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Abstract

The library Presto-Boxis presented, which is a collection of functions and demos
dealing with pattern recognition. It aims at providing an experimental toolbox for
interactive exploration of basic concepts which are presented in a corresponding
lecture. This document serves as introduction and documentation for students,
supervisorsand other users. Additionally the complete function list is given, which
can be usedas a referencemanual.

1 In tro duction

University teaching by giving traditional pure oral or black-board lectures is not suited
for all �elds of science,especially not for natural endengineeringsciences.Insteadof this
one-way method often a secondre
ection phaseis provided for students by theoretical
or practical exercises.This alsoappliesto the lecture pattern recognition which is taught
every winter at the university of Freiburg. It is an obligatory lecture for 3rd year students
of computer science,cf.

http://lmb.informatik.uni-f rei burg.de/ lect ures/muster erkennung.

This toolbox targetsat representing the di�erent algorithms presented in that lecture. On
onehand it is basisfor the exercisecomponent of the lectureby presenting a pool of avail-
able functions that can be applied/modi�ed in the exercisetasks. On the other hand the
toolbox provides an individual experimental component. Students can apply algorithms
and play with interactive demos,which can deepen the insight into the concepts.

This toolbox is a by-product of the project Universit•arer Lehrverbund Informatik
(ULI) during the period of 2001-2003,cf. www.uli-campus.de. It was a joint project of
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18 computer sciencegroups in Germany and Switzerland. The aim was to develop web-
basedmultimedia-lecturesfor enabling time- and place-independent studying. The main
contribution of our sub-project is the collection of lecture-recordings[1]. It represents
the completematerial of the course,and can be usedwith Presto-Boxfor self-study.

The toolbox is basedon the scienti�c computing programming languageScilab, com-
parable to the commercialproduct MATLAB . It is free software which is available for
variousplatforms at http://scilabsoft.inria.fr/ . Additionally , support is provided,
several books and articles are dealing with the topic, the package is under continuous
further development and an increasingnumber of user-provided toolboxesare available.
Thesewerethe reasonsfor the choiceof Scilab. Similar asScilabitself being free,Presto-
Box is releasedunder the GNU LesserGeneral Public Licence (LGPL) copying policy,
see

http://www.gnu.org/copyle ft/ less er.h tml .

We do not require much knowledge of Scilab in the following except knowing how
to install resp. start it and that it is an interpeter languageproviding a command
window that acceptscommands.The most important of theseare the help and aprop os
commandswhich enableexploration of the languageand extent of its functionality. For
details seethe introduction and documentations on the Scilab-site.

The structure of this document is the following. Most important is the next section,
which givesan introduction into the installation, usageand functionality of the toolbox.
It can e.g. be read while reproducing the stepsat a computer and is meant for general
�rst-time usage.The remaining part of the document consistsof a completefunction list
and detailed descriptionswhich can serve as a referencemanual.

2 User's Guide

We now start with the most important aspects for using the library. First this is the
installation procedure,followedby an explanationof the toolbox's structure and an initial
contact with the toolbox by presentation of the included demonstrations. We end with
someinformation on the available support.

2.1 Installation

The toolbox is platform-independent and only requiresa working versionof Scilab2.6 or
higher. The packagehowever only hasbeentestedwith Scilabversionsrangingfrom 2.6to
2.7.2on WindowsXP, WindowsNT and Linux (Debian distribution). On other platforms
no seriousproblemsareexpected,asthe toolbox doesnot makeuseof platform speci�c as-
pects. The installation is performedby downloading the archive from the Presto-Boxsite
[3] or the "contributions"-section on the Scilab-Homepagehttp://scilabsoft.inria.f r/ .
Extraction of the packagegeneratesa subfolderpresto-box . Among othersthis contains
two installation scripts. (SeeREADME.txtfor details on further �les.)
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PSfrag replacements

object feature vector classlabel

feature extraction classi�cation

Figure 1: Illustration of a typical pattern recognition process.

builder.sce This is a script for building the library. It is to be called onceby exec
builder.sce within Scilab. It creates.bin �les for all source�les endingwith .sci
in the macros-subtree. Additionally lib and namesare generatedfor each of the
directories. Each time builder.sce is executedit checks for modi�cations/c hanges
in .sci �les and updates.bin �les if it �nds any.

loader.sce This is a script for loading the built library. This has to be called at every
start of Scilab by exec loader.sce . Alternativ ely the call of this can be put in a
.scilab �le in the user's home-directory. It readsthe namesand lib �les in the
sub-directoriesof macrosand generatesonelibrary-variable for each directory, e.g.
basic lib for the functions in the subdirectory basic .

After executionof thesetwo �les, Presto-Boxis ready to be used. This canbechecked
by pressingthe Demosor Help button and �nding a corresponding Presto-Boxentry. If
this should not work, seeSection2.4 for additional hints on usage.

2.2 Structure of the Toolb ox

We recall the basic components of a pattern recognition system, which naturally leads
to the structure of Presto-Box . For the following italic notions we refer to Figure 1.
For details on this very interesting �eld we recommendexcellent standard text-bookslike
[2, 4].

The typical pattern recognitiontask starts with sometypeof objects (e.g. handwritten
letters as digitized point sequences)and some�nite set of target classes(e.g. the 26
classesof letters). The goal is to have a systemthat assignsan estimated classlabel to
any formerly unseenobject in the best possibleway. Such a systemcan be separatedin
(at least) two separatemodules. The �rst is the socalled feature extraction stage,where
an arbitrary structured object is converted in a vector of numerical values,the features.
This so called feature vector is a simple object that represents the original object. Of
coursethere are uncountable ways of obtaining such a feature vector, however there are
someproperties that are favorable. The �rst property is good separability (or in the best
casecompleteness) of the features. This basically means,that objects of di�erent classes
should not result in the samefeature vector as they could not be discriminated based
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PSfrag replacements

p1 = [1 2 0 ; 0 2 3]

p2 = [2 0 1 ; 2 3 0]

cp1 = [1 ; 2+2i ; 3i]

cp2 = [2+2i ; 3i ; 1]

Figure 2: Illustration of a polygon and di�erent representations in Scilab notation.

on their features. The secondproperty is that the feature extraction should take careof
known invariances with respect to certain transformations. This meansthat in certain
problemsthe classmembership of an object is independent of certain transformations of
the object. e.g. scaling or rotation of an A again results in an object that belongsto
classA. This knowledgeshouldbe incorporated in the feature extraction stagesuch that
transformedobjects of the sameclassresult in identical feature vectors. In this casethe
featuresare called invariant . If a good feature representation of the object is achieved,
theseare fed into a component called classi�er which producesan estimatedclasslabel.
In order to result in a good estimate, such classi�ers often needa learning stage. This
is often basedon a set of objects with known labels, the so called training set. This
decomposition was basisfor the designof Presto-Box.

Ob ject T yp es and Basic Transformations

We focussedon 3 typesof objects and corresponding simple transformations. Details for
the Presto-Box commandsare alsoprovided by the commandshelp and aprop os or can
be found in Section3.

Polygons: Theseare the natural "digital" representation of boundariesof 2d-realworld
objects. For conveniencePresto-Boxsupports two kinds of polygon representations. The
�rst is a matrix representation asa 2� n matrix with real values. Each columnrepresents
the two coordinates of a vertex of the polygon. Points that correspond to neighbouring
columnsareconnected.The �rst columnand last column arealsoconnected.The second
representation of polygonsis a complexn � 1 vector. Similarly every entry corresponds
to a vertex in the plane which is connectedto the next/previous vertex.

So a cyclic shift of a matrix or vector representing a polygon results in an equivalent
representation of the polygon,cf. Figure 2. The routinespolygon and cpolygon convert
betweenthe complexvector/real matrix representation of a polygon.

The following functions di�er between the required polygon types. For details see
the function list in Section3. Besideexplicitly specifying the matrix/v ector by entering
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coordinates,we provide a function polstar for generatinga default polygon representing
an arbitrary shaped star, and a function inputp ol for interactive drawing of a poly-
gon. The �rst supported polygon transformation is coarsening,i.e. reducingsuper
uous
points, by the command coarsenp ol. Further similarity transformations are provided
by simtrans . Theseconsistof angle-preservingtransformations such asshifts, rotations
and scalings.For visualizing polygonsonecan make useof plotp ol plotting singlepoly-
gonsor plotp olseq for simultaneouslyplotting wholepolygon sequenceswith individual
titles.

coarsenp ol coarsens(removespoints of) a polygon with respect to a threshold angle
cpolygon converts a real-valued 2*n matrix to a complex-valued vector
inputp ol generatesa polygon interactively (by mouseclicks or dragging)
plotp ol plots a polygon represented by a 2*n real matrix
plotp olseq plots the given list of polygonsin sequence
polstar generationof a star-shaped origin-centered polygon.
polygon converts a complex-valued vector to a real-valued matrix
simtrans performssimple similarity-transformation of a polygon.

Vectors: The secondobject type is the classof generalreal valued vectors. Theseare
for examplethe digital representation of time signals. During samplinga periodic signal
with di�erent starting times, the resulting vectors are cyclically shifted. Consequently
a useful transformation is (cyclic) shift of such vectors, which can be performed after
calling cyclmat . Other simple transformations like scaling,shifting the meanvalue etc.
are simple vector operations supported as standard Scilab operations.

Matrices: Theseare digital representation of grey-value objects, e.g. an image of an
object taken by a camera. Again simple transformations like intensity scaling, shifting
the mean etc. are standard Scilab commands. More interesting transformations are
rotations or translations of the image. Theseare provided by cyclrot resp. cycltrans
which perform a cyclic rotation resp. translation of an image. A fast version of cyclic
translation is fcycltrans .

cyclmat implementation of cyclic translation matrix of dimensionn*n
cyclrot implements cyclic rotation of a matrix
cycltrans implementation of cyclic translation for matrices.
fcycltrans fast implementation of cyclic translation for matrices.

Feature Extraction

Polygons: Useful feature extraction routines for polygons are simple ones like poly-
gon area polarea , length of the polygon boundary polb oundary , center of gravit y
polcog or line center of gravit y pollinecog . The latter is the center of gravit y after the
boundary (instead of the area) of the polygon is uniformly allocated with mass. More
sophisticatedfeaturesarecomplexFourier-coe�cien ts by computeFc . Basedon this the
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rotational symmetry degreecan be detectedby detect symmetry or the pose-invariant
and completefeaturescalledFourier-descriptorscan be computedby computeFd . The
Fourier-coe�cien ts/descriptors have the nice property, that the original polygon can be
(approximately) recovered(up to a similarity transformation). This is provided by Fsyn-
thesis .

computeFc Fourier-coe�cien ts of closedpolygonsin the complexplane
computeFd Fourier-descriptorsof closedpolygonsin the complexplane
detect symmetry detection of rotational symmetry degreeof a complexpolygon
Fsyn thesis Fourier-synthesisof a polygon using its Fourier-coe�cien ts
polarea areaof a real polygon
polb oundary length of boundary of a real polygon
polcog center of gravit y of a real polygon
pollinecog line center of gravit y of a real polygon

Vectors: Useful feature extraction methods for vectors are provided by Scilab itself,
e.g. mean-calculations,min/max etc. More sophisticated, translation-invariant feature
extraction can be performedby the classof fast transformations CT which are provided
by CT , RT , QT and MT .

Matrices: Simple feature extraction operations for matricesare again available asstan-
dard Scilab-commandslike mean, min or max . Nontrivial translation-invariant feature
extraction is performedby the classof fast transformationsCT2D . Theseare provided by
CT SZ, RT SZ,MT SZ,QT SZ, and the corresponding modi�cations with su�x ZS,
DI .

CT generaltranslation-invariant CT-transformation of vectors
CT DI general2d translation-invariant CT DI-transformation of matrices
CT SZ general2d-translation-invariant CT SZ-transformationof matrices
CT ZS general2d-translation-invariant CT ZS-transformationof matrices
MT 1d-translation-invariant CT-transformation using max and min.
MT DI 2d-translation-invariant CT DI-Transformation using max and min
MT SZ 2d-translation-invariant CT SZ-transformationusing max and min.
MT ZS 2d-translation-invariant CT ZS-transformationusing max and min.
QT 1d-translation-invariant CT-transformation using + and squared-di�erence
QT DI 2d-translation-invariant CT DI-transformation using + and squared-di�erence
QT SZ 2d-translation-invariant CT SZ-transformationusing + and squared-di�erence
QT ZS 2d-translation-invariant CT ZS-transformationusing + and squared-di�erence
RT 1d-translation-invariant CT-transformation using + and di�erence
RT DI 2d-translation-invariant CT DI-transformation using + and di�erence
RT SZ 2d-translation-invariant CT SZ-transformationusing + and di�erence
RT ZS 2d-translation-invariant CT ZS-transformationusing + and di�erence
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These object types and related functions represent the �rst stage of the pattern-
recognition chain, which was abstracting concreteobjects in numerical valued feature
vectors.

Classi�cation

The following stageof learning from thesevector representations is implemented by the
block of functions dealing with classi�ers. The classi�ers all follow a common syntax
which is

[cl,cert] = some class(v,...)

The name some class is to be replacedby the according classi�er name. A classi�er
performs estimation of classlabels for a set of vectors. The vectors to be classi�ed are
given columnwise in the matrix v. Every useful classi�er needsto have somefurther
parametersspecifying its behaviour, e.g. parametersobtained from learning on training
observations. Theseare passedin the variable argument list ... The result of the classi-
�cation is a vector of integer classlabels in the result-vector cl, each entry corresponds
to the predicted classlabel for the corresponding input-vector. Additionally many classi-
�ers return a vector cert indicating the certainty with which the classi�cation is correct.
Someclassi�ers only accept2-dimensionalinput-data, thesehave the su�x 2d in their
function names,e.g. dum b class 2d. The �rst useful classi�er is the nearest-neighbour
classi�er nneigh class 2d. It needsa set of labeledtraining vectors. Classi�cation of a
new exampleis doneby taking the label of the closesttraining point. The corresponding
function for arbitrary dimensionalinput-data is nneigh class.

A very good parametric classi�cation method consistsof estimating normal distribu-
tions basedon training data, and taking a Bayesdecision for classi�cation of new points.
The estimation of meanand covariancematrices can be performedby class statistics ,
thesecan be pluggedin the classi�er bayes class 2d for solving a 2 dimensional2-class
problem, or in bayes class for generalmulticlass problemsin arbitrary dimensions.For
experimental purposes,normally distributed data can be generatedby randnormal .

A further well known parametric approach is the polynomial classi�er. This classi�er
is basedon learning a polynomial regressionfunction from the training data and using
this function for classi�cation. The whole procedureis performed by polynom class.
Additionally the training and prediction stepsof the regressioncan be performedsepa-
rately by regress matrix and polynom regress. For visualization purposesone can
make use of visclass 2d, which draws classi�cation boundariesin 2 dimensions. The
dimension-independent version visclass can draw 2d-cuts in the feature spaceand the
resulting classi�cation regions.The included interactive GUI allowsvery easyexploration
of the classi�cation behaviour of a certain classi�er.
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Figure 3: Illustration of the inputp ol function: click, marks and drag-mode.

bayes class implements the bayesclassi�cation in multi-dimensions.
bayes class 2d implements the bayesclassi�cation in 2 dimensions.
class statistics estimatesthe statistics of the given classnumber
dum b class 2d implements a democlassi�cation in 2 dimensions.
nneigh class implements the nearestneighbour classi�cation in multi-dimensions
nneigh class 2d implements the nearestneighbour classi�cation in 2 dimensions
polynom class training of polynomial classi�er and classi�cation.
polynom regress evaluate polynomial (vectorial) regressionfunction
randnormal generationof arbitrary dimensionalnormally distributed random data
regress matrix calculatespolynomial regressionmatrix for vectorial function y=f(x).
visclass visualization of classi�cation regionsin multi dimensions
visclass 2d visualization of classi�cation regionsin 2 dimensions

Additionally the toolbox provides somebasic mathematical and data-manipulation
routines, which are mainly auxiliary functions for the presented ones.

2.3 Demos

In this section we describe in detail the provided demos. Thesecan be either invoked
by pressingthe DemosButton in the Scilab window and choosing Presto-BoxPattern
Recognition Demosor by directly calling patrec demos. Currently only few demosare
available and not all contents of the toolbox are covered, but it givesa �rst impression
of the functionality and extent.

Polygon Generation - In teractiv e

The demo called inputp ol demonstratesthe corresponding function and the di�erent
modes of interactive input of a polygon, cf. Figure 3. Basically the possibilities are
clicking of the vertices which are immediately connected. Alternativ ely the connection
in drawing can be turned o� and the points are only indicated by marks, e.g. input of
single data points can be realized with this. The last possibility is input by dragging,
whereeach hit pixel is taken as a polygon vertex.
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Figure 4: Illustration of the plotp ol function.

Figure 5: Illustration of polstar demo.

Polygon Visualization - Single Polygon

This is not a real interactive demobut merely a call of the polygon visualization routine
plotp ol with somedefault polygon, seeFigure 4. The polygon is closedby connecting
the �rst and last vertex and coordinate axesare added.

Polygon Generation - Polygon Star

The function polstar demo is the �rst to demonstrate the interactive capabilities of
Scilab. It demonstratesthe result of the function polstar . This is a function generating
a default polygon representing a star with variable number of arms and variable inner
and outer radius. The demo consistsof two windows, one for the interactive controls
and one for the graphical output. The demo allows to changethe star's parametersby
usingslidersor by explicitly entering the valuesin corresponding text-�elds. In the latter
casethe changehas to be con�rmed by pushing the corresponding set-button. Figure 5
displays the windows.
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Figure 6: Illustration of the plotp olseq function.

Polygon Visualization - Multiple Polygons

The demo plotp olseq demonstratesthe visualization of multiple polygons within one
graphical window, each polygon headedby a separatetitle. The number of polygonscan
be chosen,the appropriate commandis displayed and executedin the Scilab-command
window and the result is plotted. Examplescan be found in Figure 6.

Fourier-co e�cien ts - Appro ximation Sequence

The demoplotF ourierseq is not a real interactive demobut a demonstrationof the use
of the corresponding function. The command

plotF ourierseq(p olstar(5,4,3),1,41,5)

is displayed in the Scilabcommandwindow and producesthe output in Figure 7. It per-
forms a Fourier analysisof the input-polygongiven by the �rst argument and generatesa
seriesof Fourier approximations using an increasingnumber of Fourier-coe�cien ts spec-
i�ed by the remaining function arguments. In the examplethe approximation sequence
uses1 to 41 coe�cien ts increasingby 5 in each approximation.

Fourier-co e�cien ts - In teractiv e Exploration

The function Fc demo again is a real interactive demofor exploration and modi�cation
of Fourier-coe�cien ts of complexcontours. The democonsistsof at least 2 windows, one
for the interactivecontrols, the other for the graphicaloutput of the Fourier reconstruction
of the current Fourier-coe�cien ts. By choosingthe option "showspectrum" an additional
window is generatedwhich plots the current Fourier-spectrum, i.e. the absolute values
of the complexFourier-coe�cien ts, cf. Figure 8.

The Fourier-coe�cien ts c i of a complex contour can be selectedby choosing the
index i with the upper slider, the absolute value and the angle of the chosenc i are
then displayed and are editable with the lower two sliders. Besidethe sliders the values
can be entered explicitly. After pressingthe set button, the value will be set. If some
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Figure 7: Illustration of the plotF ourierseq function.

Figure 8: Illustration of di�erent windows of Fc demo.
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Fourier-coe�cien t is modi�ed, a Fourier-synthesisis calculatedand the resulting contour
is displayed.

By calling Fc demo from the commandline, an arbitrary polygon can be passedas
argument, which then can be modi�ed.

Someinsights are easily possiblewith this demo, e.g. the interpretation of c 0 as
the line center-of-gravit y. Modifying this value directly results in the corresponding shift
of the object, but doesnot changethe contour. The rotational symmetry degrees can
nicely be found in the spectrum by the repeating regionsof length s � 1 with vanishing
coe�cien ts. Changingonecoe�cien t in these0-regionsimmediately decreasesthe initial
rotational symmetry degree,changingnonzerocoe�cien ts maintains the rotational sym-
metry. The (quadratic) decay in the power-spectrum with increasingcoe�cien t-index
also is directly visible.

Polygon Classi�cation

This demonstrationillustrates the completepattern recognitionchain asillustrated in Fig-
ure 1. The objects to be classi�ed are hand-drawn contours. Various feature-extraction
methods can be combined, most of them are pose-invariant, such that rotations or trans-
lations of the input polygon do not change the classi�cation result. Classi�cation is
performed in a very simple way by computing the feature-vector distancesbetweenthe
object to 4 referenceobjects L, T, F and E and choosing the object with the smallest
distance.

The demomakesuseof 3 windows as depicted in Figure 9. The �rst windows is the
window with the interactive controls. Here the featuresto be usedfor classi�cation can
be selectedby the checkboxes. The polygon to be classi�ed can be entered after pressing
the button newpolygon, this opensa secondwindow. The classi�cation of the last entered
polygon is performedby the classify polygonbutton.

After classi�cation the referencepolygonsare plotted in a third window in the order
of increasingdistance to the newly generatedpolygon. The (squared) distance of the
feature-vectors is given above each referencepolygon. The exampledemonstratesthat
the hand drawn letter T is correctly and clearly classi�ed as T by using the Fourier-
descriptors,becausethey are invariant with respect to rotation, scalingand translation.

Aspects that can be understood by this demoare:

1. Area and boundary are not scale-invariant and not suited for the given reference
set, as T and L have identical values.

2. Compactnessis a scale-invariant feature however not suited as T and L have iden-
tical values.

3. Fourier-coe�cien ts are not scale-and rotation-invariant, however very discrimina-
tive.

4. Fourier-descriptorsare fully similarity invariant and very discriminative.
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Figure 9: Illustration of the di�erent windows of polclass demo.

5. The Fourier-coe�cien ts and thereforethe Fourier-descriptorsare dependingon the
orientation of the polygon. If a polygon is drawn with positive orientation (=coun-
terclockwise), the comparisonwith the referencepolygonswill be informative. How-
ever, if a polygon is negatively oriented, the di�erence to the (positively oriented)
referencepolygonswill not yield useful results.

Classi�er Comparison

The demo plotclassseq is missing real interactive components, but demonstratesthe
use of the corresponding command. It visualizesthe classi�cation regions of di�erent
classi�ers on given training data. By this the di�erences between the classi�ers can be
illustrated. Figure 10 givesthe default result. Given somenormally distributed two-class
data in 2 dimensionsplotted in the upper left corner, a seriesof classi�ers is trained on
the data. The illustrated classi�ers are the bayes-classi�er,nearest-neighbour classi�er
and polynomial classi�ers of increasingdegree1, 2, 5 and 8.

In caseof normal distributed data and plenty of training points the Bayes classi�er
de�nitely is a good choice, as can be seenin the nice classboundaries. The nearest
neighbour classi�er seemsto over�t too much to the data. The linear classi�er is too
simple to capture the correct boundary, the quadratic classi�er seemsto do a good job.
One argument for this might be that it is of 2nd order as the Bayesianclassboundaries
are. Polynomial classi�ers of degrees5 and 8 seemincreasinglyover�tted and not suited
for the given problem. By varying the input data however other distributions can be
constructed,wherethesehigher order classi�ersarebetter suited than the Bayesclassi�er
or the lower polynomial degrees.

Classi�er Visualization

The last demo visclass('gui') illustrates the useof the function for interactive setting
of visualization options for a given classi�er. Thereforethe �rst choice is decidingwhich
classi�er shouldbe visualized. The demoopens2 windows, againonewith the interactive
controls and the secondfor the graphicaloutput, which canbeswitchedto 3d or 2d mode,
seeFigure 11. The graphicscontains the classi�cation resultson an arbitrary axis-parallel
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Figure 10: Illustration of plotclassseq .

Figure 11: Illustration of the di�erent windows of visclass-demo .
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rectangle in arbitrary n-dimensional feature-space.The rectangle is speci�ed by an n-
dimensionalvector "origin" the 2 "pro jection"-directions (integersbetween1 and n) and
the "size" of the rectanglein theseboth directions starting from the origin. "resolution"
de�nes the direction-wisenumber of test-points extracted from the rectangle.

As drawing is quite time consuminga redraw is only invoked after pressingdraw. This
will perform a new classi�cation of the test-points de�ned by the speci�ed grid.

"2d-mode" results in a color-shadedrectangle: the classesare represented by di�erent
colors, the certainties by di�erent shading-intensities. In non-"2d-mode" the results are
displayed by a coloredfunction-graph in 3d: the classesareagainrepresented by di�erent
colors, the certainties as the height of the function-graph.

The class-colorscan be edited by choosing a "class-color number" either by slider
or the corresponding edit-�eld. After pressingthe set button the current color will be
displayed by its rgb-components and can be edited. After pressingthe color-set button,
the chosencolor is saved in the colormap to be usedfor the next drawing. The number
of "shades" can be adjusted by a corresponding edit-�eld and slider. If the checkbox
"plot points" is set and a list of points is passedby the argument list, thesepoints are
displayed additionally in the 2d-mode, e.g. the right plot in Figure 11.

2.4 Supp ort and Dev elopmen t

We �nish the generalpart for "�rst reading" with this section where we comment on
support and development aspects.

Additional Hin ts on Usage

If the userwants to accessthis toolbox from various operating systemsor from di�erent
Scilab versions,then beforeeach start of Scilab, the binaries of the Presto-Boxfunctions
have to be regenerated. A call of builder.sce is not su�cient as this only rebuilds
binaries for sourcesthat are newer than the corresponding binaries. Solution: deleteall
*.bin , namesand lib �les in the subdirectories of macros, then executebuilder.sce
as described in the installation section. Another solution is to generateone separate
presto-box directory per platform and Scilab-version.

Even if the userhasgenerateda .scilab �le for loading Presto-Boxat Scilabstartup,
someoperating-system/Scilab-versionsdo not readthe �le properly. In this caseexecution
of the startup-�le can be forcedby commandline options: scilab -f .scilab

Con tact

The toolbox is in continuous further development. The basic sourcefor new versionsis
the site [3]. A copy of the latest version will also be available at the "contributions"
sectionof the Scilab homepage

http://scilabsoft.inria.fr / .
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We maintain a buglist on the Presto-Box website which currently only contains few
known bugs. Usersare requestedto kindly help us by providing feedback with possible
bugsand errors occurredduring usage.Pleasespecify your operating systemand Scilab-
version in bug-reports for making them reproducible.

We welcomesuch bug-reports but also further comments, contributions or questions
which can be submitted to

presto-box@informatik.uni -fre ibur g.de

Future Extensions

Development of the toolbox will kept organizedat the university of Freiburg, whereit is
maintained in a cvs-repository. Beside�xing known bugs and realizing minor improve-
ments, future releaseswill develop towards thesedirections:

� interactive demofor the 2-dimensionaltranslation invariant transformations CT

� implementation of demonstration for the Karhunen-Loeve transformation

� inclusion/adaption of the routines which evolved from the courseduring winter
02/03 and 03/04, e.g. Mahalanobisclassi�cation, model-selectionroutines.

� inclusion of an image-processingtoolbox and default imagedata

� boundary extraction of images(matrix yields a polygon.)

� implementation of perceptron training and classi�cation

� implementation of support vector machine training and classi�cation

� implementation of neural net training and classi�cation

3 Function List

This sectionpresents the complete list of functions in the toolbox and detailed descrip-
tions. Thesedescriptionsare parts of the help-texts which are obtained by help com-
mand name. Details on using the demoscan be found in Section2.3.

3.1 Overview

CT generaltranslation-invariant CT-transformation of vectors
CT DI general2d translation-invariant CT DI-transformation of matrices
CT SZ general2d-translation-invariant CT SZ-transformationof matrices
CT ZS general2d-translation-invariant CT ZS-transformationof matrices
Fc demo a GUI for demonstrationof Fourier-coe�cien ts of a polygon
Fsynthesis Fourier-synthesisof a polygon using its Fourier-coe�cien ts
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MT 1d-translation-invariant CT-transformation using max and min.
MT DI 2d-translation-invariant CT DI-Transformation using max and min
MT SZ 2d-translation-invariant CT SZ-transformationusing max and min.
MT ZS 2d-translation-invariant CT ZS-transformationusing max and min.
QT 1d-translation-invariant CT-transformation using + and squared-di�erence
QT DI 2d-translation-invariant CT DI-transformation using + and squared-di�erence
QT SZ 2d-translation-invariant CT SZ-transformationusing + and squared-di�erence
QT ZS 2d-translation-invariant CT ZS-transformationusing + and squared-di�erence
RT 1d-translation-invariant CT-transformation using + and di�erence
RT DI 2d-translation-invariant CT DI-transformation using + and di�erence
RT SZ 2d-translation-invariant CT SZ-transformationusing + and di�erence
RT ZS 2d-translation-invariant CT ZS-transformationusing + and di�erence
bayesclass implements the bayesclassi�cation in multi-dimensions.
bayesclass2d implements the bayesclassi�cation in 2 dimensions.
binom coe� calculation of binomial-coe�cien t.
classstatistics estimatesthe statistics of the given classnumber
coarsenpol coarsens(removespoints of) a polygon with respect to a threshold angle
computeFc Fourier-coe�cien ts of closedpolygonsin the complexplane
computeFd Fourier-descriptorsof closedpolygonsin the complexplane
cpolygon converts a real-valued 2*n matrix to a complex-valued vector
cyclmat implementation of cyclic translation matrix of dimensionn*n
cyclrot implements cyclic rotation of a matrix
cycltrans implementation of cyclic translation for matrices.
detect symmetry detection of rotational symmetry degreeof a complexpolygon
dumb class2d implements a democlassi�cation in 2 dimensions.
fcycltrans fast implementation of cyclic translation for matrices.
getmatrix gets the data stored in an object �gure (as a matrix)
inputpol generatesa polygon interactively (by mouseclicks or dragging)
monomvec calculatesthe power-substitution-vector, the vector of monomials
new window gets the number of the next possiblenew graphicswindow
nneigh class implements the nearestneighbour classi�cation in multi-dimensions
nneigh class2d implements the nearestneighbour classi�cation in 2 dimensions
patrec demos a GUI showing a list of all the Presto-Box demos
plotFourierseq plots Fourier-sequenceof a polygon for given rangeand step values
plotFs plotting of the Fourier-spectrum (mainly usedin Fc demo)
plotclassseq plots the e�ect of di�erent classi�ers on given learning data
plotpol plots a polygon represented by a 2*n real matrix
plotpolseq plots the given list of polygonsin sequence
polarea areaof a real polygon
polboundary length of boundary of a real polygon
polclassdemo a GUI for interactive polygon classi�cation
polcog center of gravit y of a real polygon
pollinecog line center of gravit y of a real polygon

19



polstar generationof a star-shaped origin-centered polygon.
polstar demo a GUI for interactive polygon generation
polygon converts a complex-valued vector to a real-valued matrix
polynom class training of polynomial classi�er and classi�cation.
polynom regress evaluate polynomial (vectorial) regressionfunction
pw absdi� elementwise absolutedi�erence.
pw add elementwise addition.
pw di�square elementwise squareof di�erence.
pw max elementwise maximum.
pw min elementwise minimum.
randnormal generationof arbitrary dimensionalnormally distributed random data
regressmatrix calculatespolynomial regressionmatrix for vectorial function y=f(x).
repmat constructsa large matrix of n*m blocks each consistingof "mat"
setmatrix storesthe data (an integer matrix) in an object �gure.
simtrans performssimple similarity-transformation of a polygon.
visclass visualization of classi�cation regionsin multi dimensions
visclass2d visualization of classi�cation regionsin 2 dimensions
w DI performsw DI-transformation of a matrix

3.2 Detailed Descriptions

CT - generaltranslation-invariant CT-transformation of vectors

CALLING SEQUENCE
res = CT(f1, f2, x)

PARAMETERS

f1,f2: commutativ e functions with calling syntax r = f1(a,b) where a, b & r are all equally sized
matrices, r containing the results of elementwise dyadic operations.

x: vector/matrix each column of which will be processedby the CT.

res: vector/matrix of the columnwise results of the transformation of x.

DESCRIPTION
CT performs CT transformation of the given column-vector x using the commutativ e-functions f1
and f2 (if x is a matrix then each of its column-vectors will be processedsimultaneously).

CT DI - general2d translation-invariant CT DI-transformation of matrices

CALLING SEQUENCE
res = CT DI(f1, f2, x)

PARAMETERS

f1,f2: commutativ e functions with calling syntax r = f1(a,b) where a, b & r are equally sized
matrices, r containing the results of elementwise dyadic operations.

x: matrix to be transformed.

res: matrix of the CT DI transformation of x.
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DESCRIPTION
CT DI (is a matrix transformation) performsCT DI transformation, i.e. �rst w DI transformation
then CT ZS transformation, using the commutativ e functions f1 and f2 on the given matrix x.

CT SZ - general2d-translation-invariant CT SZ-transformationof matrices

CALLING SEQUENCE
res = CT SZ(f1, f2, x)

PARAMETERS

f1,f2: commutativ e functions with calling syntax r = f1(a,b) where a, b & r are equally sized
matrices, r containing the results of elementwise dyadic operations.

x: matrix to be transformed by CT SZ.

res: matrix of CT SZ transformation (of matrix x).

DESCRIPTION
CT SZ (is a matrix transformation) performs CT SZ tranformation i.e. �rst row by row CT-
transformation then columnwise CT-transformation, using the commutativ e-functions f1 and f2
on the given matrix x.

CT ZS - general2d-translation-invariant CT ZS-transformationof matrices

CALLING SEQUENCE
res = CT ZS(f1, f2, x)

PARAMETERS

f1,f2: commutativ e functions with calling syntax r = f1(a,b) where a, b & r are equally sized
matrices, r containing the results of elementwise dyadic operations.

x: matrix to be processedby the CT ZS.

res: matrix with the result of the transformation of x.

DESCRIPTION
CT ZS (is a matrix transformation) performs CT ZS transformation i.e. �rst columns are CT-
processedand then rows) using the commutativ e functions f1 & f2 on the given matrix x.

Fc demo - a GUI for demonstrationof Fourier-coe�cien ts of a polygon

CALLING SEQUENCE
Fc demo() - it can take varargin, as follows: Fc demo(['setnumber', val], ['setpolygon', polygon],
['showspectrum'])

PARAMETERS

val: highest index of Fourier-coe�cien t to be used,default value is 20

polygon: 2*n matrix with x and y coordinates of the polygon for which the Fourier-coe�cien ts
are to be demonstrated. the default value is polstar(5,4,3).

DESCRIPTION
Fc demo allows interactive investigation of Fourier-coe�cien ts (Fc) of complex contours. The
Fourier-coe�cien ts c i of a complexcontour can be selectedby choosingthe index i with the upper
slider, the absolutevalue and the angleof the chosenc i are then displayed and are editable by the
lower two sliders. Besidethe sliders the valuescan be entered explicitly . After pressingthe "set"
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button, the value will be set. When somesomeFc is modi�ed, a Fourier-synthesis is calculated
and the resulting contour is displayed. If the demo is started with the option "showspectrum",
the power-spectrum of the current contour is plotted additionally .

Fsyn thesis - Fourier-synthesisof a polygon using its Fourier-coe�cien ts

CALLING SEQUENCE
res = Fsynthesis(Fc)

PARAMETERS

Fc: complex Fourier-coe�cien ts, can be obtained by computeFc function.

res: A vector of 1000complex valuesrepresenting the approximate polygon.

DESCRIPTION
Fsynthesis synthesisesthe input complex vector Fc (generally obtained from "computeFc") into
1000points in the complex plane and outputs the resulting complex vector. It can be drawn by
"plotp ol" function onceif it is converted to a real matrix by using "p olygon" function.

MT - 1d-translation-invariant CT-transformation using max and min.

CALLING SEQUENCE
res = MT(x)

PARAMETERS

x: vector/matrix each column of which will be processedby the MT.

res: vector/matrix of the columnwise results of the transformation of x.

DESCRIPTION
MT performsCT transformation usingthe commutativ efunctions pairwise-maximum and pairwise-
minimum on the given column vector x, if x is a matrix then each of its column vectors will be
processedsimultaneously.

MT DI - 2d-translation-invariant CT DI-Transformation using max and min

CALLING SEQUENCE
res = MT DI(x)

PARAMETERS

x: matrix to be processedby the MT DI.

res: matrix of the MT DI transformation of x.

DESCRIPTION
MT DI (is a matrix transformation) performs CT DI transformation using the commutativ e func-
tions pairwise-maximum and pairwise-minimum on the given matrix x, i.e. �rst w DI transfor-
mation then MT ZS transformation.
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MT SZ - 2d-translation-invariant CT SZ-transformationusing max and min.

CALLING SEQUENCE
res = MT SZ(x)

PARAMETERS

x: matrix to be processedby the MT SZ.

res: matrix of the MT SZ transformation of x.

DESCRIPTION
MT SZ (is a matrix transformation) performs CT SZ transformation i.e. �rst row by row then
columnwise, using the commutativ e functions pairwise-maximum and pairwise-minimum, on the
given matrix x.

MT ZS - 2d-translation-invariant CT ZS-transformationusing max and min.

CALLING SEQUENCE
res = MT ZS(x )

PARAMETERS

x: matrix to be processedby the MT ZS.

res: matrix of the MT ZS transformation of x.

DESCRIPTION
MT ZS (is a matrix transformation) performs CT ZS transformation i.e. �rst columns are pro-
cessedand then rows) using the commutativ efunctions pairwise-maximum and pairwise-minimum,
on the given matrix x.

QT - 1d-translation-invariant CT-transformation using + and squared-di�erence

CALLING SEQUENCE
res = QT(x)

PARAMETERS

x: vector/matrix each column of which will be processedby the QT.

res: vector/matrix of the columnwise results of the transformation of x.

DESCRIPTION
QT performs CT transformation using the commutativ e functions pairwise-addition and squared-
di�erence on the given column vector x, if x is a matrix then each of its column vectors will be
processedsimultaneously.

QT DI - 2d-translation-invariant CT DI-transformation using + and squared-di�erence

CALLING SEQUENCE
res = QT DI(x)

PARAMETERS

x: a matrix to be processedby the QT DI.

res: matrix of the results of the QT DI transformation of x.

DESCRIPTION
QT DI (is a matrix transformation) performs CT DI transformation using the commutativ e func-
tions pairwise-addition and squared-di�erenceon the givenmatrix x, i.e. �rst w DI transformation
then QT ZS transformation.
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QT SZ - 2d-translation-invariant CT SZ-transformationusing + and squared-di�erence

CALLING SEQUENCE
res = QT SZ(x)

PARAMETERS

x: matrix to be processedby the QT SZ.

res: matrix of the result of the QT SZ transformation of x.

DESCRIPTION
QT SZ (is a matrix transformation) performs CT SZ transformation i.e. �rst row by row then
columnwise, using the commutativ e functions: pairwise- addition and squared-di�erence on the
given matrix x.

QT ZS - 2d-translation-invariant CT ZS-transformationusing + and squared-di�erence

CALLING SEQUENCE
res = QT ZS(x)

PARAMETERS

x: a matrix to be processedby the QT ZS.

res: matrix of the result of the QT ZS transformation of x.

DESCRIPTION
QT ZS (is a matrix transformation) performs CT ZS transformation (i.e. �rst columns are pro-
cessedand then rows) using the commutativ e functions pairwise-addition and squared-di�erence
on the given matrix x.

RT - 1d-translation-invariant CT-transformation using + and di�erence

CALLING SEQUENCE
res = RT(x)

PARAMETERS

x: vector/matrix each column of which will be processedby the RT.

res: vector/matrix of the columnwise results of the transformation of x.

DESCRIPTION
RT performs CT transformation using the commutativ e functions pairwise-addition and absolute-
di�erence on the given column vector x, if x is a matrix then each of its column vectors will be
processedsimultaneously.

RT DI - 2d-translation-invariant CT DI-transformation using + and di�erence

CALLING SEQUENCE
res = RT DI(x )

PARAMETERS

x: a matrix to be processedby the RT DI.

res: matrix of the result of the RT DI transformation of x.

DESCRIPTION
RT DI (is a matrix transformation) performs CT DI transformation using the commutativ e func-
tions pairwise-addition and absolute-di�erenceon the givenmatrix x, i.e. �rst w DI transformation
then ZS transformation.
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RT SZ - 2d-translation-invariant CT SZ-transformationusing + and di�erence

CALLING SEQUENCE
res = RT SZ(x )

PARAMETERS

x: a matrix to be processedby the RT SZ.

res: matrix of the result of the RT SZ transformation of x.

DESCRIPTION
RT SZ (is a matrix transformation) performs CT SZ tranformation i.e. �rst row by row then
columnwise, using the commutativ e functions pairwise- addition and absolute-di�erence on the
given matrix x.

RT ZS - 2d-translation-invariant CT ZS-transformationusing + and di�erence

CALLING SEQUENCE
res = RT ZS(x)

PARAMETERS

x: a matrix to be processedby the RT ZS.

res: matrix of the result of the RT ZS transformation of x.

DESCRIPTION
RT ZS (is a matrix transformation) performs CT ZS transformation i.e. �rst columns are pro-
cessedand then rows) using the commutativ e functions pairwise-addition and absolute-di�erence
on the given matrix x.

bayes class - implements the bayesclassi�cation in multi-dimensions.

CALLING SEQUENCE
[ classes,cert]= bayesclass(x, [ p1,m1,K1,p2,m2,K2,...]).

PARAMETERS

x: a n1*n2 matrix with n2 columnwise data points to be classi�ed

p1,p2,...: prior probabilities of the classes(sum == 1).

m1,m2,...: mean vectors of the classes(length n1)

K1,K2,...: covariance matrices of the distributions (of sizen1*n1)

classes:vector of estimated classmemberships (length n2).

cert: vector (length n2) of certainty measuresfor the classi�cations, in this casethe a-posteriori
probabilities given by the input distributions.

DESCRIPTION
bayesclassimplements bayesclassi�cation of n1-dimensionalvectors in caseof a multiclass prob-
lem with the classconditional probabilit y distributions assumedto be the normal distributions
de�ned by the statistical parametersp1,m1,K1,p2,m2,K2,...
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bayes class 2d - implements the bayesclassi�cation in 2 dimensions.

CALLING SEQUENCE
[ classes,cert]= bayesclass2d(x, p1,m1,K1,p2,m2,K2).

PARAMETERS

x: a 2*n matrix with columnwise n data points to be classi�ed

p1,p2: prior probabilit y of the 2 classes(sum == 1).

m1,m2: mean vector of the 2 classes.(oflength 2)

K1,K2: covariance matrices of the 2 distributions (of size2*2).

classes:vector of estimated classmemberships(1or 2) of length n.

cert: vector (length n) of certainty measuresfor the classi�cations, in this casethe a-posteriori
probabilities.

DESCRIPTION
bayesclass2d implements bayesclassi�cation of 2-dimensionalvectorsin caseof a 2-classproblem
with the classconditional probabilit y distributions assumedto be the normal distributions de�ned
by the statistical parametersp1, m1, K1, p2, m2, K2.

binom coe� - calculation of binomial-coe�cien t.

CALLING SEQUENCE
res =binom coe�(n,k)

PARAMETERS

n: a positive integer

k: a positive integer in the range from 0 to n

res: binomial coe�cien t

DESCRIPTION
binom coe� calculates the binomial-coe�cien t "k out of n" where n is a positive integer and k
should be in the range [0,...,n].

class statistics - estimatesthe statistics of the given classnumber

CALLING SEQUENCE
[ p,m,k] = classstatistics(learn data [,labels, classno])

PARAMETERS

learn data: a matrix of columnwise learning data points

labels: a vector of length equal to the number of points, default labels are ones.

classno: number of the classfor which the statistics should be generated,default is 1.

p: prior probabilit y of the given (or elsedefault) classnumber

m: mean vector of the given (or elsedefault) classnumber

k: covariance matrix of the given (or elsedefault) classnumber

DESCRIPTION
classstatistics is a function for generating class statistics i.e. converting the learning data and
labels for classi�cation into the statistics for e.g. normal distribution estimation.
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coarsenp ol - coarsens(removespoints of) a polygon with respect to a threshold angle

CALLING SEQUENCE
res = coarsenpol(p,t)

PARAMETERS

p: a 2*n matrix representing the vertices of the polygon as its columns

t: threshold angle

res: coarsenedpolygon resulting from p

DESCRIPTION
coarsenpol removes all the vertices of the given polygon p whose internal anglesare more than
� -t and outputs the resulting polygon.

computeFc - Fourier-coe�cien ts of closedpolygonsin the complexplane

CALLING SEQUENCE
res = computeFc(n, cpol)

PARAMETERS

n: maximum index of Fourier-coe�cien ts to be calculated, integer � 1

cpol: vector of complex valuesrepresenting the polygon.

res: vector of (complex valued) Fourier-coe�cien ts c i (i ranging from -n, ..., 0, ..., +n)

DESCRIPTION
computeFc takes a complex vector representing a closed polygon and calculates the Fourier-
coe�cien ts (in the complex plane). The output can be usedin "Fsynthesis", "computeFd" func-
tions.

computeFd - Fourier-descriptorsof closedpolygonsin the complexplane

CALLING SEQUENCE
res = computeFd(q, s, Fc )

PARAMETERS

q: Index of the Fourier-coe�cien t which will be usedfor normalization.

s: rotation symmetry of the polygon represented by the Fourier-coe�cien ts,(i.e. distancebetween
indices of non-vanishing coe�cien ts).

Fc: vector of (complex valued) Fourier-coe�cien ts.

DESCRIPTION
computeFd takes Fourier-coe�cien ts of a closedpolygon and calculates the similarit y invariant
complex Fourier-descriptors.

cpolygon - converts a real-valued 2*n matrix to a complex-valued vector

CALLING SEQUENCE
res = cpolygon(pol)

PARAMETERS

pol: a 2*n matrix of real valuesrepresenting the vertices of a polygon
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res: a vector (of length n) of complex values

DESCRIPTION
cpolygon converts a 2*n matrix of real valuesto a complex vector of length n.

cyclmat - implementation of cyclic translation matrix of dimensionn*n

CALLING SEQUENCE
res = cyclmat(n)

PARAMETERS

n: dimension of the desiredtranslation matrix (an integer � 1)

res: cyclic translation matrix, e.g. if n = 4 then res' * [1 2 3 4]' = [2 3 4 1]'

DESCRIPTION
implementation of cyclic translation matrix of dimension n*n. Any vector can be translated
cyclically by simple multiplication with the transposeof this resulting matrix.

cyclrot - implements cyclic rotation of a matrix

CALLING SEQUENCE
res = cyclrot(mat, phi)

PARAMETERS

mat: matrix to be rotated

phi: rotation angle, a real value

res: rotated matrix

DESCRIPTION
cyclrot implements the cyclic rotation of the given matrix "mat" around its center using nearest
neighbour interpolation.

cycltrans - implementation of cyclic translation for matrices.

CALLING SEQUENCE
res = cycltrans(mat, m, n)

PARAMETERS

mat: arbitrary typed matrix to be translated.

m: shift in y-Direction = �rst matrix-dimension, integer value.

n: shift in x-Direction = secondmatrix-dimension integer value.

res: cyclic translated matrix.

DESCRIPTION
cycltrans implements cyclic translation of matriceswith help of (expensive) matrix multiplications.
e.g. cycltrans([1 2 3; 4 5 6; 7 8 9], 1,1)= [5 6 4; 8 9 7 ; 2 3 1]
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detect symmetry - detection of rotational symmetry degreeof a complexpolygon

CALLING SEQUENCE
res = detect symmetry(Fc)

PARAMETERS

Fc: vector of Fourier-coe�cien ts obtained from a polygon.

res: (largest) symmetry degreeof the polygon represented by Fc

DESCRIPTION
detect symmetry detects rotational symmetry degrees of a polygon represented by its Fourier-
coe�cien ts (Fc). This is the maximum number for which a rotation of 2� /s around the polygon's
center exactly reproducesthe polygon. If the polygon is not symmetric then the output will be 1.

dum b class 2d - implements a democlassi�cation in 2 dimensions.

CALLING SEQUENCE
[ cl,cert] = dumb class2d(v)

PARAMETERS

v: a 2*n - matrix consisting of n points to be classi�ed

cl: n-vector of estimated classmemberships

cert: n-vector of certainty measuresfor the classi�cations

DESCRIPTION
dumb class2d implements a democlassi�cation of 2-dimensionalvectors: labels1,2,3are assigned
to x-coordinates in the intervalls -inf < x < 0, 0 � x < 1, 1 � x < + inf. "cert" is set to the y valueof
the points. Purposeof routine: demonstration of useof the function visclass:visclass(dumb class)
producesgraphical output of classi�cation regions.

fcycltrans - fast implementation of cyclic translation for matrices.

CALLING SEQUENCE
res = fcycltrans(mat, m, n)

PARAMETERS

mat: arbitrary typed matrix to be translated.

m: shift in y-Direction = �rst matrix-dimension, integer value.

n: shift in x-Direction = secondmatrix-dimension integer value.

res: cyclic translated matrix.

DESCRIPTION
fcycltrans implements fast cyclic translation of matrices. e.g. fcycltrans([1 2 3; 4 5 6; 7 8 9], 1,1)
= [5 6 4; 8 9 7 ; 2 3 1]
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getmatrix - gets the data stored in an object �gure (as a matrix)

CALLING SEQUENCE
res = getmatrix(f, s)

PARAMETERS

f: object �gure number

s: string argument specifying the name with which the data(as a matrix) is stored in the �gure

res: the matrix stored in the "ob ject �gure".

DESCRIPTION
getmatrix gets the data stored (as a matrix) in an "ob ject �gure". This function works for huge
data, and outputs a matrix but not a list in contrast to the function "get".

inputp ol - generatesa polygon interactively (by mouseclicks or dragging)

CALLING SEQUENCE
res = inputp ol(['mode', Mode], ['size', Size], ['noclose'], ['no-nw'])

PARAMETERS

Mode: sets the mode of mousedrawing ('click', 'drag', 'marks'); default: 'click'

Size: a 1*4 matrix which sets the region of drawing; default :[-5,-5,10,5];

'noclose': by default the graphics-window will be closedas soon as the drawing is �nished. This
parameter should be given in order to keepthe window opened.

'no-nw': This parameter should be given in order to draw in an already existing window. Default
is that a new graphics-window will be popped up.

res: a 2*n matrix with indices of the resulting polygon as its elements

DESCRIPTION
inputp ol allows the user to draw a polygon by clicking/dragging the mouse(left mouse button
should be pressedfor drawing) in the window which is popped up at the function-call. If the user
gives'no-nw' then the currently-activ e window will be set for drawing. The window will be closed
after drawing, if the user doesn't give 'no-close' argument. With giving 'marks', the lines of the
polygon will not be drawn but marks put at the vertices instead.

monom vec - calculatesthe power-substitution-vector, the vector of monomials

CALLING SEQUENCE
res = monomvec(p, x)

PARAMETERS

p: desiredpolynomial degree

x: input vector (x1, ..., xn) of arbitrary length n (if matrix, each column is processed)

res: power substitution vector of x

DESCRIPTION
monomvecCalculatesthe power-substitution-vector i.e vector of monomialsof a given vector. If p
is the desiredpolynomial degreeand x =(x1...xn) is the given vector, then the power-substitution-
vector of x is (1, x1, ... , xn, x1^2, ...x1x2, ..., xn^2,... xn^p). This is the lexicographical ordered
set of monomials of x of degree� p. If X is a matrix, result will be a matrix with columnwise
results.
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new windo w - gets the number of the next possiblenew graphicswindow

CALLING SEQUENCE
res = new window()

PARAMETERS

res: is the number of the possiblenew window i.e. one number higher than the highest number
in all of the existing windows.

DESCRIPTION
new window gets the value (number) of the next possiblenew graphics window

nneigh class - implements the nearestneighbour classi�cation in multi-dimensions

CALLING SEQUENCE
[ classes,cert]= nneigh class(x, xlearn, labels).

PARAMETERS

x: a n1*n2 matrix representing n2 data points to be classi�ed as its columns.

xlearn: n1*m - matrix consisting of learning points

labels: vector of integer class-labels (length m)

classes:vector of estimated classmemberships (length n2).

cert: vector of certainty measuresfor the classi�cations (length n2).

DESCRIPTION
nneigh classimplementation of nearestneighbour classi�cation in arbitrary dimensionsand arbi-
trary classes.As heuristic certainty measuresimly exp(-sqr(d)) is used,where d is the distance of
a classi�ed point to its nearestneighbour in the set of learning points.

nneigh class 2d - implements the nearestneighbour classi�cation in 2 dimensions

CALLING SEQUENCE
[ classes,cert]= nneigh class2d(x, xlearn, labels).

PARAMETERS

x: a 2*n matrix n 2-dimensionaldata points to be classi�ed

xlearn: 2* m - matrix consisting of learning points

labels: m-vector of integer class-labels of learning points

classes:n-vector of estimated classmemberships, integers.

cert: n-vector of "certain ty" measuresfor the classi�cations, in this case ê (-dmin^2) (only
heuristic, no theoretic foundation for "certain ty").

DESCRIPTION
nneigh class2d implements nearest neighbour classi�cation of two-dimensional vectors and ar-
bitrary many classesbased on the learning data and labels. The classi�cation regions can be
visualized by visclass2d(nneigh class2d, xlearn, labels).
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patrec demos - a GUI showing a list of all the Presto-Box demos

CALLING SEQUENCE
patrec demos()

DESCRIPTION
patrec demosdisplays a gui object which contains a list of all the demosand graphic-functions of
Presto-Box. Userscan also view these demoswith the name "Presto-Box: Pattern-Recognition-
Demos" after pressingthe "Demos" button in the scilab toolbar.

plotF ourierseq - plots Fourier-sequenceof a polygon for given rangeand step values

CALLING SEQUENCE
plotFourierseq(pol, n start, n end, n step)

PARAMETERS

pol: a 2*n polygon for which the Fourier-sequenceis to be calculated

n start: start of the range of index of coe�cien ts

n end: end of the range of index of coe�cien ts

n step: step of the range of index of coe�cien ts

DESCRIPTION
plotFourierseqgeneratesa list (sequence)of polygonsin the given rangeof the index of coe�cien ts
from a given polygon, then it plots the list of polygons using the plotpolseqfunction. Userscan
�nd a sampledemo in the list displayed by patrec demosor in by choosing the Presto-Box demos
shown after pressingthe "Demos" button in the scilab toolbar.

plotFs - plotting of the Fourier-spectrum (mainly usedin Fc demo)

CALLING SEQUENCE
plotFs(Fc)

PARAMETERS

Fc: a vector of complex valuesrepresenting the Fourier-coe�cien ts.

DESCRIPTION
plotFs plots the Fourier-spectrum (power-spectrum), i.e. the absolute values of the Fourier-
coe�cien ts. This function is mainly used in "Fc demo" when the demo is started with "show
spectrum" option.

plotclassseq - plots the e�ect of di�erent classi�ers on given learning data

CALLING SEQUENCE
plotclassseq(learndata, labels)

PARAMETERS

learn data: matrix of columnwise learning vectors

labels: vector with integer-label for each learning vector

DESCRIPTION
plotclassseqplots the classi�cation results from di�eren t classi�ers de�ned likebayesclass,nneigh class
polynom classin a sequence.
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plotp ol - plots a polygon represented by a 2*n real matrix

CALLING SEQUENCE
plotpol(pol)

PARAMETERS

pol: a 2*n matrix representing the polygon

DESCRIPTION
plotpol plots a polygon represented by a 2*n matrix

plotp olseq - plots the given list of polygonsin sequence

CALLING SEQUENCE
plotpolseq(pol1, str1 [, pol2, str2, ...])

PARAMETERS

pol1,pol2,...: 2*n matrices representing the polygons, this can be repeated any number of times
but should be followed by its title (as a string argument str) every time.

str1,str2,...: a string argument representing the title of the polygon precedingthis parameter.

DESCRIPTION
This function plots a sequenceof polygons into di�eren t subplots of one graphical window. Each
polygon is labelled with an individual title above the plot.

polarea - areaof a real polygon

CALLING SEQUENCE
res = polarea(p)

PARAMETERS

p: a 2*n real matrix representing the polygon for which the area is to be calculated.

res: area of the input polygon

DESCRIPTION
polarea calculates the area of the polygon represented by a 2*n real valued matrix.

polb oundary - length of boundary of a real polygon

CALLING SEQUENCE
res = polboundary(p)

PARAMETERS

p: a 2*n real matrix representing the polygon for which the length of its boundary is to be
calculated.

res: length of boundary of the input polygon

DESCRIPTION
polboundary calculates the length of boundary of the polygon represented by a 2*n real valued
matrix.
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polclass demo - a GUI for interactive polygon classi�cation

CALLING SEQUENCE
polclassdemo([["setpoly", pol]...] [, "high index", hfc] [, "low index", lfc] [, "pfeatures"])

PARAMETERS

"setpoly": optional string parameter, for setting a referencepolygon to comparewith the polygon
to be classi�ed. A 2*n matrix "p ol" should follow this argument. the set of these two can
be repeatedany number of times. default valuesare given by a list of polygonsrepresenting
the letters E, F, L, T.

"high index": optional string parameter for setting the highest index of high frequencyFourier-
coe�cien ts This argument should be followed by an integer "hfc".

"low index": optional string parameter, for setting the highest index of Fourier-coe�cien ts to be
regardedas "low-frequencyFc". This argument should be followed by an integer lfc.

"pfeatures": optional string parameter, if the userwants to print the feature vectorsto the scilab
window.

DESCRIPTION
polclassdemo takes the polygons given by the user with the argument "setpoly", otherwise the
default valuesE, F, L, T. Then it displays a GUI showing the features to be selectedand a "new
polygon" and "classify polygon" button. First the user has to click "new polygon" button for
drawing a polygon interactively. then he has to make sure that at least one feature is selected
in the list, then has to click the "classify polygon" button to seethe classi�cation of the input
polygon. more detailed information is available in the help button in the GUI object of this demo.
The demo is also available in the patrec demos list or by choosing the Presto-Box demosafter
pressingthe "Demos" button in the scilab toolbar.

polcog - center of gravit y of a real polygon

CALLING SEQUENCE
res = polcog(p)

PARAMETERS

p: a 2*n real matrix representing the polygon for which the center of gravit y is to be calculated.

res: center of gravit y of the input polygon

DESCRIPTION
polcog calculates the center of gravit y of the polygon represented by a 2*n real valued matrix.
This is the "physical" center of gravit y if area of the polygon is �lled uniformly with mass.

pollinecog - line center of gravit y of a real polygon

CALLING SEQUENCE
res = pollinecog(p)

PARAMETERS

p: a 2*n real matrix representing the polygon for which the line center of gravit y is to be
calculated.

res: line center of gravit y of the input polygon

DESCRIPTION
pollinecog calculates the line center of gravit y of the polygon represented by a 2*n real valued
matrix. This is the "physical" center of gravit y if massis distributed uniformly along the boundary
line of the polygon.
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polstar - generationof a star-shaped origin-centered polygon.

CALLING SEQUENCE
res = polstar(n, R, r)

PARAMETERS

n: number of arms

R: outer radius

r: inner radius

res: matrix with the corners/edgesof the origin centered star of n arms

DESCRIPTION
polstar generatesa default polygon. Result is a star with origin as the center, n as the number of
arms, R as the outer radius and r as the inner radius.

polstar demo - a GUI for interactive polygon generation

CALLING SEQUENCE
polstar demo()

DESCRIPTION
polstar demo demonstratesthe function polstar. �rst it displays a GUI showing the slider, edit
�eld, push button for each "number of arms", "outer radius","inner radius". The user then can
modify thesevaluesby dragging the slider or by typing somevalue in the edit �eld and pressing
the "set" button. More detailed information is available by the "help" button in the GUI object
of this demo. The demo is also available in the patrec demoslist or by choosing the Presto-Box
demosafter pressingthe "Demos" button in the scilab toolbar.

polygon - converts a complex-valued vector to a real-valued matrix

CALLING SEQUENCE
res = polygon(cpol)

PARAMETERS

cpol: a vector(of length n) of complex values

res: a 2*n matrix of real values

DESCRIPTION
cpolygon converts a complex vector of length n to a 2*n matrix of real values.

polynom class - training of polynomial classi�er and classi�cation.

CALLING SEQUENCE
[ classes,cert] = polynom class(X, p, Xlearn, labels)

PARAMETERS

X: arbitrary sizedmatrix of columnwise points which have to be classi�ed.

p: polynomial degreeto be used(positive integer)

Xlearn: matrix of columnwise learning vectors, dimension of the vectors has to coincide with
columns of X

labels: vector of integer-labels(starting from 1) of the learning vectors(of samelength asnumber
of Xlearn-examples)
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classes:vector of estimated class-numbers for each vector in X.

cert: vector of "certain ties" for each classdecision. Valuesbetween0 and 1, simply the maximum
of the winning decisionfunction.

DESCRIPTION
polynom class�rst performs polynomial regressionon the learning data, (usesregressmatrix and
polynom regressfunctions for this purpose)then it usesthis regression-functionfor classi�cation.

polynom regress - evaluate polynomial (vectorial) regressionfunction

CALLING SEQUENCE
res = polynom regress(p,X, A)

PARAMETERS

p: desiredpolynomial degreeof regression(also implicitly contained in matrix A)

X: matrix of columnwise points in which the regressionfunction will be evaluated.

A: Regressionmatrix de�ning the regressionfunction obtained e.g. from regressmatrix.

res: matrix with columnwise results from the regressionfunction evaluated in the columns of X

DESCRIPTION
polynom regressperform evaluation of a trained polynomial (vectorial) regressionfunction by res
= transpose(A)*monomvec(p,X). The output of this data is e.g. used in polynom classfunction
for classi�cation.

pw absdi� - elementwise absolutedi�erence.

CALLING SEQUENCE
res = pw absdi�(x, y)

PARAMETERS

x: �rst vector/matrix for computation

y: secondvector/matrix for computation, samesizeas x

res: elementwise absolute di�erence samesizeas x,y

DESCRIPTION
pw absdi� dummy function neededfor CT-transformation performing elementwise absolute dif-
ference.

pw add - elementwise addition.

CALLING SEQUENCE
res = pw add(x, y)

PARAMETERS

x: �rst vector/matrix for computation

y: secondvector/matrix for computation, samesizeas x

res: elementwise addition samesizeas x,y

DESCRIPTION
pw add dummy function neededfor CT-transformation performing elementwise addition.
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pw di�square - elementwise squareof di�erence.

CALLING SEQUENCE
res = pw di�square(x, y)

PARAMETERS

x: �rst vector/ matrix for computation

y: secondvector/ matrix for computation, samesizeas x

res: elementwise squareof di�erence samesizeas x,y

DESCRIPTION
pw di�square dummy function neededfor CT-transformation performing elementwise square of
di�erence.

pw max - elementwise maximum.

CALLING SEQUENCE
res = pw max(x, y)

PARAMETERS

x: �rst vector/matrix for computation

y: secondvector/matrix for computation, samesizeas x

res: elementwise maximum samesizeas x,y

DESCRIPTION
pw max dummy function neededfor CT-transformation performing elementwise maximum.

pw min - elementwise minimum.

CALLING SEQUENCE
res = pw min(x, y)

PARAMETERS

x: �rst vector/matrix for computation

y: secondvector/matrix for computation, samesizeas x

res: elementwise minimum samesizeas x,y

DESCRIPTION
pw min dummy function neededfor CT-transformation performing elementwise minimum.

randnormal - generationof arbitrary dimensionalnormally distributed random data

CALLING SEQUENCE
res = randnormal(m, K [,n])

PARAMETERS

m: mean vector of length L.

K: covariance matrix(an L x L squarematrix).

n: number of the learning data points to be generated,default value is 1000.

res: learning data points with length of the mean vector as its dimension.
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DESCRIPTION
randnormal generatesarbitrary dimensional normally distributed random data. The result can
be usedas the Xlearn data in the functions nneigh class,polynom classetc.

regress matrix - calculatespolynomial regressionmatrix for vectorial function y=f(x).

CALLING SEQUENCE
res = regressmatrix(p, Xlearn, Y)

PARAMETERS

p: desiredpolynomial degreeof regression

Xlearn: matrix with columnwise observation vectors x i

Y: matrix with columnwise target vectors y i

res: regressionmatrix de�ning regressionfunction.

DESCRIPTION
regressmatrix calculatesthe polynomial regression-matrixgiven somelearning data. This matrix
can then be usedfor evaluation of the regressionfunction in new points by polynom regress

repmat - constructsa large matrix of n*m blocks each consistingof "mat"

CALLING SEQUENCE
res = repmat(mat, n, m)

PARAMETERS

mat: a matrix of dimension x*y where x & y are � 1

n: desirednumber of copiesof mat in y- direction

m: desirednumber of copiesof mat in x- direction

res: block-matrix consisting of n*m copiesof "mat".

DESCRIPTION
repmat: repeating of matrix "mat" (to n rows and m columns) i.e constructing a large matrix of
n*m blocks each consisting of "mat".

setmatrix - storesthe data (an integer matrix) in an object �gure.

CALLING SEQUENCE
setmatrix(f, s, mat)

PARAMETERS

f: object �gure number

s: string argument specifying the name with which the data (as a matrix) is to be stored in the
"ob ject �gure"

mat: data to be stored in the "ob ject �gure" (an integer matrix)

DESCRIPTION
setmatrix sets the data (an integer matrix) in an "ob ject �gure". This function works even for
huge data in contrast to the "set" function.
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simtrans - performssimple similarity-transformation of a polygon.

CALLING SEQUENCE
res = simtrans(p, r, a, tv)

PARAMETERS

p: is a 2*n matrix with indices of polygon to be translated.

r: scale-factor(r � 0).

a: angle of rotation.

tv: translation vector(of length 2).

res: a 2*n matrix with points of the transformed polygon.

DESCRIPTION
simtrans is a routine performing a similarit y-transformation of a polygon i.e. rotation, scalingand
translation simultaneously.

visclass - visualization of classi�cation regionsin multi dimensions

CALLING SEQUENCE
visclass(["origin", ori], ["pro jections", proj1, proj2], ["size", Size], ["resolution", resol], ["gui"],
["class color", cl no, RGB Vect], ["2d", ["plot points", points, labels], ["shades", num shades]],
"classi�er", classif, classdata)

PARAMETERS

"origin": this string shouldbe followedby a vector(ori) representing the origin of the plot, default
value is [-3,-3].

"pro jections": this string shouldbe followedby two distinct positive integers> 0 & � length(ori),
default valuesare 1 & 2.

"size": this string should be followed by a vector of length 2 for setting the sizeof the range of
x and y coordinates for plotting, default value is [6,6].

"resolution": this string should be followed by a vector of length 2 for setting resolution of the
range of x and y coordinates for plotting, the default value is [31,31].

"gui": this should be given if the user wants to modify someof the parametersof this function
interactively, (a GUI will be popped up for this).

"class color": this string should be followed by the classnumber (an integer) & a vector [R G
B] of length 3 for setting classcolor R,G,B. Each should be between0 & 1.

"2d": since the default plotting type is "3d", the user should use this parameter if he wants to
seethe visualization in 2d-graphics.

"plot points": plots somepoints with di�eren t shadesin the plotting region, this string should
be followed by a (2 x n) matrix of the points to be plotted and a vector of their classlabels,
this is an optional argument, it should be given only when "2d" option is selected.

"shades": this string should be followed by a positive integer < 100, which sets the number of
shadesof 2d plotting. should be given only when "2d" option is selected,the default value
is 16.

"classi�er": shouldbe at the endof all the arguments. this string shouldbe followedby any of the
classi�ers like: dumb class2d, bayesclass,nneigh class,polynom class& the corresponding
classi�er speci�c data.
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"class data": classi�er speci�c parameters ordered as in the individual argument syntax. For
example p, m, k for bayesclass,learn data & labels for nneigh class.

DESCRIPTION
visclassvisualizesclassi�cation of a given classi�er in multi dimensions. If called with the "gui"
option, interactive setting of various display-parameters is possible.

visclass 2d - visualization of classi�cation regionsin 2 dimensions

CALLING SEQUENCE
visclass2d(classi�er,varargin)

PARAMETERS

classi�er: Name of the classi�er like bayesclass,nneigh class,polynom classetc. default value
is: dumb class2d

varargin: Classi�cation data of the classi�er, for example p, m, k for bayesclass, learn data &
labels for nneigh classetc.

DESCRIPTION
visclass2d visualizesthe regionsof classi�cation of various classi�ers with 2-dimensionaldata.

w DI - performsw DI-transformation of a matrix

CALLING SEQUENCE
res = w DI(x)

PARAMETERS

x: matrix to be transformed

res: transformed matrix

DESCRIPTION
w DI transforms a given matrix x such that the diagonal elements will comeinto the �rst column
of the resulting matrix, i.e. it translates the i-th row cyclically such that the element in the i-th col-
umn comesinto the �rst. This function is necessaryfor the translation-in variant transformations
of the classCT DI.
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