1 Introduction to Fourier analysis

We consider a signal f(x) where x is time.

This may be a sound recorded my a microphone, and give something like this:
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In practice we usually are only given function values f(x;) for points x; = jh with a step size & (“sampling™), e.g., for sound

recorded on a CD we have h = m sec, here h = %
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Describing a signal in terms of function values is called a representation in the time domain.
Note that our sample signal f(x) is periodic: We have for all x € R
flx+L)=f(x)
with the period L. Here L = 1.
Consider the signal g(x) := f(2x):
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Here the period is L = % The frequency is & = 1/L, this measures how many periods we have on a unit interval (§ can be
noninteger, e.g., for f(2.5x) we have & = 2.5).



When we hear a sound signal we can directly perceive frequencies, but not sample values in the time domain.
Consider a signal with period L = 1, like our sample signal.

What functions with f(x) = f(x+ 1) do we know? The functions cos(27x) and sin(27x) work, but so do
cos(2mkx), sin(2mkx)

with integer frequencies k € {0,1,2,3,...}. For k = 0 we only have cos(27-0-x) = 1 which is constant.
The idea of Fourier analysis is to write the signal f(x) as a superposition of these functions.

Since

we can use instead of the functions

1, cos(2mx), cos(4mx), cos(6mx),
sin(2mx), sin(4mx), sin(67x),

the functions

—ibmx | —idmx —tQﬂ:x’ 176127rx’6147'cx

i67Tx
..,e ,e ,e e
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i.e., we want to write our 1-periodic signal f(x) as

f(x): Z fkeﬂnkx

k=—oc0

where f; € C are the so-called Fourier coefficients and describe our signal in the “frequency domain”.

Example: For the signal f(x) = sin(27x) we have f(x) = 2% (e2™* — =2 hence the Fourier coefficients are f_ = i,
fi=— %i, and fr =0forall k Z\{—1,1}. We see that a real-valued signal may have complex, non-real Fourier coefficients.

i2néx

We will also consider nonperiodic signals f(x). In this case we will need to use functions e with frequencies £ € R,

and we will write our signal as

fw= [ F@e

The Fourier transform takes us from the time domain to the frequency domain. The inverse Fourier transform takes us
from the frequency domain to the time domain.

We will consider four different settings for the “Fourier transform”:

time domain frequency domain
1-periodic function, continuous time | f(x), x € [0,1) fikeZ
1-periodic function, discrete time fjforx; = %, j=0,....N—1 f.k=0,....N—1
Nonperiodic function, continuous time | f(x), x € R f(E),E€R
Nonperiodic function, discrete time fiforx;=jh, jeZ &), & €[5, %]

Warning: There are different conventions for defining “Fourier transforms” in use in books and mathematical software:
Some people use ¢** instead of 27¢*, and different factors 27 or v/27 are used.



Mathematically speaking, all these definitions are equivalent, as one can go from one convention to a different one by
inserting factors 27t or v/27 in appropriate places.

In practice one has to be careful e.g. when using software like Matlab, Mathematica, Maple: You have to check the precise
definition of “Fourier transform” which the software uses.

In this class I will always represent f(x) as a superposition of terms f(&) - ¢2™5* or f; - ¢2™*_ 1 will explain how to use

Matlab which uses different definitions.

We will first consider functions with period 1, i.e., f(x+ 1) = f(x) for all x. Once we understand this case, it is easy to
generalize this to functions with period L, i.e., f(x+L) = f(x):

time domain frequency domain
. . . . A k
L-periodic function, continuous time | f(x),x € [0,L) fi for & = A keZ
o : . . T 2 k
L-periodic function, discrete time fiforx;j=4L, j=0,....N—1 fifor& = I k=0,....N—1

2 Linear algebra: vectors, subspaces, orthogonal basis, orthogonal projection

2.1 Motivation: Fourier series

We are given a 1-periodic function f(x). We want to write this in terms of the functions u(*) (x) := 2™*;

f=Y fa®
k=—o0
This means we have to find the Fourier coefficients f; € C for all k € Z.

It turns out that this is a linear algebra problem, similar to the following:

Example problem in the vector space V = R?: We are given the vector f = [ } , and we want to write this as a linear

5
combination of the vectors u!) = [ ? } and u® = [ _21 ] : Find ¢, ¢, € R such that

f= clu(l) —|—czu(2)

Solution using results from section As (u(l) , u(z)) = 0 the vectors u'"),u(?) are an orthogonal basis of V, hence

(FuM) 10 (fu?) 75
Ty TS =% oS w@,u®) 5~ t



2.2 Vector spaces, span, inner product

“Vector space” means that we specify a set of vectors, and a set of scalars. We can add two vectors, and we can multiply a
vector by a scalar.
X1
Example: V = R3 consists of vectors | x, | with x; ,X2,X3 € R3. Scalars are numbers in R.
X3
uj
Example: V = C" is a vector space: vectors have the formu = | : | with u; € C, and scalars are numbers in C.
Up
For vectors u(l), cee, u™) and scalars ci,...,cy the linear combination v = clu(l) + 4 cNu(N) is again a vector.

N)

If clu(l) 4+ + cNu(N) can only be the zero vector for ¢y = --- = ¢y = 0 we say that the vectors u(l),...,u( are linearly

independent.

We denote the set of all linear combinations by

span{u(]),...,u(N)} = {clu(])—i-'--—i-cNu(N) lcje (C}

W = span {u(l),. .. ,u(N)} is a subspace of V: W is a vector space with W C V.
1 2 3
Example: W = span 20,131, 4 is the x1,x>-plane in R3. Note that one of the 3 vectors is “redundant”.
0 0 0
If W = span {u(l), e ,u(N)} and the vectors u(l), . ,u(N) are linearly independent:
o the vectors uV), ..., u™) are called a basis of the subspace W

* N is called the dimension of the subspace W

For the vector space C" we introduce the inner product

Uivi

-

I
—_

(M,V) =

Here v; denotes the complex conjugate: For a complex number z = x + iy we have 7 = x — iy.

The norm of a vector is defined as
] = (ue,u) '/, 1)

For a vector u € C" this means that ||u|| = \/|u1 ‘24- et ’un‘z

We say that two vectors u,v are orthogonal if (u,v) = 0.

An important property is the Cauchy-Schwarz inequality:

(ARSI 2)

In (1)) we defined the norm in terms of the inner product. Conversely, we can also express the inner product (u,v) in terms of
norms ||-||:

For real vectors u,v € R"” we have
ot w11 =l = w1 = (Yl +2000,9) + 191 ) = (> = 2000,9) + 1] ) = 4(w,v)
(,v) = [l vIP = = vIP]
For complex vectors u,v € C" we can use the identity

1
() = 5 [P =it iv]> = (=)l = (1 = i) Iv]?] 3)



2.3 Orthogonal projection on a subspace W

If the nonzero vectors u(V), ..., u™)

are orthogonal on each other, i.e.,
(u<k>,u(l>) —0  fork#£I
we say that they form an orthogonal basis of the subspace

W= span{u(l),...,u(m}.

For a given vector v we now want to find the vector w € W which is closest to w, i.e., ||v —w|| should be minimal. In this
case we must have that the difference vector w — v is orthogonal on the subspace W, i.e.,

(v—w,u(k)>:0 fork=1,...,N. )
We want to find the coefficients c,...,cy of the vector v = cjul") + ... + cyu™). Plugging this into gives using the
orthogonality of the vectors u(!), ... u™) that
_ (V,M(k)) 5
For a given vector w we can find the projection v as follows:
()
1. Compute the coefficients c; = (S(vk)uu(k))) fork=1,...,N
2. Letw= clu(l) + - —i—cNu(N).
Claim: This vector w gives the minimal error ||v —w|| among all w € W:
Proof: Assume that we use a vector w + d with some d € W instead of w:
v—w+d)|[*=@v-—w—dyv—w—d)=v-—wyv—w)—v—wd)—(d,v—w)+(d,d)
0 0
as v —w is orthogonal on all vectors in W. Hence we have for nonzero d
2 2 2 2
v=(w+d)[" = llv=wl"+ |ld]]” > [[v=w]", (©)
~—~—
0
i.e., the error of v+-d is strictly larger than the error of v.[]
Since v —w is orthogonal on w we have the Pythagoras equation
(V,V) = (W+(V_W)7W+(V_W)) = (W,W)+(V—W,W)+(W,V—W)+(V—W,V—W)
0 0
2 2 2
V1" = [wll" + lv—wl
As |[v—w]|| > 0 we obviously have
vl > [Iwll
Since w = cjuM) + - 4+ eyu™ with orthogonal vectors u'V, ..., u®™) we have
2 2
Il = e P [t e g
and hence
2 2
oI = fer P [ e P [+ = wiP ®)
This equation can be used to compute ||v —w/||. Since ||[v —w]|| > 0 we obviously have
2 2
I = fer P a4t few P[] ©)



2.4 Example for R3

1 -1

Consider the vectors u)) = | 0 |,u® =| 1 | andlet W :=span{u'V,u®}. Note that (uV),u(?)) =0, hence u!),u?
1 1

are an orthogonal basis of W, and W has dimension 2. Note that W C V = R3 which is a vector space of dimension 3.

1
Now letv= | 2 |. We want to find the closest vector w € W:

We can check that v —w is orthogonal on both u(l), u:y—w=1 2 |,so (v —Ww, u(l)) =0, (v — w,u(z)) =0.

We can compute the distance of the point v to the subspace W in two ways:
: 1/2
Lov—wi= |4 2 [|=[5-a+d4+1)]" :\/g
-1

2. v wlP = oI = fes P D = feaP u® | = 14 222 - (4)2.3 =2

2.5 Orthonormal basis u(V), ... 4V

If the orthogonal vectors u(!), ... u™) have all length 1, i.e.

(u(k)’ug)) _ 0 fork 7& l
1 fork=1

some of the formulas from the previous section become simpler:

The coefficients ¢y, of the projection v = cjul") +--- + cyu™) are given by

p = (v,u(k)) (10)

and (8)), (9) become

V1P = ler]*+ -+ fen]* + v —w|? (11)
VI? > Jer P+ + fen]? (12)

2.6 Functions as vectors

Sets of functions can also form a vector space. For example,
let V denote the set of all complex-valued continuous functions on the interval [0, 1]
with scalars in C. For functions u,v € V and a scalar o € C

u+v, ou

are again functions in V.



We can define an inner product as follows: For functions u(x),v(x) on [0, 1] let

1
(u,v) = / u(x)v(x)dx.
0
Then we have the norm

2 o 1 2
!WH—OMU—A\MQ|M.

We can also allow more general functions u as vectors (e.g. piecewise continuous), as long as fol |u(x)|* dx is finite. The

vector space of these functions (where the integrals exist in the sense of Lebesgue) is called | L2([0, 1]) |, and the norm ||u]| is

called L*-norm.

For functions (!, ..., u™) which are orthogonal on each other we consider again the subspace
W = span{u(l),...,u(m} .

For a given function v we want to find the best approximation w = cju(") 4 --- + cyu™) € V, in the sense that the error

ol = [ ) - w(o) P
becomes minimal (“least squares approximation’). We can find v as follows:
1. Compute the coefficients ¢y = m fork=1,...,N
2. Letw=ciu) + -+ cyu™),
1 xe0,1]

1 xe(3,1]
1. Note that we have (u(l),u(z)) =0, i.e., we have an orthogonal basis.

Example: Let u(")(x) = 1 and u? (x) = { . Then the subspace W := span{u(!),u(>)} consists of piecewise

1

constant functions on the partition 0, 7,

For the given function v(x) = x? find the best least-squares approximation with a function w € W:

We first compute the coefficients

1) 'Yax 1/3 1
= (V7” ) _Jox x:L:,’ ¢y = _ _ _ =

(u(l)vu(l)) N f()l 1dx 1 3

and obtain

We can compute ||v —w/| using (8):

2 2 19
v —w|? = V]2 = |e1 2 Hu(l)H —lea? HMH =1 ()2 1= (1)1 = 575 = .02638888...
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3 Periodic functions, continuous time: Fourier series

3.1 The space 9y of trigonometric functions

We are now interested in periodic functions: We say a function is periodic with period L if
f(x+L)=f(x) for all x € R.

We first consider the case of functions with period L = 1 (then the case with general period L will follow easily). We assume

we have a “signal” f(x) with
fix+1)=f(x) for all x € R.

The function f(x) may have complex values. We want to approximate this signal using the following trigonometric functions
with period 1
v(x) =ap- 1
+ aj cos(2mx) + by sin(27x)
+aycos(2nNx) + by cos(2nNx). (13)
with coefficients a;, b, € C. We denote the space of these functions by .7y (trigonometric polynomials with frequency
up to N). Note that v(x) is a sum of terms with different frequencies:
* 1 has frequency 0
* cos(2mx) and sin(27x) have frequency 1
* cos(27Nx) and sin(27Nx) have frequency N.

We consider the case of a complex valued signal, so we have a, b, € C.

Recall that _
e” = cosx+isinx (14)
implying
ix _|_e—ix eix o e—ix
=2 r° inx="— 15
COSX > , sinx 5 (15)
Using in gives the function v(x) in the form
v(x) =fo-1 frequency 0
+ fo1e 2T g f et frequency 1
+ foye 2FINY 4 fu 2N, frequency N (16)

From this form of v(x) we can get to by using . The function v(x) is written as a sum of terms with frequencies
0,1,...,N.

For a real-valued function f(x) the coefficients a;, by in are real, but the coefficients f_y, ..., fy in are complex
numbers which need not be real.

We use the form for finding v(x). We can then easily convert this to the form (13). Therefore we use the functions
ub(x) .= ™ forkeZ

and have

Iy = span{u(*N), W N u(N)}




Observations:
1. We have u®) (x) u® (x) = ulk+0) (x). Therefore u € Iy and v € 9, implies for the product u-v € Ty .

2. We have u(!) = cos(2mkx) — isin(27ikx) = e~ 2"/ and hence
(u(k),u(l)> — /1 ik ,—2milx j, 0 fork#l
0 1 fork=1I

N) . (~N+1)

This means that the functions u(™™), u( ,...,u™ form an orthonormal basis of the space Jy.

For a given function f(x) we denote the best approximation in the space Jy by f(y)(x) :
A ik
foy@) =Y fiel™
k=—N

The coefficients f; are called the Fourier coefficients of the function f. Since we have an orthonormal basis we can use (10)
to compute them:

fi= (f,u(k)) = /Olf(x)e_z’rikxdx.
1/2

Since the functions are 1-periodic we can also use [ PR (or any other interval of length 1).
Proposition 1. If the function f is real-valued, then f_ = ﬁ and the function fyy is real-valued.

Proof. We have for the Fourier coefficients f; and its complex conjugate ]Tk

fi= /0 e, = /0 F)e odr = /0 e = f

Hence we get for the complex conjugate of fiy)(x) = YV fre?m

N N

Tn@ =Y jemiki= Y Lm0 = ()
k=N k=N

since this is the same sum, just in reverse order. O

Note that this argument works since we use a symmetric range k = —N, ..., N of indices. For a real-valued function f(x) the
function g(x) := Y, fxe?™* is in general non-real.

For a general complex valued function f(x) we can write the terms of frequency & as

A

Fou™ 4+ fu® = 4 [cos(2mkx) — isin(27mkx)] + fi [cos(2mkx) + i sin(27kx))]
= (fe+ For) cos(2mkx) +i (fi — f-«) sin(27kx) (17)

>

For a real valued function f(x) we get complex Fourier coefficients fk =A;+iBy|and | f_; = Ay — iBy | with real Ay, By
yielding

N

o™ + fu® =] 24, cos(2mkx) — 2By sin(27kx) (18)

The equation (TT) is here
A2 A2
LA = | U+ N = fm (19)
which can be used to find Hf—f(N) H Because of Hf—f(N) H > 0 we have

2 Noap
17> Y |4l
k=—N



Since this is true for any N = 0,1,2,3,... we have the Bessel inequality

oo

2

N

2= Y |f (20)
k=—o0
where the sum S:=Y7 f ? <|If H2 converges since it is bounded from above. Hence we have
If = faoll = 1P =S asN — . 1)
We have S < || f]|%. Is S = || f||*? If yes, the Fourier series f(n) converges to f as N — oo,
AsYy ! fi ’2 converges we must have
fk—>0 ask —ooork — —oo 22)
i.e., the Fourier coefficients decay to zero as the frequency |k| increases.
3.2 Example: Fourier series and convergence
Consider the 1-periodic function f(x) with
—1 forxe[-1.0
fx) = ~2.9 (23)
1 forxe[0,5)
and find the best approximation f(s)(x) in the space 5.
We need to compute the Fourier coefficients fi = ( f, u(k)) . We start with fo: Since u® (x) =1 we get
R 1/2 0 1/2
fo= f(x)-ldx:/ (—1)dx+/ ldx=-1+1=0.
~1/2 ~1/2 0
Now we consider k # 0:
A 1/2 . 0 . 1/2 .
fi= / f(x)e 2k gy = / (—1)e*2”’kxdx+/ 1. ¢ 2mikegx (24)
—1/2 —1/2 0

For the second integral we get

1/2 o—2mikx 1/2 1
—2mikx 3, __ _ —2mik/2 __
/ e dx = - = — (e 1)
0 —2rmik |, 2mik

o 2mik/2 _ 1 forevenk
—1 forodd k

We have for integer k that

hence

/l/zez”ikxdx: 01 | for even k
0 —(—2)=—- foroddk

2mik
For the first integral in (24) we proceed in the same way and get exactly the same value. Therefore we obtain the Fourier
coefficients

. 25
—2. foroddkeZ (25)

Tk

A 0 forevenk € Z
Je=
and the best approximation f(s) € 75 is

20 (1 omie 1 em : N R T
f(S) (x) — _;l (_56107nx _ 5676mx+672mx+62mx+ §e6mx+ 5elOﬂ:Uc) ]

10



Note that we have terms with frequency 1, 3 and 5. We now want to convert this to the form (I3): E.g., for the terms of
frequency 3 we get with (T4)

2i

1 S RS 2i j ] 4
- <—e6”’x + e6mx> = —;l . (l -sin(67x) + % sin(67z,'x)> = sin(67x)

3 3 3

since the cosine terms cancel. Therefore we get

fi5)(x) = % (sin(27rx) + % sin(3 - 27x) + % sin(5 - 27rx)>

For a general odd N we have
Fon @) = % (L sin(1-270) + Lsin(3- 270) + 2 sin(5 - 272) + - + - sin(N - 27x)
X)) = — — S1 . X — . X — . X — S1 . X
") x\1 3 5 N

In order to evaluate a Fourier sum YN, /1™ in Matlab we use foursum(x, fh@, fhpos, fhneg). Here

th:fO) fhpOS: [fAla"'va]a fhneg: [f*l)"'af,\*N}

For a real-valued function we can omit the last argument and use foursum(x, fh0, fhpos).
Here is the m-file foursum.m:

function y = foursum(x, fho, fhpos, fhneg)

if nargin==3 % foursum(x,fhO,fhpos) uses fhneg=conj(fhpos)
fhneg = conj(fhpos);
end

f = fhOxones(size(x));
for k=1:1length(fhpos)
f = f + fhpos(k)*xexp(k*2ixpixx);

for k=1:1length(fhneg)
f = f + fhneg(k)*exp(-k*2ixpix*x);

end

We can then plot the functions f(x), f(s)(x) and f(;)(x) on the interval [—1,1] together:

X = -.5:.001:.5; % points for plotting

fhpos = -2i/pi./(1:11); fhpos(2:2:11)=0; % Fourier coefficients for even k are zero

plot(x,sign(x),x,foursum(x,0,fhpos(1:5)),x,foursum(x,0,fhpos))
legend('f’,"f_{(5)}",'f_{(11)}’'); grid on

11
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Observations:

* For x = 0 we have f(0) = 1 according to the definition of f, but f(y)(x ) 0 for all N. This is not surprising: If we
change the definition of f(0) e.g. from 1 to —1 the integrals f; = ( foul ) do not change. Therefore changing the
definition of f in a single point does not affect fy)(x).

* There is an “overshoot” near the jump:
The smallest local maximum has a y-value of about 1.1789, for any value of N.
For each N there exists x € (0, 2) with f| N)( x) > 1.1789. As N increases, the “overshoot” happens closer and closer to
the jumps, and away from the jump the function f(y) gets closer and closer to f.
Since the exact function value is 1 the size of the overshoot is =~ 0.1789. Note that the jump size at x =01is J = 2.

’ The size of the overshoot is always ~ .0895J where J denotes the jump size

We will later see that the number .0895 is actually obtained in terms of the “sine integral” function:

>> overshoot = sinint(pi)/pi-.5
overshoot =
0.0894898722360836

We now want to find the error H f=fw H by using tb Here we have

1/2 1/2
IP= [ rePax= [ 1ax=1
-1/2 -1/2

N 2
o (2 1 1 1 1
—(Z) 2
Y |k (n) ( tmtm T +N)

k=—N

and for odd N

12



Hence

8 /1 1 1
Hf—f(S)H_\/l—nz(124-32—%52)%0.25874

8 /1 1 1 1
Hf—f(n)HZ\/l—n_z<12+32—|—52+~~—|—112> ~ (0.18357

What will happen as N tends to infinity? One can show that %2 + 3% + 5% +--- = /8. The Matlab symbolic toolbox can
find this symbolic sum:

>> syms k; symsum(1l/(2xk-1)"2,k,1,Inf)
ans =
pi~2/8

Hence

- 1,2 8 /1 1 1

n*/8

so we get from (21))
2
Nf=Ffmll = IfIF=8=1-1=0 asN —oo
which means that the Fourier series (k )
N 4 sin(k - 27mx
Z fkeZTL'lkx —_ Z - (26)
k odd
converges to the function f in the mean square sense.

This does not mean that we have “pointwise convergence”: We have f(0) = 1, but f)(0) = 0.
If we modify the function f at finitely many points (or even countably many points), the new function f
* satisfies H f—f H =0, i.e., these two functions are considered to be the same vector in L.

* f has the same Fourier coefficients as f

3.3 The three basic convergence theorems for Fourier series

We defined the Fourier approximation fy) (x) = ’k\':f N Fre?™** We want to let N — oo and obtain the Fourier series
Z fre¥miks
k=—o0
But this expression only makes sense as a limit N — co. In which sense does this limit exist?

It turns out that there are three different ways to understand this limit. This is the key to understanding the concept of a
“Fourier series”.

is the space of 1-periodic functions f(x) where fol |/ (x)]* dx exists (as a Lebesgue integral). Recall that functions f, f
who differ at finitely many points (or countably many points, or on a set of measure zero) have H f—f H =0 and are therefore
considered to be the same vector in L?.

Let denote the space of piecewise continuous 1-periodic functions: f is continuous at all z € [0, 1) except for finitely
many breakpoints zi, ..., zy € [0, 1), let zo := zy. At each breakpoint z; the left-sided limit f(z; —0) and the right-sided limit
f(zj+0) need to exist. Note that functions in PW° may have jumps.

Let us denote the “pieces with limits” on [zj_1,z;] by f;(x):
flzj=14+0) x=zj-
fi(x) =14 f(x) Zj—1 <x <z
flzj=0)  x=gz;

13



Let denote the space of piecewise continuously differentiable 1-periodic functions: Assume f € PW? and that
each piece f;(x) has a continuous derivative f(x) on [z;_1,z;]. Note that functions in PW! may have jumps.

We will later prove the following three theorems:

(T1) Forall| f € L? | we have

‘ H fowy—f H —+0 asN —co| meansquare convergence 27)

(T2) Forall| f € PW'|we have for all x € R:

Sy (x) = flx=0) —;—f(x +0) as N — oo | pointwise convergence (28)

Le., if f does not have a jump at xo we have f(y)(xo) — f(xo). If f has a jump at xo the Fourier series converges to the
average of left and right-sided limit, irrespective of how f(xo) is defined.

(T3) Forall| f € PW! without jumps | we have

m[(a)lx) | fovyx) = f (x)} — 0 as N — oo| uniform convergence (29)
x€[0,1

In this case we also have that } ;" } fk| < oo, i.e. we have for each x € R “absolute convergence” of the Fourier series
Y=, fre?™** . See section for an explanation of absolute convergence.

Note that uniform convergence implies pointwise convergence and mean square convergence.

Example 1: Consider the 1-periodic function f(x) = x~'/? for x € [0,1). We can define the Fourier coefficients f, =
fol x~1/2¢=2%kxx These integrals exist since ’x“/ 2 2mike ’ = x~!/2 which is integrable on [0, 1].
But we have fol |f ()| dx = fol x~dx, and this integral does not exist as fsl x 'dx=In1—Ing — o as € — 0. Hence f ¢ L?,
and we do not have mean square convergence.

The Dini criterion gives pointwise convergence f(y)(x) — f(x) for all x € (0, 1), but not for x = 0.

Example 2: Consider the 1-periodic function f(x) = x~'/3 for x € [0,1). Here we have [, |f (x)]*dx = Jo x2Rdx =
[3x1/3](1) =3, 50 f € L? and we have mean square convergence Hf(N) — fH —0as N — oo,
The Dini criterion gives pointwise convergence f(y)(x) — f(x) for all x € (0, 1), but not for x = 0.

Example 3: Consider the 1-periodic function f(x) = x? for x € [0,1]. Clearly f € PW!, and therefore we have pointwise
convergence. For x = 0 we have f(y)(x) — % as N — oo,

Example 4: Let f denote the I-periodic function with f(x) = |x| for x € [-1,1). Clearly f € PW!, and f does not have
jumps. Hence by (T3) we have uniform convergence.

Remarks:

1. Continuity is not enough to guarantee pointwise convergence everywhere :
There exists a continuous function f such that supycy fiv) (0) = co. There are even functions where supy Jav (x) =00
for all x in an uncountable dense subset of [0, 1].
However: If f is continuous or even f € L? there is pointwise convergence fvy(x) = f(x) for all x € [0, 1] except on
a set of measure zero.

2. For f € PW! with jumps we have ‘ fk‘ = 0(\k]_1) and therefore no absolute convergence.
Absolute convergence implies uniform convergence. However, there are Fourier series with uniform convergence, but
no absolute convergence.

3. For (T2), (T3) one can weaken the assumption f € PW!. We don’t need that each piece f; has a continuous derivative.
Actually it is enough that each piece f;(x) is “slightly better than continuous”:
If | £;(s) — £;(t)| < Cls—1|* with some & > 0 (“Holder continuity”) then still holds.
If each f; is additionally piecewise monotonic and there are no jumps then (29) and absolute convergence still holds.
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4. The fundamental result for pointwise convergence is the “Dini criterion”: If f is integrable and

1/2
)

fro—1)+flxo+1)  |dt
1

2 < oo (30)

we have fiy)(xo) — Las N — .

MORAL: There are some evil artificial continuous functions for which pointwise convergence fails in many points. But
for all practical examples from applications f is piecewise “slightly better than continuous”, and then we have pointwise
convergence everywhere (28), and in the absence of jumps uniform convergence (29).

3.4 Calculus review: absolute convergence

Example: Consider the series 1 — 5 + 1 — % +---. This is an alternating series Yi_; ay with |axi1| < |ax| and ax — 0 as
k — oo, By the alternating series theorem this series converges, and one can show

S=1-d4i-drb-bedfedooi2

We now reorder the terms in this series: we take two positive terms, one negative term, two positive terms, ... . Despite the
fact that we add the same terms as before (just in a different order) we now get a different value for the sum

S=1+1-J+i+i-0+5+45—1t+- =32

The problem is that the series is not absolutely convergent: Y7 |a;| =1+ 4 + % +i4 =,

A series Yi_; ay is called absolutely convergent if Z lag| < ool.
k=1

In this case we have
* the series is convergent

* for any reordering we obtain the same sum

A

fxl|-

[e2mits| =

F

For a Fourier series Y5 fre?™* we have ‘ Fre®mikx ‘ =

oo

Therefore Z ‘ fk‘ < oo | means that the Fourier series is absolutely convergent.
k:—oo

I forxe[-3,0 . o & k
Example: f(x) = orx€[=3,0) from section (3.2} We found f; = ooorevenft
0 foer[O,%) _2  forodd k

Tk

1 Ao
We have Z = 0,50 the Fourier series ), fre?™* is not absolutely convergent. Therefore it matters in which order
k=1,...,00
kodd
we add the terms.
If we use fiv)(x) = L7 Fre¥™ k¢ we have for a fixed x pointwise convergence: fvy(x) = % [f(x—=0)+ f(x+0)] as N — co.

Since the Fourier series is not absolutely convergent, adding the terms in a different order can give different results. This
is why we had to specify that Y5> (---) has to be interpreted as limy_eo Y o (-++). E.g., limy_e0 Z%Z?N Fre® R will
in general give a different result. This is also important if we want to approximate the Fourier series numerically by using
finitely many terms.

The same thing happens for any function f € PW' with jumps: then | fk} — O(|k|™") and there is no absolute convergence.

We will prove in section ) S { fk‘ < oo implies uniform convergence and that f(x) is continuous.
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3.5 Convolutions

Convolutions can be used for signal processing. We can e.g. “smoothen” a signal using convolutions.

For 1-periodic functions f, g we define the convolution ¢ = f x g by

= [ )8 ya a1

Properties of the convolution:
* gis also 1-periodic
* fxg = gx f since using the change of variable s = x —¢ in givest =x—s,dt = —ds

a) = [l 9)els)(-as) = / L= [ g s)gls)as

S=X s=x—1

(as the integrand is 1-periodic in s, we have [* | (---)ds = [ o(---)ds.)

* (fxg) = f'«xg=fxg: Assume that f'exists and is continuous, g is continuous. Then we can take the derivative %
in (31)) inside the integral:

/ fO)g (x—t)dt=fxg'.

2mwikx

« If g€ ), thenalso g = f*g € F,: For g(x) = YNy ére we get

1 N ) N )
_ /t 0 £0) [ Y & eka(x—t)] dt — < / F(t)e 2k dt> ik _ Y & ik (32)
= k=—N — k=—N

Je

with

Gr = frér (33)

A simple example of a convolution is smoothing with a “moving average”: Define the 1-periodic function g, for x € [— 5 5)
by

n forxe€ (—4, i)
x) = 0 m 34
gnlx) {0 otherwise (34

Note that f | /2 gn(x)dx = 1. For a 1-periodic function f the convolution g, = f * g, gives

x+1/(2n)
gn(x) = n / F()dt
t=x—1/(2n)

which is the average of the function f over the interval [x — ﬂ,x + ]

Example: Here is the function g4(x): == = o2 7
We consider f from (23] (red) and the convolution g = f * g4 (black, dashed):
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It is easy to see that we must have g(x) = 1 for x € [%, %] since we only take the average of function values 1. Similarly,
q(x)=—1forxe [—%, —g] since we only take the average of function values —1. For x € [—3, 3] the value of g(x) increases
from —1 to 1, with ¢(0) = 0. One can show: the convolution of two piecewise constant functions f,g gives a continuous
piecewise linear function g = f * g.

If the function f is continuous the maximal error will converge to O (‘“uniform convergence”):

ma}é(]f(x)—qn(x)|—>0 asn — o (35)
xe

Proof: For any € > 0 there exists 6 > 0 so that |y —x| < & implies |f(y) — f(x)| < €. Hence we have for n > 1/3 that
£() = ()] < e forallt € [v— o x+ 1. Then g, (x) — f(x) =n [0 (f(0) = £(x))dr gives

t

x+1/(2n)

()~ <n [ 0 -s)se O
<e&

If max |f — ¢n| < € we have ||f —g,|* < fol €%dx = €2. le., uniform convergence implies ||f —g,|| — O (convergence in
mean square sense).

The functions g, become “more and more concentrated near 0” in the following sense: We have forn=1,2,3,...

(P1) gn(x) >0

(P2) [, en(x)dx =1

(P3) for every 6 > 0: max[_%’%]\[_&&gn(x) —0asn— oo

For any sequence of functions g, with these three properties we can prove uniform convergence of f * g,:

Lemma 2. Assume that the I-periodic functions g1,82,83,... satisfy the properties (P1), (P2), (P3). For a I-periodic
continuous function f we have for q, := f* g,

mzlléi|f(x)—qn(x)| —0 asn—oo
xe

Proof. For a given € > 0 we want to show max,cg |f(x) —gn(x)| < € if n is sufficiently large. Since f is continuous on

[—1,4] there exists § > 0 such that

for all x,y with [x—y| < §: If(x)—f(y)| <eg/2 (36)
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With (P2) we obtain

Because of (36) we have
¢ 1/2 ¢ (P2) €
®</—ntdt§/ —g,()dt "= —
senas [ Sana® S

Let M = max|_; 5 1 /2] | f(x)|. Then we can use (P3) to find N such that
fOI'nZN: maX[ 1 1}\[7575}gn(x) < —
which gives with |f(x—17) — f(x)| < 2M that
@< / 2M ——dt < / 2M —dt = £
J[=3.31\[-6.8] JI-
]

The “limit” of g, for n — o is something which is nonzero only for x = 0, but still has integral 1. This object is called Dirac
delta. It is not a function, but a so-called generalized function. This means that pointwise evaluation 6(x) does not really
make sense. However, [ f(x)d(x)dx still makes sense and gives f(0). See section below for more details.

Here we consider the 1-periodic Dirac delta Sper. This can be imagined as the “limit” of the 1-periodic functions g,(x) as

n — oo, so that we formally have f_lﬁzF (x)8per(x)dx = F(0) for any continuous function F. Therefore we can formally find
the Fourier coefficients of g = §per:

- [ gy =F(0)=e"0=1  forallk

&= | 2Sper(x)e x=F(0)=e = or all k.

We formally have g = f * 8per With
1/2
a@ = [ Sult) fx—1)dt = F(0) = £
t:71/2 SN——

F(1)

So for g = 8per We formally have q := f + g = f, and for the Fourier coefficients we have
G=r & =h
~—

1

3.6 The Fourier approximation f) as convolution f) = f*Dy with the Dirichlet kernel Dy

We define the Dirichlet kernel Dy € 9y by

N
DN(X) — Z 1 _62mkx
k=—N
Therefore (32)), (33)) give for the convolution g = f * Dy

qx) =Y ™™ = fu(x)
k=N

18



Hence the Fourier approximation f(y is the convolution with the Dirichlet kernel: | f(y) = f* Dy

The Dirichlet kernel is a 1-periodic real function. What does the graph look like?

We claim

N " 2N +1 forx € Z
D = = ¢ sin((2N+1 37
W) X ;Nu sin(( : + 1)) otherwise G7
- sin(7x)

Proof: For x = 0 we obtain Dy (0) = 2N + 1. For nonzero x € [—3, 3] let r := *™

1 1
2N+1 _ 1 rN+1 _ r*N rN+§ _ r—N—§

r—1 r—1 212 =

DN(x):r7N+~--—1—rN:rfN(1+r—|—-~-+r2N) — N

The function el is defined for all x # 0. For x = 0 we have the limit 1. Therefore we define
X

. % forx #0
sincx :=

1 forx=0

Here is the graph of sincx (blue), together with :l:% (orange):
1,

~—7—~_/\ |’ [N\ ~——r

VRV

Warning: The function sinc(x) in Matlab is sincyagan(x) = sinc(zx). We will use the notations

) sinx ) ) sin(7x)
sincx = ——, sinczx = sinc(7x) =
x X

We rewrite using sinc and obtain: Dy(x) is a 1-periodic function which for x € [—%, %] is given by

Dy(x) = (2N +1) Si“”s fﬁ:’(g D) (38)
For x #0 |
Dy(x) = Trsine(7x) -sin ((2N + 1)7x)
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Note that sinc(7x) is an even function which decreases from 1 to 2/7 on the interval [0, ]. Hence

1
Gx) = ——F"—— 39
(x) 7 |x| sinc(7x) 39)
satisfies on [—%, 1]
1 1
w = 9= 2
Here is the graph of Dg(x) (blue) together with +£G(x) (orange, independent of N):

17,

Since the function Dy has negative values it does not satisfy (P1).

But it also does not satisfy (P3) since the orange curves are independent of N.

Note that the upper orange curves behave like il which is not integrable on [—%, %] We will now show that because of this

C
we have f_lﬁz |Dn(x)|dx — o0 as N — oo:

Consider fOI/Z |Dy/(x)| dx: We consider the N “humps” at [53/, %] for j=0,...,N—1: here N =38
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We have
sin (2N + 1) 7x)|
D> B
Leta;:= fj(/jé]]v)i(lz)NH)DN(x)dx. Then the area of the hump on [ﬁ, 2{\—7‘;11] isfor j=0,....N—1
= [ oz e [0 v o lax= )
aj| = X)|dx 2 ———=— sin +1)nx)|ldx = — - ——
’ J/(2N+1) N n%ﬁl j/(2N+1) Tz j+1
1 1
N1 /0 sin(7x)dx
|

2/m

so that

/1/2!D()Id > 2 (i liid
0 N x_TCZ 1 2 N

1/2
/ |Dy(x)|dx — 0 as N — oo
1/2

Using this property one can show that there are continuous functions for which f{)(0) — co.

3.7 Fejer kernel, completeness of trigonometric basis 2" k ¢ 7

In order to obtain nicer convergence properties we use smaller factors for the higher frequencies: We define the Fejer kernel
oy € Iy by

c _ al _ |k‘ . ,2Tikx
v =) (-7 )-e (40)

= N+1

Note that the factor 1 — NILJF‘I decreases linearly from 1 toOas k=0,... ,N+1.

Therefore (32)), (33) give for the convolution gy = f * Oy

’k| > 7~ 2mikx
= 1—
gn(x) k_z_:N< Nl fre
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For each k we have 1 — N‘le — las N — oo . So we can hope that gy (x) — Yo fie?™ = f(x) as N — oo.

The Fejer kernel is a 1-periodic real function. What does the graph look like?

We claim

N k| N+1 forxeZ
o] = 1— — ),k = ) 1
w(z) k:Z_'N < N+ 1> ! — ((N+ 2) 7x) otherwise
(N+1)-sin“(mx)

Proof: For nonzero x € [—%, %] let r := €*™*. We use

A4r+- M =142r 4+ + NN T N+ DA N 41 Y

—_—
A1\
rN-(l ) =r Vg2 NV NP P (N D) NP Y
r—
r%+l—r7% ?
—
Hence with r := %
1
on(x) N+1[r Npor M e e e (N D) NP e 1Y

on@x) = (N+1) sinc2 (x)
For x # 0 we get with G(x) from
G(x)®
oy (x) = — L (V1))

TN+ g2 sinc? (7rx)

Here is the graph of og(x) (blue) together with (N + 1)~!G(x)? (orange, goes to zero as N — oo):
9

I
N
©
|
w =
oI \V]
I
© =
o
© |-
w =
©o |~
N
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Note that we have
1. GN()C) > 0

2. Since in li the coefficient for k =0 is 1: f_IﬁZ oy (x)dx = 1.

3. We have oy(x) < ﬁ : (%)2, so for |x| > & we have oy(x) < ﬁ . % —0as N — oo.
As oy satisfies (P1), (P2), (P3) we obtain from Lemmathat gn = Oy * f converges uniformly to f.

Hence we obtain

Theorem 3. Assume that f is 1-periodic and continuous. For any € > 0 there exists a trigonometric polynomial q,, € 7,
such that

max | (x) — gu(2)] < .

Remarks:

e We did NOT prove that max ‘ f=rw ‘ — 0 as N — co. There are continuous functions f where f(y) does not uniformly
converge to f.

* However, Theorem [3| shows that the mean square error H f=rw H converges to zero: Since f(y) is the best approxi-
mation in Jy we have Hf—f(N) H < ||f — ¢|| for any ¢ € Iy and hence

1
1F = fn|I* < ||f—qzv||2:/0 f(x) — gn(x)[dx < (max|f —gy])* =0 asN — oo

Now we want to consider more general functions.

For a piecewise continuous function f with finitely many jumps at points z;, ...,z We can construct a continuous function
fe such that || f — f¢|| < &: This can be done by cutting out intervals [z; — 8,z; + 0] and replacing the function f with a
straight line on these intervals.

This means: For any given € we can first construct a function f; with || f — f¢|| < €. Then we can use Theoremto construct
for f¢ a function g, such that | f¢(x) — g, (x)| < € and hence

1 1
!%-%WZALM@—%meg/e%ﬁwZ

0

so that we obtain
Hf_CInH < Hf_f8H+||f£_Qn|| <ete=2¢

i.e., we can find trigonometric functions g, such that the L2-error || f — g, || is arbitrarily small.

The same argument works for a square integrable function f € 1.2, i.e.,

[ 7<=

(in the sense of a Lebesgue integral). For any € > 0 it is possible to construct a continous function f; with ||/ — f¢|| < € (see
e.g. Theorem 3.14 in [Rudin: Real and Complex Analysis]).

This implies that any square integrable function can be approximated by trigonometric polynomials in the mean square sense:

Theorem 4. Assume that f satisfies fol |f(x)]*dx < oo (in the Lebesgue sense). For any € > 0 there exists a trigonometric
polynomial g, € Iy, such that || f — q,|| < €.

We now obtain the proof of the convergence result (T1) in section 3.3}
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Corollary 5. Assume that f satisfies fol |f (x)\zdx < oo, Let fyy(x) = Ziilf N Fee®*< Then we have
lf =fanl =0 asN—e (1)

1 =)
/ |f(x)|*dx = Z | fk‘z “Parseval identity” (42)
0 Pt

Proof. By Theorem || we can find for any given € > 0 a function gy € Jy such that || f —gn|| < €. Since f{y) is the best
approximation of f in Jy (see () we have

[f=fml| <If—anl <e
which gives @I]). From we have
N
P == fwl+ X \fk\z
k=N

As N — oo we have Hf_f(N)H — 0. Hence Yy ‘fk‘z converges to || f||* for N — oo,

=

For functions f,g € L* we have the inner product (f,g) = [y f(x)g(x)dx and norm || f|| = (f, f)=.

Let us denote by f= ( fk) rez, the “infinite vector” of all Fourier coefficients.
1
2 2\ 2
= (7.7)"

The Parseval identity states that || f|| = H f H We have seen in H that we can express an inner product (u,v) in terms of

q

For f, § we have the inner product ( f, §) =) fi8x and the norm

norms ||u+v||, ||u+iv||, [[u]], |v||. Therefore the Parseval identity implies

forall f,g € L?: (f,g)= <?7§>

3.8 Summary: Fourier series for 1-periodic functions

Here we summarize the key properties of the Fourier series for 1-periodic functions f, g:

1 . o )
Jie= / fx)emRdy o f(x)= Z fee*™ < Inversion
0 P

oo

[rwia = ¥

k=—o0

A

Jk

2 Parseval (43)

1
a@ = [ rgle-ndt = G=fia Convolution
0

1
* Since the integrands are 1-periodic we can also use the limits [2, (- --)dx in all of the above integrals.
-2

* The statement f(x) =Y Fre?™* is interpreted as limy_e 22\’: ~(...) . see (T1), (T2), (T3) in section

* The Parseval identity actually holds for inner products: fol fx)gx)dx =Y . fir.

24



3.9 Fourier series for L-periodic functions

So far we considered 1-periodic functions. But all results carry over if we have a different period:

Consider a function f(x) with period L > 0, i.e., we have f(x+ L) = f(x) for all x € R. Then the function F(x) := f(Lx) is

1-periodic. Using our previous results for F we have

\t/ Pl

With the change of variables t = Lx we obtain

1 L
P —2mikx _ —2miki /Ly —1
fi=F /X:Of( Lx )e dx /tzof(t)e L dt

t

A

L .
fk — L—l/ f(x)e—kax/de =
0

L
L [ rePax =

a =1 [ fge i

L~ dr
flx)= Z Fre?™ /L Inyersion
k=—o0
a2
Y |k Parseval
k=—c0
Gk = fi8x Convolution

Note:

* Because of the change of variables we obtain L~ fOL e

» fis written as a linear combination of the functions e

L
* Since the integrands are L-periodic we can also use the limits [?, (- --)dx in all of the above integrals.
—2

* The statement f(x) =Y Fre®™* is interpreted as limy_oo Zﬁc\’:_ n(...),see (T1), (T2), (T3) in section

in place of [ --- on the left hand side.

. k
27 with frequencies & = I keZ.

« The Parseval identity actually holds for inner products: L~" [ f(x)g(x)dx = Y5 .. fidr.

3.10 Pointwise convergence

We now prove (T2) in section[3.3]

Assume f € PW!. Since f(y) = f * Dy and Dy is even we have

fin o) = [ Dule)f o —t)dr = [ Do) (o

~1 1
2 2

We claim that
Iy = 3f(x—0), Iy

We define for ¢ € (0, %]

+1)dt = /O DN(t)f(xo—l—t)dt—i—/O;DN(t)f(xo+t)dt

1
2

J/

Iy

— 3f(x0+0) asN — oo

g(t):

f(xo+1) = f(x0+0)

sin(7r)

This function is piecewise continuous on (0, 3], and the limit at 0 is

t)— 0 I3
limg(r) = lim flxo+1) = fxo+0) - —
t—0 t—0 t Sln(ﬂ?t)
>0 >0
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DO =
=
i)

with the 1-sided derivative from the right D f(xo). Let us define g(—t) := —g(t) so that g is an odd function on [—35,

1
Since [ Dy(t)dt = 1 we obtain for the second integral

1

= a0 = /OEDN<z>f<xo+t>dr (00) = [ [ +0)~ o —0) Dy(0)a

_/ fxo+:m mg _O)sin((2N+1)7rt)dt=/ozg()Sln((2N+1)”t)d

1

1
%/ ) sin 2N+1)7’L’l‘)dl‘:%/2 8(t):

. (EZmNtemt _ e—ZmNte—mt) dt
! 2i

where F(t) := g(t)e™ and G(t) := g(t)e ™. These functions are piecewise continuous and hence in L?, so gives
F y—0and Gy — 0as N — co.

In the same way we can prove I, — 3 f(xo —0) — 0.
3.11 Uniform convergence

We want to prove (T3) in section[3.3] We will use the following result:

For sequences uy, v € C for k € N we have the Cauchy Schwarz inequality:

_ 12, 12
< (Z\MHZ) <Z|Vk|2>
k=1 k=1

Proposition 6. Assume f € PW! without jumps. Then we have Z ‘ fk} < oo | ie., absolute convergence for the Fourier
k=—o0

series.

Proof. Since f € PW! we have the derivative g := f’ € PW with Fourier coefficients g;. The Bessel inequality gives
Lo el < gl

Using integration by parts we obtain using that f(¢) and e~>**" are continuous and 1-periodic
gk — / f —Zﬂlktdl, |: —27‘Clkl / f 27'Clk 27'L'iktdt (45)
=21k fy

Hence fi = gx - (2mik)~'. Now we use Cauchy-Schwarz with u; := |g;| and vy := (27ik) ™!

<| X laf? o0
(L) (Lo

Since Y 7, kLZ <ooand ), \§k|2 < oo we obtain ) ;7 ; }fk| < oo, In the same way we also obtain )., ~ | !fk’ < oo 0

Y |k
k=1

Theorem 7. If‘zzozioo ‘f’\k‘ < oo we havefor f(N)( ) Zk* kaEZﬂlkX and f( ) Zk— wkaZnikx
* uniform convergence: max,c|o,1] | foyx) —f (x){ —0as N — o

o f(x) is continuous
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Proof. Let Sy := Ziv: N ‘fk‘ We have Sy — S:=Y ‘fk‘ as k — oo.

Z J’c‘keZn:ikx

|k|>N

<Y |fi]=:5-Sw

|k|>N

|f£(x) = fon ()| =

We can now take the maximum over all x € [0, 1] and obtain max,¢ | | f(x)— S (x)] <S—Sy —0as N — oo

Each of the functions fy) is continuous. The “uniform limit theorem” from calculus states: If a sequence of continuous
functions converges uniformly, the limit function is also continuous. O
With a similar argument we can actually prove that the maximal error decays like N~!/2:

Proposition 8. Let [ denote a 1-periodic function with fol |f"(x)|*dx < oo. Then

ma [0~ 0@ < N0 ash e

x€[0,1]

Proof. We obtain for the maximal error

_ 2 2mikx < Vg
B0~ fim @] = max | 3 A < B 1A
\—/—/
erEikx
'ZNLHJ
k

For real sequences u;,v; we have the Cauchy Schwarz inequality:

(E4) (84

A= z>fk<k|-|kwg( Al ) (zw)
|k|>N |k|>N |k|>N |k|>N

N~

A B
212112 o0 A

Z U Vi

yielding

1
2

Let g:= f’, then ‘fk‘|k| :ﬁ‘A ’

For B we use

) |ky‘2§/ x2dx=N"', B<(N')1=+V2N?
N

k=N+1 Y=
yielding
1
max — < — N2 0 asN — oo 46
max. |f(0) = fou (] < 5 el (46)

Remark: Here we only used that g = f € L.
For f € PW! we can obtain a better result if we additionally assume that each fj’- is piecewise monotonic (or one can assume

f € PW?, i.e., for each piece [} » [} are continuous). Then one can show | fk‘ < c|k|? yielding

- <C-N! 47
max |7(x) =i ()] < 47)

This is the actual convergence rate which one observes for piecewise smooth functions without jumps.
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3.12 D(x) = ssinc(nx) and its antiderivative G(x) = X Si(x)

S% forx #0

1 forx=20

For the function sincx := { we consider the antiderivative

X
Si(x) ::/ sinct dt
0

This is called the “sine integral function” Si(x). This cannot be expressed in terms of elementary functions. In Matlab you
can use sinint(x).

We will consider the function ’ D(x) := sinc(mx) ‘and its antiderivative | G(x) := p Si(7x) |. Here are their graphs:

1 T T T T T T * T T T T T T
——— D(z) = sinc(mx)
—— G(z) = 7 'Si(rx)

7 6 5 4 3 2 1 0 1 2 3 4 5 6 7

We have the following properties of G(x):
« one can show that [ D(x)dx = 1. As D(x) = D(—x) we have [;°D(x)dx = 3.

* D(x) is positive on (0, 1), negative on (1,2) , positive on (2,3) .... . D(x) has zeros at 1,2,3,...
Hence G(x) has local maximum at 1, a local minimum at 2, a local maximum at 3, ...

k+1
o let|a; := / sinc(7x) dx |. Note that ag > 0, a; < 0, a; > 0, etc.
k

As fol sin(7x)dx = % and [sinc(7x)| < 1 we have |a| < % -+ . We also have |ax1] < |ax|.

* Wehave G(k) =ap+ai+ -+ ax_.
As k — o we obtain the alternating series ap+a; +ax+--- = %
Since we have an alternating series with |a1| < |ax| and ax — 0 as k — oo the “alternating series theorem” gives:
G(k) =ag+ -+ a1 converges to 1 as k — oo, and the error satisfies |G(k) — 1| < |ax| < % 1
2 1
1

We have for actually for all x > 0 that ‘G(x) — 5‘ < p
X
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3.13 The Dirichlet kernel Dy(x) and its antiderivative Gy(x)

We consider the Dirichlet kernel Dy(x) (1-periodic) and its antiderivative Gy(x) := [y Dn(¢)dt. Here are the graphs of
Dy/(2N+1) and Gy for N = 8:

1 T T T T T T T T as T T T T T T T T
D /(2N+1)

Gy

58, 7, 6, 5, 4, 3, 2 1 1 2 3, 4 5 6, 7 8
S Iy "y The The Tl Tl Tl Ty 0 o "l Tl The The Tl g /17'5
We have the following properties of Gy (x):
1 1
* we saw that |2, Dy(x)dx = 1. As Dy(—x) = Dy(x) we have [} D(x)dx = 1.
~2
* Dy(x) is positive on (O,ﬁ), negative on (ﬁ,ﬁ) , positive on (ﬁ,ﬁ) Dy(x) has zeros at

1 2 3
2N+17 2N+17 2N+17°

Hence Gy (x) has local maximum at

a local minimum at a local maximum at

2N+1’ 2N+1’ 2N+1’ T
(k+1)/(2N+1)
. let|a _/ e Dy(x)dx|fork=0,...,N—1, ay _f];ﬁNH) Dy/(x)dx. Note that ag > 0, a; <0, a5 > 0, etc.
+

As fo sin(7x)dx = 2 and |Dy(x)| < 5- we have |a| < 1 -1 fork=1,2,.... We also have |ax 1| < |ax.

. WehaveGN(zNH) ag+ay+---+ap_fork=1,... Nandagp+a;+---+ay = %
Since we have an alternating series with \akH\ < |ag| the ¢ alternating series theorem” gives:
_ _ _k 1
Fork=0,...,N the error satisfies | G( 2N+1 2‘ <lag| < L-Lie. forx= 37 We have |Gn(x)— 3| <

T k’
1‘<1 1
2T 2N+ 1)x

We have actually for all x € (0, 3] that |Gy (x) —

* |Gy <2Ns+l> G(s) + O(N2)|: We get with the change of variables z = (2N + 1)t

s
2N +1

Gy (

s/(N+1) sinc ((2N + l)m)dt B /S sinc (7z) 4
~ Jo=o sinc( .

)= (2N+1)/ nz/(2N +1))

=0 sinc(7r)
= ' Si(ms) + O(N~?)

since sinc(h) = 1 +O(h?) as h — 0.
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3.14 Gibbs phenomenon: behavior of error fy(x) — f(x) for functions with jumps and kinks

Consider a function f € PW! with jumps. We want to investigate the behavior of the error

Gibbs phenomenon for g(x) = % —x on [0,1]

We first consider the 1-periodic function g with | g(x) = 5 —x | for x € [0,1). This function has a jump of size J =1 at 0.

Here is g and the Fourier approximation g :

T T T T T T T

0.5 .

0.25 .

-0.25 r

-0.5
-1 -0.75 -0.5 -0.25 0 0.25 0.5 0.75 1

Here are the error functions ey (x) := g(y)(x) — g(x) for x € (0,3] and N = 5,10, 20:

0-1 T T T T
° \/ W =
-0.1 4
-0.2 4
-0.3 1 8
e5()
0.4 e, |
€50 )
_05 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5
‘We observe:

» for each N we have oscillations which decay like { away from the jump at 0

* as N increases the amplitude of the oscillations at a point x decreases like Cy,/N

1
N+%

* the oscillations have period

=

* the functions ey (ﬁ) are almost the same for N = 5,10, 20, and almost the same as G(s) —
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0.09 -
0.08 -
0.07
0.06 -
0.05
0.04
0.03 -
0.02
0.01

-0.01 |
-0.02
-0.03
-0.04
-0.05

We will prove: Let d, denotes the closest distance from x to the jump, then

1 J

<. < 48
v < 2 G (48)

Close to the jump at zop=0 we have
en (Zo + 2NS—|—1> ~J-[G(s) — L sign(s)] (49)

where G(s) := ! Si(7s). For this specific function g this holds with an error term of O(N~2). But for general functions
f € PW! which have several jumps, or different slopes to the left and right of the jump at zy (49) holds with an error term of
O(N~1).

This means to the right of the jump we have

0)=-1 ~ .0895 ~ —.0486
eN(Zo+ ) 2.], eN(Zo+2N+l) 9 J, eN(ZO+2N+1) J
To the left of the jump we have the opposite signs.
Claim: ey (x) = Gy(x) — 3 forx € (0,31).
1 s>0
Proof: Note that for s € [—1,1] we have g(s) = —s— 3 + .
f [~11] we have g(s) = ~s— } {0 Y
1 <
Hence for x,7 € (0,1) wehaveg(xt):txéqt{ * and
0 t>x
1 1 | X
gy (x) = ODN(t)g(x—t)dt = ODN(t)(t—x— 5)dt + ODN(t)dt
1= t= =
1 1
= [ Dy(t)(t—1)dt—x [ Dy(t)dt+Gy(x)
t=0 =0
0 1
g (@) = (5 —x) = Gn(x) — 3
~——
g(x)
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Gibbs phenomenon for f € PW!

For a piecewise continuous differentiable function f € PW! with jumps J; := f(zx +0) — f(zx —0) at z, k= 1,..., K we see
that

Fx):=f(x) =Ji-glx—z1) = —Jg-g(x— )
does not have jumps and F € PW! . If each fJ{ is piecewise monotonic this also holds for ' and 1i gives

max |F(N) (x) — F(x)! <cN!

and for each term Jyg(x — z/) we get {8), {@9). For f(x) = F(x)+J; - g(x—z1) + - +Jx - g(x — zx) we get the sum of these
terms.

Gibbs phenomenon for function with “kinks”

Assume that f is a piecewise smooth function without jumps. In this case we have (@7)

max | fiy) (x) = f(x)] < CN7!

The “bad points” are the “kinks” z; where f’ has a jump of J: denoting the right and left sided derivative by D ,D_

J =D, f(z;) —D_f(z))

Example: Let f denote the 1-periodic function with f(x) = (x—x?)/2. Here J = D, f(0) = D_f(0) = 4 — (—%) = 1. Here
are f and f(;o) around the kink at 0:

008 T T T T T T T
0.06 4
0.04 - -
0.02 i
O Il Il Il Il Il Il
-0.2 -0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2
Here are the errors ey := f(y) — f for N = 5,10, 20:
1o 10 : : : .
8 es(x) | |
0¥
6 (¥ | ]
4 i
2 a -
0F /\/XWV/{
\/
ol W _
4 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5

At akink z; we have an error ‘f(N) (zj) — f(zj)‘ < cN~! whereas at a point x away from kinks we have ‘f(N) — f| <C.N72.
Here C, decays like 1/d, where d, is the distance to the closest kink.



We notice that (2N + 1)en(z0 + 2517 ) look similar for N = 5,10,20

0.1

—
0.09 e (s/11) |
0.08 f 216, (s/21) |
0.07 H 41e , (s/41) |
006 F H(s)-s/2 -
0.05 ! .
0.04 || -
0.03 |} -
0.02 | -
0.01

0
-0.01 |
-0.02
-0.03

I

(

(
|

Here H (s) is an antiderivative of G(s)
H(s) :=n >cos(ms)+ s Si(ms)

and we obtain close to a kink z¢ for the error ey := fy) — f

s J
2N+1> vt ) =3l

e (Zo +

1

In particular we have ey(z0) ~ ﬁ“ g

3.15 Generalized functions, derivatives and the Dirac delta
Functions and generalized functions on R

Let f denote a function defined on the real line R. Let e.g. f(x) denote the temperature in a room along a straight line. For
a given position xo we have a corresponding temperature value f(xo) at this point. However, when we try to measure the
temperature with a thermometer we will not get the value at a single point. As the thermometer has finite size, we will get
a weighted average of temperatures: We have a function ¢(x) which is nonzero only on some small interval (a,b), and we
obtain a weighted average

A= [ rwewdx

We use the notation A = (f, @) which means: “test f with the test function ¢(x)”. We assume that test functions ¢ satisfy
¢ and its derivatives @', @”, ¢", ... exist and are continuous
* @ is nonzero only on some bounded interval

Summary: For a “classical function” f(x) we can perform the following two operations:

(A) Sampling at a point x € R: For any value x € R we obtain an output value y = f(x) € R

(B) Testing with a test function ¢(x): For any test function ¢(x) we obtain an output value Y = (f,¢@) =
JZu (%)@ (x)dx.
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We have seen that there are things like the “Dirac Delta” which are not classical functions. Therefore we now define
“generalized functions” (a.k.a. “distributions”). For a generalized function F the operation (A) may not make sense. How-
ever, the operation (B) is always well defined: For any test function ¢ we obtain an output value Y = (f, ).

Example: For a sequence of functions g(") with (P1), (P2), (P3) we have for any continuous test function ¢
(¢.0) = [ g"x)pdx—>9(0)  asnes
So the “limit object” is the generalized function @ which maps any given test function ¢ to the output value
(8,0) = ¢(0)

This generalized function is called Dirac delta. There is no classical function with this property: we would need a function
with integral 1 which is only nonzero in the point x = 0.

Similarly we define as the Dirac delta concentrated in x = b, i.e.,

[(85,0) = 9(b) |

We can always define the derivative G = F’ of a generalized function, yielding another generalized function G. For a
classical function f we have for any test function using integration by parts

b b b
(1.0) = [ £ W= [F@eWls- [ e/ @dx=—(f.9)
a T/ a

where @ is zero outside of the interval (a,b). Therefore we define the generalized function F’ by

(F',@):=—(F,¢)

Example 1: Let F = ;. Then F’ is the generalized function which gives for a test function ¢ the output value
(Fl.o)=—(F.¢')=—¢'(3)

0 forx<O
Example 2: Consider the Heaviside function H(x) = | forx >0 It does not have a derivative which is a classical
orx >

function. However, if we consider H as a generalized function we obtain a derivative H': For a test function ¢ we get
{ee) (o) b
(H'.9) =—(H.¢') == [ HW@Wdx=— [ ¢'Wdx=—lpx)lt = 9(0)
Hence we have that the derivative of the Heaviside function is the Dirac Delta:
H' =&
Example 3: Consider a piecewise differentiable function

~Jfikx) forx<A
f(x)_{fz(x) forx > A

where fj(x) has a continuous derivative on (—eo,A] and f>(x) has a continuous derivative on [A,0). Let g(x) denote the
“piecewise derivative”

(x) 1= filx) forx<A
8- fi(x) forx>A
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What is the derivative of f/’ as a generalized function? For a test function ¢ we have an interval (a,b) containing A and
all points x with ¢(x) # 0. Then

(7.0) =~ (1.0 =~ /Af1<x><p’<x>dx— [ pwewar

= =AWk, +/ fi)e()dx+ (/209900 */ 2l
—fl(A)(p(A fz( )P (A)
:/_wg(x)(p(x)dx—k(fz(A)—fl(A))‘P(A)

yielding

fl=g+J-6a with the "jump size" J := f(A+0) — f(A—0) (50)

Periodic generalized functions

We can now define 1-periodic generalized functions. E.g., the 1-periodic Dirac delta | 0, | is concentrated at the points

J € Z. Because of its graph it is also known as the “Dirac comb”.

Similarly, for a € R the 1-periodic generalized function | 8perq | is concentrated at the points j+a with j € Z. E.g., the

; : ; : 5 2147
generalized function 5per’ 1is concentrated at the points ..., —3,—%,3,7,3,--- -

For a 1-periodic classical function f and a 1-periodic test function ¢ we can define

(i @per = | [(X)P(x)dx

period

where the integral goes over a full period of length 1 (e.g. from 0 to 1, or from —% to %). For a 1-periodic generalized
function F and a 1-periodic test function ¢ the operation (F, @) .. is well defined. E.g., for F = 5p 1 and the test function

per er, 3

@(x) = sin(27x) we obtain <5per ,(p> = ¢(3) =sin(2wl) =sin(%) = 1.
3.16 Properties of Fourier coefficients

If we apply certain operations on the function f, how is this reflected in the Fourier coefficients f;?

Changing x to —x:  Let|g(x) := f(—x) | With the change of variables s = —t we obtain

1 1
a= [ renear— [
t=— §=

1
2 S=73

F)E™ (—ds) = [ ple)eids = fy

hence | g = f« |

Shifting the function by a: Let’g(x) =f(x—a)|
the change of variables s =t — a we obtain

i.e., we shift the graph of the function a distance a to the right. With

1—a

1 _ . 1 , 2 A
Sk = / f(t _ a)e—katdt _ f( ) —2mik( s+a)ds — e—kaa/ f(s)e—2mksds _ e—kaafk
0 0

—a

Hence | g, = e 2" f |
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Taking the derivative:  Let|g(x) := f’(x) | Then integration by parts gives

1 . 271 1 . "
8 = / f(x)e 2 dx = [f(x)efzﬂlkﬂ - / f(x)(=2mik)e ™ dx = (27ik) fi
0 0 0
N———

0

—2mikx

since f(x) and e are 1-periodic functions. Hence | gy = 2mik - fi.|.

Recall that functions with fol | £ (x)|* dx < oo correspond to Fourier coefficients fi with ¥ | fk|2 < oo,
For a generalized function F we can still define the Fourier coefficients 7}, by

£ = <F e—27‘cikx>

per

since @ (x) = e 2"* ig a 1-periodic test function.

For a generalized function F we can define the “reflected” generalized function F(—x), the shifted generalized function
F(x—a), and the derivative F’, and the above rules for the Fourier coefficients still hold. E.g., for G = F’ we have

A ; d ; ; ; -
Gr = <F’,e*2’“kx > —_ <F, < (ez’“’“)> - <F, (—2km)e*2”"“> — ki <F, e*Z’”’“> —2%kri-F
per dx per per

per

Example: We consider the 1-periodic function f with f(x) =1 on [0,1) and f(x) = —1 on [—4,0). Let us first find the
derivative G = f” as a generalized function. The function f(x) is constant, except for jumps of size 2 and —2 at x = 0 and
x= %, respectively. Hence we get with

G=f =0+280—25

per, 5y

Recall that the Fourier coefficients of g = 5per are g, = 1 for all k € Z. The generalized function & = §, 1 is obtained by

per.

shifting g = Gper by a = %, hence the rule for the shifted function gives

~

= e g = (1)1

Hence G = 28per — 25per ! has the Fourier coefficients

ék=2—2.(_1)k: 0 forevenk
4 for odd k

Now we can use G = f’ to find the Fourier coefficients f;: From the derivative rule we have Gy = 2k7i - f, hence

S

N Gy { 0 for even k

for k # 0: = = .
7 = S =2 foroddk

What about fy? Note that fy = (f, 1>per is the average of f over a full period of length 1. In our example we have fy =

1 A
J?1 f(x)dx = 0. Recall that we obtained the same values for fj earlier in li
2
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4 Periodic function, discrete time: discrete Fourier transform

4.1 Periodic functions for discrete time values, aliasing
So far we considered 1-periodic functions f(x) defined for x € R, and we wrote this function as a linear combination of the
basis functions u®) (x) = e2*¥** for k € Z.

Now we consider a step size 1/N and the discrete points x; = j/N for j € Z. A discrete time signal is given by values f; at
the points x;, j € Z. As the signal is periodic we have

fun=f; forjel]

Hence we only need to specify N values. By convention we use the values fy,..., fy—1:

f: [f07‘ .. 7fN—1}T S (CN.

We now want to use the values of the trigonometric functions u(¥) (x) at the points xj: This function has the values

. oA T
7% .— [ PTKOIN g2k i/N

We have however so-called aliasing: kN — k)

Proof:
uk+N) (x)) = P2Mi(kN)j/N _ 2mijk/N 2mij _ (k) (x;)
1
The functions u® (x), u®*V)(x), u®*2V)(x), ... have all exactly the same values at the grid points x; (on all the other points
in R they are different, though):This means that the vectors #¥) for all k € Z are actually only N different vectors which keep

repeating.

Example: Lete.g. N =5:

In order to represent the vector f = [fo,---, f4]T € C we need 5 basis functions. By convention we use the vectors
ﬁ(O),ﬁ(l),ﬁ(z),ﬁ<3),ﬁ(4). We could also have picked the vectors ﬁ(_z),ﬁ(_l),ﬁ(o),ﬁ(l),ﬁ(z), but these are exactly the same
vectors, just in a different order.

Given: values of signal in time domain: f = [0, f1, 12, f3s f4}T e

Wanted: write f as linear combination of #% ..., #*):

f=Foid® + fa" + fi® + fa® + fiut

We want to find the vector f = [ fo. f1, 2, f3 f4] ! € C° which represents the signal in the frequency domain.

Once we have this vector f we can also write f as a linear combination of the vectors (2 ,Zi(_l),ﬁ(o) RriONIOR
N~

i3 7@

A

f=FAia"P 4+ 4= + fod® + fraV) + fHa®
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4.2 The discrete Fourier transform %y

Given: values of signal in time domain: f: [fo, f1,- - ,fN_l]T e CN.

Wanted: write f as linear combination of #®, ..., 7"-1:

f=foi® 4+ a4+ fy_ @b
N_
-y e2miki/N
=0

We need to find the coefficient vector f = [fo, f1,..., fv—1].

We claim that the vectors #(?), ..., #V~1) form an orthogonal basis of C: We have

(g(k)7 ﬁ()> Z 27ikj/N =2mil j/N _ Z o g = 2ik=D/N

Jj=

For k = [ we have a = 1 and hence

For k,l € {0,...,N — 1} with k # [ we have a # 1 and

N -1 2mi(k—1) _ 1 1—1
R -l
a—1 a—1 a—1
Now we can use (5) to write a vector f = (fo,.--,fv—1) € CN as a linear combination of the vectors a0, W=,
L Nol R (f, ) 1 N=1
F=Y fa®  fi= = Z fre TN (51)

k=0 (ﬁ(k)v” )

Given a vector f: [f05- -, fN_l]T € CV in the “time domain” we obtain a vector f = [ fo,---, fN_1] € CV in the frequency
domain. This operation is called the discrete Fourier transform .7y, its inverse is called .7, 1.

A -

f:ng7 .]?:yi

ol

4.3 Discrete Fourier transform for N =4.8

Let . This corresponds to a rotation by an angle of 271 /N. Then using the basis vectors

1 1 1 1 I
1 0] w? o’ V!

dO=| 1| av=| o | -] o | o= o | G- = | XN
1 V-1 w2N-1) w3-1) w™-DN-1)

we want to write a given f € CN as f A + -4 fy_ @™, We have
N—-1 . " . 1 N—1 "
=Y fo’, kaNijafj
k=0 j=0

For we have @ = ¢?™/4 = ¢*/2 = j which is a rotation by Z, i.e., 90°.
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Therefore we get the basis vectors

ﬁ(O) _

-1 |’ |’ —1

—_—
<
=
|
N
S
|
|
—
N1
©
|
|

Imagine a wheel which starts in position O at time 0, and rotates with a speed of k rotations per second (k > 0 means
counterclockwise, k < 0 means clockwise). We take snapshots N times per second: at times 2, }1, i, i (then it just repeats).
Note that due to aliasing i) is the same as @(~1). If we show the snapshots of i) as a movie with N = 4 frames per second
the wheel would appear to rotate backwards with 1 rotation per second, rather than forward with 3 rotations per second. This

is the reason that in movies wheels appear to rotate backwards sometimes.

3
OO0

Therefore we can write f = .7 ’1]? and f = Znf as
fo 1 1 1 1 Jo Jfo 1 1 1 1 fo
il (1 i -1 =i il Al 11 =i -1 i bl
Ll 1 -1 1 -1 ol Ll 41 =1 1 -1 i
13 1 —i —1 i f f 1 i -1 —i 1
We get for example
1 1 0 3
0 1] 1 1 A
ar _ — 2 2
THlo | Ta| ] T2 1
1 1.

For we take snapshots 8 times per second at times 2 g2 % and obtain the basis vectors

)
ololololol01010)
]
B2I9II0IGICION0)
]
SIOICI0IIOICI0)
J
OCLOLOOOW
l\/.g
OOOLVOLOW
J
00000060V
l\/c':\_:
COOVWOOOO
lg
SICICIVIVIIAN0)

where(o:®:(1+i)/ﬁ,®:(—l+i)/ﬂ,@ (—1—1)/V2, 2, 0= (1—1i)/+/2 . Note that #®) is a fixed wheel.

i i7@ 70G) are wheels rotating with 1,2, 3 rotations per second whereas @7 = 7~V 70 = 52 705 = 7(-3) are wheels
rotating with —1,—2, —3 rotations per second (i.e., clockwise). For ii* = #(~*) both 1nterpretat10ns are equally valid.

4.4 Discrete Fourier transform in Matlab

The discrete Fourier transform .%, maps the vector f = [fo,---,fn—1] in the time domain to the vector f= [ fo,---, fN_l] in
the frequency domain. The inverse discrete Fourier transform .7, ! maps the vector f back to the vector f:

A — -

f=nf  f=P

ol
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As an example consider the vector f = [1,1,1,1] in the time domain. Since this corresponds to the function f(x) = 1 the

Fourier vector is f = [1,0,0,0]:

F4[1,1,1,1] = [1,0,0,0], Z,11,0,0,0] = [1,1,1,1].

We use the m-files four.m

function fh = four(f)

fh = fft(f)/length(f);

and ifour.m

function f = ifour(fh)

f = ifft(fh)*length(fh);

Then we can compute the discrete Fourier transform in Matlab as follows:

> f = [1,1,1,1]

f = 1 1 1 1
>> th = four(f)
fh = 1 0 0 0
>> ifour(fh)
ans = 1 1 1 1
>> four([1 0 0 0])
ans =
0.25 0.25 0.25 0.25
>> four([0 1 2 3])
ans = 1.5 + 0i -0.5 + 0.51 -0.5 + 0i -0.5 - 0.5i
In Matlab all indices are shifted by 1: You can access components of a Matlab vector v using v(1), v(2), ... . Note that

Matlab begins counting with 1, whereas our signal and Fourier vectors are indexed from O to N — 1. Therefore in Matlab

fj corresponds to f(j+1)
fi corresponds to fh(k+1)

In our example we have f= [ fo. fi. b, fg] =[1,0,0,0] and fo corresponds to fh(1) in Matlab.

4.5 Properties of the discrete Fourier transform

Here we summarize the key properties:

k=0
lN—l 2 N—1 .2
YUk - Y
j=0 k=0
1 A
9= Y figie & a=fié
=0

L1 . N 2 omitg -
Ji= N )y fie RN o = Yy F&?™*i/N " Inversion
=0

Parseval

Convolution

Recall that

(ﬁ(k)’ﬁ(€)> _ N fork=1
0 fork#l

This gave us the formula for f; in , and (7) gives

=,

(fafj = 2: jk
k=0

N
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yielding the Parseval formula. The Parseval formula implies that inner products in the time domain correspond to inner

1 /- 2 =
products in the frequency domain: N ( f, g) = ( f, §), i.e

ijgj kagk

Note that the sums on the left hand side in correspond to the integrals on the left hand side in (3)) if we apply a midpoint
rule to the integrals.

For the convolution we plug in the Fourier representation of g;_, and switch the order of the sums:

lNl

Zfegj Zfezgezm Ok/N
NZI <Z 2mitk/N | 5 2mikj/N
qj fre~ i ) wikj

k=0 \ (=0

iz
Hence we have g; = Z 1 2mkI/N with g, = fr8x. Remember that the signals are periodic (wrap-around): g i =gj+N- So
gj—¢ with j—£ < 0 has to be interpreted in this way.

4.6 Interpretation of fy,..., fy_ and the interpolating function f(x)
Case of odd N

Assume we have for N = 5 a vector f = [fo,. .., f1] and we compute the discrete Fourier transform f= [ fo. fr, P, f3. f4].
Somehow these coefficients f; tell us something about which frequencies are present in our signal. However, it is not quite
obvious how this works.

First consider the function

Fx) = fou® () + i () + fou® () + fsu () + fou® (x)

This function satisfies £ (x;) = fj for j =0,...,N, i.e., it passes through the points of our discrete signal (“the function F(x)
interpolates the given data points”). However, this is not very useful:

* Even if the values fy,..., f4 are real, the values of F(x) will be complex and non-real for x between the grid points.
The problem is that we use only e>*** for k > 0, so we cannot get terms like cos(27x) = (ezmx + e‘zm).

* We use functions u*) with frequencies up to k = 4. So we use functions with high frequencies to represent data on a
fairly coarse grid.

4)

But remember that on the grid points x; = j/N the function u® coincides with u(=2), and the function u(*) coincides with

1) (for x # x ; these functions are different though). Hence we can consider the function

F) = fou® () + FiuV () + o () + Fru ) () + fru D ()

which still passes through the given data points. Now we have k = —2,—1,0,1,2 and therefore f € %. Therefore we can
write f in the form
f(x) = ao +aj cos(27x) + by sin(27x) + az cos(27 - 2x) + by sin(27 - 2x).

This function f(x) is much nicer than F (x):
» If the values fj, ..., f4 are real, the values of f(x) will be real for all x.

* We use a function in 7, with frequencies only up to k = 2.
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For general odd N = 2n+ 1 the Fourier vector [ for fis---, fN_l] yields the interpolating function f € .%, given by

Fx) = foul® () + frulV (x) 4+ -+ L™ () + fyptt T () 4+ Fy_1uD (%) (53)

Therefore the entries of the Fourier vector should be interpreted as follows:

frequency 0 1 2 -~ n n .- 2 1
fo fi foo Sa Sarr o N2 SN

So fy corresponds to frequency 0 with () (x) = 1, it gives the mean value of our data. Then £} and fy_; together tell us
about frequency 1. The highest frequency terms f,,, f,. for frequency n are in the middle of the vector.

Case of even N

Consider for N = 6 a discrete signal a vector f = [fo,---,fs] with the discrete Fourier transform f = [ fo, f1, P2, F3s fas fs]
Here the “bad” function F'(x) would be

F(x) = fou'® () + fruD (x) + o () + Fu® (x) + fau™® () + fsul® ().

On the grid points x; the function u®) coincides with u(~"), the function ¥ coincides with u(~2) and the function u®)
coincides with u(=3) (x). So we replace fyu™® (x) + fsu® (x) with fyu=? (x) 4 fsu~1 (x). What should we do with f3u®)(x)?
If we leave it as it is, or if we replace it with fgu(*3)(x) we would get something “unbalanced”, causing a complex function
for real data. The answer is to replace f3u(® (x) with 3 [u(S) (x) +ul3) (x)], yielding the function

Fe) = fou® )+ fru® () + Fou® () + by [ 6) 0l 6)| 4+ fau D ) + fou D ()
which still passes through the given data points. Note that
3 [u(3)(x) +ul ™ (x)} = 1 [2™3 4 23] = cos (27 - 3x)
so that we can write f in the form
F(x) = ao+ ay cos(27x) + by sin(27x) + as cos(27 - 2x) + by sin(27 - 2x) + az cos (27 - 3x)

We denote these functions by .73 .. since we take the functions in .73, but only use the cosine term for frequency 3. Note
that it does not make sense to use sin(27 - 3x) since this function is zero at all grid points x; = j/6.

Tpcos :=span{ 1 ,cos(27x),sin(27x),...,cos (27(n— 1)x),sin (27(n — 1)x), cos(27nx) }
~—

freq 0 freq 1 freq n—1 freq n

For general even N = 2n the Fourier vector ( fo, fl, ey fN,l) yields the interpolating function f € Tcos given by

70 = () il () D)+ o () )+ a0 4+ ) (54

Therefore the entries of the Fourier vector should be interpreted as follows:

frequency 0 1 2 .- n—1 n n-—1 - 2 1

N

fo A B For fo P o 2 S
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Summary

Let us define the N dimensional space Vy of trigonometric polynomials:

Vi e T if N=2n+1 is odd
N Incos 1fN =2n is even

Then we obtain

Proposition 9. For given samples f; at x; = j/N for j=0,...,N — 1 there is a unique interpolating function feVy. We
can find f using f = Znf and

Foe + Au 4 ™ 4 f ) e fyu D N=2n+1 odd 55)

' + i o D 4 fug [0 ] fuau T e fyuTY N =20 even
Proof. Obviously f € Vy. Evaluating f at . N glves for each term u® the vector #®) . For terms with k < 0 we use
aliasing ik = ﬁ(k+N ), and obtain [ f ( ) f Nﬁ ] 0 Fyd™N- h= f We have a one-to-one correspondence

of Fourier vectors f € CV and functions in Vy:

(A S & AP 7

FAF e 7

Since the mapping .y : C¥ — CV is also one-to-one we obtain: For any given vector f € CV in the time domain there exists

a unique interpolating function f € Vy. O
A Fourier vector [ fo, ..., fN,l} stands for a function f € Vy given by the following linear combinations of (=), ... u®:
_ ) ho b b S v e x
oddN =2n+1: T Y (R S B (1 Sy () fe
. ho b fe J Fort o P2 P |
even N =2n: N R o T R e I C= I CT AL

4.7 “Upsampling”: Evaluating f(x) on a finer grid

Recall that a Fourier vector f = H Foueo Fvaa H corresponds to a function f € Vy:
 f € 7, given by forodd N =2n+1
e fe g, 1 cos given by for even N = 2n.

Applying F "o fgives back the values fy,..., fv—1 on the grid points x; = j/N.

Often we would like to evaluate the function f(x) on a finer grid X; = j/M , j=0,...,M — 1 with M > N. We can do this
in the following way: E.g., for a vector f= [ fo, fi, s f, f4] of length N =5 we have the function

Foo) = Fsu™ () + fa0)u ™ () + fou' () + fruV (x) + S (0)u? (x) €

The function does not change if we add zero terms with (3 (x) and u® (x):

FO =0 40+ A D0+ L V) + fo i@+ fi kD) + f uP @)+ 0 u®(x)
84 gs 86 8o g1 & 83
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which corresponds to the Fourier vector

§: [f07f17f2707 01 f3af4]

which is obtained from f by “sticking zeros into the middle of the vector”. Now applying the inverse Fourier transform

oSN

§g:=7"
gives the values g; = f(j/M) of the function f on the finer grid.
If we start instead with a vector ]_5 = [ fo. f1, P, f3] of length N = 4 we obtain the interpolating function

F) = 3 /a2 () + ()0 () + foul® () + iV () 4+ 5 S (x)u® (x) € Faon
therefore the vector § of length M = 7 which corresponds to the same interpolating function is

g= [fo, fi, 5£2,0,0, 355, f5]

2 R o ~ T if N=2n+1 odd
Summary: A vector f = [ Jos---s fN—l] corresponds to an interpolating function f(x) € ! ) n A
Incos if N =2neven
vector § = (£o0,...,8m—1) of length M > N which corresponds to the same interpolating function is given by

ooyl

B [f07~--;fnu07~--707fn+17fN—1} if N=2n+1 odd
[foree s Fat: 3500 0,000, 2 7 fuvts oo ivoif] if N=2neven

This is implemented in the Matlab function fext (see m-file on course web page). We can use this to plot the interpolating
function £ on a finer grid with M points:

x = (0:5)/6; % grid of given signal 12
X = (0:511)/512; % fine grid for plotting A 5 -
f=[000111]; % given signal

fh = four(f); os / \

gh = fext(fh,512); % extend to length 512 ol / \
g = ifour(gh); J/ \\
plot(x,f,'0’,X,q) 04t / \

0.2r

-0.2
0

For M > N we have Vyy C Vjy, this corresponds to the function fext for the Fourier vectors. The corresponding operation in
the time domain is called “upsampling”:

o BN e vy
upsampling | J fext N
e oM 6wy

4.8 “Low-pass filter”: Least squares approximation with lower frequency functions

We are given the values f; at the points x; = ﬁ for j=0,..

~ Tn
eVy=
f N {%l,cos

.,IN —1. We have seen that we can obtain an interpolating function

forodd N =2n+1
foreven N = 2n
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If we use a space .7, or .7, cos With m < n we cannot expect to find a function g(x) which passes through all points. The best

we can do is to minimize the least squares error
N-1
~ 2
Y 3G =£il™ (56)

J=0

Because of the orthogonality of the vectors ii¥) (see section i we can obtain the least squares approximation by using only
terms which correspond to our subspace (see section : We have a vector f € CV and using the discrete Fourier transform
we can write it as

Case of odd M =2m+1: We want to approximate the values f; using functions .7, with M =2m+ 1 < N. For example
consider .75 where m =2 and M = 2m+ 1 = 5. In this case we want to use the frequencies —2,—1,0, 1,2. Because of aliasing
the corresponding vectors are dWN=2) =1 70 71 72 The best approximation Ge span {ﬁ(N_z),ﬁ(N_l), 7NN Ei(z)}
is obtained as

G = fuad®™ 2 4 fy g™ 4 foi® + fraV + prii®

and corresponds to the Fourier vector é given by
[Go,Gr,...,Gn-1] = [fo. i, £2,0,...,0, fn—2, fv—1]

where we replace high frequency coefficients with zeros. The function g(x) corresponds to the Fourier vector § of length
M =2m+1 =15 given by
[80,81,82,83,84] = [Jo, /1. f2s Fn—2s F—1]

where we “remove the high frequency coefficients from the middle” of the vector }‘;’

To approximate the data values using .7, with M = 2m+ 1 < N we use

(80, 8m—1] = [fo. frs- oo fons Fvems s vt

Case of even M =2m: We want to approximate the values f; using functions .7, cos With M = 2m < N. Here we use for
the highest frequency m only the cosine term. For example consider 75 cos = span {1, cos(27x),sin(27x), cos(4mx) } where

m =2 and M = 2m = 4. The best approximation corresponds to the Fourier vector G given by

A R I A A4 fvo
[G();Gl?"')GN—l]: f()uflu%uo)"wo)%)fw—l .

The function g(x) corresponds to the Fourier vector § of length M = 2m = 4 given by
[ngagAl 7gA27gA3] = [f07f] 7f2 +fN—27fN—]] .
To approximate the data values using .7, cos With M = 2m < N we use

[§0,~ .- 7gAM71] = [f()vflv' .- afmflvfm +fom7fN7m+1)' .. 7fAN71:|

Summary: We can approximate a data vector [f, ..., fy—i] of length N using a trigonometric space of dimension M < N
as follows: define the vector g of length M by

[fAOJfAlu"'7fm7fN—l117"'7fN—1] fOdedM:2m+1
[fo;fla"-yfm—hfm +fN—m,fN—m+1,---,fN—1] foreven M =2m

[éOa"':gAM—l] = {
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Then the corresponding function
. T forodd M =2m+1
8x) €
Tmcos foreven M =2m

is the best least squares approximation, i.e., it minizes (56).
This operation is implemented in the Matlab function ftrunc (see m-file on course web page).

Example: We consider a discrete signal which has value 0 for x € [0, %) and value 1 for x € [%, 1). We want to find the best
least squares approximation using a function g € .7, i.e., M =9.

x = (0:511)/512; % grid 12
f = (x>=.5); % signal: 1 for x>=.5, 0 else | B N
fh = four(f); / " \
gh = ftrunc(fh,9); % truncate with M=9 08F //‘/ \\\’
Gh = fext(gh,512); % extend for plotting osl ‘J/ \\:
G = ifour(Gh); : |
plot(x,f,x,G) il //‘/

02t \\\ ,"/

0 L /’J

70-20 0.‘1 012 0‘.3 0.‘4 015 0‘.6 0.‘7 018 0‘.9 1

We are given a discrete signal f € CV in the time domain. We want to apply a “low-pass filter”. This means: Find the best
least squares approximation by a discrete signal G which corresponds to a function § € Vjy with M < N. “Best least square

approximation” means that H f — G|| is minimal.
ZeoN Y oN
fecC C — Vv
J ftrunc J orth. projection
lowpass filter | cM o vy
J} fext N

GecV &y oy &y

4.9 Sampling a function
Sampling a function F at points j/N

We can characterize a 1-periodic function F (x) by its Fourier coefficients Fj, k € Z.

Assume that F € PW! without jumps (each piece has continuous derivative, the function may have kinks). Then we showed
that the Fourier series Y, Fie>™** converges absolutely, i.e., Y, |Fi| < oo.

—o0

Evaluating this function on grid points x; = j/N, j=0,...,N — 1 gives values

fi=F(/N)

with fj,n = fj. This process which takes us from the function F(x) to the vector f= (fo,---,fn—1) is called sampling.
Obviously, information about the behavior of f between the grid points gets lost during sampling.

By applying the discrete Fourier transform .Zy to f we obtain the Fourier coefficients ( Fos-os Pt )

How are Fourier coefficients ( fo, ey fN,l) related to the original Fourier coefficients Fi, keZ?
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Note that we have F(x) = Y. Fu®)(x) and hence for x; = j/N

F(x)) = i F (x))

k=—c0

Now remember the “aliasing property” of u*)(x): On the grid points x; = j/N we have

~:M“M@ﬂ:M”@0:MHM@ﬂZuw”m@D:“'

Therefore we can simplify (57) by collecting the identical terms together:

N—1 oo R
)= % (Z :z_mmm) u® (x))
Ji —

Sk

(57

Note that we have now reordered the terms in the sum. Since we have absolute convergence ) ;" ., ‘Fk’ < oo the sum after

reordering is still F(x;).

We see that we obtain the discrete Fourier representation f; = ZkN:_()] fku(k) (xj). We have shown

fe="Y B

{=—o0

(58)

This is how we get from the coefficients £, k € Z of the original function to the coefficents fos--., fy—1 of the sampled

version.

Note: Since } ;> ., ‘ﬁ’k’ <ocowehave) . ‘FH@N’ < oo, Le., the series 1i is absolutely convergent and therefore conver-

gent.
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This operation in the frequency domain is called “periodization”:

* start with the sequence of Fourier coefficients (Fk) rez Which decay to 0 for k — oo

« take the shifted sequences (Firov), -

« this yields a periodic sequence f; = ) I — Fi oy with fi i = fi, so we only need to specify f = [ o,

original sequence F, (black) and four shifted sequences Fk+15g, {=-2,-1,1,2

for{=...,—2,—1,0,1,2,... and add them together

1§ ' ?

08 ' * ® ®

06 | |1 ? ?

0.2 - T’" ”:II

; hlrs

1-35 -15periodized sequen((%e =0 F,Hw; 5 ?:0
il ] hhﬂ” | il

0
k

Conclusion: Sampling in time domain corresponds to periodization in frequency domain.

4.10 Sampling theorem, Nyquist frequency

When we sample a 1-periodic function F(x) at the grid points x; =

Fourier coefficients (Fk) kT and ( fk) k0. N

N

o]

4 we obtain the discrete values f i :=F(j/N). The
are related by . If we only have the sampled values f; we cannot hope to

reconstruct the function F(x): we don’t know what happens between the points x; = j/N. For the Fourier coefficients we

only know the sums

o= +FEN+E+Ev+Fwn+--, fi=FFEna+FB+Ev g+ FBya+--,

so we cannot hope to recover fy.

etc.

Assume that the function F(x) is band-limited in the sense that , and we are given the samples f; := F (ﬁ), j=

0,....N—1.

How to recover the function F from the samples f;: Let fi= ﬁNf and define the interpolating function f € Vy by .

By Proposition@tbe interpolating function in Vy is unique, hence

On the other hand, if we only know that F € Vy,; we cannot reconstruct the function F from the samples F' (ﬁ) j
0,...,N — 1: There is a nonzero function F € Vy.| which is zero at all points j/N:
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For N = 2n even let F (x) = sin(27nx) € 9, = Vau41. Then F(j/N) = sin <2nnﬁ> =sin(xj) =0.
For N = 2n+ 1 odd let F(x) = cos(27nx) — cos(27t(n+ 1)x). Then 2cos(27nx) = ul~") + u(") has the samples
T O) aliasing —(—n4N) 4N = ) 4 (=n=1)

which are the samples of the function u"*") 4+ u(="=1) = 2cos(27(n + 1)x).

This can be formulated as the sampling theorem:

Proposition 10. Assume that F € Vy; and we are given the samples F (ﬁ) j=0,...,N—1. The function F can by uniquely
determined from these samples if and only if N > M.

For odd M = 2m + 1 this means:

Proposition 11. Assume that F € .7, and we are given the samples F (ﬁ) j=0,...,N—1. The function F can by uniquely
determined from these samples if and only if N > 2m+ 1.

Note: Sampling with sampling frequency 2m is not sufficient since sin(27mx) is zero at the points x = ﬁ

If we have samples with sampling frequency N (i.e., spacing h = %) we can resolve signal frequencies less than % = ﬁ

This critical frequency & 7= 21h is called “Nyquist frequency”.

If the condition is satisfied we have

F(x) = f(x)
where f € Vy is the interpolating function for the samples f i
We have an explicit formula for f in terms of the values f ¥
Let N = 2n+ 1 odd and we are given the samples f; = F(%), j=0,...,N—1. Then

n
= Z Fku(k)
j=—n
Assume that fo = 1 and f; = 0 if j is not a multiple of N. The discrete Fourier transform gives
Fn[1,0,...,0)=N""[1,...,,1]

Hence we get with the Dirichlet kernel D, (x) defined in

B 1 forxe Z
=N"! Z u® (x) = 2n+1)"'Dy(x) = {sin((2n+1)nx)

— rtT)sin(mn) otherwise

1 Interpolating function for f = [1,0,...,0] is f(z) = 2+ Dn(x)
T T T

49



Here we see the graph of the function %Dn (x) for N =2n+ 1 with n = 4 (also see the graphs of D, (x) for n = 8 on pages
29.

; 1 ifji Itiple of N
Note that the function N~1'D,, € .7, satisfies N_an(ﬁ) = { 1 /15 muitiple 0

0 otherwise

Now consider f = [0,1,0,...,0] where the values are shifted on notch to the right. Now the shifted function N~'D, (x — )
is the interpolating function.

Consider f = [3,-2,0,...,0]. Then N~ [3D,,(x) — 2D, (x— +)] is the interpolating function.

Hence we obtain an explicit formula for the interpolating function f:

N-1 ‘
Fe)=N"1Y fi-Dalx =) (59)
j=0
For even N = 2n the Fourier vector [1,...,, 1] corresponds to the function

%u(—n)+u(—n+l)_|__“_|_u(n—1)+%u(n) :%q—n+q—n+l+_“+qn—l+%qn

1 I —q" |, 1, 1. q—q" sin(2n7x)
=1 NE—2 =1y ) L 1 — nx) ——= =:D 60
2(Q+ ) g1 2(‘1 +q )q% _q_% COS( x) sin(ﬂ:x) n,cos(x) (60)
where g := ¢*™*. Therefore we obtain
N-—1 ,
F@)=N"Y fi Ducos(x—3) (61)
=0

for the interpolating function.

4.11 Efficient computation of %y and 351\71: Fast Fourier Transform

We will omit vector arrows in this section and write £, f for the vectors f . fecCh.

. A A A AT . . _
Assume we are given the vector f = [ Joy---s fN,l] € CV in the frequency domain. We want to find the vector f = Fy L=
[fo,---+fn—1]" € CV in the time domain. If we just use the formula

N—-1
k=0

we have to compute N multiplications and N — 1 additions for each component, in addition to evaluating ¢>™*//N _ This means
that the computation of f costs at least N> multiplications (plus a similar number of additions etc.). For a vector of length
N = 1000 this means that we have at least 10° operations. This means that it is not practical to compute discrete Fourier
transforms of long vectors.

Fortunately there is a way to reorganize the computation in such a way that only N -log, N operations are required. E.g., for
N = 1024 we have
N?~10°  N-log,N =1024-10 ~ 10"

Note that ¢2%kJ/N — a)1<,k where we define

— elm/N

VY
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Assume that N is even. Then we can split up the sum in even and odd terms: Using Oy = ®% we obtain

N_q N_q N ¥

N—1 2 2 2 2
ik 2 j(2k) 2 j(2k+1) 2 ik 2 ‘ jk 2
fi=Y offi=) (DX/( )f2k+ ) Cozjv( )f2k+1 =Y oy fu+oy Y, of fun (63)
k=0 k=0 k=0 k=0 2 k=0 2
—_——— —_——
aj bj
Recall that @ implies that fj;y = fj. In the same way we geta;, v =ajand b, v = b;.
Note that . .
ap f() bO fl
ai f2 by 13
~1 ~1
= gg . ) =N .
2 : 2
a%_l fN—Z b%_l fN—]
a | bo fo
After we computed the vectors | @ |, | ! | € C? we can use (63) to find [ € CV: Using ajn =aj, by v =b;
a%,I b%,l In-1
N _
and @y = —1 we obtain
r ao+ oyb ao+ wyb
fO NP0 0 NP0
: N 'g 1 ao wybo
f%fl | + oy b%—l |9y | T Oy b%—l | a+tc where q — . e .
fx B 5 N ao—wobo |l a-—c N . N 1'
: aytonby o o oy by
iy | i
L JN=1 | L anN—1 +(1)11\\,]_1b1v_1 | L a%fl_wN bgfl ]
This gives the following algorithm for computing f = .Zy f:
Jo S
12 /3 ,
°leta::9’g1 . , b:zﬂgl ) . cji=b; forij,...,%—l
2 2
In—2 -1
a+tc
e let f:=
With this algorithm we can compute %y if N is a power of 2: We use recursion and compute ﬁ%, 33% ,... using this

algorithm and note that .7, f = f.
Here is a Matlab implementation of this algorithm: We assume that fh is a row vector where the length is a power of 2:

function f = ifour_rec(fh)
N = length(fh);
if N>1
if mod(N,2)==1
error('length must be power of 2')

end
a = ifour_rec(fh(1:2:end));
c = ifour_rec(fh(2:2:end)).*exp(2ixpi/N*(0:N/2-1));
f = [a+c,a-c];
else % case N=1
f = fh;
end
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Let Cy denote the number of operations needed to compute the vector .7y ! f. We need to compute 2 transforms of length
% to compute the vectors a,b. Then we need about N additional operations to compute fy, ..., fy—1 from a,b. Therefore we
have for even N that

Cny=2Cyj;y+N

We obtain the following costs for N =1,2,4,8, ...

;=0
C;=0-242=1-2
Ci=12244=24
Cg=2-4-24+8=3-8
Cls=3-8-2416=4-16
C3p=4-16-2+32=5-32

yielding a cost | Cy = N -log, N |if N is a power of 2.

The same idea works if N is a multiple of 3: Then we split the sum (62) into three parts: k =0,3,6,9,...and k=1,4,7,...
and k=2,5,8,...

VE VE ES TN
Z e = Z o f+ZCON +f%+1+Z o friin (64)
N/3] N/3-1 N/31

Z /3f3k + o Z /3f3k+1 + oy Z /3f3k+]

N
Let D := . and define
’ w}zvv/yl
I i A
VE! Ja /s
0) . g1 ). -1 2 2 -1
a¥ .= N/3 : , al —DENB . , a?:=D ﬁNﬁ .
fN—S fN—z fN—l
Then gives using w};\\]// 3 = s and w;‘ =3
f() a(o) +a(l) +a(2)

If N is a multiple of 3 the cost of Zy is
Cy =3Cy/3+2N

Matlab’s fft and ifft are implemented using the FFTW library (“Fastest Fourier Transform in the West”) which uses a
number of similar techniques to allow arbitrary values of N.

* this is most efficient if NV is a power of 2, or a product of small primes like 2,3,5,7

* even if N is a large prime the cost is O(NlogN)

5 Nonperiodic functions

5.1 Band-limited signals with piecewise continuous f(&)

2mi&x

The idea of Fourier analysis is to represent a function f(x) as a superposition of functions e with frequency £ € R.
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If we only use integer frequencies & € Z we obtain a 1-periodic function f(x):

f(x): Z fkezmkx

k=—o0

If we use only use frequencies & = % with L > 0, k € Z we obtain a function with period L:

oo

f(x): Z fkeZm'k%

k=—c

2mi€x

If the sum only contains terms e with frequencies |§| < M with some M > 0 then we call f a band-limited function.

Now we consider a superposition of functions €25 with all Ee[-M,M:
Let f(&) denote a piecewise continuous function with f(£) = 0 for || > M and define

1= [ fE)eag

Note that we integrate a piecewise continuous function from & = —M to M, so the integral exists.
11
1 for é S [_f’ f]

0 otherwise

Example 1: For f(&) = { we obtain

1 1 .
_ 2 Ziﬂxéd _ 1 2inxé ’ _ 1 iTx _ ,—inx] _ SIH(TCX) — — o
f(x) /7 , e £ [Zinxe L—é — e e ] p— sinc(mx) = sincg (x)

where sincy (x) corresponds to sinc(x) in Matlab.
We see that in this example f(x) has the following properties:
(1.) f is not periodic
(2.) f(x) >0asx — £oo
(3.) fis “smooth”: all derivatives f’, f”, f"”,... exist and are continuous functions on R
These properties hold for all piecewise continuous functions f(&) which are zero for |&| > M.
(1.) is obvious: in order to get a periodic function with period L, only frequencies & = k/L with integer k can be present.

Proof of (3.): For f’(x) we are allowed to move the derivative inside the integral:
d Mo d . M .
A0 = [ F@5 () de = [ &) @aikx)-
d\" _ M4 d\" 2mi&x _ MoA . m_ 2miéx
(5) r= [ 7o (5) (&) az= [ 1) emigayene

-M
yielding
=0 e E) - 2mEfE) )
gx) =" = 8&)=(m&)"f(&)
Example 2: For (&) = & forl<; we see that §(&) = E£(E) with f(&) from Example 1. Let 4(&) := 2mig(&) =

0 otherwise

2mi& f(E). Then gives

u(x) = f(x) = d [sin(nx)] _ cos(mc);r+ sin(7x) (—1)

X X i x2
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and g(x) = 5g(x).
Proof of (2.): We assume that f(&) is piecewise continuous and zero outside of [—M,M]. Note that (& + h) has a graph
which is shifted by /% to the left. We then claim

A,,::/ IF(E) = FE+h)|dE >0  ash—0 (66)
0 foré <M

To prove this claim let us first consider the case where f(&) = { continuous function for & € [—~M,M]. Then Ay, is the sum
0 foré >M

of the yellow areas in this graph:

-M-h -M M-h M

The yellow area consists of three parts:

Ah:/_M \f(g)_f(g+h)|dé;+/M_h\f(é)—f(§+h)\d§+/M |7(&) = F(&+h)|d&
,M,h\(f/ -M M—h T

Since f(&) is continuous on [—M, M] we have that ‘ FE)—FfE+ h)| in the second integral goes uniformly to zero as h — 0.

The first integral is [~/ , ‘fA(é + h| d&, the third integral is [ ‘f(é‘) |d&, they go to zero as h — 0 since we have integrals
of a continuous function over an interval of length # with 7 — 0.

If the function f (&) is piecewise continuous on [—M, M| with additional jumps, then we get additional “vertical yellow
regions” of width £ at each jump and the above argument can still be applied.

We use the change of variables & =7 + %

) oo

F(x) :/:700]?(5)827111’,‘)56{5 _ f(t+$)e2’”'(’+i)xdt: f(t+21—x)e2”"’x\e’idt

[=—o0 t=—o0 _1
yielding
F@= 3@+ 3w = [ 3IF@) e+ 4] g
< [ [BR@ A e ag =1 [ 7€) 7+ 4ldg =14,

Now we use 1@! with h = z—lx and obtain

—oo

[f() >0 asx— oo (67)

Actually, one can show that holds for any (classical) function f(&) with / | f(&) |d€ < oo |. Therefore we obtain ||

for these functions:

Lemma 12 (Riemann-Lebesgue Lemma). If the function f(&) satisfies [~ ‘ F(&) |d& < oo we have

fix)—0 as x — too
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Here it is crucial that f is a function and not a generalized function: For f = 8, with a € R we have
/ \f\d&:/ 8,dE =1 < oo,

But A, = [Z,|F(&) = F(E+N)|dE = [, (8 + 84—1) dE = 2 which does NOT go to zero as h — 0. For f, = 8, we have
f(x) = e*™4* which is periodic and does NOT go to zero as x — -oo,

5.2 Find g(x) for g(&) = f'(&)

Consider a function f (&) which is zero outside of [—M,M]. Assume that f is piecewise differentiable without jumps, so we
have f(M) = f(—M) = 0.

We use integration by parts

g(x) :/A;f'(g),ezméxdé _ [f(é)'ez’riéx}?__M—/]Zf(é)-27rix~ez”i‘3xd€

0 2mix - f(x)
8(x) = —2mix- f(x)
Differentiation in the time domain corresponds to multiplication by 27i§ in the frequency domain,
differentiation in the frequency domain corresponds to multiplication by —27ix in the time domain (note the minus sign!).

time domain ‘ frequency domain

N

f(x) f(&)
f'(x) 2miE - (&)
—2mix- f(x) f(&)

5.3 Approximating .Z ~! f using the trapezoid rule with values f(kh), h=M/n

For a given function f(&) on [—M, M] we would like to find

f) = /éM (&) (68)

=M

Sometimes we may not be able to find a formula for the antiderivative. Sometimes we may only have values f (kh) for a
small step size & and integer k available. In these cases we can approximate the integral using the trapezoid rule.

We divide the interval [—M, M| into 2n subintervals of size h = M /n. The trapezoid rule approximates the integral over a
subinterval [kh, (k+ 1)h]

(k+1)h h
/ F(t)ds ~ 5 [F (k) + F((k+ 1)h)
kh

yielding on the whole interval [—M, M| the approximation
M
/MF(t)dt ~h[AF(—nh)+F((—n+1)h)+---+ F((n—1)h) + 3F (nh)]

Note that the first and last values are multiplied by %
We apply this to (68) with F(&) = f(&)e*™* and obtain with 0y := f(kh) and s := hx

O~hlle e27ri(7n)s+ﬁ_ leZEi(fn+l)s+_”+‘9 _1627ri(n71)s_’_l{) e27rins
f( ) 2V—n n+ n 2Vn
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A

The Fourier vector § =[80,...,8n—1] = [\90, cesVnot, %\Ln, Vpgls-ens \9_1] of length 2n + 1 corresponds to the interpo-

lating function

DI —
>
=

27i(—n)s +§_n+162ni(fn+l)s 4. +§n_1ezm("71)s + %gf\nemrins

g(S) = %g—ne
where for k < 0 we define g, = giyn.

Note that the function g(s) is 1-periodic. Since s = /x and x = s/ the function (s) for s € [—4, 1] gives with

| £(s/h) ~ hg(s) |

an approximation for f on [—z—lh, ih] .
Therefore we obtain the following recipe for approximating the Fourier integral using the values f (kh) with h =M /n:
* pick n and let i := M /n. Larger n gives smaller error, we will get usable approximations for x € [—%hil, %hil].

* pick L, let £ := | L/2|. We will get approximations for x values with a spacing of ﬁ
o letg:= [£(0), f(h),...,f((n—h), L f(nh),} f(—nh), f((=n+1)h),..., f(~h)]

. let G = fext(g,L)

e let G := QL_IG? yielding G= [Go,...,GL—1]

j hG; for j=0,1,...,¢
* then we obtain for j = —/,... £ the approximation f(;) ~ { / orJ =5

]/lGL,j for ] = —1,—2,. ,,,—E
We get approximations of f(x) for x = L]—h with j = —{,... £. The leftmost value is x = —ﬁ ~ —%hfl, the rightmost value

ox=L.p1 o 1p-1
1sx-Lh Nzh .

However, the error increases with |x| and we can only expect to get reasonable approximations for x € [—%hil, %hfl]:
consider ¢2™%* for fixed x as a function of &: this function has frequency |x| and period ﬁ In order to get a reasonable

approximation fot the integral we need 4 subintervals per period, i.e., h < ﬁ — |x| < ﬁ.

5.4 Approximating .7 ~!f using the midpoint rule with values f(kh), h=M/(n+ %)

In the previous section we divided the interval [—M, M] into an even number of subintervals and used the endpoints of the
subintervals to approximate the integral.

h = 2M/4
R ——
¢ ¢ ¢ ¢ ¢
-M 0 M
ettt
>
h =2M/5

Now we divide the interval [—M,M] into an odd number of subintervals and use the midpoints of the subintervals to
approximate the integral.

We divide the interval [—M,M] into an 2n + 1 subintervals of size h = % = ni” . The midpoint rule approximates the

D=

integral over a subinterval [(k— 3)h, (k+ %)h]

(k+3)h
/ F(t)dt ~ hF (kh)
(k=3)h
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yielding on the whole interval [—M, M] the approximation

/_A;F(t)dt A h[F(—nh)+---4 F(nh)]

We apply this to with F (&) = f(&)e¥%* and obtain with g := f(kh) and s := hx
f(x) ~h |:gA,n€2m.(7n)S +§,n+1ezm(7"+l)‘? 4. _'_gf\ne27rinx
Recall: the Fourier vector § = [80,...,8n—1] of odd length N =2n+ 1 corresponds to the interpolating function

g(s) = ginezm(—n)s +gin+182m‘(—n+l)s+ oo gy 2T

where for k < 0 we define gy = grin-

Note that the function g(s) is 1-periodic. Since s = /x and x = 5/ the function g(s) for s € [—1, 1] gives with

| £(s/h) ~ hg(s) |

an approximation for f on [—z—lh, 2%1]

Therefore we obtain the following recipe for approximating the Fourier integral using the values f(kh) with h =
M/(n+3):

» picknandleth:=M/(n+ l). Larger n gives smaller error, we will get usable approximations for x € [—%h”, %hil].

pick L, let £ := | L/2|. We will get approximations for x values with a spacing of

let g := [f(0), f(h),.... f(nh), f(=nh),..., F(=h)]

. let G i= fext(g,L)
. leté:zﬁL é yielding G = [Go,...,GL1]

hGj for j=0,1,...,¢
hGL_j forj:—l,—2,...,—€

then we obtain for j = —/,... ¢ the approximation f (Lf—h) ~ {
As in the previous section the error increases with |x| and we can only expect reasonable approximations for x €
IR

" g :

This recipe looks complicated because of the definition of the discrete Fourier transform: For odd N = 2n+ 1 the discrete
Fourier transform %y maps

[f07"'>fn7ffn7"':f71] — [f()?""f;’t’f,\filﬁ"",f,\*l]

It is convenient for odd N = 2n+ 1 to have a mapping sfour

foneeesfotsfosees ful = [Fonseoos fots foo ey )

where the two halves of both vectors are swapped into “correct order”. The inverse mapping is isfour, and we also have a
corresponding version of fext: the function sfext(fh,L) with odd L gives the following vector of length L

[Oa"-707f07'-"f,\mf*na"'7.};‘;1707"'70}
SN—— SN——
k zeros k zeros

where k := (L—N)/2.
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As an example consider f (&)=

1— f <1
| for x| < . Here we have f(x) = sincz (x).

0 otherwise
exact f(x) (green) and midpoint rule approximation (black)

fh = @(t) 1-abs(t); % define function fh for |t|<=M 1 T T T " T T T
M=1; {3

09r b
X = -4:.001:4; % plot exact f(x) = sinc(x)"2 08t ]
plot(X,sinc(X).”2,’g"); hold on 4o

0.7 ]
n=10; el = 35; % choose n and el
N = 2xn+1l; L = 2xel+1; 06 i
h = 2«M/N; 05+ 4 ! i
gh = fh((-n:n)x*h); % use these function values of fh
G = hxisfour(sfext(fh,L)); % apply fext and ifour 0.4r 7
x = (-el:el)/(Lxh); osl | . |
plot(x,G, 'k."); 02k J
hold off; axis tight; xlim([-4 4]);
title(’exact f(x) (green) and midpoint rule approximation (black)’) 0.1 ! 1 b

5.5 Nonperiodic signal for discrete times x; = jh

In the introduction in section [T we presented four cases of signals in the time domain:

(1.) periodic signal, continuous time x € R
(2.) periodic signal, discrete times x; = jh
(3.) nonperiodic signal, continuous time x € R

(4.) nonperiodic signal, discrete times x; = jh

We have covered cases (1.) and (2.) in sections 3 and 4. Now we want to look at case (4.): We have a nonperiodic signal in
the time domain which goes to zero as x — d-co. We are given signal values f; at times x; = jh with j € Z and a step size
h>0.

We want to write this signal as a superposition of e¥SY with & € [-M, M| for a suitable value M.

We want to find a function f(&) on [—~M,M] so that we have

M .
fi= / (&) Eihge  forall je Z
-M

It turns out that we have already solved this problem: this exactly corresponds to case (1.) if we switch the time and
frequency domain. For case (1.) with an L-periodic signal we obtained in (44). Let us write down these results using

gj = fj and | G(x) := f(x) |. We also ‘ replace i with —i ‘ (all results remain the same, we may just as well use e 27*¥/L jp

the formula for f(x) and e

27ikx/L i the formula for fi, and some books use this setting):

L =
gi=L" ZL G(x)eP i gy = G(x) = Y gje ML Inyersion
2

j:—oo

oo

L
L_l/jé‘G(x)‘zdx - Z ‘gj‘z Parseval
2

J=—o
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If we now write we obtain with f; := g;/h and f(&) := G(&)

fj:/E f(&)Pmeiltge = f(E)=h i fje*Z”"§<’h Inversion

1

L oo
/j f(é)‘zdx = h‘Z ‘fj|2 Parseval
2h Jj=—00
a 1
We see: data f; at x; = jh in the time domain corresponds to a function f(&) on [-M,M] with | M = o in the frequency
domain.
For given values f; with finite “energy” E=h}7_ ., ‘fj‘z < oo we can find f(é) using
f&)=h Y, fre?meh (69)
j:—oo

where the sum converges in the mean square sense: for fy(&) := hZ’jy:,ije*Z”"éjh we have || fiv) — f|| = 0 as N — oo,

A NI ,
Once we have found the function f(&) we can evaluate [ %, f(&)e?™¢*dE for any x € R:
2h

The function

Feyi= |7 F(&)erera (70)

is an interpolating function for the given data points, i.e., f(jh) = f;. We see that f(x) is band-limited.
Note that Myy := 21—,1 is the Nyquist frequency for data with spacing A.
‘2

We obtain: For given data f; with spacing & and }.7_, ‘ fj|” < oo there exists a unique interpolating function fe

L2([ My, Myy]).

Theorem 13 (Sampling Theorem). Consider a band-limited signal F with finite energy:
M oni M )
Fw= [ Peemeag, [ |FE)f g <
-M -M

We sample this signal with spacing h < ﬁ and get f; = F(jh) for j € Z.
Then we can reconstruct the signal F from the samples f;: define F(E) by and f(x) by , then F(x) = f(x).

Proof. If h < 51— we have M < 5. Define F'(£) = 0 for |£| > M, then we have

fi= 1) = [ BE)emiltag

T2

by its definition. With £(&) from we also have

fi= [ f@einag

2h

Therefore we must have ' = f (in the sense of L2 functions, i.e., “almost everywhere”). O
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Example 1: Consider the signal f; = 0 for all j € Z. Find interpolating functions f which contain only frequencies in
11

(=35 25

Obviously f(x) =0 is an answer. Is there any other answer? The sampling theorem states that this is the only interpolating

function with finite energy.

But note that f(x) = sin(zx/h) also satisfies f(jh) = sin(mj) =0, and
s o 1 inx/h —inx/h| _ o 27iEx . r 1
Fx) = sin(mx/h) = o e/ — emimlh] = /_wf(g)e ag  with f=[6, -5 ],
so this function f contains only the frequencies 5—}: and 2171 Does this contradict the sampling theorem? No: this function is
periodic and has infinite energy. For a function f containing Dirac deltas the expression s ‘ (&) ‘2 d& does not make sense.
Example 2: Consider the signal ...,0,0,0,1,0,0,0... given by

1 forj=0
fi= .
0 forj#0

Find the Fourier transform f(&) and the interpolating function f(x).

Answer:

? S £ 11

J=—00

Therefore the interpolating function f (x) is given by

1/(2h)
i :/1/(2/1) Jerentge :/1/(2h) h. P E :h[ 1 ezmg] _h 1 (emx/h_efn'ix/h)
~1/(2h) ~1/(2h) 2mix f-_1jon X 20

—isin<g) =|sinc <{>
Comx h/) "\h

with the sinc, function defined by

sincy(x) := sinc(7x) = TTx x70
1 x=0
Remember: In Matlab the function sincz(x) is called sinc(x).
Example 3: Consider the signal f; given
3 for j=0
fi=4q¢—-2 forj=1

0 otherwise

Find the interpolating function f(x).
3 forj=0

_ we see from the previous example that the answer is 3sincy(x/h).
0 otherwise

Answer: For data {

1 forj=1 ) . —h
For data . we see from the previous example that the answer is sincz(*").
0 otherwise

Therefore we obtain f(x) = 3sincg(x/h) — 2sincg(52).

RESULT: For given data f; we obtain the following formula for the interpolating function f

fx) = i fjsincy (%—j> (71)

J=—00

This is an explicit formula how to recover a band-limited function f from its samples f; = f(jh) if h < ﬁ

We can use this formula to upsample a signal.
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5.6 Convolution formula

For discrete signals f; and g; given at times x; = jh we define the discrete convolution

qi=hY fi-gji-

f=—oc0

We include the factor  since this should approximate [~ _ f(¢)g(x —t)dt for the continuous time case.

Proof of the convolution formula: we plug in the Fourier representation of g; , and then interchange the order of the
integral and the sum:

o o 1/(2h)
ai=hY fi-gie=hY fr/ g(£)ePme =Dy

— A —1/(2n)
1/@h) 72717164/2
- / o H’f ) 4(8)de
f(&)

1/(2h) it i n
So we obtain ¢; = [ o (60 mEMAE with §(E) = F(E)8(E).

Summary for nonperiodic signal, discrete time:

=h Z fie e o fj:/ﬂ: F(&)e¥™EIngE  Inversion
j=—oo T2
- 2 By a2
Y AT = / 6] dg Parseval (72)
J=—o0 ~2n
G=h Y, fig;e & a&)=7E)&E  Convolution
Z:—oo

5.7 Nonperiodic signal, continuous time: the Fourier transform f= .7 f

We finally consider the case of a nonperiodic signal f(x) for continuous time x € R. We consider a function f(x) with
f(x) = 0asx — £eo.

We assume that we have finite “energy” E = [ | f(x)|*dx < co. We want to write f(x) as a superposition of functions e

fo) = [ FE)emeag

2milx.

Recall the periodic case: For a I-periodic function f(x) and N € N we let f; := f(j/N) for j =0,...,N — 1. Then the

formulas 1i for the discrete case contain sums N~ ij\.’;ol G(j/N) which for become integrals [y G(x)dx in the
formulas (43]) for the continuous case.

Now we look at the nonperiodic case: For a function f(x) on R and & > 0 we let f; := f(jh) for j € Z.Then the formulas
2) for the discrete case contain sums 1Y7__, G(jh) which for formally become integrals [~ G(x)dx.

Therefore we would expect the following results for nonperiodic signals and continuous time:

— [ fweax o @)= [ fE)™aE Tnversion
/ T fPdx = / RGNS Parseval-Plancherel (73)
= [ wgt—na o @@ = &) Convolution
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Taking this formal limit # — 0 in is NOT a proof of these results. I will skip the proofs since they require technical
results about interchanging limits and integrals, changing the order of double integrals and other things. Presenting sketches
of the proofs without these technical details is misleading since it hides the essential difficulties. For now it is more important
to understand the meaning and the applications of (73).

We call the mapping .% : f — f Fourier transform, and the inverse mapping .# ' : f — f inverse Fourier transform.

Note that .7 is the same as .% ~!, but with i replaced by —i. Taking the complex conjugate in f(&) = [ f(x)e 2 *dx
gives

f=Ff = f=F'F, e T \f=Ff  Ff=Ff (74)

5.8 Convergence results for the Fourier integral [~ f(&)e?™5*d¢

For the Fourier series the statement f(x) = Y, Fre®™** has to be interpreted as a limit of Zivzf N Fee® i for N — oo
Depending on the properties of f we have mean square convergence, pointwise convergence, or uniform convergence.

For the Fourier transform the statement f(x) = [~ f(&)e?*$*d& has to be interpreted as a limit of ™, f(&)e?*5*d& for
M — oo, Depending on the properties of f we have mean square convergence, pointwise convergence, or uniform conver-
gence.

Review of Fourier series

2rikx

For a Fourier series Y5 fie we have with f(y)(x) := A Fre®™** the following results:

(a) if fol |f(x)\2dx < oo we have mean square convergence Hf(N) — fHL2([0 )~ Oas N — oo

() if Y . | fk] < oo (absolute convergence) we have uniform convergence max,c( | ‘ ) = f (x)‘ — 0 as N — oo,
and f(x) is continuous.

(¢) if f € PW! (piecewise function with finitely many pieces, for each piece f and f’ are continuous):
we have pointwise convergence everywhere

forallx€[0,1):  fim(x) = 5 [f(x—0) + f(x+0)] as N — oo

Corresponding results for Fourier transform

For the Fourier integral [, f(&)e*™5*d& we have with fony(x) := M, F(E)e*™exdéE the following results:
A) if [ ]f(x) |2 dx < o we have mean square convergence: H fony—f H —0asM — oo

B) if [, | (&) | d€ < o we have uniform convergence max;c | fony(x) = f(x) | = 0as M — co. Also: f(x) is continuous
and f(x) — 0 as x — oo

(C) if [*_|f(x)|dx < e and f € PW! (piecewise function, on every finite subinterval there are finitely many pieces, for
each piece f and f’ are continuous):
we have pointwise convergence everywhere

for all x € R: f(M)(x)—>%[f(x—0)—|—f(x—|—0)] as M — oo

Let f( m) = [ f/[M f (x)efz”’fxdx. Note that the Fourier transform .7 is the same as the inverse Fourier transform .% !, except

for replacing i with —i. Therefore we obtain corresponding results for the convergence f(M) — f.
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5.9 Examples for Fourier transforms, approximation with FFT

We will write | g € L? |if [~ |g(x)|*dx < oo, and| g € L' |if [*_]g(x)|dx < oo.

We illustrate the results from the previous section for some examples:

1 for|x <1

. We obtain f(&) = sinc, ().
0 0therw1se

Example 1: Let f(x) := {

We have 7 |f(x )| dx =1 < o0, s0 we must have [~ ’f ‘Zdé = 1 < oo. Therefore (A) gives fiy) — f and f(M) — fin
the mean square sense.

We have [*_|f(x)|dx =1 < oo, so (B) gives that we have uniform convergence f(M) — f. Also f is continuous and tends to
zero as x — oo . This is obviously true for f(&) = sincy(&).

For f(&) = sinc, (&) we have }f )| = O(|€]™") . We obtain [, ‘f )|d€ = oo, but [, }f ‘2d§ < oo,
Since f is not continuous (B) implies f ¢ L'. We do not have uniform convergence foay = f-

Since f € L' and f € PW! we get from (C)

o 1 for|x| < 3
: y 27 _ )1 1
Jdim [ f(E)e?™Eag = ¢ 5 for|x| = :
0 for|x| >4
X forx>0 A
Example 2a: f(x) = {(e) for r= 0 gives (&) = m using the definition of .# we get
orx < L
R oo . oo . 1 . oo
_ —x 72m§xd :/ (71727rt§)xd _ [ (717271:15))(}
f(&) /0 ee = ¢ YT T omie ° x=0
—_———

—1
We now want to approximate .% ! f using the midpoint rule: As f is not continuous we have f ¢ L'. Hence we cannot
expect fast convergence as M — oo and we are curious what happens at the jump at x = 0.

Here we choose M = 10 and n = 100, i.e., we are replacing [, (---)d& by using N = 2n+ 1 = 201 points on [—10, 10]. The
first graph shows that the truncation to [—M, M| causes a Gibbs phenomenon at the jump at x = 0.

We know from the Fourier series that we can improve the Gibbs phenomenon by averaging over the period of the oscillations,
this means to multiply g, by Oy = sinc,(k/(n+ %)) In the second graph we see that the Gibbs phenomenon is much reduced.
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tl = tiledlayout(2,1) % Requires R2019b or later
title(tl, ’exact f (red) and midpoint rule approximation (black)’)

M = 10;
= @(t) 1./(1+2ixpixt);
X =-1:.001:1;

o°

define function fh for |t|<=M

o°

fex = exp(-X).*x(X>=0); % exact values of f(x)
n=100; 1 = 600; % choose n and 1

= 2«n+l; L = 2x1+1;
h = 2*M/N;

gh = fh((-n:n)x*h);

o°

use these function values of fh

o°

nexttile

G = hxisfour(sfext(gh,L));
x = (-1:1)/(Lxh);
plot(X,fex,'r’,x,G,'k");
xlim([-1 1]); title(’'without smoothing’)

1st graph
apply fext and ifour

o°

nexttile % 2nd graph

Q = sinc((-n:n)/(n+.5)) for averaging

Ga = hxisfour(sfext(gh.*Q,L)); % apply averaging, fext and ifour
plot(X,fex,'r’,x,Ga, 'k");

xlim([-1 1]); title('with smoothing’)

o°

e % forE>0
0 foré <0

f(x) _ / 75 2nt§xd§ / —142mix) xéd
0

Example 2b: Now let f(&) =

1

we obtain f(x) = T i -
— 2mix

Method 2: using 1i we get f(x) = f(x) and £(x) = (1925) = 1375

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

—1 =2mix

exact f (red) and midpoint rule approximation (black)
without smoothing

VA

‘ V, ‘

-0.5 0 0.5 1
with smoothing

-0.5 0 0.5 1

and find f(x). Method 1: using the definition of .7 ~!

1 {e(fuzmx)é] ”

£=0
—_———
-1

We now want to approximate .% f numerically using the midpoint rule. Again there are two ways.

Method 1: Use (74): Take the complex conjugate of f, then use the code of Example 2a using isfour, then take the

complex conjugate of the result.

64



Method 2: Recall that .%y is the same operation as .7y, !, but we have to use —i instead of i and multiply by N. Therefore
we can use the previous code and replace isfour(v) with sfour(v)+*length(v)

tl = tiledlayout(2,1) % Requires R2019b or later exact fh (red) and midpoint rule approximation (black)

title(tl, 'exact fh (red) and midpoint rule approximation (black)’) without smoothing

1,
M = 10;
f = @(x) 1./(1-2ixpix*x);
Xi = -1:.001:1;
fhex = exp(-Xi).*(Xi>=0);

o°

define function fh for |t|<=M

o°

o°

exact values of fh(xi) 0.5r

n =100; 1 = 600; % choose n and 1
N = 2xn+l; L = 2*x1+1;
h = 2«M/N; 0
g = f((-n:n)xh); % use these function values of fh VL
1 0.5 0 0.5 1
nexttile % 1st graph
Gh = hxLsxsfour(sfext(g,L)); % apply fext and ifour with smoothing
xi = (-1:1)/(Lxh); 1 ' '
plot(Xi, fhex,'r’,xi,Gh, 'k");
xlim([-1 1]); title(’without smoothing’)
nexttile % 2nd graph 05T
Q = sinc((-n:n)/(n+.5)) % for averaging
Ga = hxLxsfour(sfext(g.*Q,L)); % apply averaging, fext and ifour
plot(Xi,fhex,'r’,xi,Ga, 'k"); 0
xlim([-1 1]); title(’'with smoothing’) 1 05 0 05 1

Note that we now used Gh = hxLxsfour(sfext(g,L)); with the additional factor L.

Approximating .Z ' f using sample values and midpoint rule
* given values Fh = [f(—nh), e ,f(nh)] (vector of length N =2n+1)
« approximation for f =.% ! f givenby x = (n:n)/(Nxh) and F = hxisfour(Fh)
* upsampled version with/ >nand L:=2/+1: x = (1:1)/(L+h) and F = hxisfour(sfext(Fh,L))

« we only use f in [—nh,nh). If f(—nh—0) or f(nh+0) are nonzero we will get Gibbs phenomenon for F.
averaging filter improves this: use sinc((-n:n)/(n+.5)).*Fh in place of Fh

Approximating .% f using sample values and midpoint rule

* given values F = [f(—nh),..., f(nh)] (vector of length N =2n+1)
« approximation for f = .7 f givenby x = (n:n)/(Nxh) and Fh = hxNxsfour (F)
* upsampled version with / >nand L:=2/+1: x = (1:1)/(L*h) and Fh = hxLxsfour(sfext(F,L))

* we only use f in [—nh,nh]. If f(—nh—0) or f(nh+ 0) are nonzero we will get Gibbs phenomenon for Fh.
averaging filter improves this: use sinc((-n:n)/(n+.5)).*F in place of F

Example 3: f(x) = ¢ ™ gives f(£) = e ™
f(x) = e ™M@ gives (&) = ate 8/

Proof. We complete the square: x> + 2ixé = (x4 i€ )? + &2

j@&)= / T e gy / T i) g oot / T mleHiE g
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We want to show that F(§) = 1. We can differentiate F (&) by taking the derivative inside the integral:

F'(&)= /m a4 [e_”(”ig)z] dx = /:oe_”(”’f)z(—n)Z(x—l—ié)idx

wdé
_; /:o % [efn(mg)z} de— i [efmﬂ-g)z];m _0

Since we can also obtain F”(&),F"(£), ... by differentiating inside the integral, the function F (&) is smooth. Since F'(&) =
0 the function F(&) is constant: F(&) =F(0) = /

( fﬂxd > </°Q 77ry dy> / / x+y dydx
y:—oo —00 _y —00

—r

/ / rdrd(p 27 [271_ ],0 =

so F(0) =1. O

2 . . . .
e ™ dx. Using polar coordinates x = rcos¢ and y = rsin@ with

dydx = rdrd @ we obtain

5.10 Properties of the Fourier transform
We already discussed differentiation in the time and frequency domain. For f(xA), f(—x), f(x —a) we use a change of

variable in f(&) = [, f(x)e 2™5%dx to obtain the results below.

Note that all properties also work in the other direction, with i replaced by —i. E.g., for §(£) = F(& —a) we get g(x) =
e¥Fiax f(x). For §(&) = f(E/A) with A > 0 we get g(x) = A f(Ax).

time domain frequency domain
() f(&)
() 2mi - f(€)
fH () (2mi&)*- f(&)
—2mix- f(x) 7€)
(—2mix)*f (x) A(S
flx=a) e TS 1(8)
f(x/A) with A >0 AF(AE)
f(=x) F(=8)
7 7=8)
frg f(£)8(8)

5.11 Gibbs phenomenon for truncated Fourier integral

1 f <
Let by (x) = { O Y= hen by (1) = by (3) and

1
0 otherwise 2

A~

b%(é) = sincg(§), b, (&) = 2rsinc, (2rE)

We get the same for the inverse Fourier transform: for (&) = b,(&) we get g(x) = 2rsincy(2rx).

Since sincy(x) = M we have|sincy(x)| < (7x)~!

2 we consider the averaged function

, i.e., slowly decaying oscillations as x — +eo. Since sin(7x) has period

1 px+l 1
A :=sincg *1by, Alx) = 5/ sincy(f)dt = = [Sig (x+ 1) — Sig (x — 1)]

O 2
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where Siz(x) := [; sincg(t)dt = n~1 Si(7x). Here is the graph of sincz(x) (blue) and A(x) (orange):

1

0.4

0.2

/i NS

—0.2}

We have the following decay for sinc(x) and A(x):
< (mx)™! for all x
1.17(rx) 2 for [x| > 1.4

with ¢ = 1.17 for |x| > 1.4.
Here are the corresponding antiderivatives [; sincy()dt = Siz(x) (blue)
and A (x) := [JA(t)dt = L [(x+1)Sig (x+ 1) — (x — 1) Siz (x — 1)] (orange):

0.6
\\_//\\_//\
0.4+
0.2
-4 7‘2 2 4
0.4
—_— <
We have the following decay
|Siz(x) — 3| <7 (mx) ! for x > 0
Ay (x) — 3| < 1.057~ ! (7x) 2 forx > 1.11
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Assume we are given the values of f(x) for x € [~M,M], and we want to approximate f(&). The obvious approximation is

A M . A ~ ~
Jun@)= [ e pwdx,  fuy = F(bw) = T bu

For f = &, we obtain therefore f(M)(é) = by (E) = 2M sinc; (2ME).
If £(&) has a jump of size J at & we obtain a term J Si; (2M (£ — &))).

In both cases we have decaying oscillations with period M~!. We can filter out these oscillations by convolving with M - b A

A, N A,

Stamr 4
T i=Fon <5 by Fan@=m [ fan(&)de

1,
M
We have
M
* JR—
2

rav y f v b i -

A M .
f&\;l)(é) = le(x) Sincn.(ﬁ)e—Zméxdx

Therefore using f(x)sincz () instead of f(x) means that for Dirac deltas and jumps in f we obtain the orange curves from
the above graphs instead of the blue curves.

5.12 Finding frequencies in signals using f
Continuous time x € R

An L-periodic signal f(x) has a Fourier series

o)=Y jemir

k=—o0
Therefore we can formally write f = [ f(&)e?** using a sum of Dirac deltas:
/= k:Z_,mfk5§

Now consider a signal f = u+ v+ w which is the sum of an L;-periodic signal u, an L-periodic signal v and a “finite energy”
signal w with [ |w(x)|*dx < co. For given values f(x), how can we compute the frequencies & = L‘—] and & = Liz?

The idea is to compute

<

fA:
then the Dirac deltas contained in f and g should show up as sharp peaks whereas ¥ is a classical function with

JZ (8P dE < oe.

04,

Discrete time x; = jh

In practice we have two restrictions:

1. we only have samples F; = f(jh) at points with a stepsize h

2. we only have finitely many samples F; for j =J,...,J; instead of all j € Z
Let us assume that we have N = 2n+ 1 samples Fj for j = —n,...,n.
Let us pretend that f(x) and (&) are nice classical functions.

Then we can approximate f (€) using the midpoint rule using the recipe on page
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* find the discrete Fourier transform of [F_,, ..., F,], yielding [F_,,, . ,F,,}
« then hNF;, approximates f(&;) for & = ﬁ

We can obtain values with a finer spacing for & using “upsampling”™: Let L=2/+1> N
« find the discrete Fourier transform of [0,...,0,F_,,...,F,,0,...,0], yielding [F_,...,F/]
« then hLF; approximates f(&) for & = ﬁ

Recall
« the error increases with ||. We can not expect usable approximations for |&| > 4.

* if we have a slow decay for F; as k — d-oo we will observe a Gibbs phenomenon for the approximations. We can

improve this by applying an averaging filter: use | sinc (L) F;|in place of F;.
n

Finite energy signal w ¢ L?

If w € L' and w € PW' we can expect that the approximations #7LWj converge to finite values w(&).

If there is slow decay for w(x) as x — oo or if W has jumps we will see a Gibbs phenomenon, so we should use the averaging
filter.

Periodic signals u,v

First consider u = e*™41* 5o that i1 = Og,. What do we obtain for the midpoint rule approximation?
We obtain

Agry = F (u-gu) = a%&m,  &u = 2Msincz(2M§)
yielding

fiy) = 2M sincz (2M (& — &)

Let us now use the averaging filter:
q(x) = sincg(x/M) gives § = Mg

F(u-q-gu)=0%G4*8u, ém =2Msinc; (2ME&)
We can express § * ), using the sine integral function. Its properties are:

« decay like O(r~2) away for the interval [—5}-, 5]

5.13 Sampling and sampling theorem

This is completely analogous to section There we needed } ;" f (&) ‘ d& < oo

Assume that we have a function f(x) where the Fourier transform f(&) satisfies f € L',i.e., [ | f (&)|dE < oo

|fk’ < oo, here we will need [

—o0

We use the samples F; := f(jh) with a spacing h > 0 and j € Z. The samples (F}) cz correspond to a function F'(&) for
e [_i’fl};] (see section.

In the time domain sampling takes us from the function f to the samples (F;) jcz which is in general a lossy operation.

In the frequency domain this takes us from the function f(&) on R to a function F(£) on [—z—lh, ﬁ] . We want to find out:
what is the operation f ~— F in the frequency domain?
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Samphng with a spacing of i causes ALIASING: the function u(¢ )( )= ¢2™5* has at the points x = jh the same values as
u(E+ht).
u(é“rl)(jh) _ ezm(ﬁh*')jh — miljh 2w

u(g)(jh) 1

Therefore we have for all ¢, j € Z
-1y, :
uH ) (n) = u'®) (jin)

i.e., if we only have samples at jh, j € Z we cannot distinguish the frequencies ...,& —h~ ', E E+h™ 1 E+2h7 1,
We split R into intervals of length 7~

R0 =3 = U e 3o 3 3]

and obtain for the Fourier integral (since f € L' we may interchange sum and integration)

0 = 1
A g 2 A~ . 1y
Fi=fm= [ f&)emsiag - P&+ o7 GTE it g
! f=— e:Z_w §=—ah"! ey
e

Result: In the frequency domain we obtain £ by adding all the shifted functions f(& + ¢h~!) with ¢ € Z:

Zf§+

f=—o0

This takes us from the nonperiodic function f to the 2~ !-periodic function F'. This operation is called “Periodization” and
we write

F=2 1 f
Note that we only need the function F'(§) for & € [—5;, 5.

For a general function f the function f (§) is nonzero everywhere on R, and then periodization is definitely a lossy operation
since we add all the functions f(& + %) together for ¢ € Z.

However, if the function f is band-limited so that f(&) =0 for & & [— 5, 1 h] we obtain that periodization does NOT change
the function on this interval: We obtain Y7, f(& +£) = f(&) for & € [— 4., 11.]. Therefore sampling in this case is NOT a
lossy operation, and we can reconstruct f from the samples Fj, see Theorem.

If we know that the function f is band-limited (classical) function only contains frequencies in [—M, M| we should choose &
so that ﬁ >M,ie, h< ﬁ In this case we don’t lose any information when sampling.

This is also relevant if we want to detect frequencies contained in a signal f: If we want to be able to find frequencies in
[—M, M) we should use i with h < 51

On the other hand: If the signal contains a frequency & [— Zh’ 5 h] then aliasing means that this frequency will show up in
F (&) at a different position & = & + €l—5,%]

Example: Let f(x) = >0 +ﬂ2x2, then f(&) = e 157101 We see that this contains mainly frequencies around 10, say in

[5,15]. If we want to capture all these frequencies we should use 4 with 7 < ﬁ withM =15,1e.,h < 3]—0

If on the other hand we use i = = we obtain F (&) with & € [—4, -] = [~7.5,7.5]. Therefore the peak frequency & = 10
will be shifted to 50 =& —h ' =10-15= —5. Sampling with 1 = % seems to suggest that the signal contains frequencies
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around Eo = —5 whereas in reality it contains frequencies around &y = 10.

sampling with h=1/30
T

f = @(x) exp(2ixpi*10x*x).*2./(1+(pixx)."2); 2
% signal contains mainly frequencies xi in [8,12]
tl = tiledlayout(2,1); 151 1
for K=[30,15]
h = 1/K; r il
n = 10xK; N = 2xn+1; o5k |
X = (-n:n)xh; % sample at -10, -10+h, ..., 10
F = f(x); % samples 0 ! ! ! !
Fh = sfour(F); % discrete Fourier transform -15 -10 -5 0 5 10 15
xi = (-n:in)/(Nxh); &
nexttile; plot(xi,Nxhxreal(Fh)) 2 samphngwnhh=ﬂ15
xlabel(’'xi")
title(sprintf(’sampling with h=1/%g’,K)) 15 7
xlim([-15,15])
end T )
051 .
0 Il Il L L Il
-15 10 5 0 5 10 15

5.14 Convolution and cross correlation
Convolution of two signals

For functions f,g on R we defined the convolution ¢ = f* g byg(x) = [~ __ f(t)g(x —t)dt. We have

q=f*g <= g=f-¢

Discrete signals of finite length

In practice we have samples F; and G; for values x; = jh and we define Q; =h) ;" F/G,_4

Also, all values outside of a finite range are zero: F; =0if j ¢ {a,a+1,...,a+L—1},G;=0if j¢ {b,b+1,...,b+M—1}.
Then we obtain Q; =01if j ¢ {c,c+1,...,c+N—1} withN=L+M— 1.

In Matlab we get with the vectors F,G of length L,M respectively the vector Q of length N = L+ M — 1 using Q=conv(F,G) .

Efficient computation using FFT

For discrete signal vectors F,G of length L,M we need on the order of LM operations to compute the convolution in the
obvious way.

Note that the setting of the discrete Fourier transforms uses periodic signals, and the convolution was defined in this “wrap
around” sense.

The idea is to use vectors of length N > L+ M — 1 padded with zeros at the end. We can e.g. choose N as a power of 2 to
make the FFT as efficient as possible. Then we can use

f = zeros(1,N); f(1l:L) = F;
g = zeros(1,N); g(1l:L) = G;
g = four(ifour(f).xifour(g)); Q = q(1:L+M-1)

to compute Q = conv(F,G).
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Cross correlation of two signals

Note about terminology: “correlation” is used both in signal processing and statistics to describe related but different con-
cepts.

In signal processing: We have two signals f, g depending on time, and the cross correlation g = f % g (note that * is different
from * used for convolution) is another signal depending on time. Also note that there are different definitions used in the
literature and numerical software: where to put the conjugate, and whether to use 7 or —7 for the time shift.

In statistics: We have two scalar random variables X,Y. Then the covariance Cov(X,Y) and the correlation
Cov(X,Y)/(Var(X) Var(Y))'/? are numbers. For observations we have data vectors [x|,...,xy] and [y1,...,yn], and we
can compute approximations for the covariance and correlation (which are two numbers) from the data.

Assume we have two signals f, g on R. For example f(7) my be the water level in a stream, and g(7) the rainfall at a different
location upstream. We expect that f(z) behaves somewhat like g(7 + 7) with a time shift 7, but we don’t know the time shift
T is.

In general we have complex signals f,g. In order to find T we compute the cross correlation ¢ = f x g defined by

a) = [ FOte+x)ar= [ F=)glr—s)ds

If f(¢) =~ g(t + 10) we expect that the function ¢g(x) has a maximum at 5. We see that with F(x) := f(—x) we have

q=fxg=Fxg = g=F-g=7¢

Note: For the convolution we have f g = g f. For the cross correlation we have g = fx g, r = g* f and g(x) = r(—x).

Autocorrelation

It can also be useful to have f = g: For example, f may be a sound signal containing echos. In this case ¢ will always have
a maximum at zero, but we expect smaller local maxima at locations corresponding to the time shift for the echos.

If a discrete signal is approximately periodic with period L we can also detect this with the autocorrelation: In this case we
expect local maxima at multiples of L. Note:

2

7

q=fxf = ¢=F-f=

Note that the autocorrelation is a method to detect periodicity using the time domain. Since we expect peaks for g at multiples

for L there is some periodic behavior with period L in g. This will show up as peaks in § = } f ’2 corresponding to frequency
& = L' and multiples. This explains the connection to the method of looking for peaks in ‘ f ‘

Discrete signals of finite length

In practice we have samples F; and G; for values x; = jh and we define the cross correlation as

Qj=h Z FiGyy;

f=—o0

In applications all values outside of a finite range are zero: F; =0if j ¢ {a,a+1,...,.a+L—1}, G;=0if j & {b,b+
l,....b+M—1}.

zeros(1,N); f(1:L) F;
zeros(1,N); g(1l:L) G;
four(conj(ifour(f)).xifour(g)); Q = q(1l:L+M-1)

f
9
q

In Matlab V=xcorr(F,G) gives [Q(M:-1:1),Q(L+M-1:-1:M+1)].
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6 Solving differential equations

6.1 Review of simple ODE examples

We want to find a function u(z) which satisfies an equation containing u(z) and ' (r).
Example 1: Find a function u(¢) for > 0 such that

u'(t) +au(t) =0, u(0) =uo
where a, uo € R are given. The condition u(0) = uy is called initial condition, and the ODE together with the initial condition
forms an initial value problem (IVP).
In this case it is easy to see that the solution of the ODE is u(t) = Ce™*, and the initial condition gives uy = C:

u(t) = uge™ (75)

Example 2: Find a function u(z) for t > 0 such that

u'(t) +au(t) =b, u(0) =up
where a # 0, ug € R are given.

In this case it is easy to see that the solution is u(t) = Ce~ + 2, and the initial condition gives uy = C + 2:

u(t) = upe ™ —l—g (1 — e_‘”) (76)

6.2 The heat equation u; —u,, =0

We consider a thin rod of infinite length. The initial temperature at time ¢t = 0 and position x € R is given by the function
g(x). We want to find the temperature u(x,#) at position x € R for all times > 0. We use the notation u, (x,7) = %u(x,t),

2
uy(x,t) = %u(x,t), Uy (x,1) = (%) u(x,t).
‘We now have to model heat conduction.

Consider a point x( on the rod at time #y. If the average temperature in a small neighborhood of xj is larger than u(xo, ) heat
conduction will lead to increasing temperature at xo, i.e., u; (xo,%) > 0.

Conversely, if the average temperature in a small neighborhood of xj is less than u(xg,#p) heat conduction will lead to
decreasing temperature at xo, i.e., u;(xo,%p) > 0.

This can be modeled using uy,(xo,%): We want that
uy = K- up(x,1)
where the constant K describes the heat conductivity of the material. We will use K = 1 for simplicity.

Therefore we obtain the following initial value problem: Given an initial temperature function g(x) for x € R, find a function
u(x,t) such that forallx e R, 7 > 0

’u, (x,1) =ty (x,1) and u(x,0) = g(x) ‘ (77)

This is a partial differential equation since it contains derivatives with respect to ¢ and with respect to x.

We can get rid of the derivatives with respect to x by applying the Fourier transform to the x-variable: we can write

u(x, 1) = [ " A(E, P E
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Therefore the initial value problem becomes in the frequency domain

iﬁ(g’,) = —4m*E%(E), and  4(E,0)=g(&)

Note that for each fixed & € R we obtain an initial value problem of the form v'(¢t) = —av(r),v(0) = vy which we discussed
in the previous section. Here a = 412£2 and the solution is

A1) = g(&)e e (78)

yielding in the time domain

Let us first consider g(&) = 1 corresponding to g = &, i.e., the initial temperature is a sharp peak at x = 0.
Recall that

. Jé»—m [e*”g} =T

é>—>x 1/ (M;)] A7 F(A71x) forA >0

Therefore we obtain for e‘4”2’ £ — o m(Vantg) ) with A = V4t
2
yg'_l) |:e_4”252[:| = 71 eiﬂ(\/‘%) = 1 e_%
* Vamnt VAT

We call this function the fundamental solution ®(x,?):

For a general function g(x) we have u(x,t) = .% g:)x

[g(é)e—zngzt} , hence u(x, 1) is the convolution of g and ®(-,7):

u(-,1) = gx®(1)|

Note that (78) gives . .
/_ ulw0)dr = (0,1) = §(0) = /_ g

This means that the “total heat” contained in the rod remains constant for all times. This is reasonable since there is no heat
flow into the rod, or out of the rod.

6.3 The heat equation u; — u,, = f(x) with source term

Now we assume that we heat or cool the rod: at a point x we have a heat flow f(x) into the rod.

We first assume that f(x) = F”(x) for some function F(x) with F(x) — 0 as x — deo. Then f(&) = (2mi&)?F(E) =
—4m*E?F(§).

Applying the Fourier transform with respect to x gives

U (x,1) — upe (x,1) = f(x), u(x,0) = g(x)
(1) +4m* &g, 1) = f(§),  a(§,0)=8(&)
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Therefore gives

(8.0 = 2§ 4 LD (1) g B ) (1)

yielding
u(-,t) =g+« ®(-,t)+ F+xP(-,t)— F

Now we assume that f(x) is nonzero only in some interval [—M, M|, but the second antiderivative F (x) will then be a straight

line for x < —M and x > M. For a straight line w(x) = ax+ b we have that ®(-,#) xw = w. Therefore F + ®(-,1) — F will
decay exponentially fast to zero as x — Foo. Therefore we obtain a reasonable solution to our initial value problem.

B(x) i {Ll forx:.O

Note that the function

otherwise

is smooth and we have

(1) = 8(E)e " +1- (&) B (—4n’E%)
6.4 The heat equation in two dimensions

Now we consider an infinite thin plate described by x = [jﬂ € R2. We are given the initial temperature g(x) = g(x1,x) and
2

we want to find the solution u(x,#) = u(x;,x2,7). We need to solve the initial value problem
Uy = Uy +Uyey,  u(x1,%2,0) = g(x1,%2)
In order to get rid of the derivatives with respect to xj,x; we use the Fourier transform with respect to x; and x;:
1(81,82,1) = Fyseulx,x2,1) = T e, Ty, U(X1, X2, 1)

and have with 276111 27i%0 — P21i(G1+6m) — (2(EX) and the inner product (&,x) = & x| + Exxy

u(xy,x2,1) / / (&1, &, 1) FENTRR)GE 4
277°° |=—

i) = [ 06N aac,

yielding to the ODE IVP

Eﬁ(éhﬁzﬁ) = -4 (& + &)a(&), 1), i1(81,8,0) = 8(81,&)

which has the solution

A(E,1) = §(&)e 4w G+

We now consider for g the Dirac delta §; concentrated in 0= [8}: For smooth test functions ¢(x;,x;) we have
5 |2 05 dxidxs = ¢(0,0). For g = &; we have §(£) = 1 and we obtain the fundamental solution ®(x;,x2,7):

2 2

L gl AEE) _ (g1 A —1 —4m?E%) _ 1 -3 1 -2

Ofn21) = #5151, ) (2 o) (L) (L
1 12422
D(x1,x2,1) = 4me En

For functions f(x1,x2), g(x1,x2) we define the two-dimensional convolution ¢ = f * g by first convolving with respect to x;
and then with respect to x;

q(x1,x2) =/ / ft1,0)g(x1 —t1,x — 1) dtidty
Ip=—0o0 Jfj=—00
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and have
qA(él ; 52) = f(gl ) 52)59(51 ) 52)

Therefore the solution of our initial value problem with initial data g(x) is given by
”("t) = g*q)(-,t)

where now “-” denotes x = [y} ] and “*” denotes the two dimensional convolution over xj,x;.
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