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H. E. Çetingül, Y. Yemez, E. Erzin and A. M. Tekalp

Multimedia, Vision and Graphics Laboratory
College of Engineering, Koç University
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ABSTRACT

This paper addresses the selection of best lip motion features for
biometric open-set speaker identification. The best features are
those that result in the highest discrimination of individual speak-
ers in a population. We first detect the face region in each video
frame. The lip region for each frame is then segmented following
registration of successive face regions by global motion compen-
sation. The initial lip feature vector is composed of the 2D-DCT
coefficients of the optical flow vectors within the lip region at each
frame. The discriminant analysis is composed of two stages. At
the first stage, the most discriminative features are selected from
the full set of DCT coefficients of a single lip motion frame by us-
ing a probabilistic measure that maximizes the ratio of intra-class
and inter-class probabilities. At the second stage, the resulting dis-
criminative feature vectors are interpolated and concatenated for
each time instant within a neighborhood, and further analyzed by
LDA to reduce dimension, this time taking into account tempo-
ral discrimination information. Experimental results of the HMM-
based speaker identification system are included to demonstrate
the performance.

1. INTRODUCTION

It has been a common practice to use lip-motion for speech recog-
nition applications [1, 2]. This is justified by the observation that
lip movement is highly correlated with the audio signal, and the
speech content can be revealed through lip-reading. As far as
speech is concerned, it is usually sufficient to extract principal
components of the lip movement; there are various techniques in
the literature to implement this approach. One possibility is the
use of eigenlips from lip intensity or lip contour shape, that even-
tually corresponds to a principal component analysis (PCA). An-
other possibility is the use of low frequency 2D-DCT coefficients
of lip-motion vectors.

It is quite natural to assume that lip movement would also
characterize the identity of an individual as well as what the in-
dividual is speaking. However, for the speaker identification prob-
lem, the principal components of the lip movement are not usu-
ally sufficient to well discriminate the biometric properties of a
speaker; principal component analysis is actually based on the cri-
terion to minimize the mean-square error of reconstruction of a
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signal. In a recognition problem, the criterion should rather be to
minimize the recognition error, and in this sense high frequency
or non-principal components of a signal should also be valuable
especially when the objective is to model the biometrics, i.e. spe-
cific lip movements of an individual rather than what is uttered.
A possibility is the use of the linear discriminant analysis (LDA)
so as to map the high dimensional feature vector to a subspace of
reduced dimension that best describes the discrimination among
classes. LDA has a major drawback due to the required matrix in-
version operation: Prior to the LDA analysis, the dimension of the
original feature vector has to significantly be reduced, using for
instance PCA analysis, in order to lessen the computational com-
plexity of the inversion process or due to the limited number of
available training samples.

Only few articles in the literature incorporate lip information
for the speaker identification problem [3, 4]. In [4], the full set
of optical flow DCT coefficients are used for identification with
no discrimination analysis whereas in [3] the lip contour shape is
modeled by PCA, followed by linear discriminant analysis. In this
work, we propose a two-stage discriminative lip-motion feature
extraction technique that can be used in multimodal speaker iden-
tification systems. The proposed technique, as described in Sec-
tion 2, takes into account the temporal discrimination information
as well as the intra-class and inter-class distribution of individual
single-frame feature vectors. Open-set speaker identification prob-
lem is briefly described in Section 3 and then the overall system
is discussed in detail in Section 4. The experimental results are
presented in Section 5 and finally in Section 6, conclusions and
comments on future work are provided.

2. DISCRIMINATION ANALYSIS

There exist a number of subspace representation techniques that
can be used as a solution to the dimensionality problem of recogni-
tion systems. Linear discriminant analysis (LDA) is a well-known
dimension reduction and data analysis method to achieve discrim-
ination among classes and has proven its success in speech recog-
nition [2]. Another possibility, as we propose, is to achieve dis-
crimination in the Bayesian sense using a probabilistic measure
that maximizes the ratio of intra-class and inter-class probabilities.
The overall discrimination analysis that we propose in this paper
employs both of these techniques that are discussed in detail in the
subsections 2.1 and 2.2.
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2.1. Bayesian Discriminative Feature Selection

The identification problem is often formalized within a probabilis-
tic framework. The decision rule selects the class λi given an ob-
servation fk with maximum posterior probability P (λi|fk). The
posterior probability can be written in terms of class conditional
probability distributions:

P (λi|fk) =
P (fk|λi)P (λi)

P (fk)

=
P (fk|λi)P (λi)

P (fk|λi)P (λi) +
P
j 6=i P (fk|λj)P (λj)

=

"
1 +

P
j 6=i P (fk|λj)P (λj)

P (fk|λi)P (λi)
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(1)

The maximum likelihood estimator, that maximize the class con-
ditional probability P (fk|λi), becomes maximum mutual infor-
mation estimator (MMIE) [5] by maximizing the likelihood ratio
l(λi|fk),

l(λi|fk) =
P (fk|λi)P (λi)P
j 6=i P (fk|λj)P (λj)

(2)

where this ratio can clearly serve as a measure of discrimination
between the class λi and all other classes for the corresponding
observation fk.

When the posterior probability distributions are available for
someK independent observations {f 1,f2, . . . ,fK}, one can com-
pute the discriminative power of the independent observation f ik
that belongs to class λi using l(λi|f ik). When the ratio l(λi|f ik) is
larger for an observation, it is clear that the observation is discrim-
inative, that is the class conditional probability for its own class is
high and the average of the class conditional probabilities for all
other classes are small. Here, we can conveniently assume that the
class probabilities, P (λi), are equally likely. The posterior proba-
bility distributions are generally computed over some training data
using expectation-maximization type of algorithms and assuming
some underlying probability distribution. Let us refer this training
data as f ik(n), that is a collection of the k-th independent obser-
vation from the i-th class, which are available for all independent
observations and for all classes. We propose to represent the dis-
criminative power d(fk) of the observation fk as,

d(fk) =
X

i

1

M

M−1X

n=0

l(λi|f ik(n)) (3)

where M is the number of the k-th independent observations in
each class λi. The discriminative power of each independent ob-
servation creates an ordering between different observations. Hen-
ce, this ordering could be used to select the most discriminative
features, or similarly to filter out the least discriminative features
from the list of observations.

Under Gaussian distribution assumption, if we de-correlate the
observation vector, each observation coefficient becomes indepen-
dent from the rest of the observation coefficients. One can use
DCT or PCA to de-correlate the observation vectors. After the
de-correlation transformation, traditionally the low indexed coeffi-
cients (FirstN) are used as the representative features as they yield
the best reconstruction for the original observations. However, a
discriminative set of features (DiscriminativeN) can be selected
using the discriminative power ordering. The posterior probability
distributions of each transform domain coefficient can be modeled

by Gaussian mixture densities (GMM), so that the discriminative
power of each coefficient can be calculated as in Eq. 3. Then,
the discriminative power ordering is performed, and the ordering
of the first N discriminating coefficients is fixed and these coeffi-
cients are selected as the DiscriminativeN features.

2.2. Temporal Discriminative Feature Selection

The Bayesian discriminative feature selection technique described
above takes into account the intra-class and inter-class distribu-
tion of individual single-frame feature vectors. However, a proper
lip feature discrimination analysis should also exploit the tempo-
ral correlations existing between successive lip frames specific to
a speaker class. One possibility here is to successively concate-
nate the resulting lip feature vectors so as to create a new sequence
of higher dimensional feature vectors, each centered at the current
frame instant. In that case, these higher dimensional feature vec-
tors become subject to further analysis to discriminatively reduce
dimension.

Potamianos et al. [2] used LDA to reduce the dimension of
the feature vector composed of low-indexed intensity-based DCT
coefficients resulting from lip images. They concatenated a num-
ber of consecutive feature vectors centered at the current frame so
as to capture dynamic speech information. A similar step is per-
formed in our work to exploit temporal correlations for the speaker
identification problem as described in detail in Section 4.

3. OPEN-SET SPEAKER IDENTIFICATION

In the open-set speaker identification problem, the decision is taken
by the maximization of a posteriori probability P (λi|f ) over all
possible classes λi, i.e. for each speaker’s model. The feature vec-
tor f is then assigned to the class λ∗ that maximizes the a priori
probability:

λ∗ = arg max
λi

P (f |λi) (4)

In an open-set speaker identification scheme, a reject mecha-
nism is also required due to possible impostor identity claims. A
possible reject strategy is thus to refer a reject (imposter) class λī,
so that a likelihood ratio ρ(f |λi) in log domain is used for the
accept or reject decision:

ρ(f |λi) = log
P (f |λi)
P (f |λī)

= log P (f |λi)− log P (f |λī) (5)

Ideally, the imposter class model should be constructed by using
all possible imposter observations for class λi, which is practically
infeasible to achieve. In this paper we use the universal back-
ground model which is estimated by using all available training
data regardless of which class they belong to. The final decision
strategy can be stated as follows:

if ρ(f |λ∗) ≥ τ accept
otherwise reject

(6)

where τ is the optimal threshold which is usually determined ex-
perimentally to achieve the desired false accept or false reject rate.

4. SPEAKER IDENTIFICATION SYSTEM

Biometric speaker identification experiments are conducted using
the audio-visual database MVGL-AVD [6]. The database includes
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50 subjects, where each subject utters ten repetitions of her/his
name as the secret phrase. A set of impostor data is also collected
with each subject in the population uttering five different names
from the population.

Before the lip-motion feature extraction, each face image frame
is aligned using a 2D parametric motion estimator. For every
two consecutive face images global head motion parameters are
calculated using hierarchical Gaussian image pyramids and 12-
parameter quadratic motion model [7]. Then the face images are
warped according to these calculated parameters. After this align-
ment, the optical flow vectors from the lip frames are extracted
using hierarchical Lucas-Kanade technique. The lip-motion vec-
tors on x and y directions are separately transformed into DCT
domain and the first 500 DCT coefficients of the zig-zag scan both
on x and y directions are combined to form a feature vector F of
dimension 1000 as presented in Figure 1.

Fig. 1. Feature extraction through DCT

Figure 2 shows the next phase of the feature selection sys-
tem. There are two reference feature sets in Figure 2 for compar-
ison purposes. The first N coefficients of F excluding dc-terms
(FirstN) form the first reference feature set representation F A for
the lip-motion modality. A second reference feature set, F B, is
formed by discriminative feature selection as described in section
2.1. The posterior probability distributions of the F vector are
modeled using 3 mixture GMM structures with diagonal covari-
ance vectors for each speaker. Then, the discriminative power or-
dering is performed in the training data, and the ordering of the
first N discriminating coefficients is fixed and these coefficients
are selected as the DiscriminativeN (F B) features.

Later, as outlined in Figure 3, LDA is applied to a window
of features to capture the temporal correlations between the obser-
vations as in [2]. The observations are linearly interpolated by 4
prior to concatenation of temporal windows. In the interpolated
temporal domain each feature set at time instant k, together with
the previous and next six sets of features, are concatenated, and
LDA is performed on this concatenated vector of dimension 13N
to reduce the feature vector dimension to 49 for 50 classes. The
LDA modeling is applied to both of the feature sets, FirstN and
DiscriminativeN. Correspondingly, the resulting feature sets are
represented by F C and F D after the LDA analysis of the features
F A and F B.

The temporal characterizations of the lip-motion modality is
performed using Hidden Markov Models (HMM). Word-level con-
tinuous-density HMM structures are built for the speaker identi-
fication task. Each speaker in the database population is mod-
eled using a separate HMM and is represented with the feature
sequence that is extracted over the lip stream while uttering the se-
cret phrase. First a world HMM model is trained over the whole

Fig. 2. Feature extraction through FirstN DCT and Bayesian
discriminative feature selection

Fig. 3. Feature extraction through LDA. A concatenated set of
features centered at time instant k of dimension 13N is applied to
LDA.

training data of the population. Then each HMM associated to a
speaker is trained over some repetitions of the lip-motion streams
of the corresponding speaker. In the identification process, given a
test feature set, each HMM structure associated with speakers and
the world class produces a likelihood. The log-ratio of the speaker
likelihoods and the world class likelihood results in a stream of
log-likelihood ratios that are used in the speaker identification sys-
tem.

5. EXPERIMENTAL RESULTS

The performance analysis of the open-set speaker identification
system is done using the equal error rate (EER) figure. The EER
is calculated as the operating point where false accept rate (FAR)
equals false reject rate (FRR). False accept and false reject rates
are defined as,

FAR = 100 × number of false accepts

Na +Nr

FRR = 100 × number of false rejects

Na
(7)

where Na and Nr are the total number of trials for the true and
imposter clients in the testing, respectively.

Let DT represents the whole database for the true clients.
The DT database is partitioned into two sets namely {DTA and
DT̄A

}, where DTA and DT̄A
are mutually exclusive sets each

having five repetitions from each subject in the database. The sub-
sets DTA and DT̄A

are used for training and testing respectively.
As there are 50 subjects and five repetitions for each true and im-
poster client tests, the resulting total number of trials becomes as
Na = 250 and Nr = 250.
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Figure 4 presents the equal error rate (EER) performance of
the FirstN (F A) and DiscriminativeN (F B) features at varying di-
mensions. It is clear that at lower dimensions, EER performance
of DiscriminativeN is better than FirstN EER performance.
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Fig. 4. The EER performance of the FirstN and DiscriminativeN
features at varying feature vector dimensions.

Figure 5 presents the equal error rate (EER) performances of
three different experiments, where the DCT based dimensions are
picked as N = 40, 30, and 20, for LDA-reduced feature sets F C
and F D. The dimension of the concatenated feature vector is re-
duced to 49 using LDA and the EER performance is plotted for
varying dimensions (6-49) of the LDA-reduced features. It is seen
that the EER performance in general increases as the feature vec-
tor dimension increases and the overall EER performance is max-
imized at 5.2% rate with F D features for the second experiment
when N = 30. Note that the best F C feature EER performance is
6.8% again in the second experiment when N = 30.

6. CONCLUSION

A discriminative lip feature selection method has been presented
for the open-set speaker identification problem. The proposed
method can select the most discriminative feature components from
the full set of DCT coefficients. The identification performance in
EER scale is improved at relatively low dimensions. A further
EER performance gain is achieved using LDA over a window of
features that captures more temporal information. It is worth to
note that LDA followed by Bayesian discriminative feature selec-
tion outperforms solely applying LDA. Hence, the Bayesian dis-
criminative feature selection with the LDA method provides per-
formance maximization by optimally selecting discriminative lip-
motion features for speaker identification.

The proposed lip features can be used in conjunction with au-
dio to improve the performance of the multimodal speaker identi-
fication systems. Another direction of the future work will be to
improve the feature extraction phase via lip tracking and motion
estimation.

7. REFERENCES

[1] C. C. Chibelushi, F. Deravi, and J. S. Mason, “A review of
speech-based bimodal recognition,” IEEE Trans. on Multime-
dia, vol. 4, no. 1, pp. 23–37, 2002.

[2] G. Potamianos, C. Neti, G. Gravier, A. Garg, and A. W. Senior,
“Recent Advances in the Automatic Recognition of Audio-
Visual Speech,” Proc. of the IEEE, vol. 91, no. 9, September
2003.

5 10 15 20 25 30 35 40 45 50
6

8

10

12

14

16

18

Feature vector dimension

E
E

R
 (%

)

Plot I : 13x40 −−> LDA −−> 49

5 10 15 20 25 30 35 40 45 50
4

6

8

10

12

14

16

18

E
E

R
 (%

)

Plot II : 13x30 −−> LDA −−> 49

Feature vector dimension

5 10 15 20 25 30 35 40 45 50
4

6

8

10

12

14

16

Feature vector dimension

E
E

R
 (%

)

Plot III : 13x20 −−> LDA −−> 49

FirstN
DiscriminativeN

FirstN
DiscriminativeN

FirstN
DiscriminativeN

Fig. 5. The EER performances of the FirstN and DiscriminativeN
features at varying feature vector dimensions. The concatenated
feature vectors have base dimensions of N = 40, 30, and 20 from
top-to-bottom, respectively.

[3] T. Wark and S.Sridharan, “Adaptive fusion of speech and lip
information for robust speaker identification,” Digital Signal
Processing, vol. 11, no. 3, pp. 169–186, July 2001.

[4] R.W. Frischholz and U. Dieckmann, “BioID: A multimodal
biometric identification system,” Journal of IEEE Computer,
vol. 33, no. 2, pp. 64–68, February 2000.

[5] X. Huang, A. Acero, and H-W. Hon, Spoken Language Pro-
cessing: A Guide to Theory, Algorithm, and System Develop-
ment, Prentice Hall, 2001.

[6] E. Erzin, Y. Yemez, and A. M. Tekalp, DSP in Mobile and
Vehicular Systems, chapter Joint Audio-Video Processing for
Robust Biometric Speaker Identification in Car, Kluwer Aca-
demic Publishers, forthcoming.

[7] J.-M. Odobez and P. Bouthemy, “Robust Multiresolution Es-
timation of Parametric Motion Models,” Journal of Visual
Communication and Image Representation, vol. 6, no. 4, pp.
348–365, December 1995.

2026


	Index
	ICIP 2004 Home Page
	Conference Info
	Welcome Message
	Techincal Program Overview
	Technical Program Committee
	EDICS Categories
	ICIP2004 Paper Submission Statistics
	ICIP2004 Paper Statistics - Final Program
	ICIP2004 Organizing Committee
	Sponsors
	Exhibition
	Venue Access
	Social Activities
	Other Information
	Call for Papers for ICIP2005

	Sessions
	Monday, 25 October, 2004
	MA-S1-Computational Radar Imaging
	MA-L1-Watermarking I
	MA-L2-Face Recognition
	MA-L3-Video Compression Standards I
	MA-L4-Biomedical Image Processing: Segmentation and Qua ...
	MA-L5-Error Resilience / Concealment I
	MA-P1-Image Segmentation: By Color, Texture, and Edge
	MA-P2-Image Filtering and Morphological Processing
	MA-P3-Image Enhancement I
	MA-P4-Video Segmentation
	MA-P5-Low-level Image Indexing and Retrieval
	MA-P6-DCT-based Video Coding
	MA-P7-Image Compression and Applications
	MA-P8-Distributed Source Coding and Others
	MP-S1-Deformable Models and Applications
	MP-S2-Media Security Issues in Streaming and Mobile App ...
	MP-L1-Face Detection, Recognition, and Classification I
	MP-L2-Video Summarization and Browsing
	MP-L3-Image Filtering and Partial Differential Equation ...
	MP-L4-Image/Video Indexing and Retrieval
	MP-L5-Watermarking II
	MP-P1-Video Compression Standards II
	MP-P2-Error Resilience/Concealment II
	MP-P3-Biometrics I
	MP-P4-Image Segmentation: By Multiple Features and Othe ...
	MP-P5-Image Enhancement II
	MP-P6-Video Object Tracking
	MP-P7-Biomedical Image Processing: Compression and Regi ...
	MP-P8-Video Coding

	Tuesday, 26 October, 2004
	TA-S1-Content-based Analysis of Multi-modal High Dimens ...
	TA-S2-Image Forensics
	TA-L1-Feature-based Image Segmentation
	TA-L2-Denoising and Deblurring
	TA-L3-Biometrics II
	TA-L4-Lossy Image Coding
	TA-L5-Wavelet Video Coding and Scalability I
	TA-P1-Stereoscopic and 3-D Processing I
	TA-P2-Face Detection, Recognition and Classification II
	TA-P3-Motion Detection and Estimation: Block Matching
	TA-P4-Feature Extraction and Analysis: Color and Textur ...
	TA-P5-Watermarking III
	TA-P6-Video Indexing, Retrieval and Editing
	TA-P7-Interpolation
	TA-P8-Geosciences and Remote Sensing and Environment
	TP-S1-What is the Latest in Networked Video?
	TP-L1-Super-resolution and Interpolation
	TP-L2-Deblocking, Restoration, and Enhancement
	TP-L3-Motion Estimation and Detection
	TP-L4-Image Segmentation
	TP-L5-Biomedical Image Processing: Compression, Registr ...
	TP-P1-Stereoscopic and 3-D Processing II
	TP-P2-Face Detection, Recognition and Classification II ...
	TP-P3-Video Streaming and Networking
	TP-P4-Shape Extraction and Analysis
	TP-P5-Watermarking IV
	TP-P6-Image/video Storage and Retrieval
	TP-P7-Wavelet Video Coding and Scalability II
	TP-P8-Image Modeling

	Wednesday, 27 October, 2004
	WA-S1-Content Understanding for Home Photograph and Vid ...
	WA-S2-Pattern Discovery in Real-world Broadcast Video
	WA-L1-Image Scanning, Display, and Printing I
	WA-L2-Image Formation I
	WA-L3-Stereoscopic and 3-D Coding &amp; Processing
	WA-L4-Image Coding I
	WA-L5-Source-Channel Coding I
	WA-P1-Motion Detection and Estimation: Optical Flow and ...
	WA-P2-Watermarking V
	WA-P3-Feature Extraction and Analysis I
	WA-P4-Image Segmentation: Level Set and Active Contour
	WA-P5-Transcoding
	WA-P6-Implementations and Systems
	WA-P7-Document Image Processing and Other Applications
	WA-P8-Biomedical Image Processing: Segmentation and Com ...
	WP-L1-Image Representation, Rendering, and Quality Asse ...
	WP-L2-Stereoscopic Image Processing and 3D Modeling
	WP-L3-Feature Extraction and Analysis II
	WP-L4-Image/Video Segmentation and Tracking
	WP-L5-Distributed Source Coding and Scalability
	WP-L6-Video Streaming
	WP-P1-Image Coding II
	WP-P2-Source-channel Coding II
	WP-P3-Stereoscopic and 3-D Coding
	WP-P4-Super-resolution and Mosaic
	WP-P5-Image Formation II
	WP-P6-Motion Detection and Estimation: Other Methods
	WP-P7-Watermarking and Cryptography
	WP-P8-Image Segmentation: Clustering and Statistical Me ...
	WP-P9-Image Scanning, Display, and Printing II

	Tutorials
	Plenary Sessions
	Special Sessions
	Table of Contents of Printed Proceedings

	Authors
	All Authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Papers
	All Papers
	Papers by Session
	Papers by Topics

	Topics
	1.1.1: Lossy coding
	1.1.2: Lossless coding
	1.1.3: Image compression standards
	1.2.1: DCT-based video coding
	1.2.2: Wavelet-based video coding
	1.2.3: Model-based video coding
	1.2.4: Scalability
	1.2.5: Transcoding
	1.2.6: Video compression standards
	1.2.7: Other
	1.3: Stereoscopic and 3-D Coding
	1.4: Distributed Source Coding
	1.5.1: Source/channel coding
	1.5.2: Networking
	1.5.3: Error resilience / concealment
	1.5.4: Video streaming
	1.5.5: Other
	2.1.1: Linear filtering
	2.1.2: Nonlinear filtering
	2.1.3: Level set and fast marching
	2.1.4: Partial differential equations
	2.1.5: Other filtering techniques
	2.2.1: Multiframe image restoration
	2.2.2: Contrast enhancement
	2.2.3: Deblocking / artifacts removal
	2.2.4: Deblurring
	2.2.5: Denoising
	2.2.6: Other restoration techniques
	2.2.7: Other enhancement techniques
	2.3.1: By edge
	2.3.2: By color
	2.3.3: By texture
	2.3.4: By multiple features
	2.3.5: By other features
	2.3.6: Active-contour / snake-based methods
	2.3.7: Clustering-based methods
	2.3.8: Model-fitting-based methods
	2.3.9: Statistical-classification-based methods
	2.3.10: Morphological-based methods
	2.3.11: Level-set-based methods
	2.3.12: Other segmentation methods
	2.4.1: Video object segmentation
	2.4.2: Temporal segmentation
	2.4.3: Video shot segmentation
	2.4.4: Tracking
	2.4.5: Other video segmentation techniques
	2.4.6: Other tracking techniques
	2.5: Morphological Processing
	2.6.1: Stereo image processing
	2.6.2: 3D modeling &amp; synthesis
	2.6.3: Other techniques
	2.7.1: Color
	2.7.2: Texture
	2.7.3: Shape
	2.7.4: Shading
	2.7.5: Other features
	2.8.1: Perceptual / human visual system
	2.8.2: Source modeling
	2.8.3: Noise modeling
	2.8.4: Other
	2.9.1: Face detection, recognition and classification
	2.9.2: Fingerprint analysis and coding
	2.9.3: Iris analysis
	2.9.4: Human activity, gait analysis, and gaze analysis
	2.9.5: Goal-oriented analysis tasks
	2.9.6: Other
	2.10.1: Interpolation
	2.10.2: Super-resolution
	2.10.3: Mosaic
	2.10.4: Registration / alignment
	2.10.5: Other techniques
	2.11.1: Block matching
	2.11.2: Optical flow
	2.11.3: Parametric model for motion estimation
	2.11.4: Change detection
	2.11.5: Camera calibration
	2.11.6: Other motion detection techniques
	2.11.7: Other motion estimation techniques
	2.12.1: Hardware and software co-design
	2.12.2: Embedded and real-time systems
	2.12.3: Paralleled and distributed systems
	2.12.4: Other system platforms
	3.1.1: Super-acoustic imaging
	3.1.2: Tomographic imaging
	3.1.3: Nuclear and x-ray imaging
	3.1.4: Magnetic resonance imaging
	3.1.5: Other
	3.2.1: Radar imaging
	3.2.5: Multispectral / hyperspectral imaging
	3.2.6: Other
	3.4: Optical Imaging
	3.5: Synthetic-Natural Hybrid Image Systems
	4.1: Scanning and Sampling
	4.2: Quantization and Halftoning
	4.3: Color Reproduction
	4.4: Image Representation and Rendering
	4.5: Display and Printing Systems
	4.6: Image Quality Assessment
	5.1: Image and Video Databases
	5.2.1: Low-level image indexing and retrieval
	5.2.2: Relevance feedback and interactive retrieval
	5.2.3: Content addressable browsing
	5.3.1: Video partition/shot detection
	5.3.2: Video features for retrieval
	5.3.3: Low-level video indexing and retrieval
	5.3.4: Semantic video retrieval
	5.3.5: Content summarization and editing
	5.4: Multimodality Image/Video Indexing and Retrieval
	5.5.1: Watermarking
	5.5.2: Cryptography
	6.1.1: Image segmentation and quantitative analysis
	6.1.2: Computer assisted screening and diagnosis
	6.1.3: Visualization
	6.1.4: Image compression
	6.1.5: Image registration and fusion
	6.2.1: Astronomy
	6.2.2: Geosciences
	6.2.3: Remote sensing
	6.2.4: Environment
	6.3: Document Image Processing and Analysis
	6.4: Other Applications

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using Acrobat Reader
	Configurations and Limitations

	About
	Copyright
	Current paper
	Presentation session
	Abstract
	Authors
	H. Ertan Cetingul
	Yucel Yemez
	Engin Erzin
	A. Murat Tekalp



