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= Walter G. Kropatsch, Nicole M. Artner

n Sie Thre Matrikolnummet, Ihren Namen und Ihre Stodicnkenmzabi in die dafir vorgs:
1 ein: '

s e el

lc wrarbeitung LV 183.126 |

e
(Y

4 italen

e ——

Prufung besteht aus drel Teilen auf die Sie insgesamt 30 Punkte erreichen kénnen. Fir
8 gute Begriindungen kénnen Zusatzpunkte erreicht werden. Die Dauner der Pritfung betragt

Hn en. Schriftliche Unterlagen (Skriptum, Buch, etc.) sind zugelassen Es gilt der folgende

T2

__ﬁ._}._;_i._; regebenen ﬁngabebﬁdem
m Buwhun ?:wt.a/,x:n Aul rlt*n Inlg,vn:lvn 2 St*ltm hnden Sie 24 Bﬂdﬁ die ah Emgabe als auch als

- Ergebnis einer Bildoperation auftreten konnen. Beachten Sie. dass micht -U.L.E Bilder verwendet
" werden, ¢ kann Bilder geben, die nicht als Eingabe- oder Ergebnishilder anfscheins

Allgemeines

Die angegebenen Bilder haben eine Grofie von 350x350 Pixeln. Grauwertbilder hahen einen Wer-
tebercich von 0 bis 255 (falls nicht anders angegeben). Logische Operationen werden im B
der Pritfung nur aul Bindrbilder (Schwarz-Weiss- Bilder) angewendet. true wird tim den Wert 1
{=weiss) reprasentiert, false durch den Wert O (=schwarz).

Matlab Referenz

Notationen
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Begriindung:
B

. B B W
=% & & 8 8 e e RN NN

N e N W W W Ny
y
th‘tntﬁhh!ttt-uiu-ﬁbht
B IR B

conv2(N, fspecial(’gaussian’,[10 10].4):

Begrundunp: ... ..

D = conv2( l___l ;[‘2 =101 B 18 1 2])’ ---------------
Beprimdung: ... .

[] = come2tll.l0-12: 10-1:210); @ B
Begriipdung: - cacn (L Galisiisia,

] = edge ( B ,Jcanny’ , [0.2 0.5].1);
Begrinding: ... cvicooocrivicsiiiaastanaseiannnans

[] = im2bw( [] ,35/255);
BegriindUung: ......:cer--oeeosanssenssinnensnits SR R S

[ ] = imopen( [] ,strel(’disk’,3));

Begriindung:

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

] = imdilate( [] ,strel(*disk’,100);

Begrindung:

Begriindung:

] = loglp(abs(

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
®

= "Hough—Transform“( By

tttttttt
iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
########

fftshift(fftE(U) )) )3

+++++++++++
tttttt
iiiiiiiiiiiiiiiiii
w - L]
------

-------------------------------
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Codes ¢, d, |d - ¢l = 1.
Richtung d: e"ded . ..

. Wihlen Sie ¢,d, n in Abhéngigkeit der Ziffern Ihrer Matrikelnummer M wie folgt:

. T i P -_1=m:n= 21 -2} = s
dor Goraden ket daher: - ARAS v e,

LB B

. Als Startpixel wird der Bildmittelpunkt (6,6) gewihlt. Markieren Sie alle Pixel der Gerade

c"de"d . .. durch o, wobei zyklischer Abschluss angenommen wird. Das heisst die Gerade
wird am jeweils gegenuiberliegenden Bildrand fortgesetzt bis jener Quadrant des Bildes erreicht
ist, in den die Gerade startete. Das Binérbild B = {o} inkludiert alle Pixel der Gerade und

auch die vorgegebenen 2 Storpixel.

S : :
Mit welchem morphologischen Operator und welchem Strukturelement (SE) werden die 1.Pixel

der Laufe ¢" erkannt? B, = {e} = E:I (B,SE). Markiere die erkannten

Stufenpixel mit e.
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2 HOUGH-TRANSFORMATION (5) 7

2 Hough-Transformation (8)

. f\_rv_el Parameter bestimmen den Hough-Akkumulator: a = 10 — min{M;[i = 3,...,7} = g
--3+argmax{Mi|i =2,.:,0} = £

2. Im Hough-Akkumulator werden die drei Winkel ¢ € {0°90° 135°} und pro Winkel drei
Abstande r = ry, 79, 73 und die 4 Intervalle dazwischen gezéhlt:

r<nr 8 reC Pl P ki Sr <73 T3 rz T}

f = 0" n T1=1 My = aQ T3=G+3 '

1) - e R L]
90°r) n r =1 ¥ = v ial :

H(90% r) = a 3 a+1 _ ¢ n

3. Die Hesse'schen Normalform Ir — I lasst sich fiir die drei Winkel® in ganzzahli-

gen Koordinaten ausdriicken, wenn die Terme mit = und y auf die linke Seite gebracht werden:
0| f(z,y) g(r:(6)) g(ra(6))
0" |

90° o B
135? l .

1. Jedes Element H(@,r) entspricht der Anzahl von Pixel auf der durch 8 und r bestimmiten
Geraden, kann also als 'Projektion’ entlang der Gerade gedeutet werden. [hre Aufgabe ist
die Umkehr dieser Projektion (auch diskrete Tomographie genannt), wobei als Ergebnis das
Binarbild gesucht ist, dessen Houghtransformation oben spezifiziert ist. Tipp: Ist H(#,7) =0
o sind alle Pixel dieser Gerade 0. Gibt es genau n Elemente einer Geraden, die nicht Null sind

und H (0, r) = n, dann sind alle fehlenden Pixel dieser Gerade 1.

I

y=12 '. LLsRImEeIS il
=1 -l il J
y = 10 ----- s
ST mEr . GimEE .
y=8 ---.--- .
=7 T I

y =0 ----- = —
y = i

= o s ot s
+3}‘—'-“2 = == +- -

y=14 § 44 A A

y =0 e i o
*f.:\|011|2|3m5|6T7 8[9[10]11[12 13 ]

lgin 135° = 1/v2



3 3 x 3 MINIMUMPYRAMIDE (5 P)

|
3

1.

| Grundlagen der Digitalen Bildverarbeitung LV 183.126 | atu: 10.1.2012 }[
Ml e | Studium _____

3 X 3 Minimumpyramide (5 P)

Die Haufigkeit der Grauwerte 0 bis 7 der Grundebene Ming wird durch Ziffern Ihrer Matrikel-
nummer bestimmt: Ho(0) = My, Hy(g) = My, g9 = 2,3,...7. Der Rest der 7 X 7-Grundebene

1st mit dem Grauwert 1 aufgefiillt.

g = b 20 3 485 6T
Hy(g) =
Ko(g) = 49
H(g) =

L] - - g
. Bestimme das kumulative Histogramm Ky(g) = > Hy(2).
i=0

Das Histogramm der Ebene 1 der 3 x 3/4 Minianpyramide wird durch H;(g) =~ [Ho(g)/5] er-
mittelt, wobei ’Ziel gerichtet’ gerundet wird: Minima miissen erhalten bleiben und die Gesamt-

pixelanzahl der Ebene 1 muss genau 9 sein!

Als Reduktionsfunktion soll das Minimum des 3 x 3 Reduktionsfensters dienen.

Verteile die Grauwerte der Histogramme Hy, H; so auf die Ebenen der Minimumpyramide, dass

e das Minimum jedes 3 x 3 Reduktionsfensters genau dem Elternpixel entspricht;

e die Summe der Werte des 2 x 2 Roberts Kantendetektors minimal wird. In der Grundebene
sind das 36 Werte und in Min; 4 Werte, deren Summe durch Verteilen der Grauwerte von

Ho(g) und H;(g) so klein wie moglich werden sollen.
M ?:?’Lg

e E—————

BeE«
.. Mins
Ol e | | T
&




4 DUALER . ' ;
ER GRAPH UND KANTENKONTRAKTION (5) S

4 Dualer Graph und Kantenkontraktion (5)
Gegeben ist der Graph G(V, S) mit 10 Knoten V und 15 Kanten S:

1. Bestimmen Sie die (obige) Adjazenzmatrix des dualen Graphen H(R,S’), mit Regionen R =
{A,B,C,D,E,F}, und dualen Kanten |S’| = |S| — 3 ohne die Aussenflache.

9 Kontrahieren Sie die Kante (a,b) € S, wobel a = max M + 1 (M ist die Menge der Zif-
en von @ in G mit kleinstem Index ist:

tern Ihrer Matrikelnummer) und b der Nachbarknot
(@,b) = ..conivinss " Der Knoten a bleibt erhalten. Zeichne den Graphen G' = G/(a,b) in den
Teilgraphen G’ am Ende ein.

2 Zeichne auch die Regionen A des dualen Graphen H' ein.

4. Bestimme die Adjazenzmatrix des dualen Graphen H'(R,S") wieder ohne die Aussenflache.

G'(v \ {a}, "

HIAIBICIDIELF

o B 1

B | '

o R | I

D
Bl 3 555
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points along a contour was compu
_mlatim between the contour and its skeletons
'. ach presented in [2]. Moreover.

i = "Mienm descriptor to include point Jocation and salience value
' ,a"spwial distance metric. | G
L ivide e with A tool for decomposing &R TNASE s
tivity relations Pi o constraints, as well as a connectedness constraint.
al and SIO‘?B“ mngﬁ c(;, achieved by setting each connected component
plification ,m "m ?.f.l;q 't--;(;lmig‘ii;g to this connected component. The
s wﬂuﬁsiﬁ:‘:;h:;l:::m; flw values of the parameter associated with

proposed connect
pieces using loc ‘
reserving image sih
an value of the inp
plification can be tune

B b
o the me
degree of sim
each constraint.
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% 3‘;?0: I: zlf;li?iails with efifective' sepa.ra_ation of ... images suffering from various types of degra-
proposed algoriﬁaﬁnmg noise, aging effects, uneven background, or foreground, etc. The
Theanics: shows an excellent adaptability to tackle with these problems of uneven

on and local changes or nonuniformity in background and foreground colors. The ap-

roach 1 ' ; -+ . .
p . .h 1S primarily designed for (not restricted to) processing of color documents but it works
well in the gray scale domain too.

E 2:;::;;2? t:i etsh? :mstmg methods -for computing the orientation are area based i.e. the
e A into a,cgount all points that belong to the shape not only the boundary
e ® O § those area based methods, the most standard one says that shape orientation is

ermined by its axis of the least second moment of inertia [13]. The axis of the least second
moment of a‘sha,pe 1s defined as a line that minimises the integral of the squared distances of
the shap? points to the line. When working with shapes represented by a set of discrete points
(set of pixels, for example) then the integral should be replaced with the sum. Obviously, the
method is motivated very naturally. Also, because it is area based, the standard method is very
robust with respect to noise and boundary defects. Moreover, it is simple to compute in both

real and discrete versionseven the closed formulas for the computation of the orientation could
be derived in both versions.

F' To achieve these objectives, a novel minimization criterion is proposed. It consists of the min-
imization of the error between the descending slope of the histogram and its piecewise linear
regression. It belongs to the histogram-based algorithms, but, unlike the main available meth-
ods, its computation relies on a wide portion of the histogram rather than a single bin or a few
local bins. The technique is presented for gradient images, but can be generalized to other types
of images. It does not rely on a specific graylevel unimodal distribution, but on the hypothesis

of a less populated class belonging to the tail of the histogram.

G  The method exploits the information conveyed by the evolution of the tI:a.ining s?.n?pl.e:s
weights similarly to the Adaboost algorithm. Features are selecFed on t¥1e basis of their indi-
vidual merit using a simple error function. The weights d}fna.nucs and its effect on t,h? error
function are utilised to identify and remove redundant and irrelevant features. In experiments

we show that the performance of commonly employed learning algf:lrithm_s using features se-
lected by the proposed ethod is the same or better than that obtained with features selected
e _

by the traditional state-of-theart techniques
space and Y = —1,+1 the set of labels. Consider

les S = x;,¥i, where y; € Y denotes the label of saml)le‘ x; €
ates the elements of the set. The components of a particular

gre denoted as Ti; where j = 1,...,n, and we refer_ to tbem as feat;resf.
ple. FRSSOF; ibute diverse discriminatory power for the classification task. Some
Daffictenty, Sgtnee g hu fore do not provide new information, or irrelevant, hence offgr no
oy redund&ﬁt-.-T&;lj cjcceifrence of these features can degrade the performance of a classifier.
:nformation at ail.

e i * b

S ty of applications there 1s probabl

: shapes as well as the diversli ' oably

[ In fact, due tO the variety Cifting ihape orientation that could be efficiently and SUCBE;.be}E&t

no single method for Cﬁlélp that reason, several methods have been developed [410]._ . 1 Hex:t- {

applicable 26 e d * luding those based on geometric moments, complex Moments, anc
heen used, 11C

TR | stronely depends

t echniques have s, for example. The suitability of those methoc}s erm}%} 1( L}]D”H

B hich they are applied, as they each have their relative strengtix
* w‘r '1 !

H. Lt X15RS be an n dimensional observation

5 labelled training set of samp
X and i = 1,2,...,™M enumer
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J

K

M

W, - :

te;zx};?; } j::;h. P erenma} OpFinﬁsm, that in the years ahead vastly enlarged classification con-

EXD&I;Sion o thcmus prplfcatlon :af close-coupled human intervention, will lead to significant

g, € application of visual pattern recognition systems. These techniques are syn-

i fr o O(ljlﬁprfoves the bengﬁt from the other. My talk will highlight relevant examples
, lorms processing, botany, physiognomy, and dermatology.

How can we take advantage of the differences between human and machine cognitive abilities”
Humans apply to recognition a rich set of contextual constraints and superior noise filtering
gb.lllFies 1o excel in gestalt tasks, like object-background separation. Humans are also good at
_]udgmg whether two images represent the same class. But computers can store thousands of
images and associations between them, never forget a name or a label, and compute geometric
moments and conditional probabilities. These differences suggest that a system that combines
human and machine abilities can, in some situations, outperform both.

For a signal not necessarily in multiresolution spaces, the ... may not be true. Aliasing error
in the ... for a general signal was estimated, which can be computed from a given signal and

a given scaling function. An application of the ... or cardinal scaling function was discussed
in the last part of this paper, which is the computation of WST coefficients of signals. From

the numerical results, the error of the computation of the WST coefficients of a signal by using
the Mallat algorithm with the cardinal scaling function C; we found is much smaller than the

ones with the Haar scaling function, Daubechies D4 and Ds.

This paper presents two shape descriptors, multiscale fractal dimension and contour saliences,
using a graph-based approach: the image foresting transform. It introduces a robust approach
to locate contour saliences from the relation between contour and skeleton. The contour salience
descriptor consists of a vector, with salience location and value along the contour, and a matching
algorithm. We compare both descriptors with fractal dimension, Fourier descriptors, moment
invariants, Curvature Scale Space and Beam Angle Statistics regarding to their invariance to
object characteristics that belong to a same class (compact-ability) and to their ability to

separate objects of distinct classes (separability).

A recent category of shape-matching techniques, which does not need an approximate initial
position, finds the optimal grid location for all vertices of a polygonal model by dynamic pro-
eramming [14,15|. However, the method is quadratic in the number of potential locations, so
the object needs to cover a large part of the image, otherwise localisation becomes prohibitively
expensive (quantising the location to 1times in the order of one hour to detect a single object
in an image). A powerful shape-matching method has been presented in Ref. [16], which uses
integer quadratic programming to match sets of points sampled from object edges. In prac-
tice, either a good initial position or relatively clean images are required, similar to deformabie
template matching methods, because computational demands limit the amount of outliers the

method can deal with.
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O To desi :

o cﬁg:tifi E:ﬁf;i‘: &d‘cf’:nl{n;&nt image binarization that works in both gray and color domain
old printed books handw: t{ i degr&daifion in fiocuments including historical ones (pages from
that initially 118331 a conne lt ezn mﬂnuscnpts, m{croﬁlm images, etc.), we propose a new method
similar color pixels. This }(; : COmPOflent labeling approach to capture the spatially connected
dominant b&ckgroﬁnd come bs to rapidly locat? sones containing information of interest. Next,
pixels) and then the entire ponents are fleterpllned looking at their size (in terms of member
disioint s e b image is divided into number of rectangular blocks (essentially not

ifferent sizes) one around each dominant background components. These

blocks represent local uniformi
| uniformity of illumination, b i
, ackground, etc. -
parts are treated against these local uniformit; B: £ ) and respective foreground

P Formall : "
disicin 320?1 iﬁiﬁﬂ;ig;; of thlela definition domain of an image can be defined as its partition into
boiie Dt Resrtit bust (t?:l- ed Segments? such that there exists a logical predicate returning
relations are equivalence r elat'se on any union of adjacent segments [1], [2], [3]. Connectivity
segmentation (the underlyi lf' e that na!:urally lead to partitions satisfying all conditions of a
otherwise). For exampl yéllllg OgiC al p redlcaj;e‘ returning true if the segment is connected, false
il iP e, the trivial connectivity relaiiion induced by the equality of gray-level
R
mathematical morphology [Jf;]: 7], [8]{? B e e osoiny (] and g cones in

£ L Detef:tion by shape has been investigated in earlier work. The basic idea common to all
@ethods is to define a distance measure between shapes, and then try to find minima of this
distance. A classical method is chamfer matching [69], in which the distance is defined as the
average distance from points on the template shape to the nearest point on the image shape
However, it has been repeatedly noted that chamfer matching does not cope well with clutte:[:
and shape deformations, e.g. Ref. [10]. Even if a hierarchy of many templates is used to cover
deformations, the rate of false positives is rather high (typically > 1 false positive per image,

FPPI).

R Our method assumes that: (i) a dominant pixel population produces the main peak of the
histogram, that is the noise on the homogeneous regions in a gradient magnitude image; (ii)
a secondary population contributes mainly to the tail of the histogram, i.e. the edges. The
. T, desired to select a maximum of edges while ensuring a minimum of false detection, 1s
presumed to be located somewhere after the position of the maximum of the histogram and
before the elongated part of the tail. The descending slope can be decomposed into two parts:
a steeply descending slope immediately after the peak and a slightly descending slope in the flat
tail (Fig. 3A). We propose to determine the two lines that best describe these two descending

slopes. The point of abscissa that minimizes the error between the descending slope and the two

. the threshold. This method is referred to as the T-point

called the T-point, 18 chosen as

lines, | .
g to the point where the line representation switches from the steep to

algorithm, correspondin
the slight slope line.

er, we present an on-line
of stroke-order, -number,
reflection of symbols.
lassification techniques

(1\.1&-1 D), and Nearest Neighbor (NN ).

recognition method for hand-sketched symbols. The method
and -direction, as well as invariant to scaling, trans-

descriptors are used to represent symbols
are compared: Support Vector Machines (SVM),

g In this pap
i independent
lation, rotation and

and three different C

Minimum Mean Distance
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