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Classification and Numbering on Posterior Dental Radiography using Histogram Intersection

T- 3 3 Agus Zainal Arifin , Ahmad Mustofa Hadi! , Anny Yuniarti! , Wijayanti Nurul Khotimah! ,

Arya Yudhi Wijaya1 , and Eha Renwi Astuti?

1Department of Informatics, Institut Teknologi Sepuluh Nopember (ITS) Kampus ITS, Surabaya, 60111, Indonesia,

Classification and numbering on posterior dental radiography are useful for forensic

and biomedical application. This paper proposed a newmethod that simple but robust for
classification and numbering on posterior dental radiography using histogram intersection.
In this method, we utilized the different characteristic between molar and premolar.
Molar has wide shape and two roots while premolar has slander shape and one root. We
computed the distance between centroid and boundary in each tooth. 36 points in the b
oundary were extracted. A histogram was created from the distance between centroid
and those points. Then similarity among the histograms was computed. From experiment,
every tooth has been assigned according to universal dental numbering and classified

as their sequence order. Our system achieved average c lassification precision of 90 %.

~xr A Hnwm >

Forensic application usually use physical characteristic such as face, fingerprint, palm
print, eyes, and DNA. However, many of those characteristics are only suitable for ante
mortem (AM) identification when a person to be identified is still alive not for post mortem
(PM) especially in the case of decay or severe body damage caused by fire or collision. In
the other side dents have a special characteristic that can be used to identify victims.
Although identifying victims using dents is secure-less but it is required in special cases,
where the victim's body has serious defect and analyzing another part of body is difficult.
That is because dents are strong part that usually remains when another part of body
difficult to be identified.

BACKGROUND

HC e

Kumamoto University

2 Department of Dental Radiography Airlangga University

METHOD
Preprocessing
1. Contrast enhancement and morpholo-
gical operation.
2. Binarization
3. Image separation (horizontal integral
projection and vertical projection).

Process
1. Feature extraction
(distance between
centroid and boundary
of each points)

2. Computed histogram
intersection between
histogram from the
testing data and histo-
gram of molar or pre-
molar from training.

From this process, we determined wether

the teeth is molar or premolar.

3. We computed similarity matrix between

two default pattern ( MMMPPP-PPPMMM)

to define the position of the teeth,

in left or in right. The result of this
process is the dental number.



On Dimensionality
Recovery Guarantee of
Variational Bayesian PCA

Shinichi Nakajima (Nikon), Ryota Tomioka (Tokyo Univ.),
Masashi Sugiyama (Tokyo Tech.), S. D. Babacan (lllinois Univ.)
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We derived a sufficient condition for VB-PCA to
perfectly recover the true dimensionality.
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T-36 Efficient AUC Maximization by Approximation
Reduction of Ranking SVMs
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Efficient free-view image synthesis based on the compressed sensing
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Efficient free-view image synthesis based on the compressed sensing
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T-43: An Efficient Sampling
Algorithm for Bayesian Variable
Selection
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I3ACKGROUND

With Moodle ...
lecturer could share learning materials, student could
send assigment reports

..To support ecocampus.

As issue of plagiarism is getting popular, Moodle does
not have feature to help lecturer for checking the
similarities of submitted reports.

Example: undergraduate students must send
referenced papers and final report for their thesis:
students might translate referenced texts and submit
them as part of the report

Is Duraciarism HaPPENED P pocorenTer

[DOCUMENT A]
ENGLISH TEXTS

0”17".‘

[POCUMENT B’]
ENGLISH-
TRANSLATED TEXTS

JICA Technical Cooperation Project for Research and Education
Development on Information and Communication Technology "Ye
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jICA)

Usage of Winnowing Algorithm and WeordNet for Recognizing
the Possibilities of Paraphrasing Sentences in Academiec Papers

Diana Purwitasari(), Umi Laili Yuhana(), Daniel Oranova Siahaan(), Achmad Affandi),
Yoshifumi Chisaki(z), Tsuyoshi Usagawaz2)

(1)Institut Teknologi Sepuluh Nopember, Surabaya-IndonesiA, (2) Kumamoto University, Japan
E-mail: (1)(diana, yuhana, daniel)@if.its.ac.id, affandi@ee.its.ac.id, (2) (chisaki, tuie)@cs.kumamoto-u.ac.jp

IDROBLEM STATEMENT

How to recognize the possibilities of cross-
plagiarism?
(from English-Indonesian texts)

Note: reference texts are written in English and
the student might -

- translate the texts into another language
(Indonesian) OR

- make the (Indonesian) translation as
paraphrased sentences

(Kent & Salim, 2009) used ALMOST similar

procedures for cross-plagiarism between English-
Malayu

IDPROCEDURES

SOLUTION

e recognize paraphrased sentences by
considering the usage of words with
similar meaning
(ADDITIONAL STEP from procedures

of (Kent & Salim, 2009))

e compare fingerprint of documents
NOT
directly compare sequences of text

USED LIBRARY:
GOOGLE TRANSLATOR, WORDNET

1. translate Indonesian Texts of Document B into English Texts of Document B’ using Google Translator

Based on WordNet Library,

2. find pairs of sentences that semantically similar from A and B’
3. replace words inside each pair of sentences from A-B’ with their hypernim words
- use semantic similarity value of words from WordNet to identify paraphrased sentences

Based on Winnowing Algorithm,
4. create fingerprints of document A and document B’
5. check similarity between fingerprints

= ASCIT values of n-grams from texts become document features
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59 MCMC Strategy for Protein Complex Prediction

Using Cluster Size Frequency
Daisuke Tatsuke and Osamu Maruyama (Kyushu Univ.)

We propose a sampling method, called PPSampler, for predicting protein complexes

using the following two prior knowledge:

known
protein complex

PPI network:
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Well-known observation: Dense subgraphs and
known complexes often overlap each other.

scoring subfunction f,(C)
f1(C) = Y 4ec f1(d) where C is a partition of a given set of proteins.

w(u, v): weight of the interaction between proteins u and v.
N: upper bound on the size of a cluster

0 if |ldl=1
—00 elseif |d| > Nor3ued,vv(#u) €edwlu,v)=0
fild) =
w(u,v) otherwise

u,v(xu)ed

number of complexes
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power law regression

i power-law: y o x 7Y -

¥ -
510 15 o0 o5
complex size
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New observation: The distribution of the
frequency of protein complexes w.r.t.
complex size is power-law.




59

MCMC Strategy for Protein Complex Prediction

Using Cluster Size Frequency
Daisuke Tatsuke and Osamu Maruyama (Kyushu Univ.)

scoring subfunction f,(C)

Y (i) : relative frequency of clusters of size i in C
Y (i) : predefined target number for relative frequency for size i

C) = I.V_ ;
fz( ) =2 1+i2'(‘/’(i)—¢c(i))2

scoring subfunction f;(C)

s(C) : number of proteins within clusters of size 2 or more in €
A : predefined target number for s(C)
103

scoring function and its probability

f€) =~f1(O) - 2(0) - f5(C)
p < f(C)>
(C) X exp —T

Partitions of proteins are generated as samples from P(C)

by the Metropolis-Hastings algorithm.

Results:
L]
0.7
0.6
W MCL
0.5 MCODE
DPClus
0.4
mCMC
0.3 m COACH
RRW
0.2
W NWE
0.1 m PPSampler
0
precision recall F-measure

* Precision of PPSampler is 70% higher than
the second one.

* F-measure of PPSampler is 30% higher than
the second one.

Concluding Remarks:

* About half of predicted clusters not
matched with any known complexes are
statistically significant wrt Gene Ontology.
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