_ : | __,; ; ._ g : : _ ‘ ki::i Tagen auf die Sia insg@mnt 50 P‘unkta erm:chm kénnen Fiir
15 gute bog i1 nen Zusatzpunkte erreicht werden, Die ﬁauer der Priifung betragt
lassen. Es gﬂt der falgemde

ta
P

ﬁ“—"ﬁﬂﬂmﬂ (Skriptum, Buch, etc.) s 7vge

retatlon von Bildoperatxonen (14)

1 ‘-f"'fi'.-'erp
m mﬂen Sie Ergebﬂisbildﬁr iiber vorgegebene Operationen mit den gegebencn Eingabebildern
ten finden Sie 24 Bilder die als Eingabe als auch als

setzen. Auf den folgenden 2 Sci
ten konnen. Beachten Sie, dass nicht ALLE Bilder verwendet
der Ergebnisbilder aufschcmcn.

?1FEH

eisw' Bildop oration auftre
kaa:m Bildcf gebem die nicht als Eingabe- 0

jxeln, Grauwertbilder haben einen Wer-

eine Grofe vou 450%350 F
speben ). Logische Qperatmnﬁn werden i Rahmen

e '”fe"beﬁan Bilder habﬂn
wendet, true wird durch den Wert 1

G bis 265 (falls nicht anders ANg
o der | riifus auf Bindrbilder ( Qehwirz- Weins- Bilder) angew
| iwt, false dli!"fh den W{*it 0 ( <BChwarz).

Natatmﬁen A : e

i A=[a b ¢ dl : Spaltenvertor = i ,

2 M ﬁtfw A b d ' : 2
Zeilenvektor € (1 ¥ J e~L1 |
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Teil 1I: Mathemat imhea Nachvallzwhﬁﬂ (20)

m .. . i , . %,. ¥ e ry R
Iy dicsem Toil MEﬂﬁ Sie cinfache Bildverarbeitt ingeoperstionen Aot nach

M, My, ... My tiiﬁ 7 &ifl‘mn Ihrer anlminumnwr M.

I Diskrete Geraden und Morphologie (5)

C‘iﬂm C
L Diskrete Geraden entstehen durch Abtastung und werden mit Frecman e deenden
and aufcinances *

heschrieben. Dimr FCC bestcht aus maximal zwel verschiedenen . Gegfe in
Codes ¢,d,|d —¢| = 1, Nur der Code ¢ kann wiederholt aufttm danach folgh €8¢ =

Richitung d f:"dc"d

2. Wiihlen Sie ¢, d,n in Abhamglgkmi der Ziffern Threr Matrikelnummer M wie Joi _
¢ = Mgl {Mgh =1,2,...7} = (] ,d=c~1= n=max{2,c—-2}= L -
3. Den Smrtgixﬁl tragen Sm am Rand des Bildes so ein (o), d
ster quert. Das Bma.rbild B = {o} inkludiert alle Pixel der {}maﬁss

3 mrpimi

4. Mit Wﬂic:iwm marphalagmchcn Operator und we]chem Strukturelement (SE) m&m
der Gerade (jeweils 1.Pixel der Léufe ") erkannt? Bi={e}=}
MM’km di{% erkant ten Stufcnplxel mit ®.

y = 12 HH-.-....-- 5]

| 3
y=11 Iﬂlﬂllllll---
=10 ﬂll -lIlll---




HEANSFORMATION (3) 7

Hough-Transformation (5)

] 2 5 % i
Wl ) TRE P

Aot oe 4 ; _ _ <5 .
s g ftrl. bestimmen den Hough-Akkumulator: a = 10 = min{ M\t = 1, .
o R N j ”- l”ﬁ{hﬁ-l'] { A’!i Ii ],-. PR 7} - E] - 5 [:]

f-‘! e { ‘
a2 sOonst
2. Im Hough-Akkumulator werden die drei Winkel 8 € {0°,90°, 135"} und pro Winkel dre

Abstiinde » = 7, 7y, 74 und die 4 Intervalle dazwischen gezahlt:

' . - " gy
ren ry Irp<r<ra] vs (ras<rt=Tsl 2. 32
Py == ] | 19 =Q rg = a+ 3 : -
T

T .
H(0,r * LR b 3 | b+1 3 o8

Y RS N T AT g i R ry=b+3
H(ir)r: 0 p1 B 3 a+1 3 a 8.

i J 80" T]“-—‘:ﬁ T2= 7"3*"::".5’;'[
Hor) =] o0 | 4 3 5 3 B S

.5 : o . R ; e :
lasst sich fur die drei Winkel' in ganzzahli

3. Die Hesse'schen N()rmalformlr i e il _]

gen Koordinaten ansdriicken, wenn die Terme mit z und y auf die linke Seite ebracht werden:
W Pl o= glill)) T g(ra2(6)) glra(0))

B T ~ * -

o - ~. T

130" tyv - e =

4. Jedes Element H(6,r) entspricht der Anzahl von Pixel auf der durch 6 und r bestimmien

Geraden, kann also als 'Projektion’ entlang der Gerade gedeutet werden. IThre Aufgabe 1st

die Umkehr dieser Projektion (auch diskrete Tomographie genannt), wobel als Ergebnis das
Binarbild gesucht ist, dessen Houghtransformation oben spezifiziert ist. Tipp: Ist H(8,r) =0
so sind alle Pixel dieser Gerade 0. Gibt es genau n Elemente einer Geraden, die nicht Null sind
und H(6,r) = n, dann sind alle fehlenden Pixel dieser Gerade 1.

y =12 l-----= --I.- ‘
yw3l8 14 ] e
gy Ll 1 e E
TERE B sEaa A sl
y =8 l--=l----.- s
y=70 | | BRI gay o d
y=6 '--.---------
y=D5 l-------------
y =4 f-----i el =--
g=0f 1 b B s
y=2 o e e e e 00 O R RO
y =1 l-.-----.-.--
ey o e O A O
re Ol 112130401617 849 Wit 12113

lsin 135° = 1/4/2



d3 MEDIANPYRAMIDE (5 P)

e et B s et ,,,‘ - ey 1 - = : .
| Gr “"djigﬂu der Digitalen Bildverarbeitung LV . |
f Mat.Nr, .

o by ) il § -
] - e e e e = - —— = o —

3 Medianpyramide (5 P) Matrikel-
Medy wird durch Ziffern 11'11‘{{ it de

l. Die Haufigkeit der Grauwerte 0 bis 6 der Grundebene
Rest der 7 % T~

nummer bestimmt: Ho(g—1) = M,,g = 1,2,...7. Der
Grauwert 7 aufgefiillt.

o o3 8 o4 6 8]
Ho(g) = AP R S TR e
Ko(g) = sk ok Ww—ﬁ-
Hi(g) = ‘ i

CC(g+0.5) = £

2. Zur Bestimmung des Median dient das kumulative Histogramm Ko(g) = }q_:u Ho(1).
L=

3. Das zentrale Element von Medy, Med;, Medy wird mit dem Median aller 49 Pixel der Grund-
ebene Med, gefiillt.

4, Das Histogramm der Ebene 1 der 3 x 3/4 Medianpyramide wird durch H 1(g) = [Ho(g)/5)
ormittelt. Beachte, dass 'ausgewogen’ gerundet wird und die Gesamtpixelanzahl der Ebene 1

genau 9 sein und der Median vorkommen muss!

5, Als Reduktionsfunktion soll der Median des 3 x 3 Reduktionsfensters dienen.

6. Verteile die Grauwerte der Histogramme Hy, H, so auf dic Ebenen der Medianpyramide, dass

e der Median jedes 3 x 3 Reduktionsfensters genau dem Elternpixel entspricht;
e Grauwerte g in der Grundebene moglichst in Zeile g oder Spalte g eingetragen werden.

/\

' Bestimme die Anzahl der 4-Zusammenhangskomponenten CC(t) des Binarbildes { Medo(x,y)
t} fiir die Schwellwerte ¢ = 0.5,1.5,...6.5 (in obiger Tabelle 1. in Zeile CC(g + 0.5) eintragen).
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- dinimale Pfade mit Wiirfeln (5)
E;_n "zv ' Sl & & _ |
trfel wird im linken unteren Eck ecines 3 x 10 Bildrasters gelegt, Dio oben sufscheinende

Augenzahl wird in d

om darunterliegende Pixel eingetragen. Dureh Kippen des Wikrfels iber cine
seiner 4 Km;tun kom BOLT A ISR

mt der Wiirfel auf dem jeweilig benachbarten Pixel zu Hegen. Auch hier wird

tiw g ;J’Im_n liegende Augenzahl im Pixel singetragen. Durch wicderholtes Kippen wird ein P fand
von 4-benachbarten Pixeln mit den Augenzahlen des Witrfels (1.2, ..., 6) gefilit,

A e R P R ST T g

Die Stmktuf‘ des Wiirfels ist durch seinen Aspectgraphen fost-
g‘ﬁl—cgtf wobel nur die jeweils oben liegende Augenzahl sichtbar ist
und em einmaliges Kippen durch cine Kante ausgedriickt wird.
Eine Folge von Kippbewegungen (z.B. 3,2,4,5,6,3) wird durch cine
RULI-chain beschricben. Das Beispiel startet mit 3 ostwirts:
I*RL korrespondiert Ega
gen (L ..links, R...rechts, I...in dieselbe Richtung) erfolgen auch
auf dem Pixelraster.

1. Platziere cinen Wiirfel mit der Augenzahl argmax{M;li = 1,2,3,..6} = O (.b‘f’i M"’hrdc:‘ltﬁk?mm
die vordere Ziffer) im linken unteren Eck des 3 x 10 Feldes und trage ::he. Augenzahl im
markierten Feld ein. Von hier starten Pfade in zwei Richtungen N und O. Die durch W ockenn-
zeichneten Pixel stellen jeweils ein Hindernis dar und werden ausgelassen.

Entsprechende Bewegun-

2. Sie haben die Aufgabe, jede der 29 restlichen Positionen durch schrittwc'}scs Kiippc}l des Wiirfels
. und Eintragen der oben liegenden Augenzahl zu fullen. Alle Pfade beginnen im ht}ken unteren
Feld und fithren jeweils zu Pixeln, die weiter rechts (O) oder weiter oben (N) hf.:gcn. ‘:ledcr‘
Pixel oberhalb und rechts des Startpixels hat daher in seinen Pfaden ein oder zwel Vorganger:

3. Im Falle von zwei Vorgangern wird nur jener Pfad cingetragen und fortgesetzt, der im Pixel die
kleinere Augenzahl speichert. Die Losung wird erleichtert, wenn die Kante des unterbrochenen

Pfades markiert wird.

4 -Auf welchem Pf wird der Wiirfel vom Startpunkt zum rechten oberen Pixel bewegt?

Folge der Augenzahlen: .............. e e e s el e e S e e
korrespondierende RLI-chain: ........... S e e sl T Cn e

" & @
llllll
iiiiiiiiiiiiiiiiiiiiiiiiiiiiiii
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Teil III: Selektion von Literatur (16)

In Abschnitt 6 finden Sie

: 10 Titel wissenschaftlicher Publikationen. In Abschnitt 5 finden Sie 20 Li-
teraturausschnitte

it (A-T) von denen Sic 12 diesen Titeln zuordnen miissen. Einem Titel ki:iannc'n
| Ifll mehrere Ausschnitte zugeordnet sein. Leider sind die Reihenfolge und die Zuordnungen, sOwie
emige Worte ( markiert durch ... ) der entsprechenden Beitriage verloren gegangen.
Je nach Wert der VORLETZTEN Ziffer Mpg Threr Matrikelnummer streichen Sie 8 Literatur-
ausschnitte in folgender Tabelle weg:

M Zu streichende Literaturausschnitte
0,1,2,3 A-H
4,5,6 trat TR el
7.8,9 LM '

Stellen Sie fiir die tibrigen 12 Ausschnitte dic inhaltlichen Zuordnungen wieder hc-:-,r, indem Sie s_if:
zu dem dazugehérenden Titel eintragen. Fiir eine korrekte Korrespondenz erhalten Sie 2 Punkte, fur
falsche und fiir fehlende Ausschnitte wird je 1 Punkt abgezogen. Maximal werden 16 Punkte gewertet.

5 Abstracts und Literaturausschnitte

A In practice, dilations and erosions are usually employed in pairs, cither dilation of an image
followed by the erosion of the dilated result, or image erosion followed by dilation. In either case,
the result of iteratively applied dilations and erosions is an elimination of specific image detail
smaller than the structuring element without the global geometric distortion of unsuppressed

features. For example, opening an image with a disk structuring element smooths the contour,
breaks narrow isthmuses, and eliminates small islands and sharp peaks or capes. Closing an

image with a disk structuring element smooths the contours, fuses narrow breaks and long thin
gulfs, eliminates small holes, and fills gaps on the contours.

B ... detectors of some kind, particularly step ..., have been an essential part of many computer
vision systems. The ... process serves to simplify the analysis of images by drastically reducing
the amount of data to be processed, while at the same time preserving useful structural informa-
tion about object boundaries. There is certainly a great deal of diversity in the applications of

... detection, but it is felt that many applications share a common set of requirements. These

requirements yield an abstract edge detection problem, the solution of which can be applied in
any of the original problem domains.



5 ABSTRACTS UND LITERATURAUSSCHNITTE

C One of the advantages of the ... is that they provide & »gpatial "i"’"‘_r
to represent a ... consists of associating a vertice at eac
of adjacent rogions. By definition, this region vaid"ﬁ " qty View, this -
image, such as this illustrated in Fig. 4(b). Beyond this ﬂiixlplﬁ"'ﬁ"'—f“’_"mt“ F“;, | . CAX
also a high-level connectivity view of the image. Thus, considering the 1 1- ds us to note that
that regions 1 and 2 are adjacent, likewisc regions 2 and 3 are adjacent, that c? :hhﬂmnﬁ;tivit{'ﬁf’
regions 1 and 3 present a second-order connectivity relationships. In fact ?hﬂ - {;remm.r it can
view contains inherently all high-level connectivity relationships of the 11:1'13,%{‘ me

be considered as the dual of the regions partitioning of the image (see Fig. 5)-

D In two dimensions it was shown that marking ... points at maxi ;
the gradient direction is equivalent to finding zoro-crossings of a certain ﬁ?nlm?m alr orators
operator. It was shown that when ... contours are locally straight, highly direction s

G sod he
will give better results than operators with a circular support. A method was propos for __ﬂ
efficient generation of highly directional masks at several orientations,

and their integration into
a single description. Among the possible extensions of the wo

rk, the most interesting unsolved
problem is the integration of different ... detector outputs into a single description. A scheme

which combined the ... and ridge detector outputs using feature synthesis was implemented,

but the results were inconclusive.

E Previous studies have found that pixels belonging to skin region exhi
values. Furthermore, it has been shown that skin color model based on Cb and Cr values can

provide good coverage of all human races. This is based on the conjecture that the different

skin color that viewers perceived from the image cannot be differentiated from the chrominance
information of that image region. The apparent difference in skin color that viewers perceived
is mainly due to the darkness or fairness of the skin. These features are characterized by the

difference in the brightness of the color, which is governed by Y but not Cb and Cr.

bit similar Cb and Cr

F For a given video, each frame is segmented into a number of regions using region segmentation
technique. Then, Region Adjacency Graph (RAG) is obtained by converting each region into
node, and spatial relationships among regions into edges [4, 5]. RAG is good for representing
spatial relationships among nodes indicating the segmented regions. However, 1t cannot repre-
sent temporal characteristics of video. We propose a new graph-based data structure for video,

Spatio Temporal Region Graph (STRG) which is temporally connected RAGs. The STRG can

handle both temporal and spatial characteristics of video.

G The ... maps cach image pixel into its smallest distance to regions of interest {Rosenfeld and
Pfaltz 1966]. It is a fundamental geometrical operator with great applicability in computer
vision and graphics, shape analysis, pattern recognition, and computational geometry.
methods are useful propagation schemes that efficiently construct a solution to the etkonal
differential equation [John 1982] in the integer lattice. This in turn, is related to many other
important entities such as medial axes, Voronoi diagrams, shortest-path computation, and image

can be defined in terms of arbitrary metrics. The Euclidean distance

the adequate model to numerous geometrica
some non-Euclidean metrnc

- segmentation. The ...
is often necessary in many applications, as it 1s
facts of the human-scale world. However, as in pure mathematics,
are much easier to manipulate and to compute.
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H These t)
ey MALIoONS determine the sone i : |
vertices, that termine the good arrangement of vertices in sets of nearl

WO adiacent ;:;.,221: M%G_ !‘ﬂmmis_ underlying of vertices. Thus, the first condition im; _
the third condition s be merged only if they are closed enough. Likewise, the second |
L8 of W’gﬁms I;;;L ;;tlpulatc that this merging can not be performed at the fiiﬂf%llvailt;agii ui‘

punctual homo ﬁ ’ dcme That 8 to say local and global homogeneity criteria ?t?vm m

8t of mgic;ﬁgg bg* -llﬁlty criterion. These three criteria enable us to gather t}w current mm::}.::l f-ﬂlﬁ
Eimil-m o ﬂ m.:lg processed, not because only one region of this set is adjacent and suﬁu:}_ﬁm y
the | I(t current one, but above all because most of adjacent regions already belonging to
the set of regions being processed, are also similar to the current one.

v sinilar
slics that
and

: s 1:5. _“f"ide-ly used ._fﬂr contrast enhancement in a variety of applications due to its simple Hfunction
Md effectiveness. Examples include medical image processing and radar signal processing. One
drawback of the ... can be found on the fact that the brightness of an image can be changed

aﬁor the ..., which is mainly duc to the flattening property of the . Thus, 1t 15 rarely
utilized in consumer electronic products such as TV where preserving original input brightness

may necessary in order not to introduce unnccessary visual deterioration. This paper proposcs
a novel extension of ... to overcome such drawback of the .... The essence of the PTGDOEde
E;lgﬂrithm is to utilize independent ... scparately over two subimages obtained by decomposing
the input image based on its mean with a constraint that the resulting equalized subimages are

bounded by each other around the input mean.

J Dilation by disk structuring elements correspond to isotropic swelling or expansion algorithms
common to binary image processing. Dilation by small squares (3 x 3) is a neighborhood opera-
tion easily implemented by adjacency connected array architectures (grids) and is the one many
image processing people know by the name ” fill.” ”expand,” or "grow.” Some example dilation
transformations are illustrated in Figs. I and 2. Neighborhood connected image processors such
as CLIP, Cytocomputer, and MPP can implement some dilations (not all) by structuring ele-
ments larger than the neighborhood size by iteratively dilating with a sequence ot neighborhood

structuring elements.

K For instance. the ability to locate image object such as a face can be exploited for image coding,
editing, indexing or other user interactivity purposes. Moreover, face localization also provides a
good stepping stone in facial expression studies. It is fair to say that the most popular approach
to face localization is the use of color information, whereby estimating areas with skin color is

‘often the first vital step of such strategy.

L The method is an extension of the ... data structure described in [25]. The ... holds at the
point (x, y) in the image the sum of all the pixels contained in the rectangular region defined
- by the top-left corner of the image and the point (x, y). This image allows to compute the sum
of the pixels on arbitrary rectangular regions by considering the 4 ... values at the corners of
“the region - in other words in (very short) constant time independent of the size of the region.
In order to extract ... over arbitrary rectangular regions, in the ... we build for cach bin
of the ... an ... counting the cumulative number of pixels falling into that bin. Then by

~ accessing these ... we can immediately compute the number of pixels in a given region which

- fall into every bin, and hence we obtain the ... of that rectangular region.
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fill 10 ﬁp('ﬁifﬁl’i up 1EALL 4y~
py con iyilim.tmi i
the similarity

n iR very use
which are ve
fore examining . o
prc}]‘}m{:ui method, oy

A As mentioned in the Introduction, the chain coded dm{:rili:ltm j
ing time for contour 1MAages. However, for the contour ll‘f]ﬁg{h .
shape, it is very difficult to find the corresponding contour image b o
hetween the two contour images. 1o avoid this intricate problem, in Lht

registered contour Images Are described by chain codes ... e
g spatial and tempora

representin ?
it 18 decomposed 1NLo

N In this work we propose a new graph-based data structure, ...
relationships among objects in a video. After an ... is construed, 1t 18 € ot in 8 video
its subgraphs called object graphs (OGs), which represent each semantic objec ‘ .t' A ﬂ'lml
sequence. Since an STRG provides not only spatial view of individual frame but also teni] ;; »
relationships between consecutive frames, we can detect video objects more t‘.wmlrﬁ-!}i?-li{a _;?*q
unsupervised learning, we cluster similar OGs into a group, in which we match two O(«'h -]-_-‘_”
this ... . we introduced a new distance measure, extended graph edit distance (EGED) which
can handle temporal characteristics of OGs. For actual clustering, we employed a model-based
EM clustering with EGED. It can cluster video objects semantically.

O Another example which shows the limitation of the ... s illustrated in Fig. 4, where the i‘iffﬁt
image is a given original image F16 and the second one 1s the result of ... . The respective
histograms of those images are shown in Fig. 5 and the transform function associated with (3)
is depicted in Fig. 6. First, unnatural enhancement can be seen from this example around the

cloud after the ... . In other words, one would perceive totally different visual recognition
around the cloud after the ... . Moreover, if we investigate closely the images before and
after the ... . one can observe that the contrasts around the letters and the emblem on the
airplane are degraded. The reason for such limitations of the ... for this example can be easily
understood from Fig. 6.

P ... Inour ... authentication system, the isodensity contours has been introduced to differ-
entiate between the facial features. These isodensity contours can be transformed into chain
codes. By using these coded isodensity contours, remarkable improvement in the processing
performance can be expected in terms of the processing time and memory requirements, From
the computer simulation performed using images of 50 people, it turned out clear that the pro-
cessing time was decreased to approximately one-seventh compared to the conventional method.
With respect to memory requirement, 1t was reduced to a quarter.

Q The efficient and sequential EDT algorithms can be classified in terms of the order in which
the pixels are processed. In the so-called ordered propagation algorithms, the smallest ... s
computed starting from the seeds (0 distance) and progressively transmitting the information to
other pixels in order of increasing distance. On the other hand, the raster scanning algorithms
use 2D masks to guide the processing of pixels line by line, top to bottom, then bottom to

top. Independent scanning schemes process each row of the image, independently of the other.

and then process each column of the result. This process is similar to separable linear trans-

~ forms, such as computing the Fourier transform of an image by a sequence of 1D transforms in
~ orthogonal directions [Brigham 1988].

R Contour representations of binary images of handwritten words afford considerable reduction
~in storage requirements while providing lossless representation. On the other hand, the onc-
- dimensional naturc of contours presents interesting challenges for processing images for hand-
"' word recognition. Our experiments indicate that significant gains are to be realized in
~ both speed and recognition accuracy by using a contour representation in handwriting applica
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