LNCS 3979

Thomas S. Huang Nicu Sebe
Michael S. Lew Vladimir Pavlovic
Mathias Kolsch Aphrodite Galata
Branislav Kisacanin (Eds.)

Computer Vision
in Human-Computer
Interaction

ECCV 2006 Workshop on HCI
Graz, Austria, May 2006
Proceedings

@ Springer



4-%] Thomas S. Huang Nicu Sebe

Michael S. Lew Vladimir Pavlovié
Mathias Kolsch Aphrodite Galata
Branislav Kisacanin (Eds.)

Computer Vision
in Human-Computer
Interaction

ECCV 2006 Workshop on HCI
Graz, Austria, May 13, 2006
Proceedings

MW

E200603584

@ Springer



Volume Editors

Thomas S. Huang
E-mail: huang @ifp.uiuc.edu

Nicu Sebe
E-mail: nicu@science.uva.nl

Michael S. Lew
E-mail: mlew @liacs.nl

Vladimir Pavlovié¢
E-mail: vladimir@cs.rutgers.edu

Mathias Kolsch
E-mail: kolsch@nps.edu

Aphrodite Galata
E-mail: a.galata@cs.man.ac.uk

Branislav Kisacanin
E-mail: b.kisacanin @ieee.org

Library of Congress Control Number: 2006925105

CR Subject Classification (1998): 1.4, 1.5, 1.3, H.5.2, K.4.2

LNCS Sublibrary: SL 6 — Image Processing, Computer Vision, Pattern Recognition,
and Graphics

ISSN 0302-9743
ISBN-10 3-540-34202-8 Springer Berlin Heidelberg New York
ISBN-13 978-3-540-34202-1 Springer Berlin Heidelberg New York

This work is subject to copyright. All rights are reserved, whether the whole or part of the material is
concerned, specifically the rights of translation, reprinting, re-use of illustrations, recitation, broadcasting,
reproduction on microfilms or in any other way, and storage in data banks. Duplication of this publication
or parts thereof is permitted only under the provisions of the German Copyright Law of September 9, 1965,
in its current version, and permission for use must always be obtained from Springer. Violations are liable
to prosecution under the German Copyright Law.

Springer is a part of Springer Science+Business Media
springer.com

© Springer-Verlag Berlin Heidelberg 2006
Printed in Germany

Typesetting: Camera-ready by author, data conversion by Scientific Publishing Services, Chennai, India
Printed on acid-free paper SPIN: 11754336 06/3142 543210



Lecture Notes in Computer Science

Commenced Publication in 1973
Founding and Former Series Editors:
Gerhard Goos, Juris Hartmanis, and Jan van Leeuwen

Editorial Board

David Hutchison
Lancaster University, UK

Takeo Kanade
Carnegie Mellon University, Pittsburgh, PA, USA

Josef Kittler
University of Surrey, Guildford, UK

Jon M. Kleinberg
Cornell University, Ithaca, NY, USA

Friedemann Mattern
ETH Zurich, Switzerland

John C. Mitchell
Stanford University, CA, USA

Moni Naor
Weizmann Institute of Science, Rehovot, Israel

Oscar Nierstrasz

University of Bern, Switzerland
C. Pandu Rangan

Indian Institute of Technology, Madras, India
Bernhard Steffen

University of Dortmund, Germany
Madhu Sudan

Massachusetts Institute of Technology, MA, USA
Demetri Terzopoulos

University of California, Los Angeles, CA, USA
Doug Tygar

University of California, Berkeley, CA, USA
Moshe Y. Vardi

Rice University, Houston, TX, USA
Gerhard Weikum

Max-Planck Institute of Computer Science, Saarbruecken, Germany

3979



Preface

The interests and goals of HCI (human-computer interaction) include under-
standing, designing, building, and evaluating complex interactive systems in-
volving many people and technologies. Developments in software and hardware
technologies are continuously driving applications in supporting our collabora-
tive and communicative needs as social beings, both at work and at play. At
the same time, similar developments are pushing the human—computer interface
beyond the desktop and into our pockets, streets, and buildings. Developments
in mobile, wearable, and pervasive communications and computing technologies
provide exciting challenges and opportunities for HCL.

The present volume represents the proceedings of the HCI 2006 Workshop
that was held in conjunction with ECCV 2006 (European Conference on Com-
puter Vision) in Graz, Austria. The goal of this workshop was to bring together
researchers from the field of computer vision whose work is related to human-—
computer interaction. We solicited original contributions that address a wide
range of theoretical and application issues in human-computer interaction.

We were very pleased by the response and had a difficult task of selecting only
11 papers (out of 27 submitted) to be presented at the workshop. The accepted
papers were presented in four sessions, as follows:

Face Analysis

— In their paper “Robust Face Alignment Based On Hierarchical Classifier
Network” authors Li Zhang, Haizhou Ai, and Shihong Lao build a hierarchi-
cal classifier network that connects face detection and face alignment into
a smooth coarse-to-fine procedure. Thus a robust face alignment algorithm
on face images with expression and pose changes is introduced. Experiments
are reported to show its accuracy and robustness.

— In “EigenExpress Approach in Recognition of Facial Expression using GPU”
authors Qi Wu, Mingli Song, Jiajun Bu, and Chun Chen present an efficient fa-
cial expression recognition system based on a GPU-based filter for preprocess-
ing and EigenExpress and Modified Hausdorft distance for classification.

— In “Face Representation Method Using Pixel-to-Vertex Map for 3D Model-
Based Face Recognition” authors Taehwa Hong, Hagbae Kim, Hyeonjoon
Moon, Yongguk Kim, Jongweon Lee, and Seungbin Moon describe a 3D face
representation algorithm to reduce the number of vertices and optimize its
computation time. They evaluate the performance of the proposed algorithm
with the Korean face database collected using a stereo-camera-based 3D face
capturing device.

— In “Robust Head Tracking with Particles Based on Multiple Cues Fusion”
authors Yuan Li, Haizhou Ai, Chang Huang, and Shihong Lao present a fully
automatic and highly robust head tracking algorithm that fuses the face cues
from a real-time multiview face detection with color spatiogram and contour
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gradient cues under a particle filter framework. Experiments show that this
algorithm is highly robust against target position, size, and pose change,
as well as unfavorable conditions such as.occlusion, poor illumination, and
cluttered background.

Gesture and Emotion Recognition

— In “Vision-Based Interpretation of Hand Gestures for Remote Control of a

Computer Mouse” authors Antonis A. Argyros and Manolis I. A. Lourakis
present a human—computer interaction system that is capable of recognizing
hand gestures and of interpreting them to remotely control a computer mouse.
This work is based on their previous work on 2D and 3D tracking of colored
objects. Two different gestural vocabularies are investigated, based on 2D and
3D hand information, respectively. Experiments are used to compare these
vocabularies in terms of efficiency, robustness, reliability, and ease of use.

In “Computing Emotion Awareness Through Facial Electromyography” au-
thors Egon van den Broek, Marleen Schut, Joyce Westerink, Jan van Herk,
and Kees Tuinenbreijer use coarse time windows to discriminate between
positive, negative, neutral, and mixed emotions. They use six parameters
(i.e., mean, absolute deviation, standard deviation, variance, skewness, and
kurtosis) of three facial EMGs: zygomaticus major, corrugator supercilii,
and frontalis. The zygomaticus major is shown to discriminate excellently
between the four emotion categories and, consequently, can facilitate em-
pathic HCI.

Event Detection

— In “Silhouette-Based Method for Object Classification and Human Action

Recognition in Video” authors Yigithan Dedeoglu, B. Ugur Téreyin, Ugur
Giidiikbay, and A. Enis Cetin present an instance-based machine learning
algorithm and a system for real-time object classification and human action
recognition which makes use of object silhouettes. An adaptive background
subtraction model is used for object segmentation. A supervised learning
method based on template matching is adopted to classify objects into classes
like human, human group, and vehicle, and human actions into predefined
classes like walking, boxing, and kicking.

In “Voice Activity Detection Using Wavelet-Based Multiresolution Spectrum
and Support Vector Machines and Audio Mixing Algorithm” authors Wei
Xue, Sidan Du, Chengzhi Fang, and Yingxian Ye present a voice activity
detection (VAD) algorithm and efficient speech mixing algorithm for a mul-
timedia conference. The proposed VAD uses MFCC of multiresolution spec-
trum as features and classifies voice by support vector machines (SVM).

In “Action Recognition in Broadcast Tennis Video Using Optical Flow and
Support Vector Machine” authors Guangyu Zhu, Changsheng Xu, Wen Gao,
and Qingming Huang present a novel approach to recognize the basic player
actions in broadcast tennis video where the player is only about 30 pixels
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tall. A new motion descriptor based on optical flow is proposed where the
optical flow is treated as spatial patterns of noisy measurements instead of
precise pixel displacements. Support vector machine is employed to train the
action classifier.

Applications

_ In “FaceMouse — A Human-Computer Interface for Tetraplegic People”
authors Emanuele Perini, Simone Soria, Andrea Prati, and Rita Cucchiara
propose a new human—machine interface particularly conceived for people
with severe disabilities (specifically tetraplegic people), that allows them
to interact with the computer. They have studied a new paradigm called
“derivative paradigm,” where the users indicate the direction along which the
mouse pointer must be moved. The system that uses this paradigm consists
of a common, low-cost webcam and a set of computer vision techniques
developed to identify the parts of the user’s face and exploit them for moving
the pointer.

— In “Object Retrieval by Query with Sensibility Based on the KANSEI-
Vocabulary Scale” authors Sunkyoung Baek, Myunggwon Hwang, Miyoung
Cho, Chang Choi, and Pankoo Kim propose the KANSEI-Vocabulary Scale
by associating human sensibilities with shapes among visual information.
They construct the object retrieval system for evaluation of their approach
and are able to retrieve object images with the most appropriate shape in
terms of the query’s sensibility.

We would like to thank the contributing authors and Springer’s LNCS team
for their help in preparation of the workshop proceedings. There would not be a
workshop to begin with had it not been for the invaluable help we received from
the Program Committee members (listed later in the book) and their careful
reviews of submitted papers. The review process has been facilitated by the
Conference Management Toolkit, a free service provided by Microsoft Research
(http://msrcmt.research.microsoft.com/cmt). We would also like to thank
the Chairs of the ECCV 2006 Conference in Graz, Austria, for their support and
help. Finally, we would like to thank our corporate sponsor, Delphi Corporation,
for generous support of the workshop.
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Robust Face Alignment Based on Hierarchical
Classifier Network

Li Zhang!, Haizhou Ai', and Shihong Lao?

! Department of Computer Science, Tsinghua University,
Beijing 100084, China
2 Sensing and Control Technology Lab, Omron Corporation,
Kyoto 619-0283, Japan
ahz@mail.tsinghua.edu.cn

Abstract. Robust face alignment is crucial for many face processing ap-
plications. As face detection only gives a rough estimation of face region,
one important problem is how to align facial shapes starting from this
rough estimation, especially on face images with expression and pose
changes. We propose a novel method of face alignment by building a
hierarchical classifier network, connecting face detection and face align-
ment into a smooth coarse-to-fine procedure. Classifiers are trained to
recognize feature textures in different scales from entire face to local
patterns. A multi-layer structure is employed to organize the classifiers,
which begins with one classifier at the first layer and gradually refines
the localization of feature points by more classifiers in the following lay-
ers. A Bayesian framework is configured for the inference of the feature
points between the layers. The boosted classifiers detects facial features
discriminately from its local neighborhood, while the inference between
the layers constrains the searching space. Extensive experiments are re-
ported to show its accuracy and robustness.

1 Introduction

Face alignment, whose objective is to localize the feature points on face im-
ages such as the contour points of eyes, noses, mouths and outlines, plays a
fundamental role in many face processing tasks. The shape and texture of the
feature points acquired by the alignment provide very helpful information for
applications such as face recognition, modeling and synthesis. However, since
the shape of the face may vary largely in practical images due to differences in
age, expression and etc, a robust alignment algorithm, especially against errant
initialization and face shape variation, is still a goal to achieve.

There have been many studies on face alignment in the recent decade, most
of which were based on Active Shape Model (ASM) and Active Appearance
Model (AAM), proposed by Cootes et al [1]. In all these improvements, local or
global texture features are employed to guide an iterative optimization of label
points under the constraint of a statistical shape model. Many different types
of features such as Gabor[2], Haar wavelet[3], and machine learning methods
such as Ada-Boosting[4, 5], k-NN[6] have been employed to replace the gradient
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feature and simple gaussian model in the classical ASM methods, improving
the robustness of the texture feature. Besides, different methods of optimization
such as weighted least-square(7, 8], statistical inference[9, 10] and optical flows[11]
have been carried out to improve the efficiency of convergence.

However, most of these methods do not pay much attention to the initializa-
tion of the alignment, which strongly affects the performance of the alignment.
As face detection algorithms only give a rough position of the face, it is often
difficult to estimate all the feature points properly in initialization, especially
for face images with expression and pose changes. With a bad initialization, the
iterative optimization of both ASM and AAM will be stuck in local minima, and
the alignment will fail.

To overcome this deficiency, we propose a novel method by building a hi-
erarchical local texture classifier network, connecting face detection and face
alignment into a smooth coarse-to-fine procedure. The algorithm is motivated
by the following idea: since the texture patterns of feature points are often dis-
tinctive from their neighboring non-feature texture, localization of these feature
textures can be considered as a pattern recognition task, like face detection task.
Considering the face detection as the coarsest texture classifier at the first layer,
a hierarchical structure can be settled to gradually refines the localization of
feature points by more classifiers in the following layers. A Bayesian framework
is configured for the inference of the feature points between the layers. Both the
classifiers in different scales and the inter-layer inference are helpful for avoiding
the local-minima problems.

There have been a previous work [5] trying to solve face alignment using
face detection technique. Boosted classifiers, which have been widely used to
recognize the face pattern, were introduced to recognize smaller texture patterns
for every facial feature point. Compared with this work, our method not only
employed boosted classifiers but also connect the face detection and alignment
organically, further clarifying the coarse-to-fine relation between the two tasks.

There are also some other previous works employing hierarchical approaches.
C.Liu et al.[10] introduced a hierarchical data driven Markov chain Monte Carlo
(HDDMCMC) method to deduce the inter-layer correlation, while F. Jiao et al.
(2] used Gabor wavelet in multi-frequency to characterize the texture feature.
Many other methods used a multi-resolution strategy in their implementations,
most of which simply take the alignment result in the low-resolution images as
the initialization for high-resolution images. Compared with these methods, our
method emphasizes both the inference of the inter-layer correlation and the local
texture model, so as to achieve both robustness and efficiency.

The rest of the paper is organized as follows: In Section 2, classifiers based on
boosted Haar-like feature are introduced to model the likelihood of feature tex-
ture patterns. In Section 3, hierarchical structure and algorithm of feature point
selection are presented to organize these classifiers, and a Bayesian framework is
configured for shape parameter inference between the layers. Extensive experi-
ments are reported in Section 4. Finally, conclusions are drawn in Section 5.
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2 Feature Texture Classifier

In order to localize the exact position of a feature point, its texture pattern
should be modeled. Classical ASM method only uses a vector of gradient per-
pendicular to the contour to represent the feature, and characterizes it with
Principle Component Analysis (PCA)[1]. Since this 1D profile feature and PCA
are too simple, the localization can fall into local minima. ’

In our work, to make the local texture model more discriminative against
non-feature texture patterns, we propose to learn the local texture classifiers
by boosting weak classifiers based on Haar-like rectangle features. The boosted
classifier is capable of capturing complicated texture pattern, such as human
faces [12] and facial features[5]. Through Real AdaBoost learning [13], sample
weights are adapted to select and combine weak classifiers into a strong one as,

T
conf(z) =Y hi(z) —b (1)

Thus, for each feature point ¢ we will have a strong classifier Conf;(z). Given a
feature pattern x, the strong classifier gives highly discriminative output values
which can detect the corresponding feature point.

The classifiers can be trained to recognize facial feature texture in different
scales from entire face to local patterns. And each classifier can be reinforced
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Fig. 1. (a),(b),(c) shows the confidence output of different methods around the feature
point of lower-lip (crosspoint in (d)). the outputs in (c) are very discriminative between
the ground truth position(center) and its neighborhood, while in (a) and (b) they are
ambiguous.
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by using a cascade of several classifiers [12]. For large pattern like entire face,
an exhaustive searching on the image can find any possible candidate of the
feature pattern by maximizing the likelihood output of the classifier. However,
for localization of small patterns like facial feature, the large image space will
make exhaustive searching time-consuming, and the output of classifiers would
not be reliable in such large space. Hence, it is also important to constrain the
searching space and maintain the geometry shape formed by the feature points,
which we will discuss in Section 3.

3 Hierarchical Classifier Network

To connect the task of face detection and face alignment,let us consider them as
two opposite bounds of a continuum (Fig.2). Shown on the left, the face detection
task can explore large image space to find face regions. Its advantage is the
high robustness against the complexity of background and the variation of face
texture, while the detailed facial feature points are not aligned accurately. On the
right, the face alignment task can localize each facial feature point accurately,
given a good initialization. Inspired by the observation, we propose a coarse-
to-fine structure combining the two tasks together to localize the facial shape
starting from simple face detection rectangle.

Coarse-to-fine continuum

_ in the scale and location of .
Face Detection: Face Alignment:

. texture pattern
® single large texture pattern ®  small texture patterns
® rough face localization ®  detailed face shape

Fig. 2. Continuum of Face Detection and Face Alignment

3.1 Hierarchical Structure

The facial shape denoted by a vector SUK) — [z1,y1,.-.,ZN,YnN], can be modeled
by shape pose parameter p, g, as

S =Ty(S+ U - p) (2)

where p is the parameter of the point distribution model constructed by PCA
with average shape S and eigenvectors U; T, (s) is the geometrical transformation
based on 4 parameters: scale, rotation, and translation [1].



Robust Face Alignment Based on Hierarchical Classifier Network 5

Given an image I as input, this coarse-to-fine procedure is illustrated in Fig.3:
At the first layer, one single classifier is trained as a face detector to localize the
central point (z.,y.), rotation angle § and size W of the face. The face size
is then normalized to L pixels in width, and p°,¢" are estimated through a
MAP (max-a-posterior) inference,

argomoaxp(x07y07 07 Wlpv q)P(pO)P(qO) (3)
rPY,q

Then for the following layers, k" layer for example, the further alignment task
is divided into several sub-tasks localizing the feature points defined by point
set S = [xgk),ygk)],i = 1..nk. And the geometry shape of S*) is modeled by
the parameters p(*) and ¢(®), as

Sk — 7A(k) ~Tq<k>(§+ U -p®) (4)

which represents the new feature points as a linear combination of original feature
points using A®*).

K™ layer

0" layer K" layer

0t"ayer p'@<¢(© are estimated from one classifier as a face detector;
kt"layer p™® ¢ are estimated from both the local search and plE=D k=1),
KtMayer p© ¢ are estimated, localizing all the feature points in S,
0t*layer p(®,¢® are estimated from one classifier as a face detector;
ktMayer p® ¢®) are estimated from both the local search and p(k‘l),q
K'"layer p(K),q(K) are estimated, localizing all the feature points in S

(k-1),
(K)_

Fig. 3. The hierarchical structure and coarse-to-fine procedure of face alignment

For each feature point in S(®) a classifier is trained with EL,C— X QI—JE sized rectangle
features to distinguish the feature from non-feature. We can find each feature
point independently by maximizing the corresponding likelihood output of the
classifier. However, not only the likelihood of the texture but also the geometry
shape of the feature points should be considered, and the feature point set should
be constrained by the parameter of the shape model. Therefore, to align the
face, the localization of the feature point set S*) can be formulated by Bayesian
inference given both the texture in this layer and the parameters estimated in
the previous layer, which is



