiod

is easily derived. Inserting formula (2.3.9.4) for p  (?) into formula (2.3.9.6), rearranging, and using the
substitution 7= s + 1,

a,= ; ;eriod% periodf * (S)f (s + t)ds%"m“”dt
= [ O S e e
- - jmdaof 7-5) O
- j;_‘ period;f* (S) g'periodf(r)e " ( )dT %15
= Ern f* (s)ef"A“SdsE% f(T)e_j"A“’TdTE
[P Jperiod [P Jperiod 0
= C: c, -

Thus, a, = |c,?.

In summary, if () is periodic with period p, then so is its average autocorrelation function, p_ ().
Moreover (as generalized functions)

flr)= zcnef"“”, (2.3.9.8)

Hw)= 2nz ¢, 4 w-nt g, (2.3.9.9)

e (2.3.9.10)

and

P(w)zznicnzc(arm o) (2.3.9.11)

where F(w) is the Fourier transform of f{¢), P(w) is the power spectrum of f(%),
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Aw=°" (2.3.9.12)

and, for each n,

¢ =1 f(e)e e ar. (2.3.9.13)

n

P Jperiod

Analogous formulas are valid if G(w) is a periodic function with period P. In particular, its inverse
transform is

[+]

g()= Z C,0(t - kast), (2.3.9.14)

where
P
and, for each k,
1 .
C,=— G(w)e”‘m‘"d w.
p period

Again, because of periodicity, the integral can be evaluated over any interval of length P

Example 2.3.9.1 Fourier Series and Transform of a Periodic Function

Consider the “saw” function,

B if —1<t<1
saw(t) - &aw(ﬁ 2), for all ¢

The graph of this saw function is sketched in Figure 2.4. Here, because the period is p = 2, formula
(2.3.9.12) becomes

and formula (2.3.9.13) becomes

1 ‘ , ifn=0
c =£ te_]"mdt=H) noj . )
")l 5—1) I ifn=+1 42 +3, .
nit

Using equations (2.3.9.8) and (2.3.9.9),
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FIGURE 2.4 The saw function.

0

saw(t) = Z (—1)”#(3"”"’

n=—0c0
nz0

and

F [saw(t)]

ji(-l)"ia(w_nn).

nz0

The graph of the Nth partial sum approximation to saw(z),

n=—00
nz0

FN\

is sketched in Figure 2.5 (with N = 20), and the graph of the imaginary part of F[saw(#)], is sketched
in Figure 2.6. The Gibbs phenomenon is evident in Figure 2.5. Formulas (2.3.9.10) and (2.3.9.11) for

the autocorrelation function, p__ (%), and the power spectrum, P(w), yield

saw

0

pull 15 e
o
and
Ho)=2 S L ofw-nm)
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FIGURE 2.5 Partial sum of the saw function’s Fourier series.

A 27
1 L
- In - 2r 3{: w 4n
-1
24 v

FIGURE 2.6 Fourier transform of the saw function (imaginary part).

2.3.10 Regular Arrays of Delta Functions

Let Ax > 0. A function ¢(x) is called a regular array of delta functions (with spacing Ax) if

A= @ de-nns),

n=—o0o0

where the ¢,’s denote fixed values. Such arrays arise in sampling and as transforms of periodic functions.
They are also useful in describing discrete probability distributions (see Examples 2.3.10.2 and 2.3.10.3
below).

Example 2.3.10.1

The transform of the saw function from Example 2.3.9.1,
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is a regular array of delta functions with spacing Aw = .

Let f{(¥) be a function with Fourier transform F(w). A straightforward extension and restatement of
the results in the previous subsection is that f{#) is periodic if and only if F(w) is a regular array of delta
functions. The period, p, of f(¥), and the spacing, Aw, of F(w) are related by

pAw = 2m.
Moreover,
1 <, m
t|]=— Y Fe™*
f( ) Zn'nzzm n
and

F(w) = iFné(w—nA a)

where, for each n,
F=2" £(t)e e a. (2.3.10.1)
P Jperiod

Conversely, if ¢(¢) is a function with Fourier transform G(w), then ¢(¢) is a regular array of delta
functions if and only if G(w) is periodic. The spacing of g(¢), Az, and the period of G(w), P, are related by

PAt=2r.

Moreover,

00

g(t) = ;ogkd(t - kAt)

and

0

G(w) = /Z g_kejkmw,

where, for each k,

g =11) pede(w)ekaf“’dw.
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Example 2.3.10.2
For any A > 0, the corresponding Poisson probability distribution is given by

e A
—_ A _
qu(t)—e and(t n).
Its Fourier transform, v, (®), is given by
g A
) A —jhw
Y, (w)—e Z . e .
Recalling the Taylor series for the exponential,
a1, )
— A il jw
w/\(w)—e Z o (Ae )
e L

) (1—cosa)+jsin w)

which is clearly a periodic function with period P = 2z It can also be seen that the amplitude, A(w),
and the phase, O(w), of w,(w) are given by

A(w) = eMso) and O(w) = -1 sin w.

Example 2.3.10.3

For any nonnegative integer, n, and 0 < p < 1, the corresponding binomial probability distribution is
given by

b, (1)= Zggpkqn—ka(t- 0

where g = 1 — p. The Fourier transform of b, , is given by

B, (w)= Z %Ep"q”“ke”"“ = Z %ape””)kq"‘k .

By the binomial theorem, this can be rewritten as

B, (@) = (pe7+ g)",

which is clearly periodic with period P = 2.

A regular array of delta functions,

00

g(t) = ;gké(t - kAt),
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cannot be a finite energy function (unless all the g/’s vanish), but, if the g.’s are bounded, can be treated
as a finite power function with average autocorrelation function, p_(#), and power spectrum, P(w), given

by
and

where

It should be noted, however, that if

igmzm,

m=—0o

then the A,’s will all be zero.

2.3.11 Periodic Arrays of Delta Functions

Regular periodic arrays of delta functions are of considerable importance because the formulas for the
discrete Fourier transforms can be based directly on formulas derived in computing transforms of regular
arrays that are also periodic. For an array with spacing Ax,

me)

to also be periodic with period p,

¢(x + p) = ¢(x),
it is necessary that there be a positive integer, N, called the index period, such that

ey = ¢, forall k.

The index period, spacing, and period of ¢(x) are related by

period of ¢(x) = (index period of ¢(x)) x (spacing of ¢(x)).
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Example 2.3.11.1
The regular periodic array,

f(r)= /i £,0(t - kase),

with spacing At = 1/2, index period N =4, and (f;, fi, f»» fz) = (1, 2, 3, 3), is sketched in Figure 2.7. Note
that f, = f;, fs = f1, ..., and that the period of f{¥) is 4At = 2.

31
21

l._

-1.5 -1 -05 0.5 1 1.5 2 25 335,

FIGURE 2.7 A regular periodic array of delta functions.

Let

1)= ,Z fi6(c-kav)

be a regular periodic array with spacing At, index period N, and period p = NAt. From the discussion
in the subsection on regular arrays, it is evident that the Fourier transform of f{¢) is also a regular periodic
array of delta functions.

Hw)= iFné(w—nAw). (2.3.11.1)

n=—co

Also, f() can be expressed as a corresponding Fourier series,

n

f(t)zi Fel™, (2.3.11.2)

n=—co

The spacing, Ao, and period, P, of F(w) are related to the spacing, At, and period, p, of f{(¥) by

21 21
p At

The index period, M, of F(w) is given by
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Using equation (2.3.10.1),

o1 5 O o
F=""( 2 ELZ f3(t k) dr (2.3.11.3)
P )7 0L, 0

But, as is easily verified,

— 5} otherwise
and
Awnr= 2B 2T
p N
Thus, equation (2.3.11.3) reduces to
N-1 21
- —nk
F :fm"t;fke N (2.3.11.4)
A similar set of calculations yields the inverse relation,
N-1 21
—kn
f, =NiZ Fe'n" (2.3.11.5)
W L

Formulas for the autocorrelation function, P, (#), and the power spectrum, P(w), follow immediately
from the above and the discussion in Subsections 2.3.9 and 2.3.10. They are

0

pf(t)=kZAk5(t—kAt), (2.3.11.6)

where

A —iN_lfo (2.3.11.7)
k NAth mJ m+k ! e '

and

00

p(w) =21n z

n=—oo

E[8(w-nnc. (2.3.11.8)
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Example 2.3.11.2 The Comb Function
For each Ax > 0, the corresponding comb function is

00

comb,,(x)= ;od(x - kix).

with index period N = 1 and with the spacing equal to the period, the comb function is the simplest
possible nonzero regular periodic array. By the above discussion,

F(w) = F[comb, (0],

must also be a regular periodic array,

Ho)= S R ow-nd)

n=—oo

where

szz—n.
At

Because the index period of F(w) must also be N =1,

0 21
21T -0
F=F=— e ¥V =Aw,
no 0 At; Ji

for all n. Combining the last few equations gives

oliams, ], = 5 s0d -1 =5 comb, 4.

where

_2m

Aw=—.
At

From formulas (2.3.11.6), (2.3.11.7), and (2.3.11.8), the average correlation function and the power
spectrum for comb, (¢) are given by

and
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P(w) = AA(;) Zd(w—nA aa = AAC:combAw(w) :

In addition, using equation (2.3.11.2), the comb function can be expressed as a Fourier series,

00

combm(t) S A0S e 2 1 z el
21 £ At

n=-co

2.3.12 Powers of Variables and Derivatives of Delta Functions

In Example 2.1.3.1 it was shown that, for any real value of «,
Flei]|, = 2nd(w — o).
Letting a = 0, this gives
F[1]|, = 278(w ),
and, by symmetry or near equivalence,
F[L5(01, = 1.

Now, let n be any nonnegative integer. Because, trivially, x* = x” - 1, it immediately follows from an
application of identities (2.2.11.6) through (2.2.11.9) that

F[t1], = 275" (w) (2.3.12.1)
F o |, = (=)"8 (1), (23.12.2)
FLs ()], = (o), (2.3.12.3)
and
o d )
F %(@Q_Zn, (2.3.12.4)

where 5 (x) is the nth (generalized) derivative of the delta function.

2.3.13 Negative Powers and Step Functions

The basic relation between step functions and negative powers is

%[sgn(t)] ‘ = —j(i, (2.3.13.1)

w

where sgn(?) is the signum function,
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-1, ifr<0
sgn(t) ] .
1, if0<t

Because the step function,

, ift<0

of)=1 ,
H, ifOo<t
can be written in terms of the signum function,

u(t) = ;[sgn(t) +1],

formula (2.3.13.1) is equivalent to

@[u(t) )

A number of useful formulas can be easily derived from equations (2.3.13.1) and (2.3.13.2) with the aid
of various identities from the identities in Subsection 2.2. Some of these formulas are

=7T6(a)—ji). (2.3.13.2)

%%sz—jnsgn(w), (2.3.13.3)

Q«T[t‘”] ., = —]n((_:f)l)_l sgn(w), (2.3.13.4)
| =-2

JP[M] ‘w == (2.3.13.5)

%[t‘"sgn(t)] ‘w =(—j)””02)f1, (2.3.13.6)

%[ramp(t)] ‘ =jn5'(o)—(j2, (2.3.13.7)

and

@[t"u(t)” =j 7'[5( (034-”'5»5 (2.3.13.8)

In these formulas » denotes an arbitrary positive integer.
Derivations of formulas (2.3.13.1) and (2.3.13.2) are easily obtained. One derivation starts with the
observation that, for any o < 0,
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)= ol

By identity (2.2.13.4), with f{#) = 5(¢) and F(w) = F[5(D]|, = 1,

w

%[u(t)] ‘ =F %’ f(s)ds%

a U

= —ng)w)+c5(w) (2.3.13.9)
= —ji) +c5(a)),
where ¢ is some constant. From this
%[sgn(t)] ‘ :@[Zu(t)—l] ‘
oot +c5(w)5—2m(a) (2.3.13.10)

0o w 0

-2 afe-m ).

Because sgn(#) is an odd function, so is F[sgn(#)]|,, and, hence, so is the right-hand side of equation
(2.3.13.10). But, because the delta function is even, this is possible only if ¢ = z. Plugging this only
possible choice for ¢ into equations (2.3.13.9) and (2.3.13.10) gives formulas (2.3.13.1) and (2.3.13.2).
Example 2.3.13.1 Derivation of Formulas (2.3.13.6) and (2.3.13.5)

Using identity (2.2.11.8),

n

9?[t"sgn(t)] ‘w =j"6;1@[sgn(t)] ‘w

. odtg.20

a7 ol

2

Using this and the observation that
1| = £sgn(),

it immediately follows that

J w1+1 0)2 '

o (22

3} = %[tsgn(t)] ‘

w
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One technical flaw in the above discussion should be noted. If ¢(x) is any function continuous at x =0,
and n > 1, then, from a strict mathematical point of view, the function x—¢(x) is not integrable over any
interval containing x = 0. Because of this, it is not possible to define F[¢r]/, or F-[w™], via the
classical integral formulas. Neither is it possible for the function x—" to be treated as a generalized function.
However, the function In|x| is integrable over any finite interval and can be treated as a legitimate
generalized function, as can any of its generalized derivatives (as defined in Subsection 2.2.11). It is
possible to justify rigorously the formulas given in this subsection, as well as any other standard use of
x~" by agreeing that x~* is actually a symbol for the generalized derivative of In|x|, and that, more generally,
for any positive integer n, x" is a symbol for

()
(n-1)r dx”

In‘x‘

where the derivatives are taken in the generalized sense as described in Subsection 2.2.11.

2.3.14 Rational Functions

Rational functions often turn out to be the transforms of functions of interest. The simplest nontrivial
rational function is given by

1
F(w) = m’
(=2
where m is a positive integer and A is some complex constant. Using the elementary identities and the
material from the previous subsection, it can be directly verified that

@'15 L B =j (jt)m_l ™, (1) (2.3.14.1)
) N -

where « is the imaginary part of A and
Ch1), if0<a
a
/_u(t) = &sgn(t), ifa=0.
i .
E—u(—t), if a <0
More generally, if F(w) is any rational function, then F(w) can be written
F(o) = P(w) + R(w),

where P(w) is a polynomial,

P(a)) = ,Z c,w",
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and R(w) is the quotient of two polynomials,

in which the degree of the numerator is strictly less than the degree of the denominator. According to
formula (2.3.12.1), the inverse transform of P(w) is simply a linear combination of derivatives of delta
functions.

gt [ P(w)]

Letting 4, A,, ..., A4 be the distinct roots of D(w) and M;, M,, ..., M, the corresponding multiplicities
of the roots, R(w), can be written in the partial fraction expansion,

=3 ()ed)

n=

R(w)zzw

Thus, applying formula (2.3.14.1),

9?—1[R(a))] t :Jiewr% (t);akym -1 (2.3.14.2)

where, for each k, a, is the imaginary part of A,.
Fourier transforms of rational functions can be computed using the same approach as just described
for inverse transforms of rational functions.
Example 2.3.14.1
Let

_ N(w) _ 5w+9-10j
He)= D(w)  w?-4jw-13’

Using the quadratic formula, the roots of D(w) are found to be

4 \f(4j)2 +4(13)

A =+3+2j.

F(w) can then be expanded

W -4jw-13  w-(3+2)) * w-(-3+2))

F(w)— Sw+9-10j _ A B

Solving for A and B gives
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Ho)= w—(g+2j) i w—(—ls +2j)’

whose inverse transform can be computed directly from formula (2.3.14.2),
f(t) :]-%ei(3+2j)tr2(t) + ej(—3+2j)tr 2(1')5
_ 4je(—2+3)tu(t) +].e(—2—3j)tu(t)
:j[4ej3t +e_j3t] e_Z’u(t).
12.3.15 Causal Functions

A function, (), is said to be “causal” if

f(t) =0 whenever t< 0.

Such functions arise in the study of causal systems and are of obvious importance in describing phe-
nomena that have well-defined “starting points.”
Let f{¢) be a real causal function with Fourier transform F(w), and let R(w) and I(w) be the real and
imaginary parts of F(w),
F(o) = R(o) + jl(v).

Then R(w) is even, I(w) is odd, and, provided the integrals are suitably well defined,

f(t):IZTJ:R(w)cos(ox)da) for0<r, (2.3.15.1)
f(t)= —IZTJ:I(a))sin(az)da) for0<t, (2.3.15.2)

R(w)\zdw, (2.3.15.3)

[ o=

and

1{w) do, (2.3.15.4)

J U a=2f

In addition, if f{#) is bounded at the origin, then provided the integrals exist,

R(w)=71_[.]'_:;(j)sds (2.3.15.5)

and
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I(w)= _711_[15)(—5)5‘15' (2.3.15.6)

The last two integrals are Hilbert transforms and may be defined using Cauchy principal values (see
Subsection 2.1.6).

Conversely, it can be shown that R(w) and I(w) are real-valued functions (with R(w) even and I(®)
odd) satisfying either (2.3.15.1) or (2.3.15.6), then

f1) = FUR(0) + jI(w)],

must be a causal function.
Derivations of equations (2.3.15.1) through (2.3.15.6) are quite straightforward. First, observe that
because f{(¢) vanishes for negative values of ¢ then

f() = 2f (1) = 2f(¢r) for0 <1,

where £(¢) and f,(¥) are the even and odd components of f{¢). Equations (2.3.15.1) and (2.3.15.2) then
follow immediately from equations (2.3.1.4) and (2.3.1.5), while equations (2.3.15.3) and (2.3.15.4) are
simply Bessel’s equality combined with equations from Subsection 2.3.1 and the subsequent observation
that

fo(t)‘zdt.

[, 1t = () ar=2f

Finally, for equation (2.3.15.5) observe that

fe(t)‘zdt = 2-[:

fL1) = f,(1) sgn(z) and f, = £.(¢) sgn(2).

Thus, using results from Subsections 2.3.1, 2.2.9, and 2.3.13,

_1e 1)

TTJ)- W—Ss

which is equation (2.3.15.5). Similar computations yield (2.3.15.6).

Example 2.3.15.1
Assume (%) is a causal function whose transform, F(w), has real part

R(w) = 8(w — o) + (o + ),
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for some o > 0. Then, according to formula (2.3.15.1), for t > 0

f(t) = ;I:[d(w— a) + c5(w+ cﬁ] cos( w)d w= 72Tcos(at) :

and by formula (2.3.15.6),

-2 bl
o9 o 3
i w(aza—)wz)
f (t) = ECOS(at)u(t)

Ao)=dogdor dor 20y

2.3.16 Functions on the Half-Line

Strictly speaking, functions defined only on the half-line, 0 < ¢ < o, do not have Fourier transforms.
Fourier analysis in problems involving such functions can be done by first extending the functions (i.e.,
systematically defining the values of the functions at negative values of ¢), and then taking the Fourier
transforms of the extensions. The choice of extension will depend on the problem at hand and the
preferences of the individual. Three of the most commonly used extensions are the null extension, the
even extension, and the odd extension. Given a function, f{(¢), defined only for 0 < ¢, the null extension is

fnull(t) _ g(t) ifo<t

if <0

The even extension is

(t), ifo<t
(—t), ift<0’

o (t)=§’;

and the odd extension is
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~ Hf(t), if0<t
ded(t)_ E’f(_t)’ if <0’

If f{¥) is reasonably well behaved (say, continuous and differentiable) on 0 < ¢, then any of the above
extensions will be similarly well behaved on both 0 < rand ¢ < 0. At t= 0, however, the extended function
is likely to have singularities that must be taken into account, especially if transforms of the derivatives
are to be taken. It is recommended that the generalized derivative be explicitly used. Assume, for example,

that f(¢) and its first two derivatives are continuous on 0 < ¢, and that the limits

f(0)=tim £(t) ands(0)=tim 1)

exist. Let }(t) be any of the above extensions of f{(#), and, for convenience, let df‘/dt and Df‘ denote,
respectively, the classical and generalized derivatives of f|¢). Recalling the relation between the classical

and generalized derivatives (see Subsection 2.2.11),

~

bj =4 +19(1)

and

o= () 1)

dt*
where J, and J; are the “jumps” in f( )and '\t ( )at t=0

so=linf 1) 71-1)

and

et ()7

Computing these jumps for the extensions yield the following:

Dfyu = d{;;" +f(0)5(l‘),

o =t fl)o()+(0) o)

Weven
Dfeven = de: !

d2
D fo = Lo w21 (0)a).
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Df.,, :df;:uz 1(0)a(s). (2.3.16.5)

and

D*f,, = dzdfz it +2(0)o(r). (2.3.16.6)

An example of the use of Fourier transforms in problems on the half-line is given in Subsection 2.8.4.
This example also illustrates how the data in the problem determine the appropriate extension for the
problem.

2.3.17 Functions on Finite Intervals

If a function, f{(¥), is defined only on a finite interval, 0 < ¢ < L, then it can be expanded into any of a
number of “Fourier series” over the interval. These series equal f{¢) over the interval but are defined on
the entire real line. Thus, each series corresponds to a particular extension of f{¢) to a function defined
for all real values of ¢, and, with care, Fourier analysis can be done using the series in place of the original
functions. Among the best known “Fourier series” for such functions are the sine series and the cosine
series.

The sine series for f{f) over 0 < ¢< Lis

S[f” Zb sin kmD

where

= iJ;L f(t)sinEkTm%lt.

This series can be viewed as an odd periodic extension of f{). The Fourier transform of the sine series is
[ - D%aﬁ krrJ 5D ke
JZ THOB L

,ZEF" 8

where
O-jmb,,  if0<k
B = 0, if k=0.
S, ifk<0

The cosine series for f{r) over 0 < t< L is
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4

+ S coskaD
= ao Z ak E,
t 4 H L
where

a,= iJ’oL f(t)dt

and, for k= 0,

L Uk U
a, =ij; f(t)cosB%Edt.

This series can be viewed as an even periodic extension of f{#). The Fourier transform of the cosine series is

Aot B Tt

where

The choice of which series to use depends strongly on the actual problem at hand. For example, because
the sine functions in the sine series expansion vanish at t = 0 and ¢ = L, sine series expansions tend to
be most useful when the functions of interest are to vanish at both of the end points of the interval. For
problems in which the first derivatives are expected to vanish at both end points, the cosine series tends
to be a better choice. Other boundary conditions suggest other choices for the appropriate Fourier series.
In addition, the equations to be satisfied must be considered in choosing the series to be used. Unfor-
tunately, the development of a reasonably complete criteria for choosing the appropriate “Fourier series”
in general goes beyond the scope of this chapter. It is recommended that texts covering eigenfunction
expansions and Sturm-Liouville problems be consulted.”

2.3.18 Bessel Functions

Solutions to Bessel’s Equations
For v > 0, the vth order Bessel equation can be written as

2y" + ty' + (2 - vy =0. (2.3.18.1)

*See, for example, Elementary Differential Equations and Boundary Value Problems by Boyce and DiPrima, Applied
Analysis by the Hilbert Space Method by Holland, or Partial Differential Equations and Boundary-Value Problems with
Applications by Pinsky.
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“Power series” solutions to this equation can be found using the method of Frobenius. From these
solutions, it can be shown that the general real-valued solution to this equation on ¢ > 0 is

y(t) = cJ (D) + (D)

where ¢, and ¢, are arbitrary real constants, J, is the vth order Bessel function of the first kind (which is
a bounded function),” and y, is any particular real-valued solution to the Bessel equation on > 0 that
is unbounded near ¢ = 0.

Typically, one is most interested in the bounded function part of the solution to Bessel’s equation, ¢, J,, .

Zero Order Bessel Functions
For now let v = 0. Equation (2.3.18.1) then simplifies to

'+ y +ty=0. (2.3.18.2)

Its solution on t> 0 is

y(1) = cJo(t) + ¢ p:(1)

It is easily verified that the power series formula for J,(#) actually defines J,(¢) as an even, analytic function
on the entire real line, and that J,(¢) satisfies equation (2.3.18.2) everywhere. It is also easily verified from
the series formula for y,() on ¢ > 0 that y,(||) is an even function satisfying equation (2.3.18.2) for all
nonzero values of + and which behaves like In |¢| near + = 0. Consequently, we can seek the Fourier
transform of

Y1) = o) + () (2.3.18.3)

for any pair ¢, and ¢, by treating J,(£) and y,(|¢[) as even, real-valued solutions to the Bessel equation of
order zero on the real line.

Taking the Fourier transform of equation (2.3.18.2) and using the differential identities of Subsection
2.2.11 results in the first order linear equation

1-0)Y (o) - oY (w) =0 (2.3.18.4)

where Y = F[y]. The general classical solution to this equation is easily obtained via standard methods
for linear, first order differential equations. Taking into account the possible discontinuities at o = +1,
this general solution is given by

0 1
EA(wz—l) 2 if <1

Y(w):%B(l—wz)_; if —1< o<l (2.3.18.5)
0
Sc(wz—l)_; ifl<w
n

where A, B, and C are “arbitrary” constants. However, here Y(w) must be even and real valued since it
is the Fourier transform of an even, real-valued function. This forces A, B, and C to be real constants
with A = C. Thus,

*An overview of Bessel functions of the first kind is given in the first chapter of this book.
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%3(1—002)_;1 ifM<l,
%(w2 —1)_E if 1<M

or, equivalently,

where

and

The function Y;(w) is absolutely integrable in addition to being real valued and even. Consequently,
F1[Y,] is a bounded, real-valued, even function to Bessel’s equation of order zero. Thus,

FUY ()], = ¢ Jo(2)

for some nonzero constant ¢,. Conversely, then, there must be a value B, such that J, = By¥[Y,]. To

find this value, first recall that J,(0) = 1 (see the first chapter of this Handbook) and that, by elementary
calculus,

77l

1 ¢ 1 1
=— dw=—.
0 27TJ-—1 \:1_0)2 2

Thus,
_ B
1= 7,(0) = B,F [ (e =
which, in turn, means that B, = 2,
g » U
]O(t)=9~7'1[2Yl(w)] =710 p(w)d (2.3.18.6)

and

@[]O(t)] \w=2Yl(w) 2 pw). (2.3.18.7)
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The function Y,(w) is not absolutely integrable, but it is the sum of a function that is absolutely
integrable,

\w _1[1 Pl ]Pz

with a function that is square integrable,

a0 SOl

From this it follows that Y, is Fourier transformable in the more general sense described in Subsection
2.1.3 and that its inverse transform is a function in the classical sense. The inverse transform of this
function can be used for y,, the unbounded part of equation (2.3.18.3). A more standard choice, however,
is to use y, = Y, where

\/(A)

Y,

(1) :@7'1[—2@(@)]

This, Y;, is the Oth order Bessel function of the second kind.

g
Elil p1 ]D fort>0.
t va

t

Integral Order Bessel Functions

As with J,, the series formula for each integral order Bessel function of the first kind J, actually defines
], as a bounded analytic function on the entire real line whenever # is any positive integer. Consequently,
Fourier transforms for these Bessel functions exist and are well defined using, at least, the more general
definitions of Subsection 2.1.3. The formulas for these transforms can be obtained using the above
formula for [J], the differentiation identities, and well-known recursion formulas for the Bessel func-
tions (again, see the first chapter of this Handbook).

In particular, since

1) = =)y’ (1),

we have

FUD1, = ~F U’ (D1, = —j0F (D], -

Combined with equation (2.3.18.7), this gives

-2jw

9?[ ]1(t)] \w 2 p(w). (2.3.18.8)

The Fourier transforms of J,(), &(#), ... can be obtained in a similar fashion using formulas (2.3.18.7)
and (2.3.18.8), a differentiation identity, and the recursion formulas

\1-w?

]v+1(t) = ]v—l(t) - 2]vl(t)

The results of these computations can be succinctly described by the formulas
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_ Zcos[m arcsin(w)]

A

pl(w) for m=0,24,...

@ \1-w?

and

= —2jsin[marcsin(w)] pl(w) for m=13,5,....

@[ ]m(t)] ‘

They can be described even more succinctly by

© V1-w?

:Wpl(w) for n=0,123,...
® V1-w?

[

where T, is the nth Chebyshev polynomial of the first kind.
The derivation of another useful set of identities starts with the observation that

—2jw

. d
)=z -l

Combining this with equation (2.3.18.8)

Dividing by ¢ (which is valid since J;(z) = éwhen t ~ 0) then yields

F()=5 B - p(od

t

Equivalently,

%[t'ljl(t)] ‘w =211 —wzpl(w) .

Continuing these computations eventually leads to the equivalent identities
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O

1
02(1-w?) 2
7, (e) =5 El%pl(w)a (2.3.18.9)

H

OO

and

B 2(1—(02)"_;
o 1B05--(2n-1)

@[t_”]n(t)]

These identities are valid for nonnegative, integral values of » (and reduce to equations (2.3.18.6) and
(2.3.18.7) when n = 0).

(o). (2.3.18.10)

Nonintegral Order Bessel Functions
Solving equation (2.3.18.9) for J () and using the fact that, in terms of the gamma function,

1[3[5-.-(2;1—1):\2/;%”;5

results in the following formulas:

]n(t) =At"F gl —wz)n_;pl(w)é

(2.3.18.11)

t

where

A = ot
n D '

"7

This formula for J, was obtained assuming # is any nonnegative integer. However, for ¢ > 0, the right
hand side of equation (2.3.18.11) remains well defined when # is any real value greater than -1/2.
Moreover, through straightforward but somewhat tedious computations, it can be verified that the
formula on the right hand side of equation (2.3.18.11) satisfies Bessel’s equation of order |1/ on ¢ > 0,
and is asymptotically identical to J,(#) when ¢ — 0*. It thus follows that, for any u > -1/2,

]H(t) = AT gl—wz)“_;pl(w)é

t

where
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21_“4\5/7T
I'D +£DI
H*2H

Consequently, since w2 and p,(w) are even functions,

A=

and, by near-equivalence,

! _ 0, f
e = )

whenever p > —1/2.

2.4 Extensions of the Fourier transform and Other Closely
Related Transforms

A number of applications call for transforms that are closely related to the Fourier transform. This section
presents a brief survey and development of some of the transforms having a particularly close relation
to the Fourier transform. Many of them, in fact, can be viewed as natural modifications or direct
extensions of the transforms defined and developed in the previous sections, or else are special cases of
these modifications and extensions.

2.4.1 Multidimensional Fourier Transforms

The extension of Fourier analysis to handle functions of more than one variable is quite straightforward.
Assuming the functions are suitably integrable, the Fourier transform of f(x, y) is

F(a), V) 2‘[00 J._w f(x, }/)e_j(wxwy)dxdy
and the Fourier transform of f(x, y, 2) is
F(a), v, ,U) =J:w J:m J:m f(x, ¥, z)e_j(wxwywz)dxdydz.

More generally, using vector notation with t = (¢, t,, ..., t,) and @ = (@,, ®,, ... ®,), the “n-dimensional
Fourier transform” is defined by

%[f(t)] w:J’:I_:--I:f(t)e‘f“’“dtldtz...dtn , (2.4.1.1)
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assuming f{(t) is sufficiently integrable. The inverse n-dimensional Fourier inverse transform given by

F [F(w)]

provided F(e) is suitably integrable.

For many functions of t and @ that are not suitably integrable, the generalized n-dimensional Fourier
and inverse Fourier transforms can be defined using the n-dimensional analogs of the rapidly decreasing
test functions described in Subsections 2.1.3 and 2.1.4.

Analogs to the identities discussed in Section 2.2 can be easily derived for the n-dimensional transforms.
In particular, % and %' are inverses of each other, that is,

F) = F[f()], < FA)], = f1).

The near equivalence (or symmetry) relations for the n-dimensional transforms are

FUe1, = @n)" FLe(-0)]z, = 7)™ F[$()]1,

= (2,-[)"”-]'_:]’_:...J’_iF(w)e"f“’Bdalda)Z...da)n , (2.4.1.2)

and

FLp(x)]1l, = @m)" FLH(]1], = 27)" Fe(-x0)],
An abbreviated listing of identities for the n-dimensional transforms are given in Table 2.2. In this table,
#(x) * w(x) and ¢(x) * w(x) denote the n-dimensional convolution and correlation,
TABLE 2.2 Identities for
Multidimensional Transforms

h(t) H(w) = F[h(1)]

[0}

1 [l

flat) WF%E

1 -T
f(tA) AF(«.mA )
flt-1t) eveH( @)
evo'f(t) Ho-o,)
9 joF(o)
ot,
£ A(t) jOF
ow,
fDg(t) (7)™ H@) * G(w)
ft) * g(t) Hw)G(w)
ft) x g(t) F (0)G(w)
f* (©g(v) (2n)™" F(®) * G(w)

Note: (o is any nonzero real number, t, and o,
are fixed n-dimensional points, and F(w) =

FIA0], and G(w) = FLg®)],)
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x) ) :Iiﬁjig(s) Yfx —s)ds,ds,...ds,

and

II I(ﬂ‘ x+sdsds2 ds, .

There is one particularly useful n-dimensional identity that does not have a direct analog to the
identities given in Section 2.2 (though it can be viewed as a generalization of the scaling formula). If A

is a real, invertible, n x n matrix and F(w) = % »» then
1 -
@[ tA] ‘ =—F(mA T) 2413
A n (2.4.1.3)

where \A\ is the determinant of A and AT is the inverse of the transpose of A (equivalently A-T is the
transpose of the inverse of A),

AT = (AT) = (AT

Likewise if f{t) = F1[F(®)]|,, then

—1f(tA—T), (2.4.1.4)

@‘1[F(mA)] = A

The derivation of either of these identities is relatively simple. Letting s = tA and recalling the change
of variables formula for multiple integrals,

@[ f(tA)] L = I 0; J’ Z J’ Zf(tA)e_j‘“’mdtldtz...dtﬂ

(2.4.1.5)
o gt
LJ_ J’ f p 51,52,...,5n) dsds,...ds
Now
Os; _
ot o
and, so, the Jacobian in (2.4.1.5) is
‘6(1‘1, tz,...,tn) Ja(sl,sz,.. ,sn) _1=i
‘6(51,52,...,5,1) ‘G(tl, ty.. ,tn) ‘A‘
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From linear algebra and the definition of the transpose
@ (sA?) = (0(A)T) - s = (wAT) - s.

Thus, equation (2.4.1.5) can be written

oAl =L LT

An example of how (2.4.1.3) can be used to compute transforms will be given in Section 2.4.2.

2.4.2 Multidimensional Transforms of Separable Functions

A function of two variables, f(x, y), is separable if it can be written as the product of two single variable
functions.

fx, ) = A(DLG)- (2.4.2.1)

The transform of such a function is easily computed provided F,(») = F[f,(x)] ,, and E,(v) = F[L0)]/,
are known. Then

Flw, V)= 9?[ £ y)]

()
[ A
=Jifl(x)e_j“”‘dx :,fz (y)e_jvydy

= E(w)R(v)
More generally, f{(t) is said to be separable if there are »n functions of a single variable, f,(t,), f,(%,),
.oy [,(£,), such that

i, 1, oo 1) = A(0)fo(B) - £u(2)- (2.4.2.2)
The Fourier transform of such a function is another separable function
Floy, @y ..., ®,) = Fi(0)Fy(w,) - F,(®,)

where, for each k, F,(w,) is the one-dimensional Fourier transform of f,(t,).
Likewise, if

Ko, o, ... ®,) = Fi(0,)Fy(0,)--F(o,),
then the n-dimensional inverse Fourier transform is

flt s 1) = (0 fo(B) - £i(2,)

where, for each k, f,(¢,) is the one-dimensional inverse Fourier transform of F(w,).
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Example 2.4.2.1

The two-dimensional rectangular aperture function (with half-widths o and f) is

‘x‘<a and ‘y‘ <B
a<hi o p<)

”a,ﬁ(x’ y) - g) ::

or, equivalently,

Nas(%, ) = pox)ps(y).

Its Fourier transform is

jfmﬂy' ey

I pu(x ]“xdx y)e 7 dy
DZsm(aw DDZsm(Bv)

o BB

:isin(aw)sin(ﬁv).

wvV

Example 2.4.2.2

The three-dimensional delta function, 8(x, y, z) is defined as the generalized function such that if ¢(x, y, z)
is any function of three variables continuous at the origin,

Ji Ji J’_Za(x, y2)d{x, 7, 2)dxdydz= ¢0,0,0).
J’J’J’d 5(3’ x)’dedydz
- [ oA ) j_mé(x) o iy
= [ o(a)[ o) o Jove:

= J’ 0:05(2)(;(0, 0, 2)dz
=¢{0,0,0),

it is clear that
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5(x, 5, 2) = 8(x)6(y)8(2)

and

FL8(x, 3, Doy = FIED], FISMT, FIS(A]|, = 111 = 1.

In using formulas (2.4.2.1) or (2.4.2.2) care must be taken to account for all the variables especially
if the function depends explicitly on only a small subset of the variables. This can be done by including
on the right-hand side of (2.4.2.1) or (2.4.2.2) the unit constant function,

1(s) =1 for all s,

for each variable, s, not explicitly involved in the computation of the function.

Example 2.4.2.3
The vertical slit aperture of half width « is the function of two variables given by

_ H iflx<a
Vslltu(x, y) = é) " ;:x

or, equivalently,

vslit,(x, ¥) = p(x) = p(x)1(p).

Its Fourier transform is given by

—sm(aw) Dch( \)

F]vsit, (x, ) oy F]pa ]

and not by

%[vslitu(x, y)] (o) = %[pa (x)] ‘w =§)sin(aw).

Example 2.4.2.4
The three-dimensional vertical line source function is

I(x, y, 2) = 6(2).
Its Fourier transform is

FLUx 3 D] oy = FILELDI D] (09 = 278(@)275(v)1 = 4725(@) (V).

Often, functions that are not separable in one set of coordinates are separable in another set of
coordinates. In such cases one of the generalized scaling identities (2.4.1.3) and (2.4.1.4), can simplify
the computations.
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Example 2.4.2.5

Let 9 be the parallelogram bounded by the lines y = +1 and x = y + 1, and consider the two-dimensional
aperture function

A, |f X,y |5|n97>
(x y) - othervv)lse

Note that n4(x, y) = 1 if and only if

-l1<y<1l and -1<x-y<1. (2.4.2.3)
Let
01 o0
B oag

AT and the determinant of A are easily computed,

—1D

‘A‘zl and A"Tzé} 1D % 1D

For each x = (x, ) and @ = (w, V), let

)E:(fc, }):xA =(x, y)é_i (EF(X‘J” J’)

and

A [a oA Q10
w=(w V|zcA " =(w v @ wt .
(@7 (@ iF(a o)
It is easily verified that conditions (2.4.2.3) are equivalent to
-1<y<1l and -1<x <.

Thus,

U@(x’ J’) =’71,1(’AC' }) :nl,l(XA)

where n;,( x, y) is the rectangular aperture function of Example 2.4.2.1. Using these results and the
generalized scaling identity, (2.4.1.3),
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ey =7l

= ival(wA‘T)

= N,y(w, w+ )

= w((jJrV)sin(w)sin(w+ v)

2.4.3 Transforms of Circularly Symmetric Functions and
the Hankel Transform

Replacing (x, ) and (w, v) with their polar equivalents,
(x, y) = (rcos6, rsinf)
and

(w, v) = (pcosg, psing),

and using a well-known trigonometric identity, the formula for the two-dimensional Fourier transform,
Fo, v) = FIfx, )] (v, becomes

s = [l s 4243
o (2.4.3.1)

=[[ f(rcos8, rsing)e " A dodr.
0 J-m

Likewise, in polar coordinates, the formula for the two-dimensional inverse Fourier transform, f(x, y) =
F[Fw, V)]‘(x,y)’ is

C

f(rcose, rsine) =471T2IwJ’nF(pcos 6, psin G)ej”mS 9 pdpdp.  (2.4.3.2)
0 J-m

If f{rcoso, rsin0) is separable with respect to r and 6,

f(rcosO, rsin@) = f.(r)f,(0),

then (2.4.3.1) becomes

F(pcose, psin 6)=J'mf,(r)rl<‘(rp, (édr, (2.4.3.3)

where

K- (z, qo) = Jifg ( H)e_jzcos(e_(p)d 0.
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Observe that the integrand for K=(r, ¢) must be periodic with period 2. Thus, letting 6’ = 0 — ¢,

K|z 0= ! g+ e_jzcos(e')d 6.
0= slo+d
Likewise, if F(p cos ¢, p sin ¢) is separable with respect to p and ¢,

F(pcosg, psing) = F,(p) Fy(¢)

then formula (2.4.3.2) becomes

f(rcos 0, rsin 6) = 47112.]'(:0 FP(P)PK+(YP1 H)dp,

where

k'(=6)=[ (oo g,

(2.4.3.4)

(2.4.3.5)

(2.4.3.6)

The above formulas simplify considerably when circular symmetry can be assumed for either f(x, )
or F(w, v). It follows immediately from (2.4.3.3) through (2.4.3.6) that if either f(x, y) or F(o, v) is

circularly symmetric, that is,

f(rcoso, rsinB) = f(r) or F(pcos¢, psing) = F,(p),

then, in fact, both f(x, y) and F(w, v) are circularly symmetric and can be written

f{rcoso, rsind) = f(r) and F(pcosg, psing) = F,(p).

In such cases it is convenient to use the Bessel function identity

7T

27‘[]0(2) :J: COS(ZCOS w)dw ,

where J,(2) is the Oth order Bessel function of the first kind.” It is easily verified that

7T

J'_ sin(rpcos w)dw =0
and so

7T

Ki(rp, w) :J' oo 1 :Jicos(rpcos W)dW = Zﬂo(r[)

-

and equations (2.4.3.3) and (2.4.3.5) reduce to

*See Chapter 1 for additional information on Bessel functions.
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Fp(p)ZZITJ;)mfr(r)]o(rp)rdr (2.4.3.7)

and

_1
£(7) _EL E,(0)1,(m0)pdp. (2.4.3.8)
The 0th order Hankel transform of g(r) is defined to be

0

)= il

Such transforms are the topic of Chapter 9 of this Handbook. It should be noted that (2.4.3.7) and
(2.4.3.8) can be expressed in terms of Oth order Hankel transforms,

1

E(p)=2mf () and fr(r)ZZ_[l:“p(r). (2.4.3.9)

From this it should be clear that Oth order Hankel transforms can be viewed as two-dimensional Fourier
transforms of circularly symmetric functions. This allows fairly straightforward derivation of many of
the properties of these Hankel transforms from corresponding properties of the Fourier transform. For
example, letting g(r) = 27 f{r) in (2.4.3.7) and (2.4.3.8) leads immediately to the inversion formula for
the Oth order Hankel transform,

00

g(r)=J; &(p)1(r0)pdp.

(For further discussion of the Hankel transforms, see Chapter 9 of this Handbook.)

Example 2.4.3.1
Let a > 0 and let f{x, y) be the corresponding circular aperture function,

O

M, otherwise

This function is circularly symmetric with

0, if0<r<a
., otherwise

Al y)=1{r)=

Its Fourier transform must also be circularly symmetric and, using (2.4.3.7), is given by

F(w, v):Fp(p)zan” ]O(r;jrdr. (2.4.3.10)

Letting z = rp and using the Bessel function identity
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;Z[zll(z)] = z]o(z).

where J;(z) is the first-order Bessel function of the first kind, the computation of this transform is easily
completed,

Fp(p) = 27'[p—2j;ap ]O(z)zdz

= 27Tp"2J:p;Z[z]1(z)] dz
= 27Tp‘2[a p]l(a /j]

= 2;&]1((1[)) .

2.4.4 Half-Line Sine and Cosine Transforms

Half-line sine and cosine transforms are usually taken only of functions defined on just the half-line
0 < ¢ < o0. For such a function, f(%), the corresponding (half-line) sine transform is

F(o)=o|0]

and the corresponding (half-line) cosine transform is

- J‘m £(e)sinca)ar (2.4.4.1)

FG(a)) = C[f(t)] ‘w :J;m f(t)cos(wt)dt. (2.4.4.2)

These formulas define F(w) and F,(w) for all real values of w , with F(w) being an odd function of o,
and F.(w) being an even function of @ .

The half-line sine and cosine transforms are directly related to the standard Fourier transforms of the
odd and even extensions of f(7),

Ef(t), ifo<t

IGE E]_ fl-) ife<o

and
B (t) if0<t
feve”(t) B Ef(—t), ift<0’

respectively. From the observations made in Subsection 2.3.1,

()] = j;?ﬁ[ fres) | (2.4.4.3)

© 2000 by CRC PressLLC



and

G[ f (t)]

This shows that the (half-line) sine and cosine transforms can be treated as special cases of the standard
Fourier transform. Indeed, by doing so it is possible to extend the class of functions that can be treated
by sine and cosine transforms to include functions for which the integrals in (2.4.4.1) and (2.4.4.2) are
not defined.

Example 2.4.4.1
Let f{#) = 2 for 0 < t. Formula (2.4.4.2) cannot be used to define G[f(1)]/,, because

:ég[fem(t)] ‘w, (2.4.4.4)

w

b
Ibim £ cos(wt)dt
— 00 0

does not converge. However, f,.,(¥) = # for all values of ¢, and, using formula (2.4.4.4),

Aot =51 -2 == o &

()

All the useful identities for the sine and cosine transforms can be derived through relations (2.4.4.3)
and (2.4.4.4) from the corresponding identities for the standard Fourier transform.

Example 2.4.4.2 Inversion Formulas for the Sine and Cosine Transforms
Let (1), Fy(w), and f,44(?) be as shown, and let

Foaa(@) = F[ foaa(D]],, -

According to equation (2.4.4.3)

Foga(@) = =2jF ().

Thus, for 0 < ¢,

1) = F [ Foag(@)]], = =2jF[F(@)] , .

But, because F(w) is an odd function of w, the same arguments used in Subsection 2.3.1 yield

el

which, combined with the previous equation, gives the inversion formula for the sine transform,

f t) = 721,[:0 Fd(w)sin(ax dw

Precisely the same reasoning shows that the inversion formula for the cosine transform is

_1
t 27-[—00

F "‘”da)- ]J' F sm
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f(t) = 721_Lw Fc(w)cos(ax)d w.

In using (2.4.4.3) and (2.4.4.4) to derive identities for the sine and cosine function, it is important to
keep in mind that if

0)=Ilim fl¢
s0)= tim (1)
exists, then the even extension will be continuous at ¢ = 0 with £,,,(0) = f{0), but the odd extension will
have a jump discontinuity at + = 0 with a jump of 2/{0). This is why most of the sine and cosine transform

analogs to the differentiation formulas of Subsection 2.2.11 include boundary values. Some of these
identities are

SIF (D1, = —0F(w),
alf (01, = @F,(e) - f0),
SIF" (D1, = @ f(0) - @ ?Fy(w),
and
clf "1, =~f'(0) - ®*F (o),

where f'(¢) and f"(#) denote the generalized first and second derivatives of f(¢) for 0 < ¢ (See also
Subsection 2.3.16.)

2.4.5 The Discrete Fourier Transform

The discrete Fourier transform is a computational analog to the Fourier transform and is used when
dealing with finite collections of sampled data rather than functions per se. Given an “Nth order sequence”
of values, {f;, fi, f» ---, fys}, the corresponding Nth order discrete transform is the sequence {F,, F,, F,,
..., Fxeq} given by the formula

- j—nk
F = Ze N (2.4.5.1)

and
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% 1 1 1 E
2m 2T . 2m

1 e N e_JZW e_J(N_l)F H

O 2 2T ) 2]

[% N] - e N e N e_]Z(N_l)W 0

8 . O

: O

—j(n-)2E ~ o(N-1)2T (N2

T A s =

On occasion, the matrix [%,] is itself referred to as the Nth order discrete transform.
The inverse to formula (2.4.5.1) is given by

kn
f, :;Zew E. (2.4.5.2)

1 1 1 1 O
O 2T 21T B ) 2 (]
IJ\-T % . 25 . 227 . ]2(N—1)NS
K : : O
N-1)27 2(N-1)27 N-1)?2 T O

P O E A (5 s

The similarity between the definitions for the discrete Fourier transforms, formulas (2.4.5.1) and
(2.4.5.2), and formulas (2.3.11.4) and (2.3.11.5) should be noted. The discrete Fourier transforms can
be treated as the regular Fourier transforms of corresponding regular periodic arrays generated from the
sampled data.

Example 2.4.5.1
The matrices for the 4-th order discrete Fourier transforms are

a 1 1 1 0
O _om _2m o @1 1 10
e = B O
A e ¢ e 4 e *0 a - -1 jg
[% N] =0 _pn _pon _odE
A e’ et Mapld o1 1 0
O 2 L2 221 | ju
gl 3_137 6—167 6—197 g a j -1 —0
and
a 1 1 1 0
0 m opem ey 411 1L
4 1@ et et e *D 15 i -1 —ig
4 o e 4 Sdp 44 1 1 -0
O 2T 2T L2 ] Ll .
g ¢ Sl JSeg B T 71O

The discrete Fourier transform of {f,, f,, f,, fi} = {1, 2, 3, 4} is given by
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RO O 1 1 100 D 10 O
O, 0

RO.3 - i 8 H 2+2JD
AN Ei —1 1 —1@:35 D -2 O

BEHAa 7 - —]%45 H2-2H

and the discrete inverse Fourier transform of {F,, F,, F,, F;} = {10, =2 + 2j, -2, =2 -2} is given by

o o 1 1 1D]] 10 0 OO0
0.0 , O
dooid o e BB
AN 451 -1 1 -1 -2 0 @O0

BB 8 - 4 jde-2H B

In practice the sample size, N, is often quite large and the computations of the discrete transforms
directly from formulas (2.4.5.1) and (2.4.5.2) can be a time-consuming process even on fairly fast
computers. For this reason it is standard practice to make heavy use of symmetries inherent in the
computations of the discrete transforms for certain values of N (e.g., N = 2M) to reduce the total number
of calculations. Such implementations of the discrete Fourier transform are called “fast Fourier trans-
forms” (FFTs).

2.4.6 Relations Between the Laplace Transform and the Fourier Transform’

Attention in this subsection will be restricted to functions of ¢ (and their transforms) that satisfy all of
the following three conditions:

1. {H=0ift<0O.
2. f(¥) is piecewise continuous on 0 < ¢.
3. For some real value of a, f{(¥) = O(e*) as a — .

It follows from the third condition that there is a minimum value of «,, with —o < @, < o, such that
flHe—*t is an exponentially decreasing function of ¢ whenever o, < a. This minimal value of o is called
the “exponential order” of f{¢).

The Laplace transform of f{(¥) is defined by

- f f(e)ear. (2.4.6.1)

The variable, s, in the transformed function may be any complex number whose real part is greater than
the exponential order of f{%).

There is a clear similarity between formula (2.4.6.1) defining the Laplace transform and the integral
formula for the Fourier transform (formula [2.1.1.1]). Comparing the two immediately yields the formal
relations

_]'5

[ Zf(t)e_j(_js)’dt = (]

Another, somewhat more useful relation is found by taking the Fourier transform of f{f)e= when x is
greater than the order of f{#):

“For a more complete discussion of the Laplace transform, see Chapter 5 of this Handbook.
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9«*[ f(t)e"“] (2.4.6.2)

=[]

x+jy
In particular,
FDe= 1, = LA, .

The inversion formula for the Laplace transform can be quickly derived using relation (2.4.6.2). Let
B be any real value greater than the exponential order of f{¢) and observe that, letting

Fy(s) = L[f1)]

s

then, by relation (2.4.6.2)

F(B + jo) = F[Ae? 1, ,

and so,
f(t) = eﬁtf(t)e_ﬁt

Pt %[f(T)e_BT] _

=
=P ;leg[f(T)e_ﬁr]

= ZaniF”(B +jw)e(ﬁ+jw)tdw.

t

e’ dew
w

This formula can be expressed in slightly more compact form as a contour integral in the complex plane,

)= [r)] = ] Rl

Alternatively, it can be left in terms of the Fourier inverse transform,

f1) = LAE()]], = e FUF(B + jo)], .

2.5 Reconstruction of Sampled Signals

In practice a function is often known only by a sampling of its values at specific points. The following
subsections describe when such a function can be completely reconstructed using its samples and how,
using methods based on the Fourier transform, the values of the reconstructed function can be computed
at arbitrary points.

2.5.1 Sampling Theorem for Band-Limited Functions

Assume f(¥) is a band-limited function with Fourier transform F(w) (see Subsection 2.3.7). Let 20, be
the minimum bandwidth of f{#), that is, £, is the smallest nonnegative value such that

F(w) =0 whenever @, < |o .

© 2000 by CRC PressLLC



The Nyquist interval, AT, and the Nyquist rate, v, for f(¢) are defined by

AT=— and vzizﬁ.
Q AT m

The sampling theorem for band-limited functions states that f{r) (and hence, also F(w) as well as the

total energy in f{#)) can be completely reconstructed from a uniform sampling taken at the Nyquist rate
or greater. More precisely, if 0 < At < AT, then, letting Q = /A,

d inl Q| t—nA
f(r)= Zf(@)%%) (2.5.1.1)
and, taking the transform

00

gz nAt e () (2.5.1.2)

where p,(w) is the pulse function,

A iflw<Q

pQ(w): %) if Q<‘w"

The energy in f(¥) is easily computed. Using equations (2.3.4.1), (2.5.1.2), and the fact that the exponen-
tials in formula (2.5.1.2) are orthogonal on the interval - Q< 0 < Q,

Dn[f

“on 25
i

=Ati flnnt)

n=—00

J’ f(rse) fx (mise)e e o

(2.5.1.3)

DnDZ

‘ant 20

To see why formulas (2.5.1.1) and (2.5.1.2) are valid, let F () be the periodic extension of F(w),

N _EF(w), if —Q<w<Q
F(a)) - Eﬁ(aﬁ ZQ), for all w '

Observe that 202 is a bandwidth for f{¢), and so,
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szaﬁ(w)’ iqu} 2.5.1.4
() %} if_Q<M' (25.14)

This can be written more concisely using the pulse function as

He=Helo )

From this it follows, using convolution, that

[bin(Qt)

1) =5 Hlpalal]| = () D@TQ, @5.15)

where }(t) denotes the inverse transform of ﬁ(co). By formula (2.3.9.14),

f(1)= iC,ﬁ(t - nit), (2.5.1.6)
where
AT = E =At
20
and, using the above,
I ]nArwdw
ZQ
_mb1 -
Q ETJ- e/ twdo"%
= At f(nne)

Combining this last with equations (2.5.1.5) and (2.5.1.6), and using the shifting property of the delta
function, yields

Ehm(Qt)

%
ZAtf nAt t nit) [} g@é

sm( t— nAt))

ZAtf nAt n(t nAt)

which is the same as formula (2.5.1.1).
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2.5.2 Truncated Sampling Reconstruction of Band-Limited Functions

Formula (2.5.1.1) employs an infinite number of samples of f{¥). Often this is impractical, and one must
approximate f(#) with the truncated version of formula (2.5.1.1),

sm t nAt))
Z,f Qt "y (2.5.2.1)

where N is some positive integer. The pointwise error is

N sin _Q(t— nAt))

ey(t)=1(1)- Zf ("Af)g(t_,w)

n=—

If f{¥) is a band-limited function, then the sampling theorem implies that

Sin(_Q(t— nAt))

EN(t) ) f(nAt) .Q(t - nAt)

N<| n‘

and it can be shown that

sinz(Q(t— nAt))

‘sN(t)‘z B2 , (2.5.2.2)

T & fzz(t—nAt)2
where E is the energy in f{¥). In addition, if the samples are known to vanish sufficiently rapidly, then

one can use

‘s (¢ \ c‘ ‘f nAt‘ . (2.5.2.3)

\/N< n‘

This last bound is a uniform bound directly related to expression (2.5.1.3) for the energy of a band-
limited function. It can be derived after observing that &,() can be written as a proper integral,

Sin(_Q(t— nAt))

EN(t) = f(nAt)_Q(t—nAt)

N< n‘

nAtw  jax
Z f(nAt 26 J’ I 0 ey
N<n‘
0 O
i L
2Q -0 ar E

Using the Cauchy-Schwarz inequality,
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2

o0 O

‘sN(t)‘z = 4;2 _QD 2 f(nAt)e‘f"At“’Elef‘“dw
1 = Q 2 Ep Q 0
. .2
< 07 %[Qqu(nAt)e_]"M" dwﬁ[ge’”’ dw%
, O . O
=70 f(mae) 252%29)
T

as claimed by equation (2.5.2.3).
Example 2.5.2.1

Suppose f(¥) is a band-limited function (with bandwidth 20Q) to be approximated on the interval —-L <
t < L. Suppose, further, that an upper bound, E, is known for the energy of f{¢). Let N be any integer
such that L < N At. Then, for —L < ¢ < L, using inequality (2.5.2.2) with well-known bounds,

sinz(Q(t— nAt))

‘EN(t)‘z < EQ '

T & .Qz(t—nAt)

< 2B, 1

- e +1(L—11At)2

(26 (7 1
L2 x=N(L—xAt)2

_2E, 1

T At(NAt—L)

_ 2

- (Nae- 1) Fo-

Thus, to ensure an error of less than 0.05 - E, , it suffices to choose N satisfying

s, o
ﬁm% <0.05

or, equivalently,
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800
——+ L<NAt.
m

Example 2.5.2.2

Suppose that f(#) is a band-limited function (with bandwidth 20) whose transform, F(w), is known to
be piecewise smooth and continuous. Assume further that, for some A < oo, |F '(w)| < A for all values of
. Then, for each 1,

()= 5] |
L I_‘;jpr(w)efwdq

1 Q

So, for each #,

and inequality (2.5.2.3) becomes

_ 2A%
NAt

2.5.3 Reconstruction of Sampled Nearly Band-Limited Functions

Often, one must deal with a function, f{(#), which might not necessarily be band-limited, but is “nearly”
band-limited, that is, letting

Fo(w) = F(w)p, and f(t) = g_l[FQ(a))]‘t )

one can always choose Q < o so that

I

F(w)—FQ(w)‘d w:J’ F( o)‘d w (2.5.3.1)

Q<
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is as small as desired. Because

1 00
< =
t 27-[_[—00

it is clear that f,(#) can also be made as close to f{£) as desired by a suitable choice of Q. Any value of
20 that makes (2.5.3.1) “sufficiently small” is called an effective bandwidth. For such a function it is
reasonable to expect that if Q is an effective bandwidth and At = 7/, then the interpolation formulas,

F(w) - K, (a))‘d w,

)= fale) =7 )l )

© in(Q|t—nA
£i(r)= Z f(nAt)sm(()(t(inAt)t)) (2.5.3.2)
will be a good approximation to f{#). Starting with the trivial observation that
) = f(1) + f(1) = fo(1) + fol2) — fs(1),
one can derive
(1) = f(1) + &) = &(9), (2.5.3.3)
where
o= ke
o sin{ Q¢ —nlAt
é“t(t) = :Z:(nm) 0 (t(_ nAt) ))
and

1

Fom Q<wF(a))ej“’”mala).

s(nAt) = 9?‘1[(1 - P (w))F( w)]

Error estimates can be obtained from equation (2.5.3.3) provided it can be shown that &(n Af) vanishes
sufficiently rapidly as n — oo. As Example 2.5.3.1 illustrates, finding such error estimates can be quite
nontrivial.

Example 2.5.3.1

Suppose f(¥) is an infinitely differentiable, finite duration function with duration 2T. Since f{¢) vanishes
whenever |t| > T,

fs(t)znif(nAt)W' (2.5.3.4)

where N is the integer satisfying
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NAt< T<(N+ 1At

To avoid triviality, it may be assumed that At < Tand N> 1.
By continuity f{#) and each of its derivatives must vanish whenever |¢| > T. Also, for each positive
integer, m, there is a finite A,, such that

for all ¢. Thus, for each nonnegative integer, m,

il

L
= U—Zf(m) (t)e_jwtdt

. (2.5.3.5)
sJ’_TAmdt
=2A,T.
Likewise, if m > 2,
W)= é{ilm(g(t))é =o 9+ <5, @536

where
B, =2mA,_ T+ A, T

It follows from inequality (2.5.3.5) that F(w) is absolutely integrable (and hence, nearly band-limited)
and that, for m > 2 and any ¢,

3 Mp(w)ewd%; )i

slj' 2A, Tw "dw
m)o (2.5.3.7)

2A T
(m—l)r[

Ql—m

=C At"!
where

c o= 2A, T
" (m—l)r[m .
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Thus, in particular, for any positive integer, k,

)= g, Hek =z ar

Two bounds for &(n Af) can be derived. First, using inequality (2.5.3.7),

g(mt)=21nh ‘ F(w)emrda{scmm—l
Q<w|

provided m > 2. For n = 0, observe that
e(n AY) = g,(n AY) + e.(n A1),
where

+oo

(nAt) 2171 i F(w)ej“’"mdw.
Using integration by parts and inequalities (2.5.3.5) and (2.5.3.6),
e, ) = L *""F(w)efwnmd{
l +inAt l " nlAt
el - ko

Tom
O ® O
<12 pmare (B wrd
271 t " nlt Jo " (/.E

1 Uy 0

1-

_ 1 m
Zmﬁf Atm 1)B’"Q %

for any integer, m > 2. Because ArQ = 7w and At < T, this reduces to

Et(nAt)‘ < 21”DmAtf"‘2 :
where

(12

D, = n’mH;[AmTZ M

m-—

S0
1mH
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Thus, for all n= 0 and m > 2,

‘s(nAt)‘ <1p a2, (2.5.3.10)

n

Next, observe that

&(1) = Su(1) + Sy(1)

)= 2N 18 A sin Q(t—nAt))
=3 o)
()= oy sin _Q(t-nAt))
) 2N+1n( ) ot -nt)

Using inequality (2.5.3.9),

2N+1

sl)e 3 o)
< ‘e(o)‘ +‘g((2N +1)At)‘ +‘s(—(2N +1)At)‘

+ S (o) f o)

2N

<3C,,, At +2 Z C,,, A

sin(Q(t— nAt))
EENE

= C,.,(30¢ +4NAr)Ar*

<7TC,,,At"

for any positive integer, k. Next, because of inequality (2.5.3.10) and the fact that T'< (N + 1)Ag, it follows
that, for |¢| < Tand k> 1,
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sin(Q(t —nAt))

s(r)< 5(”Af)g(t_nm)

2N+1<‘ n‘
o0

<2 ; Ip. a1
AN Q(nAt—‘tD

[}

<2 leﬂAt"‘l 1
a andn-(N+1))

00

2 ) 1
_I—TDk+1Afk 1n:;+2n(n—N _1) .

But,
1<J’ o
L n(n—N—l) 2N+ x(x—N—l)
-1 In2+1
N+1 N
2
< :
N+1
So,
2 1l 2 4 k
‘Sz(t)‘ < Dbt o < Dbt
Combining the bounds for |S,(#)| and [S,()| gives
(1) < ISi(D)] + 1S,(0)| < Atk (2.5.3.11)

for |t/ < Tand k > 1, where

k+1 "

4
E =71C,,,+—D
k k+2 m—v

Combining (2.5.3.3), (2.5.3.8), and (2.5.3.11) gives an error estimate for using f,(¢) as an approximation
for f(f) when |¢| < T,

()] + (D)) < [Cruy + EJAL,

FORFAGIES

where k is any positive integer. In terms of the effective bandwidth, Q = z/At, this becomes

1) - fi(0)] = o2,
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confirming that f(¢) can be made to approximate f{#) on —T < ¢t < T as accurately as desired by taking
the effective bandwidth, Q, sufficiently large.

2.5.4 Sampling Theorem for Finite Duration Functions
Assume () is of finite duration with Fourier transform F(w) (see Subsection 2.3.6). Let 2T, be the
minimum duration of f{¥), that is, T is the smallest nonnegative value such that

f(t) =0 whenever T, < |t|.

The sampling theorem for functions of finite duration states that F(w) (and hence, also f{¢) can be
reconstructed from a suitable uniform sampling in the frequency domain. More precisely, if 0 < Aw <
AQ where AQ denotes the “frequency Nyquist interval,”

AQ= Tl
0 i)
then, letting T = n/Aw,
© sin{T{w-nAw
F(a)) = :_MF(nAw) 7(“((EJ—nAw) ))

and, taking the inverse transform,

1(0)= 3 Hona)5e2ereern (1)

n=—o0

The energy in f{(¥) is

E= g‘;nz_mF(nAw)Z .

2.5.5 Fundamental Sampling Formulas and Poisson’s Formula

As long as either f{(¥) or its Fourier transform, F(w), is absolutely integrable and has a bounded derivative,
then

0 00

Ath(t—nAt)= ZF(nAa))ej”A“” (2.5.5.1)
and
2;‘1’ i How-nbw)= i f(nat) eimae (2.5.5.2)

n=—oo n=—oo
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where Arand Aw are positive constants with ArAw = 2. Using these formulas it is possible to derive the
sampling theorems for band-limited functions and for finite duration functions. While these formulas
are not valid for periodic functions, they can be used to derive the classical Fourier series expansion for
periodic functions and hence, can also be viewed as generalizations of the Fourier series expansion for
periodic functions. Letting ¢ = 0 in formula (2.5.5.1) yields Poisson’s formula,

00 00

Atz f(nar) = ZF(nAw). (2.5.5.3)

n=—0o n=—oo

These sampling formulas can be derived by a fairly straightforward use of properties of the delta and
the comb functions along with the use of the convolution formulas of Subsection 2.2.9. Let

¢(1) = f* comb,(2).
Because of the properties of the delta functions making up the comb function,

00

di)=S 70 )= s(r-nm).

n=-—oo n=—oo

The Fourier transform of ¢() is
(,U(w) =9F[f [bombm(t)] ‘

= F(w)chombAw( o%

=00 Ho)q o

n=—oo

=00 Hia)d o-nn o)

n=—co

Thus,

At i f(t - nAt) = At(p(t)

n=—oo

= ?‘1[Atw(w)]

t

5 émwik‘(m(u)é(w—m o)é

n=—00
t

t

ZHiF(m w)%e*‘l[ £ w-nt aﬂ

i F(nAw) e/"het

n=—00
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which is formula (2.5.5.1)
Similar computations yield formula (2.5.5.2).

Example 2.5.5.1 Evaluation of an Infinite Series
To evaluate

- 1
,1=ZO1+”2 '

observe that

00

Y=Y )

n=—o0

where

F(w)=1+1w2 and Aw=1.

The Fourier inverse transform of F(w) is f{f) = e7!11/2, and so, by Poisson’s formula,

Z 1+1n2 - Z F(nbw)

0

= ZHZ f(n2n)

n=—o0

:27‘[ le-‘nb’r‘
2

<o +3 () 2

The last summation is simply a geometric series. Using the well-known formula for summing geometric
series,

0 1 _ZnEh-+ e—2n E'=F1+e—2n
n:Zool+n2 % s I

2.6 Linear Systems

Much of signal processing can be described in terms of systems that can be readily analyzed using the
Fourier transform. This section gives a brief introduction to such systems and how Fourier analysis is
employed to study their behavior.
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Mathematically, a system, S, is an operator that takes, as input, any function, f,(%), from the set of
functions pertinent to the problem at hand (say, finite energy functions) and modifies the inputted
function according to some fixed scheme to produce a corresponding function, f,(#), as output. This is
denoted by either

S fl(®) = fo()

or

fo() = SL(D)].

As indicated, the input function and corresponding output function will, throughout this section, be
denoted via the “I” and “O” subscripts. The output, f,(¢), is also called the system’s response to (7).

2.6.1 Linear Shift Invariant Systems

A system, S, is said to be linear if every linear combination of inputs leads to the corresponding linear
combination of outputs. More precisely, S is linear if, given any pair of inputs, f,(#) and g(), and any
pair of constants, a and S, then

Slaf(1) + Bgn)] = afo(t) + Bgo(?).

A system S, is said to be shift invariant if any shift in an input function leads to an identical shift in the
output, that is, if

S[fi(t = )] = folt = 1)

for every real value of #, and every allowed input, f,(f). Other terms commonly used instead of “shift
invariant” include “translation invariant,” “time invariant,” “stationary,” and “fixed.”
An LSI system is both linear and shift invariant. If S is an LSI system, then, using both linearity and

shift invariance, the following string of equalities can be verified:

1,0, =] e fe-sJo

=J-—°:ofl(s)s[gl(t_s)]ds (2.6.1.1)
[ Aol s
=fi Dgo(t)-

Given an LSI system, S, the system’s impulse response function, usually denoted by h(), is the output
corresponding to an inputted delta function,

h(1) = S[8(1)].
The transfer function of the system is the Fourier transform of the impulse response function,

H(w) = F[h(D], .
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Combining equation (2.6.1.1) with the fact that f; * 6(¢) = f,(¥) leads directly to the following important
formula for computing the output of a system from any input:

fo(8) = SIFD] = f; * h(2). (2.6.1.2)
Taking the Fourier transform gives the equally important formula
Fo(w) = F(w)H(w), (2.6.1.3)
where F,(w) and F,(w) are the transforms

Fo(®) = F[fo(D]l, and F(w) = FIf(1], -

Formulas (2.6.1.2) and (2.6.1.3) show that the effect of an LSI system on a signal is completely determined
by either the system’s impulse response function or the system’s transfer function. One advantage of
knowing the transfer function is that, in many cases, the transfer function provides better intuition on
the effect the system has on inputted signals. Also, in many cases, the actual computations are easier
using the transfer function instead of the impulse response function. Both advantages are illustrated in
Example 2.6.1.1.

Example 2.6.1.1 Ideal Low-Pass Filter

An ideal low-pass filter with cutoff frequency © (and zero delay) is an LSI system characterized by the
transfer function

H, if ‘w‘ <Q
PQ : %) ‘ '
The impulse response function is
sin| Q¢
R

Given an input signal, f(#), with Fourier transform Fy(w), the corresponding output, f,(%), is the inverse
transform of

wHw:EF(w), if M<Ql
() () é) if Q<‘w‘

Clearly, this system passes, unaltered, the frequency components of f,(#) corresponding to frequencies
below the cutoff while completely suppressing the frequency components of f,(#) corresponding to
frequencies above the cutoff. For example, if

1(2) = sin(wyt),
then
Fw) = F[sin(w)]|, = -jz[8(e - o) - 8(w + )]

Thus,
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)= { o a)- o 9)]1)9
= po(){ & @)-rpa(- &) b )
Erfﬂ[d(‘*% far g 1t | ge0

i Q<‘w‘

and

_@in(wot), if ‘wo‘<Q
t_é), if Q<‘w0"

Alternatively, f,(#) could have been computed using the impulse response function,

fo(t) =g Fo(a))

[

fo(r) =sin(w,) Dﬂ J’ a—jsm ws)sm( (e- s))d

In many applications it is convenient to write the transfer function in the form
H(w) = A(w)ei%®)

where A(w) and 6(w) are real-valued functions (called, respectively, the amplitude and phase of H(w))
with A(w) often assumed to be nonnegative.

Example 2.6.1.2
In the simplest case, A(®) is constant and ¢(w) is linear,

A(w) = A, and ¢(0) = 7o.
In this case,
fo(1) = FHF(0)Age707], = Aofi(t = 1)
Thus, a system with transfer function
H(w) = Aje-i70®
amplifies each inputted signal by A, and delays it by .

2.6.2 Reality and Stability

An LSI system is a “real” system if the output is a real-valued function whenever the input is a real-valued
function. In practice, most physically defined systems can be assumed to be real. An equivalent condition
for a system to be real is that the impulse response function, h(z), of the system be real valued. By the
discussion in Subsection 2.3.1, if the system is real and the transfer function is given by

H(w) = A(w)e),
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where A(w) and 6(w) are the amplitude and phase of H(w), then

h(t) = 711_]’: A(w)cos(w:— 6( o.))d @

An LSI system is stable if there is a finite constant, B, such that
fo(®)| < BM for all ¢
whenever
f(1)| <M forall .

It can be shown that a system is stable if and only if its impulse response function, h(z), is absolutely
integrable and that, in this case,

h(t)‘dt .

B= J'
It follows from the discussion in Subsection 2.3.2 that if the transfer function, H(w), is not bounded and
continuous, then the system cannot be stable.

Example 2.6.2.1
Let S be the ideal low-pass filter of Example 2.6.1.1. Because the impulse response function,

h(t) = ;sin(Qt),

is real, so is the system. This is obvious because, if a given input, f(¢), is real valued, so must be

folt)= £,00(t) = I Zf,(s) n(tl_ S)sin(Q(t—s))ds.
Because the transfer function,

H(w):pg(w)=§;, " k<o

is not continuous, the system cannot be stable. This is easily verified using the input function

Eﬂ, if Osisin(Qt)

filt)=0 .
() %—1, if isin(Qt)<0

Clearly,

(D <1 forall ¢,
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but

flH(=s)= sin(e2

N

forall s.

Thus,
fo(o) =fi Dh(O)

= J’ O;f,(s)h(o —s)ds
.

=00,

1sin(Qs) ds

2.6.3 System Response to Complex Exponentials and Periodic Functions

Let Sbe an LSI system with impulse response function k(z) and transfer function H(w). Because F[e/o]|,
=270(0 — w,),

S[eijt] :9?‘1[2716( w- ag)H( uﬂ
:9?'1[2715( w- ag)H( og)]

= H(wo)ejw"t .

t

(2.6.3.1)

t

By this it is seen that the complex exponentials are eigenfunctions for S and that the transfer function
gives the corresponding eigenvalues.
If £,(¥) is a periodic function with period p and with Fourier series

jnAwt

ce ,
n

n=—co

where Aw = 27/p, then, from equation (2.6.3.1) and the linearity of the system,

s[ f,(t)] = ian(nAw)ej”A(‘” . (2.6.3.2)

n=—oo

In particular, for « > 0,

S[cos(at)] =;[H(a)ej“‘ +H(—a)e‘j“ f] (2.6.3.3)
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and
. 1 - it
S[sm(at)] =2j[H(a)eJ“ —H(—a)e “ ] (2.6.3.4)
If Sis a real LSI system, then the imaginary parts of (2.6.3.3) and (2.6.3.4) must vanish. Using this
fact, it can be shown that
S[cos(at)] = A(a) cos(at — 6(cr))
and
S[sin(at)] = A(a) sin(at - 6(w)),
where A(w) and 6(w) are the amplitude and phase of the transfer function,
H(w) = A(w)e7%@),

Example 2.6.3.1
Let S be the ideal low-pass filter from Example 2.6.1.1 with transfer function

H(w):pg(w):gf)” :g"jj

For this example assume 2 = 20.5 = and let f,(¢) be the sawtooth function from Example 2.3.9.1. As seen
in that example, Aw = 7 and

From this and equation (2.6.3.2) it follows that

fo(t) = Zo(_l)nnjﬂejnm .

nz0

The graphs of f(#) and f,(#) are sketched in Figures 2.8 and 2.9, respectively.

2.6.4 Casual Systems

A function, f(¥), is said to be “casual” if
f(t) =0, whenever < 0.

An LSI system, S, is said to be “casual” if the response of the system to every causal input is a causal
output. By shift invariance, this is equivalent to defining S to be casual if

© 2000 by CRC PressLLC



FIGURE 2.8 The saw function.

FIGURE 2.9 Low-pass filter output from a saw function input.
f(t) =0, whenever t < t,
implies that
fo(t) = S[fi(1)] = 0, whenever ¢ < g,
for any real value of &,

If Sis a causal system, then its impulse response function, h(¢), must also be causal and formula
(2.6.1.2) for computing the response of a system to an input f,(¢) becomes

L= [ A

or equivalently,

)= e
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If the input is also causal, then these further reduce to

Folt)= [ E)le=)es
and

folr)= J; t £t =s)n(s)ds.
2.6.5 Systems Given by Differential Equations

Often the output, f,(¢), of a system, S, is a solution to a nonhomogeneous ordinary differential equation
with the input being the nonhomogeneous part of the equation,

ZA;’ A=)

As long as the A,’s are constants, it is easily verified that Sis an LSI system. The impulse response function,
h(t), must satisfy

N

d'h
Z A a(t). (2.6.5.1)

The general solution to (2.6.5.1) can be written

h(8) = (1) + y (1),

where y(¢) is the general solution to the corresponding homogeneous equation,

ZA"d Y =0, (2.6.5.2)
£ dt"

and k(1) is any particular solution to (2.6.5.1). After a particular solution is found the undetermined
constants in y(f) must be determined so that the resulting

h(t) = h(1) + y (1)

satisfies any additional constraints on the output (causality, finite energy, etc.).
The particular solution, h,(%), can be found by taking the Fourier transform of both sides of (2.6.5.1).
Using identity (2.2.11.6) gives an equation for H,(w) = 9[hp(t)]‘w ,

N

ZAn(jw)an(w)=l. (2.6.5.3)
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Dividing through by

plo)= iAn(jw)"

gives

f%@OZL@J, (2.6.5.4)

which is a rational function of w. Taking the inverse transform of H,(w) (using, say, the approach
described in Subsection 2.3.1.4) then yields h,(%).

Example 2.6.5.1 illustrates a common situation in which the obtained 5,(¢) already satisfies the addi-
tional conditions and, thus, can be used directly as the impulse response function. In Example 2.6.5.2,
h,(1) is not a valid output and, so, a nontrivial solution to the corresponding homogeneous equation
must be added to obtain the impulse response function.

Example 2.6.5.1
Let the output f,(#), corresponding to an input, f(¢), be given by the finite energy solution to

y(t) = ce + e,
while the impulse response function must satisfy
fﬁ—h—dﬁ (2.6.5.5)
12 . .6.5.
Letting h,(#) denote a particular solution and taking the Fourier transform of both sides yields
-0?H,(0) - H(w) =1,

which, after some elementary algebra, reduces to

H (o) = 1:;2 .

The inverse transform of this can be computed directly from tables:
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1,02 0 _ 1,
hp(t)— E% +w2E - E@

The general solution to (2.6.5.5) is the sum of h,(7) and y (),

1 - _
hg(t) = —Ee i +ee' tee’

but, clearly, the only way h(#) can be a finite energy function is for ¢; = ¢, = 0. Thus, the impulse response
function and the transfer function for this system are

h(t) = —; e_‘ 1
and
Hle)= 7o

Example 2.6.5.2
Assume S: f() — fo(?) is a causal system for which the output satisfies

&y |

2+ fo= 1)

The solution to the corresponding homogeneous equation,

y(t) = ¢, cos(t) + ¢, sin(1),
while the impulse response function must satisfy
fﬂ+h—dq (2.6.5.6)
12 . .6.5.
Letting h,(#) denote a particular solution and taking the Fourier transform of both sides yields
-0?H,(0) + H(w) =1

which, after some elementary algebra, reduces to

1 101 1 0
Hp(w)— > =50 - 0
1-w* 2w+l w-1pg
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Using either the tables or formula (2.3.14.1),

O O 1.
jt i
2 % sgn e sgn( )EF 2sm(t)sgn(t).
The general solution to (2.6.5.6) is then

hg(t) = hp(t) + yc(t) = %sin(t)sgn(t) + clcOS(t) +c, sin(t) :

Because Sis a causal system and 6(z) = 0 for < 0, the impulse response function must vanish for negative
values of ¢ Thus, ¢, and ¢, must be chosen so that for ¢ < 0,

hg(t) = %sin(t)sgn(t) + chOS(t) +c, sin(t)

\ -

= ECZ —;E;sin(t) + clcos(t)
=0.

Clearly, ¢, = 0, ¢, = 1/2, and the impulse response function is

h(t) = %sin(t)sgn(t) + %sin(t) = Sin(t)u(t) .

The transfer function is
H(w) =@[sin(t)u(t)]
NN . O 0O . X
S e

= 1_1w2 +jg[5(w+1) —6(w—1)] :

w

2.6.6 RLC Circuits

Consider the electric circuit sketched in Figure 2.10. This circuit consists of
A resistor with a fixed resistance of R ohms,
An inductor with a fixed inductance of L henries,
A capacitor with a fixed capacitance of C farads, and
A time varying voltage supply providing a voltage of E(f) volts.

The charge on the capacitor at time ¢ will be denoted by g(#) and the corresponding current in the circuit
by i(£). The charge and current are related by
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L
E®)
R
FIGURE 2.10 A simple RLC circuit.
. dq
t)=—.
l( ) dt
By Kirchloff’s laws
dq  _dq 1
L—+R—+—g=El¢]. 2.6.6.1

For a physical circuit R must be positive and L and C cannot be negative. Also, it is reasonable to assume
that no charge accumulates on the capacitor if no voltage has previously been provided. Thus, g(#) can
be viewed as the output corresponding to an input of E(¢) to a causal LSI system. The impulse response
function, A(%), to this system satisfies

&h, pdh 1 (1) (2.6.6.2)

L—+R—+ h=9
dr? dt C

If the inductance and capacitance are nonzero, then straightforward computations, similar to those
done in the examples of Subsections 2.6.5 and 2.3.14 lead to

= i[eﬂ’ - e_ﬁ’] e_mu(t)
218
and

-C
LCw® -jRCw-1

Sedog Lo 1 g
e st eod oA

where

DRD21
0

a - R and B =
2L L LC
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It should be noted that, because the real part of o + 8 is positive, h(¢) is bounded by a decreasing
exponential on 0 < . Hence, k(%) is absolutely integrable and the system is stable.
In practice, the current, i(), is often of greater interest than the charge on the capacitor. Because

it follows that the current is given by a system with impulse response function

1)=()= Ll -e)e (vl ]y

and transfer function

Hi(w) =jaH( a) - Lsz_j?}géw—l '

In either case the response of the system to the impulse function will depend on whether S has an
imaginary component. If 8 does have a nonzero imaginary component, the unit impulse response will
be a sinusoidal function with an exponentially decreasing envelope. If the imaginary part of § is zero,
then the response is simply a linear combination of decreasing exponentials.

2.6.7 Modulation and Demodulation

Let f(¢) be any band-limited function with bandwidth 202 , and let @ and ¢, be real constants with Q< o, .
The product

¢(t) = fl)ycos(o,t - 1)

is the “modulation of the carrier signal, cos(w, — 1), by f(#).” The extraction of the modulating signal,
(1), from the modulated signal provides an especially nice example of the application of Fourier analysis
in signal processing.

To extract f{#), first multiply g(#) by the carrier signal. This gives

g(t)COS(th— to) = f(t)cosz(wct— to)

f(t)% +;cos(2wct —2t0)§
= ;f(t) +;f(t)cos(2wct - 2t0) :

Using the basic identities, the Fourier transform of this is found to be

o) e o2 e fan

=gl Homzo)ee w2 o]
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FIGURE 2.11 Translations of the transform of a band-limited function.

Sketches of F(w), F(o - 2w,), and F(o + 2w are given in Figure 2.11. Observe that because f{(¢) is a
band-limited function with bandwidth 2Q and Q < o, if H(w) is any band-limited function with
bandwidth 20, satisfying 2, < 2w, - Q, then

b o)+ 2o =200 e Har+ 200 )| a() = Floo) ()

In particular if H(w) is the perfect low-pass filter of Examples 2.6.1.1 and 2.6.3.1,

LCR v
with
N<Q,<20,-Q,
then

(1

b Fo)+ Do leo-200) e Harr 200 () =5 Flo).
Thus, the signal

8(1) = (1) cos(a.t - 1)

can be perfectly demodulated (i.e., f{¥) can be completely extracted) by first multiplying the modulated
signal by the carrier and then passing the result through an appropriate ideal low-pass filter.

2.7 Random Variables

Because noise is an intrinsic factor in real-world systems, random variables play an important role in
the mathematics of practical engineering problems. As illustrated in this section, the Fourier transform
is a useful tool in analyzing signals containing a significant random component and in extracting usable
information from these signals.
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2.7.1 Basic Probability and Statistics

A nonnegative function, p(x), is a probability density function if it satisfies

Jip(x)dx =1.

Such a function is absolutely integrable and so its Fourier transform, P(y) = F[p(x)]
uous and must satisfy P(0) = 1 (see Subsection 2.3.2).

If x denotes the outcome of a random process governed by the probability density function p(x) and
if -0 <a< b< oo, then

,» must be contin-

[[ s

is the probability that x is between a and b. The “mean” or “expected value” of x, is denoted by either u
or E[x], and is given by the first moment of p(x),

p= = [l

The variance of x, denoted by either o2 or Var[x], is the second moment of p(x) about its mean,

ot =varl = [ =4 e

and the standard deviation, o, is the square root of the variance. More generally, if f{x) is any function
of x then f{x) is a random variable with expected value

= (] = el

and variance

Ao A

Var[ f (x)] = Ji

In particular, Var[x] = E[|x — u|?]. It is easy to show that the variance of x, 2, is directly related to the
first and second moments of p(x),

. - o d
o?= E[xz] -l =Imx2p(x)dx - El[wxp(x)dxg .

It follows from the discussion in Subsections 2.2.11 and 2.2.12 that if p(x) is a probability density
function, then the corresponding mean, expected value of x?, and variance can be computed from the
density function’s transform, P(y) = F[p(x)]], , by

u = iP'(0), (2.7.1.1)
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E[x?] = - P"(0), (2.7.1.2)
and
c?=[P'(0)]? - P"(0). (2.7.1.3)

Example 2.7.1.1 The Normal Distribution
A normal (or Gaussian) probability distribution is given by the density function

e T

where a > 0. Using the tables it is easily verified that

ol 1. 0O
= —y° —ix
p%l'4ay ]oJ’EF

Furthermore,
P(0) =1,
P’(y) = -E%ay % EP(y) )
and

pP" (y) = 4;2 gy +j201x0)2 -2a %(y) .

Using formulas (2.7.1.1) through (2.7.1.3) to compute the mean and variance,

= jP'(0) = - j(0 + jxo) P(0) = x

B =-P(0)= —4(172 go +j2ax,) - 2a éﬂ(o) X2 +2101
and

a?=[P(0)] - (o) :2101.

Replacing x, and o in the above formulas for p(x) and P(y) it follows that the normal probability
distribution with mean u and standard deviation o is given by the density function

EFD
=, e 1
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and that its Fourier transform is given by

P(y) =Eexp Er;(ﬂy)z -J'WE

Example 2.7.1.2 The Binomial Distribution

Consider a process consisting of » repetitions of an experiment with exactly two outcomes, “success” and
“failure.” Let p, be the probability of “success” and ¢, the probability of “failure” in one experiment
(hence, p, + q, = 1). Such a process is governed by the binomial probability density function

with

b h(d
dx = k ek
Lp(x) x Zb AP

being the probability that the number of “successes,” x, satisfies a < x < b.
In example 2.3.10.3 the Fourier transform of this function was found to be

P(y) = (poe™ + go)".

Assuming that n > 1,

P'(y) = —jnpe™ (poe™ + go)"*
and

P"(y) = —npoe ™ (npge™” + q5) (poe™ + qo)">.
Thus,
P'(0) = —jnp, and P"(0) = —npy(np, + qo).
So, using formulas (2.7.1.1) through (2.7.1.3) to compute the mean and variance,
p = jP'(0) = npy,

E[x*] = =P"(0) = npo(nps + go),
and

o? = [P'(0)]* = P"(0) = npyg,.

2.7.2 Multiple Random Processes and Independence

Let x; and x, denote the outcomes of two random processes governed, respectively, by probability density
functions p,(x;) and p,(x,), and with corresponding means y, and p,, and corresponding standard
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deviations o; and o,. Taken as a single pair, (x;, x,) can be viewed as the outcome of a single two-
dimensional random process. This process will be governed by a probability density function of two
variables, g(x;, x,). Given any —o < g; < b; < o0 and —oo < g, < b, < o, the probability that both

a, <x,<b and a,<x,< b,

J.blj.bz q(xl, xz)dxldx2 .
K L]

In general, the relationship between the joint density function g(x,, x,), and the individual density
functions, p,(x;) and p,(x,), depends strongly on the relationship that exists between the two random
processes. If x; and x, are, in fact, the same, then

q(x1, x;) = p1(x1)8(x, — x7). (2.7.2.1)
If the two random processes are completely independent of each other, then, for all values of x; and x,,

(%1, x,) = p1(x1) pa(2). (2.7.2.2)

Example 2.7.2.1

Let x denote the number of heads resulting from a single toss of a fair coin, and let x;, and x, be the
number of heads reported by two perfectly accurate observers, each observing the single toss of a fair
coin. The probability density function for x, p(x), is well known to be

p(x) = ;5(x) +;5(x —1) .

If both observers are observing the same coin toss, then x; = x, and, according to formula (2.7.2.1),
the joint probability density function is

qsame(xl' xz) = %5(961) +;5(x1 _1)§dx2 - xl) . (2.7.2.3)
Note that if o is any real number and ¢(x;, x,) is any two-dimensional test function, then
J:ZJ-:5(xl - 0{)5(x1 - xz)(((xl, xz)dxldx2 = (é a ca

:J__oo _°° 5(xl -a,x, —CY)(D(le xz)dxlde :

This shows that, in general,
O(x; — @)8(xy — %) = 6(x; — @, x, — @),

which, in turn, verifies that formula (2.7.2.3) is completely equivalent to the formula
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qsame(xl, x2) = %5(x1, xz) +%6(x1 -1,x, —1) :

obtained by elementary probability theory.
On the other hand, if the two observers are observing two different tosses of the coin, then the value
of x; and x, are independent of each other and the joint density function is

o) = 0]+ el ) )+ -0
= %5(x1)5(x2) ’% ) dx. 1)
"'%5(& —1)5(x2)+% 5(x1 —1) dxz —1),

which agrees with the formula

qindep(xl, xz) =%[5(x1, x2)+ 5(x1, X, —1)+ 5(xl -1, x2)+ 4x1 -1, x, -1)]

obtained by elementary probability theory.

Formula (2.7.2.2) gives the mathematical definition for x, and x, being independent random variables.
Assuming x; and x, are independent, the mean of the product is

E[ xlxz] = J::Jixlxz pl(xl) P, (xz)dxldx2

=J: xlpl(xl)dxlj-_ xzpz(xz)dx2 (2.7.2.4)
=M, -
Similar computations show that

Var[ xlxz] =olo?.

It should also be noted that the two-dimensional transform of the joint probability density is
Q()/lyz J‘ J‘ pl xl pz (xz) J(x171+x272)d dxz

=J:mpl(xl)e—jx1y1dxlj’_mp2 (xz)e-szyzdxz

Pl(yl)Pz(yz)

where P,(y,) and P,(y,) and the Fourier transforms of p,(x;) and p,(x,), respectively.
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More generally, any number of random variables — x;, x,, ..., x, — are considered to be independent
if the probability density function for the vector (x;, x,, ..., x,) is the product of the density functions
of the individual variables,

q(x1, %5 -y x,) = pr(x)pa() - polx,).

If x,, x,, ..., x, are independent, then the n-dimensional Fourier transform of the joint density function
is simply the product of the one-dimensional Fourier transforms of the individual density functions,

Q(xy, X, -ovy x,) = Pi(x) Py(x) -+ Po(x,),

and the mean of the product of the variables and the corresponding variance are merely the products of
the means and variances of the individual variables

E[xl'xZ xn] = Wyl

and
Var[xlxz---xn]zalaz---a :

2.7.3  Sums of Random Processes

Let x; and x, denote the outcome of two independent random processes governed, respectively, by
probability density functions p,(x) and p,(x), and with corresponding means y, and u,, and correspond-
ing standard deviations o; and o,. The sum of these two outcomes,

Xg = x1 + Xy,

can be viewed as the outcome of another random process, which is governed by the probability density
function

p()= [ nl=erufe) € =nr.(s)
If P,(3), P,(y), and Py(y) are the Fourier transforms of p,(x), p,(x), and p(x), then, by identity (2.2.9.3),
Py(y) = Pi(y)Po().
Thus,
P4(0) = P,(0)P,(0) = 1
and
P/ (0) = P,'(0)P,(0) + P,(0)P,'(0) = P,'(0) + P, (0).

From this last equation and equation (2.7.1), it immediately follows that the mean of x is the sum of
the means of x, and x,,

Hs = My + .
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Likewise, computing P,"(0) and using equations (2.7.1.2) and (2.7.1.3) leads to

E[xg] = E[xlz] + E[xZZ] +20 1,
and

ol=0l+0;.
More generally, if
Xg= X + X + 0+ Xy

where each x, denotes the outcome of an independent random process governed by a probability density
function, p,(x), and with corresponding mean and standard deviation, u, and o, then x, is governed by
the probability density function

ps(x) = py * pp * -+ * py(x)

and has mean and variance
Hs = Myt Ly oo+ py,
and
2 — 2 2 2
g,=0, +0, +--+0,,.

If Nis fairly large, the central limit theorem of probability theory states that under very general conditions,

O O
1 1 0e-p 0

Ps(x)~as \‘:;Texpg 2H o, EE

or, equivalently, that

Rp)=an ]| = lon) i

In practice, the “noise” in a system is often the result of a large number of random processes each of
which contributes a term to the total noise. According to the above discussion, it is not necessary to
describe each source of noise accurately. Instead, the aggregate can be treated as a random process
governed by a normal distribution.

2.7.4 Random Signals and Stationary Random Signals

A signal, x(¢), is “deterministic” if it can be treated, mathematically, as a well-defined function of ¢, that
is, if for each value of ¢ there is a single fixed value for x(£). The signal is “random” if, instead, for each
value of ¢, x(¢) must be treated as the outcome of a nontrivial random process.

Assume x(¢) is a random signal. For each value of ¢ there is a corresponding probability density function,
p(x, 1), with

© 2000 by CRC PressLLC



b
I p(x, t)dx
being the probability of a < x(¢) < b. The corresponding mean and variance,

E[x(t)] = u(t) =Jixp(x, t)dx

and

Var[x(t)] = az(t) =J’:(x - y(t))2 p(x, t)dx ,

are deterministic functions of . The Fourier transform of the density function is

P(y, t) :Jip(x, t)e_jxydx :

If the statistical properties of the process generating x(#) do not vary with ¢, then the process is said
to be a “stationary” random process. The corresponding signal will also be called “stationary” though its
value will certainly depend — in a random manner — on t. For a stationary random signal, x(), it is
reasonable to expect that the long-term time average of x(¢) will equal its mean, E[x] = u,

1T
p=lim _Tx(t)dt. (2.7.4.1)

Mathematically, it can be shown that, under fairly broad conditions, the probability that equation (2.7.4.1)
is not correct for a given stationary random signal is vanishingly small. Likewise,

and

1 A 2
2
o°=lim— ‘ - ‘dt.
T o ZTJ:T x( ) u

Thus, stationary random signals (with finite mean and variances) can be treated as finite power functions
(see Subsection 2.3.8). Given a stationary random signal, x(), the corresponding average autocorrelation
function is

T

ﬁx(t) = |TI[T3°21T _Tx* (s)x(t +s)ds .

The average power is
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and the power spectrum is

or, equivalently,

It should be recalled that one property of the average autocorrelation function is that

(p.(1) =.(-). (2.7.4.2)

Thus, if x(£) is a real random signal, then the average autocorrelation will be an even real-valued function.
So, also, will the power spectrum.

2.7.5 Correlation of Stationary Random Signals and Independence

The average cross-correlation of two stationary random signals, x(¢) and y(%), is

T

ﬁxy(t) =lim = x* (s)y(t + s)ds :

T-w2T J-r

or, equivalently,

'Bxy(t) - E[x* @‘fy]
where, for any o, ® , y denotes the translation of y by a,

0, y(s) = y(s - ).

The corresponding cross-power spectrum is

P, (w)=5]p, (1]

:f f)xy(t)e_jwdt.

It should be noted that

[P (] =tm e (e o
T
:ITmiT _Tx(s)y*(s+t)ds (2.7.5.1)
= ITlfrliT _TTx(a - t)y* (U)dU
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From Schwarz’s inequality, it follows that

o, 1] <2.0)o,(0)

A somewhat more general statement, namely, that for any —o < a < b < oo,

“}q@WQZﬁg@quQM)

can also be proven. This shows that if the power spectrum of a signal vanishes on an interval, then so
does cross-power spectrum of that signal with any other signal.

The average cross-correlation indicates the extent to which the two processes are independent of each
other. If, for example, x(¢) and y(£) are generated by two completely independent stationary processes,
then, following the discussion in Subsection 2.7.2,

f)xy(t) =g u, forallt

and

b (0)=2mi n 4

In particular, if one of the two independent processes has mean zero, then

ﬁxy(t) =0 forallt
and
P (o) = 0.
On the other hand, if y(#) = yx(t — ) for some pair, y and z, of real values, then

T

p.)=tm L[ <O reefes

Thus, even if the expected value of x() is zero,

pu0)=viim 3 [ o) as=ve o)

and the cross-power spectrum, P, (w), will not vanish.

Of particular interest is the average cross-correlation of a random signal, x(¢), with itself. This is the
same as the average autocorrelation of x(¢) and indicates the extent to which the value of x(t + «) can
be predicted from the value of x(c). If the expected value of x(£) is zero and, for every « and nonzero
value of ¢, x(¢f) and x(t + «) are outcomes of completely independent random processes, then x(¢) is
called “white noise.” For such a signal there is a constant, P,, such that
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p.[1)=rald
and
P () = P,.

2.7.6 Systems and Random Signals

Let S be a linear shift invariant system with impulse response function h(#) and transfer function H(w).
Assume the input, x(%), is a stationary random signal with mean x, and let y(¢) be the corresponding
output,

(1) = S[x(1)].
The output is also a stationary random signal. It is related to the input by
W) = o x()
or, equivalently, by
Y(w) = H(o)X(o),

where X(w) and Y(w) are, respectively, the Fourier transforms of x(#) and y(%). It should be easy to see
that the expected value of the output is directly related to the expected value of the input,

w, =[] =hi, = uxlih(s)ds -

The auto- and cross-correlations of the input and output signals are related by

p()=nDp,(1). (2.7.6.1)
p,(r)=nmp,(1). (2.7.6.2)

and
p(1)=(h*p,):). (2.7.6.3)
Taking the Fourier transforms of these relations gives the corresponding relations for the power spectra,
P (o) = H(w)P, (), (2.7.6.4)
P (o) = H(®)P (), (2.7.6.5)

and
P (o) = |H(o)|2P (o). (2.7.6.6)

Derivations of identities (2.7.6.1) through (2.7.6.3) are relatively straightforward. For identity (2.7.6.1),
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T

B, 1) =tim 5 [ (e e

=lim l‘ '_TTy* (S)[h O+ t)] ds

= ITiTole: y* (S)J’_wh(/\)x(s +t-A )d/\ ds

J' |m—J' p* s+t /\)dsgd/\

J‘_ wh()\)ﬁyx(t—/\)d/\

=hp,,(1).

Derivations of (2.7.6.2) and (2.7.6.3) are similar with the derivation of equation (2.7.6.3) aided by
identities (2.7.5.1) and (2.7.4.2).

Example 2.7.6.1
Let S be an LSI system with transfer function

Assume the input, x(¢), is white noise, that is, the power spectrum of x(#) is a constant,
P (w) = P,.

The corresponding output of the system, y(z), will have power spectrum

and autocorrelation

The mean squared output is then

1
'T'E‘lﬁj' o) ae=p,(0)= 1.

Example 2.7.6.2
Let S be the ideal low-pass filter from Example 2.6.1.1 with cutoff frequency Q. The transfer function is
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H(w) = p w:@, if‘w{<Q.
() c() 53 it 0 </cd

The power spectrum of the output, y(%), resulting from a white noise input, x(¢), with power spectrum
P(w) = P,is

P(0) = |H(®)|?P(») = Pypo(@)

and the autocorrelation of the output is

Bl

The mean squared output of the white noise is then

= %;Sin(Qt)'

Dl
T
g

t

Ilm—J' ‘y dt-* Pllmsm(Qt)zgpo.
T QT o T

Consider, now, an input of f{¥) + x(£) where x(#) is the above white noise and f{¥) is a deterministic
band-limited signal with bandwidth less than 2. The output of this low-pass filter is then f{z) + y(%).
The expected “intensity” of the output is

Ef ) ) e () + 7o (o) e ()40 5
=) () )]+ ) (o] + ) 5
Because x(#) comes from white noise,

E[y(0] = E[S[x(1]] = S[E[x()]] = S[O] = O,

and, by the above,

E%V( )5 g"T'E".LE

Thus, the expected intensity of the output is

and the ratio of the intensity of the deterministic signal to the intensity of the outputted noise (signal-
to-noise ratio) is
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2.8 Partial Differential Equations

The Fourier transform is an especially useful tool for solving problems involving partial differential
equations. To illustrate how the Fourier transform can be used in a variety of such problems, three
different problems involving the partial differential equation describing heat flow are examined below.

2.8.1 The One-Dimensional Heat Equation

The next few sections concern a uniform rod of some heat conducting material positioned on the X-axis
between x = a and x = . It is assumed that the sides of the rod are thermally insulated from the
surroundings. The relevant material constants are

¢ = specific heat of the material,
p = the linear density of the material,

and
k = the thermal diffusivity.

Any heat sources (and sinks) are described by a density function, f{(x, £), where, for any 0 < ¢, < t, and
o<x <x<p

J_sz_tz cpf(x, t)dt dx

is the total heat (in calories) generated in the rod between x = x; and x = x, during the period of time
between r=t, and ¢t = t,.
The temperature distribution throughout the rod is described by

v(x, £) = the temperature at time ¢ and position x in the rod.

Using basic thermodynamics it can be shown that v(x, ) must satisfy the “one-dimensional heat equa-
tion,”

ov 0w _
E—kﬁ—f(x, t) (2.8.1.1)

fora<x<p.

In Sections 2.8.2 through 2.8.4, the above equation is solved under various conditions. In each case
the Fourier transform is taken with respect to the spatial variable, x, with (assuming an infinite rod,
oa=-wand = )

00

V= V(E, t) = F, [u(x, t)] L =J'_ U(x, t)e‘ff"dx

00

and

F=F(&1)= 7, [ £ t)] L = J’ z £ 1) .

Observe that
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e R dx = aI U(x, t)e_jé"dx -V .
0t J-w ot

Cov
F 050
Pt O

Y
3 _J:mal;(xvf)

On the other hand, it is appropriate to use identity (2.2.11.6) to compute the transform (with respect to
x) of any partial derivatives with respect to x. In particular,

=(je) vie.o)= v,

2y0
%XQ)L:D
%x B

Thus, taking the Fourier transform of equation (2.8.1.1) with respect to x yields

4

‘2‘} kEV =F, (2.8.1.2)

which can be treated as an ordinary first-order linear differential equation. From the elementary theory
of ordinary differential equations, the general solution to equation (2.8.1.2) is

a

V(£ 1)= e—kfsz‘t T H(E T )dr +GlE )e (2.8.1.3)

where a is any convenient value and G(&) is an “arbitrary” function of & The temperature distribution
v(x, 1), is then found by taking the inverse Fourier transform with respect to the “spatial frequency”
variable, &

2.8.2 The Initial Value Problem for Heat Flow on an Infinite Rod

If the rod is infinite, there are no heat sources or sinks in the rod, and the initial temperature distribution
is known to be given by v,(x), then v(x, 1) is the solution to the following system of equations:

w0
ot dx?

U(x, 0) = Uo(x).

Because vy(x) is the initial temperature distribution, it suffices to find v(x, £) for 0 < +.
Taking the Fourier transform with respect to x of each of the above equations yields the system of two
equations,

0

a—V+k<$2V=0
ot

v{&.0)=v(e)

Vo(§) = Fluoy()]l; .

From formula (2.8.1.3) the general solution to the differential equation is
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V(& 1) = G(&) e
Plugging in the initial values,
G(&) = V(&, 0) = Vy(8),
shows that
V(& 1) = V(&)ek™,

The temperature distribution for all time is then found by taking the inverse transform (with respect to
the spatial variable),

2.8.3 An Infinite Rod with Heat Sources and Sinks

For this problem it is assumed that the rod is infinite, and that the initial temperature distribution is
v(x, 0) = 0. The source term, f{x, ©), is assumed to be nonzero for 0 < ¢. Because the initial temperature
distribution is a constant zero and it is only necessary to find v(x, ©) for ¢ > 0, the following two
assumptions may be made:

1. For t<0, v(x, t) = 0.
2. Fort<0, flx, £) = 0.

The heat flow problem is then one of solving the heat equation,

ov o _
E—kﬁ—f(x, t) (2.8.3.1)

for all real values of x and ¢, subject to conditions (1) and (2).
This problem is similar to that of finding the output to a causal LSI system. This suggests that it is
convenient to find first the solution to

kO = o(x)of) (2832)

where h(x, t) is assumed to vanish if ¢ < 0. It is then relatively easy to verify that the solution to (2.8.3.2)
is given by the two-dimensional convolution of h(x, £) with f(x, ). Because f{(s, ) vanishes for = <0, this
can be written
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Ulx, t)=fUhlx, t)= s, T)hlx—s,t—T|dr ds. 2.8.3.3
(v )= ronfwe)=[_ [ slot)ilx=sie=) (2833)
Taking the Fourier transform of equation (2.8.3.2) (with respect to the spatial variable) yields

%f+ﬁﬁﬁwp) (2.8.3.4)

where, by the assumptions on h(x, ),

H(E, 1) = F [h(x, 01,

must vanish when ¢ < 0. From (2.8.13) it follows that the solution to equation (2.8.3.4) is given by

(& o) = [ e a{e)ar +afe)e .

a

It is convenient to take a = —1. Observe, then, that
[ eelrar= 10 5=
a , 1fr<0g
Combining this with the fact that H(&, ) vanishes for negative values of ¢ gives
0= H(, -1) = &) u(-1) + G(§eD = G(&)ek?,
implying that G(&) vanishes and

H(E, 1) = eMu(h).

Taking the inverse transform

h(x, t) = %}1 %'kt‘zz u(t)%

Formula (2.8.3.3) for the solution to the heat equation then becomes

D-xZD()
= expEF—=nit).
< ke FRE
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2.8.4 A Boundary Value Problem for Heat Flow on a Half-Infinite Rod

For this problem it is assumed that the rod occupies the positive X-axis, 0 < x, that there are no sources
or sinks of heat in the rod, and that the initial temperature throughout the rod is zero. At x = 0 the
temperature is known to be given by some function, ®(%), for 0 < ¢. The temperature distribution function,
v(x, t), then must satisfy the following system of equations:

a—u—kﬂzo, O<xand 0 <t
ot 0x?
U(x,0)=0, 0<x
U(O, t) =®(t), 0<t.

To apply the Fourier transform with respect to the spatial variable, v (x, £) must be extended to a function
on all of x. A review of relations (2.3.16.1) through (2.3.16.6) along with the observation that v (0, {) is
known, suggests that the odd extension,

- EJ(x, t), if0<t
6(x.1)=1 o

@—u(—x, t), if t<0
is appropriate. It is easily verified that 0 (x, £) satisfies

~ 2n
aiu_kaiuzo
ot 0x°

for all 0 < tand x = 0. Combining this with relation (2.3.16.6),

D,5= 2 20(0, ) (+) = -2 +20(1)o ).
gives the equation
‘;‘;’ ~kD_0= —2k®(t)5'(x) , (2.8.4.1)

where D, 0 explicitly denotes the second generalized derivative of 0 (x, £) with respect to x. Equation
(2.8.4) is valid for all x and is the same as equation (2.8.3.1) with

flx, 1) = —2kO()5"(x).

Because U (x, £) also satisfies the same initial condition as assumed in Section 2.8.3, the solution derived
in that section applies here,

O(x.1)= J’ J’[ 2r0(r)(s] expégc’(‘j; éjr ds.

\3“:47'lk(t— r)
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Now,

Thus, for 0 < xand 0 < ¢,

U(x, t) = O(x, t)

|

o 1 O ) 0 _,2 [l
_J’r:o_Zke(T) \ff4nk(t_ T) @M(t—r) xexpgﬁlk‘t—r)%’r
5 X t _ 32 O _x2 O
_ZV"SE TZOG)(T)(t r) eXp%er'

Letting o = x (t - r)_l/2 , this simplifies somewhat to

2\ Tk
> [ 2 0.
U(x,t)=2LOOH—47;ozg""2dU,
where

X
O,=——.
2 Tkt

In particular, if the boundary temperature is constant, ®(¢) = ®,, then

° U U
u(x, t) =20, er'"ozda = GoerchZ\thH
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2.9 Tables

TABLE 2.3 Fundamental Fourier Identities

If () and G(w) are suitably integrable:

Integral Definitions:
Ho) =], = [ e

g(t) = @’I[G(a))]‘r = ;T.[ZG(w)e’mdw

Parseval’s Equality:
'[Z f(t)g* (t)dt = ;TIZF(w)G* (w)dw
Bessel’s Equality:

2
dw

[ = ] ¥l

For all transformable functions:
Linearity:
Flafi) + Be()]|, = aFIfD]|, + BFIe(D],,
FaF(w) + fG(w)]|, = aF K o)), + BFG()]],

Near Equivalence (Symmetry of Transforms):

], = 5ol
%[cp(x)] =2 n@’l[ qé—x)]

=53]
=2 fy«f’l[ (pc)]

-y

Ty

TABLE 2.4 Commonly Used Fourier Identities

h(t) H(w) = F[h®]l,
1 w
flat) 'laF (;)
ft —a) e~/ F(w)
eI f (1) Flo—a)
cos(at) f (1) %[F(w —a)+ F(w+ a)]
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TABLE 2.4 Commonly Used Fourier Identities
(continued)

h(t) H(w) = F [h()]l,
sin(at) f(¢) 2Lj[F(a) —a) — Fo+ a)]
d
d—j: JjoF(w)
arf o
- (jo)"F ()
dF
tf (1) s
" Lad'F
" f () I
@ —j/ F(s)ds + cq
/ f(s)ds —jw + co8(w)
a w
1
f)g() 2—F(w) * G(w)
T
f@) *g@) F(0)G(w)
F @) xg() F*(0)G(w)
1
frg@) E—F(w)*G(w)
514

Note: (a is any nonzero real number, F(w) = F[[?)]

G() = Fg(0],)

»and
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TABLE 2.5 Fourier Transforms of Some Common Functions
(o, B, v, 4, v, and n denote real numbers with « >0,0< A <1, v>0, and

n=1213,...)
) F(w) = F[9)],

pa(1) g'sin(om))

)

0 DZ
(a=[t]) pa() %smEra)Eg

1)

H H

m
\f/l—tzpl(t) ;]1(“’)

(1 - B)Lp,(f) F(a)\ NHE‘E ]l,_i(M)

1-cos{aw
sgn(?)p,(%) —2j¢
w
cosg ™1, (1) Ao (aw)
BE -\’ T -4d'd
Rect,; (1) i[e—fyw _ e-jﬁw]
w
@Dy (f) 1
atjp+jw
tu—le—(a+jﬁ)tu(t) r (U)
(0! + B+ Jw)
Bty (—p) !
atjp- jw
(_1)(J—le(a+j[3)tu(_t) r(U)
(a +iB- Jw)
ool 2a
aZ +w2
sgn(f) el —2jw
aZ +w2
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TABLE 2.5 Fourier Transforms of Some Common Functions
(e, B, 7, A, v, and n denote real numbers with a >0,0< A <1, v>0, and
n=1,2,3,...) (continued)

Ji0) F(w) = F[f1)],,
e—atz /EGX DLMZD
\“a pH4a H
O 200
e .s/ﬁexp[*riwz—jﬁwﬁfm
o 0 4a 2a 4a g

-At
€ 7 (a + jBytecse(n + jno )

sech (a 1) Zsech%w%

gtia \/Zexp%j;((uz—aﬂ)ﬁ

e [\/9+a —jsgn(ﬁ)\;\e\ -a

(W/QZGJ’JB) 1 m 01 ,0
@\/EeXpHTGw u

;sin(at) 7 po(®)

tﬂ

efﬂf
o(t-p)
(1)
sin(at)

cos(at)

sin(a?)

© 2000 by CRC PressLLC

5 (o= )p.(o)

+a

-7 sgn(w) In

w-a
278(w)

728" ()

276(w — )

giBo

(o)
—jal3( - @) - o + a)]
(o - o) + 5w + a)]

_/n_ Dl( 2 )D
V;S”‘]B’;w anH




TABLE 2.5 Fourier Transforms of Some Common Functions
(o, B, 7, 4, v, and n denote real numbers with « >0,0< A <1, v>0, and

n=1,2,3,...) (continued)

A1)

F(w) = F[D)],,

cos(at?)

2
e COS(VtZ)

(W/9=0!+jv)

— 2 -
e sm(vtz)

(W/G =a+ jv)
comb, (%)
sin(ad)|
cos(at)

saw(1)

> rl-m)

(W/ZGSV)

sgn(?)

u(?)

© 2000 by CRC PressLLC

1 U =
expd—— w’Ox
912 "H4g" B
0 u 0 u .,

‘ ‘ Hl
%‘9‘ +a cosDVw—zDHf‘G‘ —asin Dﬂ%
0 el H

Lm xpEr . zgx
62 g 4¢° O

Oygo? [
[{\6\+acosD—D V\G\ asin [1—[‘]
Cug|' O el
2;ncombg(w)




TABLE 2.5 Fourier Transforms of Some Common Functions
(e, B, 7, A, v, and n denote real numbers with a >0,0< A <1, v>0, and
n=1,2,3,...) (continued)

) F(w) = F[9)],

= —j7 sgn()

" . (‘ jw) i (w)

-jm (n _1)! sgn
i -Z
w
vy 2(n!)
(0 -
tsgn(t ( ]) e
ramp(t) () -—
w
0 e (e
" Jor
. A -
\t\ ZF(A)COSEZf@m{
Jo(2) 7 2 pl(w)
V1-w?
Yo(lt) 2 [1— P (w)]
\ w -1
() 2cos[2n arcs:n(w)] N (w)
\V1-w
Toaa() —2jsin[(2n +1)arcsin(a))] pl(w)
v1- W’
Q) 2(‘f)nTnE‘*’) n(®)
Vi-w
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TABLE 2.5 Fourier Transforms of Some Common Functions
(e, B, 7, A, v, and n denote real numbers with a >0,0< A <1, v>0, and
n=1,2,3,...) (continued)

) F(w) = F[9)],

sgn(D(9) i —san(w)1- p,(w)
V' -1
(o) pi(@)+ json(@1- (<]
\ ‘1 -w’

Notes. I" (x) = the Gamma function; P,(x) = the nth Legendre polynomial; J, = the Bessel
function of the first kind of order v; Y, = the Bessel function of the second kind of order
v; T,(x) = the nth Chebyshev polynomial of the first kind; U,(x) = the nth Chebyshev
polynomial of the second kind; saw() = the saw function of Example 2.3.9.1.
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TABLE 2.6 Graphical Representations of Some Fourier Transforms

e
[769 = @iz [ Ryt ray = FTe ]

F(y)
[Fo) = [ reerax < )

'/ﬂ A A \/ n
2 =
A exp(—a*x?) A—;/-,-' exp( - y*/4a’)
[Gaussian) [Gaussian] (2.38)
a 24
/Sﬁ’”\ y 24 o /k\ o
! a at + y
A exp(—alx]) [Lorentzian) (2.39)

Klﬂ/a A

Aexp(-ax) f[x > 0)
0 [x <0]

4

a - iy
A {az v (2.40)
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Six)

S

— A exp(—alx()

Aexp(—-ax) [x > 0]

>

£}

r——.
i’n

Y
2 41)

2A/a

AN

Yo

24 a?

O, @4

A cos yox exp(—alx)

ol

a

;

2 2

a

= @ @+ y = ) + 42y

|
PN e I P |

22 2 2
A 2a(a® + yo' +y?) | 243
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Ax) )
' j
'
A ~Ala : R L
; Ta
i1 { a? _ a? } H
aldd +(y+y) a +(-y) Y

- !_'! { ‘4"2}’}'0
a \(@® + 3! -y + 4a%y?f

(2.49)

< 2y : ' a
< a ' ' :——oc
1 4\ N CNpe N Lo
)i ' R
ya T/ =5 N
| A expliyex — ax) [x > 0] y- fa+i(re =)\ - ‘ | } 245
0 Ix <0} Va® + (ro - y) a+i(y = y) @43)
. . | o
; a/, Af2a /\ IA/M :"5—2
] ] T T
: ! a2\
R R Jj\/
Jo o

A €08 yox exp( — ax) [x>0)
0 fx <0)

:!“ a . a Vol Jo=¥y Yty ”
e+ + 2 @ +(y =y M@+ (0= @ + (3 + )
o qleta’ 4 ye’ + ) - it 4yt - y..’)}
‘ (az + )'ol — yz)z + 4a‘y’

(2.46)
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

fx) F(y)
~ 2n/yo T“E“ E
J wl TN LN
[ ’ a

[

Asinyoxexp(—ax) [x > 0]

)
r--:ﬂ

4 Yo =D Yo+ . a
2“a’ Y T (yo+y)’} +'[a’ + (0 + )

a’ + (;o - y)’”

1
0 x<0 =4 "-‘ @ +y' -y)+ ihy} @47
t A 24L
[ -
, [l'-x | L 4 2x/L 2x/L
< sin Ly
0 (IxI>L) 24 —= (2.48)
b e
a ro
|
|
|
L ' L 7
S L—I——I
——————————-| . . .
24 8 Ly exp(~iS)) = A[(sm by - sin ay) — i(cos ap — cos by)
y y
A Ja<x<b) in L e . .
o It <a5 x> 8 - 2A[(sm y cos Sy) — i(sin Ly sin Sy)]_ % [exp( —iby) — exp(~iay)} (2.49)’

y
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Ax) F(y)
S S S
+ 1
i A
! Ak
I 2L 2L
A (S-L)y<ix<(S+L)
0 [otherwise} (2.50)
L L L L
i i
! ! A ! A
! V Lepliye) (ix] < L) U \) V ik il
Aexpliyex) [Ix} < sin{L(yo - »)}
i by R L B /X .
2n/ye 0 (v > L} IE;/;J 4 Yo =) @3h
')
[ 1 2»/L
Acosyov x| < sin L(y — yo) . sin L(y + yo)
; 2 2.
'5;;" 0 lixt > L} 1 G- O+ 232)
(']
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Six) F(y)
L L Yo
i-- —— ] 2.53)
' /\ {\ f lA ~AL :21,1-:
U \/ V Asinyox  [Ixt < L] sin L(y + yo) _ sin L{y — yo)
o L iA -— 2
LZx_/y:I fixi > L) - 7 + ») (o = o)
A 2.54)
l" IzA/)'o
I ) I i : ‘
x/yo ' 6y 4
Acosyox  [Ixl < (x/2y0)] e 24 { ;;iy—o_';i} cos (;',.{)
0 [1xl > (x/2y0)} (See (2.52) with L = n/2y,).
2.55)
/\ IA AL
I L L Ixl l
A(l - z"-) (xl < L) L oL

0 fixl > L]

{ sin (Ly/2)\*

AL\ - )
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Ax) FO)
L IA
L
A2 <y
L (2.56)
0 [ixl > L]
p o
. I !
I " L
2L
Alxi
T Ma<H 2aL{80 Ly _ 2 sin ”"’2’)'} @sn
0 (x>0 ULy Ly
2xA
Yo
A expliyox) 2nAXy — yo). (2.58)
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Aix) iy
1 i |
‘ Yo Yo _‘
XAy — yo) + &y + yo)} 2.59)
nAI B re
xA -—— ]
T g
xiA{My + yo) — &y — yo)} (2.60)
=A
H ." 4 _l I_j_"'"z
{ ! 2y, e 250 '!
l
A cos? yox ARy + 2y,) + &(y) + 18y — 250)) .61)
2x/yo
xA
' i/
/ ! 1 xA[2
v 2y 2y0 |
A sin? yox RA{-35(y + 2p0) + &y) — $8(y = 250)} (2.62)
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Sx) )
4
.
\‘ lf' \ ‘l‘“ ; ! \
TR t Vi 4 )

LY Y Y] H __L,,_n._-—

4y [} A7) o *

) i kb

améwo

2y,

) 44{70-!“—_'7} eos(z”T:')a(y —2np) [ =0, %1, $2,...]

(2.63)

2x/[y,

T

il
A R
\

;
! \
; kK
o s \ .
-‘wl l !\r-

2y,
aste ¥ ny
Alsin yox| __Z__(-l)"M{—r——,o - yz} cos (2;) 8y =21y0) [n=0, £, £2,...] (264)
L ]y 110
A
_I naf2{ § | 2
i §
R il 3 F(y) oons_ists of
2%/50 H ( delta l‘:mc:.ns as
cos yox{Ad + acos y,x} ... (1) | | @
cos yox{A + asiny,x} ...(2) |
sin yox{4 + acos y,x} ... (3) et
sin yox(4 + asiny,x} ... (4 Yoo Nt

(2.65)
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

fx)

Fy)

2nA
I I EIM
ZN{AJ()' - Jo) + % oy - yo +y) —1

exp(iyox) (4 + acos y,x) (2.66)
l«ﬁrl
+ i‘s(.‘ -~ Yo — )'l)‘ »
2 ’ Yo
|
2nA
exp(iyoxXA + asin yx) E E/
- Yo xa
) . |
2n{AXy — yo) + '% oy = yo + ) - % &y = yo = )} '3,7—' (2.67)
A A
Ad(x) A (2.68)
A
‘ AN
%o \ P '
A ! / \/ \\/ M \l'
2x/xo
A(x = Xo) A exp(~ix,)) (2.69)
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Sx) )
24
A ' ]
\ )
| Xo Xo | L—J
! 1 2n/x,
A{X(x = x5) + Hx + %)} 24 cos x,y (2.70)
2r/x,
N -2 '
n=012 (N-.3) (N-1) [V odd]
1.
N S A
bl i 4n/Nx,
Xo |
f———————{
S {N even)
N-t -
T AJ{.\- —nxg -5+ 2')"" } Q@
Set of N delta functions symmetrically placed about x = S. M —i
Y yP ut snGxe2) ) Drawn for S = 0; N = Tand N = 8]
Xo 2n/xo
l ‘ I -
2nA[xy
etc
ete
+ + a0
A¥x - nx,) Zrz_A 6(y -n -zj) (2.712)




O7171ss84d D40 49 0002 ©

TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Ax) lﬁ’.i )
2"/.\'.
A
n-z-o Aa(x - _2- - n\‘o) --Z-.o (— IYZ:——.: a(y - "%:) 4”/x° (2.73)
2r/x,
‘lL 2% A/x,
e dh e
A r{"'
3
J H .J' J H
H : H . i - H - H :(2)
2n 2x a 2n a . ) 2x .
sRfel =) e gl -nTan) v 3lr-Z-n)) o
Y 3(x - nxp){4 + acos Yo} (1) .
2n 2n ia 2n ia 2
I &x - mx)(A + asinyox} (2 LRl -aZ)+Folr-nZen) -For-nZ-0)) @
[n=0, %1, £2,...] [n=0 %142 ..] (2.74)

24

2nAX(y)

(2.75)




O7171ss84d D40 49 0002 ©

TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Ax)

()

A O - Asg()

_
—

!
~2iA — 2.76
y (2.76)

-A [x <0}
__ rA
A [x > 0] . lﬁ
0 <o U =AU A{n&(y) - )L} @)
|
l/a JI
4 — |

A{l —exp( -ax)} [x > 0]
0 [x < 0]

[

a

oo gl @
nAXY) Al prare + I)_(az " y'):

(2.78)
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

S F(y)
L L oma
4 r /\' JaN
I ..I ~ 21!7?
L 24L
4 fixt > L) sin Ly
0 [Iv <L) 2nAK(y) - 24 5 2.19)
Yo > '4-
A
A exp{i(a cos yox + bx)} ;
27'4_:2: ) J@d(y = b — nyo) (2.80)
b
A expfi(a sin yox + bx)} 1 T I ] U ! 1
Yo
2.81)

24 3 J(@Hy - b~ nyo))

Note: J,(—a) = J_(a) = (- 1)/ («). Sce Appendix H for some properties of Bessel functions.
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Ax) Fy)
T b
L l [ 1 ] "3-1‘

A cos(a sin yox + bx)

2A_S U = b = nyo) + J(aMO + b+ ) ()

A €os (a cOs ygx + by)

A sin (@ sin yox + bx)

H

inA f {=JUa)0(y — b — nye) + J(a)Xy + b + nyo)} (2.84)
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

Jx)

F(y)

A sin (a cos yox + bx)

i ? §I= slg :|

b

A T {=GIIa = b = nye) + (=iFILay + b+ m)) 289)

2n/yo '
\ Yo
' ' ]
\ '
' ! lAe
\ '
\ !
T
A exp(—a cos yox) A 3 (=1YL@dy ~ nyo) (2.86)
' 2x/yo I
' '
\ " Yo
1
' " Ac* -
‘\ [
" s

A exp( ~—a sin yox)

204 5L - ) 28)
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

J) F(y)

mAx)

¢ A(l +i) 24,2
4a 2
A exp( +ia’x?) (2) exp(F iy’f4a’) (2.88)
m =1 m= -2
mw=0 m=2\m=-lm=0

WAL LT

2n(y,
ﬂx)=A)_"_«$(\'-n\.,+asm) 0X) ne 23 N I

n=Il n=3
) 211/.\'.,'
Foy) = y’—‘ Zl( M)J(y—ni—’—' —myo)
0
('" =0, +1, £2, 13,...)
(n=0, %1, +2, +3,...) (2.89)
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TABLE 2.6 Graphical Representations of Some Fourier Transforms (Continued)

fix) FO)
o
=0 Wi
AN\ oA
[ e
= 1 [[n2n n2x
A = 0T olx = nxo) =5 ¥ (o5 )#(r - %)) @
‘e 1 ‘o n2x
Sy = & Monxolglx = nx) A =260 3 H(y - @9

Source: Champeney, D.C., Fourier Transforms and Their Physical Applications, Academic Press, New York, 1973. With permission.
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