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1 Introduction: Why Fourier?

Duringthepreparationof thistutorial,I foundthatalmostall thetextbooksondig-
ital imageprocessinghaveasectiondevotedto theFourierTheory. Mostof those
describesomeformulasandalgorithms,but onecaneasilybe lost in seemingly
incomprehensiblemathematics.

Thebasicideabehindall thosehorriblelookingformulasis rathersimple,even
fascinating:it is possible to form any function

�������
as a summation of a series

of sine and cosine terms of increasing frequency. In otherwords,any spaceor
timevaryingdatacanbetransformedinto adifferentdomaincalledthe frequency
space. A fellow called JosephFourier first cameup with the idea in the 19th
century, andit wasproven to be useful in variousapplications,mainly in signal
processing.

1.1 Frequency Space

Let us talk aboutthis frequency space beforegoing any further into the details.
Thetermfrequency comesup a lot in physics,assomevariationin time,describ-
ing thecharacteristicsof someperiodicmotionor behavior. The termfrequency
thatwe talk aboutin computervision usuallyis to do with variationin brightness
or color acrossthe image,i.e. it is a function of spatialcoordinates,ratherthan
time. Somebooksevencall it spatial frequency.

For example,if animagerepresentedin frequency spacehashigh frequencies
then it meansthat the imagehassharpedgesor details. Let’s look at figure 1,
which shows frequency graphsof 4 different images. If you have trouble inter-
pretingthefrequency graphson thetop low; Thelow frequency termsareon the
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Figure1: Imagesin thespatialdomainarein themiddlerow, andtheir frequency
spaceareshown on thetop row. Thebottomrow shows thevaryingbrightnessof
thehorizontalline throughthecenterof animage.
(Takenfrom p.178of [1].)

2



Figure2: Imageswith perfectlysinusoidalvariationsin brightness:Thefirst three
imagesare representedby two dots. You can easily seethat the position and
orientationof thosedotshavesomethingto dowith whattheoriginal imagelooks
like. The4th imageis thesumof thefirst three.
(Takenfrom p.177of [1].)

centerof the square,and termswith higher magnitudeare on the outer edges.
(Imaginean invisible axis with its origin at the centerof the square.)Now, the
frequency spaceonthetop left consistsof higherfrequenciesaswell aslow ones,
sotheoriginal imagehassharpedges.Thesecondimagefrom theleft, however,
is muchfuzzier, andof coursethefrequency graphfor it only haslowerfrequency
terms.

Anotherthing to noteis thatif animagehasperfectlysinusoidal variationsin
brightness,thenit canbe representedby very few dotson the frequency image
asshown in figure2. Fromthoseimages,you canalsoseethatregular imagesor
imagesof repeatingpatterngeneratefewerdotsonthefrequency graph,compared
to imageson figure1 whichdon’t haveany repeatingpattern.

1.2 So, What’s the Point?

Frequency domainoffers someattractive advantagesfor imageprocessing. It
makeslargefiltering operationsmuchfaster, andit collectsinformationtogether
in differentwaysthatcansometimesseparatesignalfrom noiseor allow measure-
mentsthat would be very difficult in spatialdomain. Furthermore,the Fourier
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transformmakesit easyto goforwardsandbackwardsfrom thespacialdomainto
thefrequency space.

For example,saywe hadan imagewith someperiodicnoisethatwe wanted
to eliminate.(Justimagineaphotocopiedimagewith somedirty gray-ishspotsin
aregularpattern.)If weconvert theimagedatainto thefrequency space,any peri-
odicnoisein theoriginal imagewill show upasbrightspotson thestar-diagram1.
If we “block out” thosepointsandapply the inverseFourier transformto get the
original image,we canremove mostof the noiseand improve visibility of that
image.(Seefigure3 for thedemonstration.)

More advantagesof Fourier methods,and its applicationswill be discussed
laterin thetutorial.

2 Basics

Beforereally gettingonto the main part of this tutorial, let us spendsometime
on mathematicalbasics.If you have soundbackgroundin mathematics,thenyou
mayskip this sectionandgo to thenext section.

2.1 Representing Complex Numbers

A complex numbercanbewrittenas

�	��

���
where

�
and

�
arerealnumbers,and



is equalto � ��� . � denotesarealpart,and�

denotesanimaginarypartof a complex number. Realnumberscanbethought
of asthesubsetof complex numbers,where

�����
.

Example: � ����
 , where
��� � and

�����
.

Geometricallyspeaking,realnumberscanfit on an infinitely long line in the
1 dimensionalspace.If we give onemoredimensionto it, thenwe canrepresent
evenmorenumbers,i.e. numbersthatsit aboveandbelow theline of realnumbers.
Thus,complex numberssit on a planeratherthana line. The horizontalaxis of
suchrepresentationis calledthereal axis, andtheverticalaxistheimaginary axis.
Thus,acomplex number

����
��
is coordinate

� ����� �
on this plane.

Example: � ����
 is on
� � ��� � of thecomplex numberplane.

1A representationof animagedatain frequency space.
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Figure3: (a) Our dirty looking photocopiedimage.(b) Therepresentationof our
imagein the frequency space,i.e. thestardiagram.Look, you canseestars! (c)
Thosestars,however, do no goodto the image,sowe rub themout. (d) Recon-
structtheimageusing(c) andthosedirty spotson theoriginal imagearegone!
(Imagestakenfrom p.204of [1].)
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Theanalogyof complex numbersbeingcoordinateson a planeletsus repre-
sentacomplex numberin adifferentway. In theaboveparagraph,wetalkedabout
acomplex numberasa rectangular coordinate, but wecanalsowrite it asapolar
coordinate, i.e. in termsof its distancefrom theorigin (magnitude),andtheangle
thatit makeswith thepositiverealaxis(angle):

 �"!$#&%(' ��
 %*),+-'.� �
where � � �0/1�2�3/ , and

' �2435 +76789�3:; � . Thefact that
!$#&%<' � ; =

and
%>)?+-' � : =

makesit obvious that the two forms of representationdenotethe samecomplex
number.

Example: � �2�$
 canalsobeexpressedas � @ �A!�#&%(' �B
 %>)?+-'C� , where
4�5 +-' �/ 8 �D�

which makes
' �FE&G&H?G @JI degrees.Themagnitudeis � @ andtheangleisE&G&H?G @JI degreesor � H � �&K radians.

2.2 Euler’s Formula

Euler’s formulais: L
MON � !$#&%(' ��
 %*),+P' �
(1)

where
L �Q�&H?K �SR � RUT3T3T , and

'
is ananglewhich canbeany realnumber. This is

provento betruefor any realnumber
'
.

Thisgivesyet anotherrepresentationof complex numbersto be:

 L MON �
wherer is themagnitudeof apolarform of complex number, and

'
is theangle.

Example: � �V��
 canalsobeexpressedas � @ L MON , where
' ��E&G&H?G @JI degreesor� H � �&K radians.

In sometextbooks,a complex numberis often expressedin the form of the
Euler’s formulawithout indicatingso. (It is thecasespeciallyin theformulasas-
sociatedwith theFouriertransforms.)If youseeanything in theform of  L MON , that
besurethatyou know that is is just anordinarycomplex number. Furthermore,

'
usuallymeanstheanglein radians if not indicatedotherwise.

3 Fourier Transform

First,we briefly look at theFouriertransformin thepurelymathematicalpoint of
view, i.e. we will talk about“continuous”or “infinite” things. I will assumethat
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you know what mathematicalsymbolslike W , and
L

means,andyou are famil-
iar with thecomplex numbers.Bewarethat theupcomingsectionhave complex
mathematicsin it, soif yousuffer from “integral-o-phobia”thenjustskimthrough
to thenext sectionandlook at thediscreteFouriertransform.Rememberthatthe
Fouriertransformof a functionis asummationof sineandcosinetermsof differ-
entfrequency. Thesummationcan,in theory, consistof aninfinite numberof sine
andcosineterms.

3.1 Equations

Now, let
�X�����

beacontinuousfunctionof arealvariable
�

. TheFourier transform
of
�X�����

is definedby theequation:

Y ��Z9� � 67[
[ �X����� L 6 M /]\�^`_&a � �

(2)

where

b� � ��� and

Z
is oftencalledthe frequency variable. Thesummationof

sinesandcosinesmightnotbeapparentjustby lookingat theaboveequation,but
applyingEuler’s equation(seeEq.1 in theprevioussection)gives

Y ��Z9� � 67[
[ �X�������"!$#&% � W Z(� � 
 %>)?+ � W Z(��� a � H (3)

Given
Y ��Z9�

, wecangobackwardsandget
�X�����

by usinginverse Fouriertrans-
form: �X����� � 67[

[ Y �cZ9� L
M /]\$^S_Ca Z H
(4)

Equations2 and4 arecalledFourier transform pairs, andthey exist if
�X�����

is continuousandintegrable,and
����Z9�

is integrable.Theseconditionsareusually
satisfiedin practice.

Note that theonly differencebetweenthe forwardandinverseFourier trans-
form is thesignabove

L
, whichmakesit easyto gobackandforth betweenspatial

andfrequency domains;it is oneof thecharacteristicsthatmakeFouriertransform
useful.

Someof you might askwhat
Y ��Z9�

is.
Y ��Z9�

’s arethe datain the frequency
space thatwetalkedaboutin thefirst section.Evenif westartwith arealfunction�X�c���

in spatialdomain,we usuallyendup with complex valuesof
Y ��Z9�

. It is
becausea realnumbermultiplied by a complex numbergivesa complex number,
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Figure4: A simplefunctionandits Fourierspectrum.
(Takenfrom p.83of [2].)

so
������� L M /]\�^`_

is complex, thusthesumof thesetermsmustalsogive a complex
number, i.e.

Y �cZd�
. Therefore,

Y ��Z9� �e� �cZ9� ��
�� �cZ9� �
where

� �cZd�
is a real component(termsthat don’t have



), and

� ��Z9�
is an imag-

inary component,(termsthat involve


) whenyou expandthe equation 3. (The

“
�cZ9�

” part is just thereto remindyou that the termsarethe functionsof
Z

.) Just
like any other complex numberswe canalso write it in the polar form, givingY ��Z9� �  �"%*),+-' �f
 !�#&%('.� �  L MON . In most of the textbooks,this form of the
Fouriertransformis writtenas

Y �cZ9� �hgiY ��Z9� g L MON`j ^.k �
(5)

but it’ sessentiallythesamething.
There are somewords that we use frequently when talking about Fourier

transform. The magnitude
glY �cZd� g

from equation 5 is called the Fourier spec-
trum of

�X�c���
and

'm�cZd�
is phase angle. The squareof the spectrum,

glY �cZ9� g / �� / �cZ9� �n� / �cZ9�
is oftendenotedas o ��Z9� andis calledthepower spectrum of

�X�����
.

The term spectral density is alsocommonlyusedto denotethepower spectrum.
TheFourierspectrumis oftenplottedagainstvaluesof

Z
. TheFourierspectrum

is usefulbecauseit canbeeasilyplottedagainst
Z

onapieceof paper. (Seefigure
4 for anexampleof theFourierspectrum.)Notethat

Y �cZ9�
’s themselvesarehard

to plot against
Z

on the2-D planebecausethey arecomplex numbers.
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3.2 Discrete Fourier Transform

Now thatyouknow athingor two aboutFouriertransform,weneedto figureouta
wayto useit in practice.Goingbackto theexamplewherewetransformanimage
by takingbrightnessvaluesfrom pixels, thosepixel valuesarenever continuous
to begin with. (RememberthattheFouriertransformwe talkedaboutin previous
sectionwasaboutacontinuousfunction

�������
.) Ourmathematicianscameupwith

agoodsolutionfor this,namelythe discrete Fourier transform.
Given p discretesamplesof

�X�����
, sampledin uniformsteps,

Y ��Z9� � �p
q 678
_srJt �X�c���

L 6 M /]\$^`_
u q
(6)

for
Z �v�w� � ���&��H�H�H`� px�y� , and

�X�c��� � q 678^CrJt Y �cZ9�
L
M /]\$^S_
u q

(7)

for
� �v�w� � ���&��H�H�H`� px�y� .
Notice that the integral is replacedby thesummation,which is a simple“for

loop” whenprogramming.For thoseof youwhoarecurious,thecalculationinsidez
is multiplying

�X�c��� �{�f����

with

L M /]\$^`_
u q � !�#&%d�c|7� � 
 %>)?+���|7� where
| �� W Z<� :

�X������} L
M /]\�^`_
u q � � ���2��
 ��}~�A!�#&%9�c|7� � 
 %>)?+���|7�*�� � !�#&%9�c|7� � ��
 %>)?+���|7� ����
 !�#&%9�c|7� � ��
 / %>)?+���|7�� � !�#&%9�c|7� � ��
 %>)?+���|7� ����
 !�#&%9�c|7� �2� %>)?+~�c|7�� � � !$#&%9��|7� ��� %*),+���|m�>� ��
 � � !�#&%9�c|7� � � %>)?+��c|7�*� �
where

�����
arerealnumbers,and

�~���
when

�X�����
is a realnumber.

Theimplementationof this transformin C is includedin theappendix,but in
themeantime,hereis thepseudo-codein C stylewhich I’m surewill makesome
readershappy:

/* Data type for N set of complex numbers */
double fx[N][2];
double Fu[N][2];

/* Fourier transform to get F(0)...F(N-1) */
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for (u=0; u<N; u++) {
for (k=0; k<N; k++) {

p = 2*PI*u*k/N;
/* real */

Fu[u][0] += fx[k][0]*cos(p) + fx[k][1]*sin(p);
/* imaginary */
Fu[u][1] += fx[k][1]*cos(p) - fx[k][0]*sin(p);

}
/* multiply the result by 1/N */
Fu[u][0]/=N;
Fu[u][1]/=N;

}

3.3 Fast Fourier Transform

The discreteFourier transformallows us to calculatethe Fourier transformon a
computer, but it is not so efficient. The numberof complex multiplicationsand
additionsrequiredto implementEq.6 and7 is proportionalto p / . For every

Y ��Z9�
thatyoucalculate,youneedto useall

�X� � � ��H�H�H�� �X� py�v� � andthereareN
Y �cZd�

’s
to calculate.

It turns out properdecompositionof Eq. 6 can make the numberof multi-
plication andadditionoperationsproportionalto p�� #&� / p . The decomposition
procedureis calledthefast Fourier transform (FFT)algorithm.Therearenumber
of differentwaysthatthisalgorithmcanbeimplemented,andwewill notdiscuss
this further in this tutorial. For thoseof you who areinterested,thereis a section
devotedto this algorithmin “NumericalRecipesin C”.

3.4 Applications of Fourier Transform

Therearemany situationsin GraphicsandVision, speciallyin imageprocessing
andfiltering, whereFouriertransformis useful.

The Fourier methodis often usedon imagesfrom astronomy, microbiology,
imagesof repetitivestructuressuchascrystalsandsoon. It is becausetheFourier
transformis good for identifying a periodic componentor lattice in an image.
Identifying regularpatternson animagehasotheradvantageslike removing reg-
ular dirty spotsor noisefrom animageasillustratedin figure 3 .

The examplein figure5 alsoshows anotherapplicationof theFourier trans-
form; SomeFouriercomponentsof higherfrequency canberemovedto achieve
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Figure5: Top: Lineswith zaggyedges,andthefrequency components.Bottom:
Removing somefrequency componentsresultsin smootherlines.
(Takenfrom p.180-190of [1].)
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anti-aliasingeffect, i.e. removing ugly zaggyedges.
Thereareothertechniquesassociatedwith Fouriertransform,namelyconvolu-

tion theory, correlation,sampling,reconstruction,imagecompression,andmore.
Sincemuchof thesetopicswerecoveredin Graphicscourse,I will includeno
further. Instead,therestof thetutorialwill focusonaparticularapplicationof the
Fouriertheory, namelytheFourierdescriptors.

4 Fourier Descriptor

The Fourier descriptor is usedto describethe boundaryof a shapein 2 dimen-
sionalspaceusingtheFouriermethods.

4.1 Parameterization of the Boundary

First, we take p point digital boundaryof a shapeon
�7�

-plane. We canchoose
to take all thepixelsoccupiedby theboundary, or we cantake p samplesfrom
them. This can be doneby traveling the boundaryanti-clockwisekeepingthe
constantspeedfor, say, p seconds,takingacoordinateeverysecond.[3] suggests
a methodfor choosingan appropriatespeed,which is out of the scopeof this
tutorial,soI will leave it to my keenreadersto look it up.

Now we have a completesetof coordinatesdescribingtheboundary. We can
call eachcoordinate

���<� � �w�s�
where

�V����� p��h� . You will have no trouble
imagining thesecoordinatesplotted on the

�7�
-plane. Let us replacethe labels

on eachaxis; namethe horizontalaxis
�

for “real”, andthe vertical axis
�

for
“imaginary”. Now on the graphyou have complex numbersthat you know and
love. Wecancall those� � � � ’s,

� � � � � �<� ��
 �&� �
for

�����&� � ���w��H�H�HS� pF��� . Althoughthe interpretationof thesequencehasbeen
recast,thenatureof theboundaryitself hasnot beenchanged.Theadvantageof
this representationis that it reducesa 2-D into a 1-D problem,i.e. you now havep complex numbersinsteadof 2* p realnumbers.
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4.2 Applying Fourier Transform

ThediscreteFourierTransformof � � � � gives

� ��Z9� � �
p
q 678
� rJt � � � �

L 6 M /]\�^`_
u q �
(8)

for
Z �x�w� � ���&��H�H�H`� pF��� . Thecomplex coefficients � ��Z9� arecalledtheFourier

descriptors of theboundary. Applying inverseFourierTransformto � ��Z9� restores� � � � .
� � � � �

q 678
^.rJt � �cZd�

L M /]\�^`_
u q �
(9)

for
���x�w� � ���w��H�H�HS� pD��� . Therestoredpixel valuesareexactly thesameasthe

onesthatwestartedwith.
However, we don’t have to take all p pixel valuesto reconstructtheoriginal

image. We can“drop” the Fourier descriptorswith higher frequenciesbecause
their contribution to theimageis verysmall.Expressingthis asanequation,

�� � � � ���
678
^.rJt � ��Z9�

L
M /]\�^`_
u q �
(10)

where
���e�w� � ���&��H�H�HS� ph�y� . This is equivalentto setting � ��Z9� ���

for all terms
where

����� �y� .
Themoredescriptorsyouuseto reconstructtheoriginal image,i.e. thebigger

the
�

in theEq.10,theclosertheresultgetsto theoriginal image.(Seefigure6.)
In practice,we canreconstructan imagereasonablywell even thoughwe didn’t
useall thedescriptors.

4.3 Geometrical Centroid

Thedescriptor� � � � yieldsthegeometricalcentroid of theshape,with the
�

value
givenby the real part,and

�
valueby the imaginarypart. Consideronly having

thevalueof � � � � asyour Fourierdescriptor, (and � � � � � T3T3T � � � p��x� � �D�
)

we can still try to reconstructthe original shapefrom it. The result we get is
a circle, situatedaboutthe centerof the original shape.This circle is calledthe
geometrical centroid. In fact,eliminatingall but thefirst

�
Fourierdescriptorswill

alwaysresultin acircle. (Prooffoundin p456of [4].)
The conceptof the geometricalcentroidrelatesperfectlywell to the Fourier

theoryin general.Whena function
�������

is representedin thefrequency spaceas
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Y ��Z9�
,
Y � � �

is thelowestfrequency termwhich is thesinusoidmakingthemajor
contribution to theimage,i.e. theaveragebrightness.

Talking moreaboutthe significanceof this geometricalcentroid, � � � � is the
only componentin Fourierdescriptorsthat is dependenton theactuallocationof
theshape.For example,say, you hada shapewhich wascenteredon theorigin,
andyou calculatedFourierdescriptorsof that image. Even if you translatedthe
sameimageto somewhereelseon the plane,you don’t have to re-calculatethe
Fourierdescriptors.All youneedto adjustis thecentroid,� � � � .

Moreover, the Fourier descriptorsshouldbe insensitive to othergeometrical
changeslike rotation,scaleandalsothe choiceof the startingpoint. (The pixel
point on the boundarywherewe start taking coordinates,i.e.

��� t � � t � .) It turns
out that the Fourier descriptorsare not strictly insensitive to thesegeometrical
changes,but thechangescanberelatedto simpletransformationson thedescrip-
tors. (Table8.1on p.501of [2] lists somebasicpropertiesof Fourierdescriptors
thatmight helpyouunderstandthis point.)

4.4 Applications of Fourier Descriptors

Fourier descriptorsareoftenusedto smoothout fine detailsof a shape.As you
have seenin theprevious section,usingthe portion of Fourier descriptorsto re-
constructan imagesmoothsout the thesharpedgesandfine detailsfound in the
originalshape.Filteringanimagewith Fourierdescriptorsprovidesasimpletech-
niqueof contoursmoothing.

Fourier descriptionof an edgeis alsousedfor templatematching. Sinceall
theFourierdescriptorsexceptthefirst � � � � do not dependon the locationof the
edgewithin the plane,this providesa convenientmethodof classifyingobjects
using templatematchingof an object’s contour. A setof Fourier descriptorsis
computedfor a known object. Ignoring the first componentof the descriptors,
theotherFourierdescriptorsarecomparedagainsttheFourierdescriptorsof un-
known objects.Theknown object,whoseFourierdescriptorsarethemostsimilar
to the unknown object’s Fourier descriptors,is the objectthe unknown objectis
classifiedto.

Fourier descriptorscanalsobe usedfor calculationof region area,location
of centroid,andcomputationof second-ordermoments;Describingthe specific
techniquesinvolving Fourier descriptorsis out of the scopeof this tutorial, but
p.207of [3] hasvariouspointersto somejournalarticlesfor somefurtherreading
for thosewhoarekeen.Somelimitationsof Fourierdescriptorsarealsodiscussed
on thesamepageof [3], againgiving variouspointers.
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Figure6: Examplesof reconstructionsfrom Fourierdescriptors.M is thenumber
of descriptorstakento reconstruct.
(Takenfrom p.500of [2].)
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Figure7: ExamplesusingFourier descriptors:(a) the original edgeimagewith
1024 edgepixels, (b) 3 Fourier coefficients, (c) 21 Fourier coefficients, (d) 61
Fouriercoefficients,(e) 201Fouriercoefficients,and(f) 401Fouriercoefficients.
(Takenfrom p.457of [4].)
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5 Summary and Comments

TheFouriertheoryis basedontheideathatany functioncanbecomposedof sines
andcosinesof differentfrequencies.In computervision, imagesin thespatialdo-
maincanbetransformedinto thefrequency domainby theFouriertransform.Itis
a very usefultechniquein imageprocessing,becausesomeoperationsandmea-
surementsarebetterbe donein the frequency spacethanin the spatialdomain.
Theimplementationof theFourier transformis calleddiscreteFourier transform
(DFT), and other algorithmslike fast Fourier transform(FFT) was also devel-
opedto reducethe complexity of the DFT. One of the techniquesthat involve
theFouriertransformis theFourierdescriptors.They describetheboundaryof a
shape,andholdsvariouspropertiesthatareusefulin variousapplications.

The purposeof this tutorial is to give you the basicoverview of the Fourier
theoryaswell asto show sometechniquesthatusestheFouriertheory. LikeI said
in the introduction,therearemany textbooksthatcover theFourier theory, andI
hopethat you’ll find thosebookslessdifficult to understandaftergoing through
this tutorial. Eachtextbooksthat I lookedat discusssomewhatdifferentaspects
of theFouriertheory, soherearesomepointersto “whereto look”:

[2] seemsto be the book that is referencedthe most. It, however, hasa hu-
mongouschapterdescribingall sortsof aspectsof theFourier transformwithout
really explaining“why”. Thechapteris alsovery mathematicallyinclined,andit
takesa while to seethe relevance. I suggestthat you look throughthe chapters
whenyou feel somewhatconfidentaboutthetopic.

[1] hasvery goodintroductorychapteron theFourier theory. It’ s rathereasy
to read,andit hasmany goodexamplesandfigures.

[4] hasa good sectionon the Fourier descriptorswith good examplesand
figures. However, it is very basic,andtheauthornever discussesthe limitations
of thetechnique.

[3] talksabouttheFourierdescriptorsin 2 pages,andyet it seemsto contain
the most information. It is very hard to get the basicconcepts,but it provides
plentyof pointersto journalarticles.

6 Focus Questions

Let ustry outa few questionsto makesurethatwe learnedsomething:

1 Why is theFouriertransformusefulin computervisionandgraphics?
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2 Therearethreewaysof representinga complex number. Expressthecom-
plex number, whosevalueof therealpart is 3 andtheimaginarypart4, by
usingthosethreerepresentations.

3 You took 4 discretesamplesof brightnessvaluesfrom a scanline of an
image.Thosewere

�X� � � �y�wH I , �X� � � �y�wH?K I , �X� � � � � H?� and
��� @ � � � H?� I .

Work out thefirst two datavaluesin frequency domainby usingtheFourier
transform,i.e.

Y � � �
and

Y � � � . What are the Fourier spectrumsof these
terms?

4 Whatarethepropertiesof theFourierdescriptor?

5 Whataretheadvantagesof usingtheFourierdescriptorstodescribeashape?
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