OEMATA EPTAZIQN 2007-2008

1. Earth mover’s distance, L1, L2, Hl etc.
http://homepages.inf.ed.ac.uk/rbf/CVonline/LOCAL COPIES/RUBNER/emd.htm
YAo1roinon Tou OXETIKOU aAyopiBuou Kai epapuoyn o€ BAon €IKOVWY YIa KOTAypa® OUoIOTNTAG
eIKOVWV. ZUykplon pE GAAeg atrooTdoelg L1,L2 HI KATT.

2, Video shot detection
Ed® {nreiton ) meprypan facikdv pedddmv kot 1 viomroinon piog € avtdv
(xotdémy emkovoviag poli pov)

3. Active Contours
Avag@epETal TNV AVIXVEUOT AKHUWV.
MAnpogoplakd UAIKS uTttdpxel GpBovo
XapakTnpIoTIKS €ival To site:

http://en.wikipedia.org/wiki/Active contour

Snake energy:
Internal energy:
External energy:

|
|
[ |
B Two external energy types:

4. Histogram equalization HE
InTouvTal Ta €€NG:

a. E@appuoyr HE kal avacuoTaon TngG €IKOVAG Kai
Meign apxikAg kal TG HE o€ didgopa TocooTd

B. Adaptive Histogram Equalization

Adaptive histogram equalization is a more advanced version of histogram equalization. It is a
routine that returns the input image which has been transformed using adaptive histogram
equalization using square neighborhoods. This means that it builds a histogram for each pixel in the
image, using a specified number of surrounding pixels. The function works similarly to histogram
equalization. It takes the input image and window size as arguments, with window size being
optional. If no window size is specified, the routine uses a default size of 100 pixels. The following
is the algorithm used for this function:

e check window size
e padimage
o for each pixel



o create subimage
o build histogram
= for each pixel in subimage, increment appropriate bin by 1
o build the cummulative distribution function using the total number of pixels
o get the new pixel value
e return the new image

5. Wevdo umediann

Pratt [8] has proposed a “pseudo-median” filter, in order to overcome some of the speed
disadvantages of the median filter. For example, given a five element sequence {a,b,c,d. e},
its pseudo-median is defined as

psmed(a, b, e, d,e) = %ma.x [rﬂin{a.., b,¢) + min(h, ¢, d) + min(e, d, e}]
+ $min [max(a, b,c) + max(b, ¢, d) + max(e, d, e]]

So for a sequence of length 5, we take the maxima and minima of all subsequences of length
three. In general, for an odd-length sequence L of length 2n 4 1, we take the maxima and
minima of all subsequences of length n 4+ 1.

We can apply the pseudo-median to 3 x 3 neighbourhoods of an image, or cross-shaped neigh-
bourhoods containing 5 pixels, or any other neighbourhood with an odd number of pixels.

Znteital n uAoTroinan Tou TTaPATIdvou aAyopiBuou Kal N CUyKPIoN (TTOIOTIKA - TTOOOTIKA) JE TOUG
yvwaoToug median type aAyopiBuoug.
ETriong va e€eTaoBei av 1oxUouv o1 1I816TNTEG TTOU IoXUOoUV yia Ta median filters.

6. BEATIQIH ANTIOEXIHL (GUI)

Eival pia atrAf diadikacia peTaBoAig Tou I0TOypAPUaTOg

pe Siadikaoieg aoa@oug AOYIKAG. ZTnV TTPAEN UAOTTOIEITAI

n oxéon 3 (BA. oxnua). Apa 1o TTpwTo BAMA cival o (aubBaipeTog)
OPIoPOG TWV CUVOPTACEWY (CUVOAWV) KOKOTEIVO» «YKPICO» KATT
Mrtropei va opioBouv kail TTepIoaoTEPD (TTX.5) oUVOAQ.

H uAoTtroinon Tou aAyopiBuou TpétTel va TrepIAauBaver Kai
Graphical User Interface (GUI) pe evioAég Trou divovtal ato Matlab

Tizhoosh 1997
5. Rule based contrast enhancement

TpoTrolgiTal TO ICTOYPOPHO WG EENG:

1. Aocagorroinon Twv TFva TwyV pixels

2. Zuvertaywyn (mx. IF (iKOTelvé THEN gi, ---KATT)

3. Amocagnvion (Sugen:o)

Hoxorew 6 >?::gmin + Hyoizo X Imia T Howrew 6 X Imax

g'=

Howorew 6 ¥ Hypizo T Hourew 6

0 128 255 0 128 255

PWTEIVOTNTA g > PWTEIVOTNTA g >
Wneiakn Emegepyacia Elkévag ANME HETT 46/61

Z. wrétroulog MAN. MATPON KA TN a ik



7. Huiroviouog - Halftoning o€ ykpideg kKal EyXpwHES EIKOVEG
YANKO: a1ré oxeTIKO BIBAio eTeCepyaaiag eikdvag
Ymapyouv TTOAAG sites. Eva XapakTnpIoTIKO:
http://en.wikipedia.org/wiki/Halftone
Na yiver kai xprijon Tou Matlab (kwdikag — mapddeiyua)
http://www.ece.utexas.edu/~bevans/projects/halftoning/toolbox/index.html

8. Medical images retrieval
2UVOOEUTIKO UAIKO:
A Content-Based Approach to Medical Image Database Retrieval (Siverai)

ZnTeiTal n UAOTTOINOTN TWV XOPOKTNPICTIKWY O€ EIKOVEG HAUOYPOQIag OTTWG TTEPIYPAPOVTAl OTN
TTapdaypago case study oeAida 272 -283

ETtriong 6a Bpebei pia BAan OXETIKWYV EIKOVWV.

9. The image facet model

MoAuwVUlIKA yovTeEAOTTOINON EIKOVAG:

MoAL XPNOIUO LAIKO:
http://staff.science.uva.nl/~rein/machinevision/facetModel.pdf

The Facet Model Facet Edge Detection

Haralick & Shapiro, Fol. 1, Chapter &

= Facet edze detectors assume a precewise linsar

= The image can be thought of a: a gray level intensity model, and caleulats the slope of the planar facet
swrface {15t dermvative).
= plecewise flat (flat facet model) » Ifwe assume that the noise is zere mean, and increases
= piecewise linear (sloped facat model) with the square of distance, then the Sobel Edze
= plecewise quadratic DI}E’.’.DD: is np?':u.r.l:_ )
= precewlse cubic [t 2 1L [-1 01
H=r0 ¢ 0-F=r-12 0
-1 -2 -F  f-1 0 I »H&S pp 337341

= Processing implhicitly or expheitly estimates the free YR 5
parameters. Mog=H +17, s =By

Inteiton vo yiver pio pehétn (3-4 oehioec) 0 kMokag (o Matlab) ko £va Tapdaderypa

10. Teager energy —£pApPHOYEG

Awveton oyetikd site Tov Matlab pe tov kdoka!!
http://www.mathworks.com/matlabcentral/fileexchange/loadFile.do?objectld=13984&objectT
ype=file

AMNAEG e@apoyEg:

Automatic spike detection and sorting:

http://www.urut.ch/downloads/osort/osort-tutorial-rel2.pdf

OeKTN Kal oTroladATroTE AAAN £apuoyn a1rd TIG TTOAAEG TTOU BpiokovTal 0TO B10SiKTUO



11. Image Mosaicing

21n Sladikagoia auTtr) atrd TTOAAEG (ETTIKAAUTTITOPEVEG) €IKOVEG dnIOUPYEITaI Wia Kaivoupla.

Znteital n HEAETN (ME oa@Eic eENyNOEIC) Kal UAOTTOINON TAG TTAPAKATW gpyaaiag (TrepIAauBaver Kai
KWOIKQ):

HTUhttp://www.pages.drexel.edu/~sis26/MosaickingTutorial.htmUTH

http://www.geocities.com/sd2002leap/

Ymdpxel BéBaia TTANBwpPA a1rd XAPAKTNPIOTIKA Ssites:
TUhttp://www.sci.utah.edu/~cscheid/sprO5/imageprocessing/project2/UTH

HTUhttp://www.iyte.edu.tr/eee/sevgum/research/mosaicing99/#prw:83UTH

BonBnTikd yia To TTWG TiBETAI TO TTIPOBANUA:
http://www.wisdom.weizmann.ac.il/~mica/CVfall05/ex/ex5.html

12. Smiling faces.
* [nput: a set of photos of the not same person with different face expressions and the
information that some of them are smiling faces
* Task: to write a program recognizing the smiling faces (on video) of the not same person
*  Qutput: smiling or not
* XtV gpyacia ot ¥pelalOUOCTE OPKETES POTOYPUPIES TPOTOT®V (SLOPOPETIKMV). Me TNV
dwdikacia eigenfaces Ba daymwpiotovve 6e dvo katnyopieg (smiling — no smiling). T
GULVEYELN KOTOTAGGOLLLE L0 KALVOUPLO pMTOYPOPIio TPOGHOTOL G€ i amd T1g 0V0 KAAGGELS.
Evoc mpotetvopevog ahydpBpog eivan o K-nearest neighbors. Befaimg umopel va
ypnooromBoidv kot oot (m.y. Neural networks classifiers, Support Vector Machinec klp).
Xy o oA mepintwon propel va yivel amhr oOykpion (amdotaonc) omd to
YOPOKTNPIOTIKAE KEVTPO TV dVO OpAd®V (smiling — no smiling)
Mia mopduia epyocio. (omo oyetiko site):
Eigenfaces for Recognition (Matlab)
In this problem we explore the use of eigenfaces for person recognition.
Download the Matlab data file Faces .mat, which contains cropped, normalized 51x43
images of 34 individuals. Each individual has been photographed with two facial
expressions. “neutral” and “smiling”. The pixels of each person’s image have been
stored as columns of the neutralFaces and smileFaces matrices. To convert back and

forth between image and vector representations, use the reshape command:
facelmage = reshape(smileFaces(:,index), 51, 43);



faceVector = reshape(facelmage, 51*43, 1);

a) To (approximately) account for illumination variations, normalize each of the face
vectors so that it has zero mean and unit variance.

b) Assume that we have a database of neutral face images, and want to determine the
identity of the smiling individuals. For each of the 34 smiling faces, measure the
norm of the difference between their normalized appearance vector and each of

the 34 neutral faces. Classify each smiling face according to its nearest neighbor.
What percentage of the smiling faces are correctly recognized?

¢) Using the Matlab svd command, determine the principal components of the set of
normalized neutral faces (do not include the smiling faces). Be sure to subtract

the mean face before performing your PCA. Plot the mean face and the first three

principal components (the “eigenfaces”).

Hint: To avoid excessive memory usage when calculating the SVD, use Matlab’s
“economy size” option.

d) Determine the number of principal components required to model 90% of the total
variance in the neutral face set. Project each of the neutral and smiling faces onto
the corresponding eigenfaces. Use the coefficients of these projections to classify
each smiling face. Compute the percentage of correctly recognized faces, and
compare to part (b).

e) Repeat part (d) using the numbers of principal components required to model
80%, 70%, 60%, and 50% of the total neutral face variance. Plot the

corresponding recognition rates.

Yndapyer a@pOovo viko6 6to drediktvo !!

13. Opyavwon face-image databases
Baoiopévn oto “feature histogram”

AtroTeAei pia dladikaoia e§aywyng XapaKTNPIOTIKWY BaCICPEVN OTO HETAOXNHATIOHO GUVNUITOVOU

Oa 606¢i oxeTIKO ApBpo: DaiDi Zhong, Irek Defée, "Performance of Similarity Measures Based on
Histograms of Local Image Feature Vectors", Pattern Recognition Letters, Volume 28, Issue 15, pp.
2003-2010, 2007

14. Image Quantization via Clustering and Functional Approximation

Znteiton vo, vAomon el n dradikacio Tov TEPTYPAPETOL GTO Site:
http://www.cim.mcgill.ca/~mtoews/ig/index.html

Eival pia atrAf kai £€Eutrvn S10dIKaoia £5aywynAg XAPaKTNPIOTIKWY OTTO EIKOVA apoU TTpwTa
«UTTOOTE» OI0BIKATIEG PIATPAPICHATOG

15. Tunuaromoinon-Kararunon §0pugpopIkng eiIkovag pe piAtpa Gabor.

Oa xpnoigotroinBouv Ta @iATpa Gabor yia Tnv e€aywyn evog ToAudidoTaTou dlavUoPaTog UPAG yid
KAOe €IKOVOOTOIXEIO. ZTN CUVEXEIQ N TUNPATOTIOINGT TTEPIOXWYV, OUOYEVWIV WG TTPOG TO
XOAPAKTNPIOTIKO TNG VPN G, Ba yivel pe aAyopiBuoug clustering, k-means, FCM, é1rou 8a xwpioBouv
o€ ouddeg Ta didpopa diavuouara.

References

1) ZxeTIKA doknon epyacTnpiou
2) EmouvattépeveG OXETIKEG EpYaATies (4).



16. Mean shift algorithm
Egpappoyn o€ Kartatunon eIkovag ato To site:

http://www.mathworks.de/matlabcentral/fileexchange/loadFile.do?objectid=1016
1&objeciType=File

Ymrapxouv TOAAG OXeTIKA sites. Agv gival LTTOXPEWTIKO TO TAPATTAVE® site Kal 0 TXETIKOG
K®SIKAG.

17.  ANISOTROPIC DIFFUSION - avicoTpoTKN diaxvuon
Eival kAaooikn diadikaoia QIATPOPIOHATOS EIKOVAG.
Y1rdpxel TEpAaTIO UAIKO O0TO d1adiKTuO.

Edw ¢nTeital 0 KWAIKAG Kal TTapadeiypaTa

18. Meraoxnuariopog watershed
ZnTeital n epappoyn aAyopiBuwy o€ kataTunon sikovag (OXI Tapaywyn Kwdika)
To matlab £xel oxeTiko file. Etriong ¢nreitail kai n mepiypaen Tng(wv) diadikaoiag (wv).

19. Dimensionality reduction of clustered data (PAMI 2008, forthcoming)
Feature extraction techniques based on the covariance of the data (i.e. PCA) do not
necessarily give meaningful features when the data set contains clusters. The most
important features in this case are clearly the ones that discriminate between clusters,
which, in general, do not coincide with the directions of greatest variation in the whole
dataset.

The paper presents a novel probabilistic latent variable model to perform linear
dimensionality reduction on data sets which contain clusters.

Mepiéxel data sefts:
www.ics.uci.edu/emlearn/MLRepository.html
hitp://www.gaussianprocess.org/gpml/data/

Mepiéxel downloadable Matlab Code:
http://www.dcs.shef.ac.uk/~guido/software.html

20. Clustering using commute times (PAMI 2007, VOL. 29, NO. 11, NOVEMBER
2007)

This paper exploits the properties of the commute time (i.e. the expected time taken for a
random walk to travel between two nodes and return) between nodes of a graph for the
purposes of clustering and embedding and explores its applications to image
segmentation and multibody motion tracking. The motivation is that the commute time
can be anticipated to be a more robust measure of the proximity of data than the raw
proximity matrix.

EOKOAN LAoTTOINCN e eigenanalysis.



21. On the information and representation of non-Euclidean pairwise data
(Muller, Pattern Recognition 39, 1815 - 1826, 2006)

Pairwise data which satisfy the restrictive conditions of Euclidean spaces can be faithfully
translated into a Euclidean vectorial representation by embedding. Non-metric pairwise
data with violations of symmetry, reflexivity or triangle inequality pose a substantial
conceptual problem for pattern recognition since the amount of predictive structural
information beyond what can be measured by embeddings is unclear.

This paper shows by systematic modeling of non-Euclidean pairwise data that there exist
metric violations which can carry valuable problem specific information. Furthermore,
Euclidean and non-metric data can be unified on the level of structural information
contained in the data.

YAotroinon 2 distance matrix (color + shape), apaipeon kal Snuiovpyia evog un-
OULUMETPIKOL TTivaka, eigen-analysis kal parallel visualization Tev 2-ueyaAbTeEQ®Y Kal TV 2-
HIKOOTEPWV ISIOTIUWY YIA AVASEIEN CLUTTANPWUATIKNG TTANPOPOPIAC.

22. Robust path-based spectral clustering (forthcoming Pattern Recognition)
Spectral clustering and path-based clustering are two recently developed clustering
approaches that have delivered impressive results in a number of challenging clustering
tasks. However, they are not robust enough against noise and outliers in the data.

In this paper, based on M-estimation from robust statistics, a robust path-based spectral
clustering method is developed by defining a robust path-based similarity measure for
spectral clustering under both unsupervised and semi-supervised settings.

Mepiexel data sets:
http://yann.lecun.com/exdb/mnist/.

Mepiexel downloadable Matlab Code:
http://www.cs.ust.hk/"hongch/image-segmentation.htm

23. Objective evaluation of image segmentation (PAMI 2007)

This paper demonstrates how a recently proposed measure of similarity, the Normalized
Probabilistic Rand (NPR) index, can be used to perform a quantitative comparison
between image segmentation algorithms using a hand-labeled set of ground-truth
segmentations.

EbkoANn vAoTToinoN

24. From outliers to prototypes: Ordering data (Muller, Neurocomputing 69 (2006)
1608-1618)

This paper proposes simple and fast methods based on nearest neighbors that order
objects from high-dimensional data sets from typical points to untypical points. On the one
hand, shows that these easy-to-compute orderings allow us to detect outliers (i.e. very
untypical points) with a performance comparable to or better than other often much
more sophisticated methods. On the other hand, shows how to use these orderings to
detect prototypes (very typical points) which facilitate exploratory data analysis algorithms
such as noisy nonlinear dimensionality reduction and clustering.



Mepiéxel data sets:
http://www.nist.gov/srd/nistsd19.htm

Mepiéxel downloadable Matlab Code:
http://www.agoras.ua.ac.be/Robusin.ntim

25. Random Walks for Image Segmentation ***
ApPBpPOo amo 1o TTEPIOSIKO IEEE PAMI

November 2006 (Vol. 28, No. 11) pp. 1768-1783

Sivel \oyiopiko o€ Matlab

€mmiong:
http://research.microsoft.com/~szummer/papers/CraswellSzummer-random-walks-
sigir07.pdf




