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ABSTRACT

We propose a robust face alignment algorithm with a
novel discriminative local texture model. Different from
the conventional descriptive PCA local texture model in
ASM, classifiers using LUT-type Haar-like features are
trained from a large data set as local texture model. The
strong discriminative power of the classifier greatly
improves the accuracy and robustness of local searching
on faces with expression variation and ambiguous
contours. A Bayesian framework is configured for shape
parameter optimization and the algorithm is implemented
in a hierarchical structure for efficiency. Extensive
experiments are reported to show its accuracy and
robustness.

1. INTRODUCTION

Face alignment, whose objective is to localize the feature
points on face images such as the contour points of eye,
nose, mouth and outline, is essential to many face
processing applications including face recognition,
modeling and synthesis. Extensive research has been
conducted on face alignment in recent decade. Active
Shape Model (ASM) and Active Appearance Model
(AAM), proposed by Cootes et al [1], are two popular
face alignment methods.

Both of ASM and AAM use a point distribution model
to parameterize a face shape with PCA method, but their
feature model and optimization strategy are different.
ASM method introduces a 2-stage iterative algorithm: 1)
given the initial labels, searching for a new position for
every label point in its local neighbors, which best fits the
corresponding local 1-D profile texture model; 2)
interpreting the shape parameters which best fit these new
label positions. AAM differentiates itself from ASM with
its global appearance model, which is used to directly
conduct the optimization of shape parameters. Due to the
different optimization criteria, ASM performs more
accurately on shape localization, and is relatively more
robust to illumination and bad initialization. In this paper,
we focus our work on ASM method.
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Since ASM only uses a 1-D profile texture feature,
which is not sufficient to distinguish feature points from
their neighbors, the ASM algorithm often suffers from
local minima problem in the local searching stage. Many
more representative texture features and more dis-
criminative pattern recognition methods are introduced to
reinforce the ASM local searching, such as Gabor wavelet
[2], Haar wavelet [3], Ranking-Boost [4] and Fisher-
Boost [5], etc. However, face alignment with an accurate
local texture model, which can be generalized to large
data sets, is still an unachieved goal for practical use.

To overcome the problem, in this paper, we propose a
robust ASM method with a novel boosted local texture
model learned from a very large set by Real AdaBoost [6]
based on LUT-type Haar-like features [8], which has been
proved to be very effective in face detection area.

The rest of the paper is organized as follows: In
Section 2, local texture model with very strong
discrimination power is introduced. In Section 3, a
Bayesian framework is configured for shape parameter
optimization and is implemented in a hierarchical
structure for efficiency. Experiments are reported in
Section 4. Finally, conclusions are given in Section 5.

2. LOCAL TEXTURE MODEL

The classical ASM method characterizes its 1-D profile
texture model normal to the contour with Principle
Component Analysis (PCA). However, since PCA didn’t
consider discriminative criterions between positive
samples (feature points) and negative samples (none
feature points, its neighbors), the result of local searching
stage often falls into local minima.

In order to distinguish feature points from non-feature
points, which is critical to diminish the effects of local
minima problem, we propose to learn a local texture
classifier by boosting a 2-D Haar-like feature over a large
training set. This kind of boosted classifier has been
proven to be robust and efficient in face detection
research.

The LUT-type weak classifiers used here are
constructed based on 2-D Haar-like features, which
correspond to simple rectangle patches and can be
calculated efficiently using the integral image [7]. They
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Figure 1. (2),(b),(c) shows the confidence by different
methods around the feature point of lower-lip (cross
point in (d)). (c) successfully distinguishes the feature
point(center) from its neighbor while (a) and (b) not
discriminative enough.

are extension to original threshold-type classifiers in a
finer scale that can greatly improve learning performance
[8].

For each feature point, we define the region of interest
as a [-16,16]x[-16,16] window centered at the feature

point. Positive samples are collected from image points
within a [-2,2]x[-2,2] sub-window at the center, while
negatives are sampled randomly out of the sub-window
within the region of interest. Then through Real AdaBoost
learning [6], sample weights are adapted to select and
combine weak classifiers into a strong one which outputs
a confidence value with very high discrimination power
on the corresponding feature point:

conf (x) = ZT: h(x)—-b

In order to illustrate the discrimination power of
different methods, the confidence outputs around the
feature point of lower-lip as its neighborhood are
compared between the classical ASM’s 1-D profile
feature [1], a Gabor wavelet based feature [2] and our
boosted classifier in Figure 1. The origin of (a) (b) (c)
corresponds to the cross point of two axis in (d), which is
the ground truth position of the feature point. It shows that
the boosted feature has a more discriminative confidence
than the other two between ground truth position and its
neighbors.
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Based on the boosted classifier, a local searching
procedure will find a maximal confidence around the
current label point to be the new feature position. To
constrain all the new positions under a global shape model,
a shape parameter optimization stage is followed in the
next section.

3. SHAPE PARAMETER OPTIMIZATION

Suppose label S is a sequence of the label points in the
image / , which is modeled by parameter p and ¢, as

S=T(S+U-p) G.1)
where p represents parameter of the point distribution

model constructed by PCA, S is the average shape and
U is the matrix of first k leading eigenvectors; 7q(S)is

the geometrical transformation based on 4 parameters:
scale, rotation, and translation.

The objective of shape parameter optimization can be
represented in a Bayesian framework [4], as a maximum
posterior probability problem:

[p,q]= argmax P(S|I)
§=T,(S+U-p) (32)
=argmax P(I/|S)P(S)
p.q

where the prior probabilistic distribution in shape
parameter subspace P(S) can be modeled as a Gaussian
distribution from PCA construction. And the likelihood of
image texture P(/|S) can further decomposed into
independent local likelihood functions of every feature
point, which can be assumed to be Gaussian functions

centered at the new positions acquired in local searching
stage. Thus, the optimization is represented as:
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where [xl. Vs J is the corresponding local search result.

The optimization (3.3) can be solved with Gauss-
Newton method efficiently. However, the Gaussian
assumption of local likelihood function may fail in the
case of large expression variation and ambiguous contour
whose local texture likelihood has multi-peaks (Figure 1
(c)). To extend the range of convergence and improve the
computation efficiency, a hierarchical structure similar to
that in [9] is adopted. A 3-level pyramid is built by down
sampling the image. Starting from the lowest resolution,
the face shape represented by only 1/4 feature points is
optimized. Sequentially, the result is refined in the higher
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Figure 2. Comparison of classical ASM, Gabor ASM and Real AdaBoost ASM

and highest resolution, with 1/2 and all feature points
respectively.

5. EXPERIMENTS

Experiments have been conducted on a very large data set
consisting of 2,000 front face images including male and
female aging from child to old people, many of which are
with exaggerated expressions such as open mouths, closed
eyes, or have ambiguous contours especially for old
people. The average face size is about 180x180 pixels.
We randomly chose 1,600 images for training, and the
rest 400 images for testing. The face shape model is made
up of 87 feature points, and for each feature point a Real-
Adaboost classifier combining 50 weak classifiers is
trained. The algorithm was also tested for real-time
application on a desktop video from a normal web camera.

For comparison, classical ASM and ASM with Gabor
wavelet feature method [2] were implemented and trained
on the same training set.

5.1. Accuracy

The accuracy is measured with relative pt-pt error, which
is the point-to-point distance between the alignment result
and the ground truth divided by the distance between two
eyes. The feature points were initialized by a linear
regression from 4 eye corner points and 2 mouth corner
points of the ground truth. After the alignment procedure,
the errors were measured.

The distributions of the overall average error are
compared in Figure 2 (a). It shows that our method
outperforms the other two. The average errors of the 87
feature points are compared separately in Figure 2 (b).
The x-coordinates, which represent the index of feature
points, are grouped by organ. It shows that the
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improvement of our methods is mainly on feature points
of mouth and contour.

5.2. Robustness
To measure the robustness of our method, we initialized
the feature points with a -40 to 40 displacement in x-
coordinate from the ground truth when average distance
between two eyes is about 87 pixels, and the variation of
overall average error was calculated and shown in Figure
2 ().

Additional comparison of alignment results on images
with large expression variations from Purdue AR [10] out
of the training/testing set are shown in Figure 3.

5.3. Efficiency

The average execution time is listed in Table 1. All the
tests are carried out on an Intel PIV-3G PC. The classical
ASM is the fastest since its computation of local texture
model is very simple. Our method is a little slower but is
still comparable with the classical ASM. The Gabor-ASM
takes much more time.

Table 1. The average execution time per iteration
(a two-stage process)

Algorithm | Classical | Gabor | Real-AdaBoost
Tlme per 2ms 567ms 46ms
1teration

On smaller faces (100x100 pixels), our method can
achieve a real-time performance for desktop face video
using a web camera in case that 6 feature points
(eye/mouth corners) are manually initialized at the first
frame and then on each sequential frame the labels are
initialized with the alignment result of the previous frame.
The program can run at a speed of about 10 frames per
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Figure 3. Comparison on images with large expression variation

second, and it is relevantly robust to the variation in pose,
see some results in Figure 4.

6. CONCLUSION

In this paper, we proposed a robust face alignment
algorithm with a novel local texture model. Instead of
modeling a local feature descriptively, a classifier is
learned from its texture patterns against its neighbor ones
as a local texture model. The classifier is of great benefit
to the local searching of feature points because of its
strong discriminative power. The generality and
robustness of the boosting method guarantee the
performance especially considering illumination, express-
ion and pose changes. Therefore, compared with existing
ones achieving their models in relative small training sets,
our method is more promising in practical applications.

7. AKNOWLEDGEMENTS

This work is supported mainly by a grant from OMRON
Corporation. It is also supported in part by National
Science Foundation of China under grant No.60332010.

8. REFERENCES

[1] T. F. Cootes, Statistical models of appearance for computer
vision, online technical report available from
http://www.isbe.man.ac.uk/ bim/refs.html, Sept. 2001.

[2] Feng Jiao, Stan Li, Heung-Yeung Shum, Dale Schuurmans,
Face alignment using statistical models and wavelet features,
Proceedings of IEEE Conference on CVPR, pp. 321-327, 2003.
[3] Fei Zuo, Peter H.N. de With, Fast facial feature extraction
using a deformable shape model with Haar-wavelet based local
texture attributes, Proceedings of IEEE Conference on ICIP, pp.
1425-1428, 2004.

11-357

[4] Shuicheng Yan, Mingjing Li, Hongjiang Zhang, Qiansheng.
Cheng, Ranking prior likelihood distributions for Bayesian

Figure 4. Desktop face video tracking

shape localization framework, Proceedings of IEEE Conference
on ICCV, pp. 51-58, 2003.

[5] Jilin Tu, Zhenqiu Zhang, Zhihong Zeng, Tomas Huang, Face
localization via hierarchical CONDENSATION with Fisher
Boosting feature selection, Proceedings of IEEE Conference on
CVPR, pp. 719-724, 2004.

[6] R. E. Schapire and Y. Singer, Improved Boosting Algorithms
Using Confidence-rated Predictions, Machine Learning, 37,
1999, pp. 297-336.

[7] P. Viola and M. Jones, Rapid Object Detection using a
Boosted Cascade of Simple Features, Proceedings of IEEE
Conference on CVPR, pp.511-518, 2001.

[8] Chang Huang, Bo Wu, Haizhou Ai, and Shihong Lao,
Omini-directional face detection based on Real-Adaboost,
Proceedings of IEEE Conference on ICIP, pp. 593-596, 2004.
[9] Ce Liu, Heung-Yeung Shum, and Changshui Zhang,
Hierarchical Shape Modeling for Automatic Face Localization,
Proceedings of ECCV, pp.687-703, 2002.

[10] http://rvll.ecn.purdue.edu/~aleix/aleix_face db.html



	Index
	ICIP 2005 Home
	Conference Info
	Welcome Message
	Welcome to Genova
	Tech. Pogram Overview
	Sponsors
	Committees
	Venue Access
	Special Info
	Social Activities
	Exhibits
	Submission Statistics
	EDICS
	Call for papers ICIP 06

	Sessions
	Monday, 12 September, 2005
	MonAmOR1-Biomedical Image Segmentation, Analysis and As ...
	MonAmOR2-Interpolation, Super Resolution, Mosaicing and ...
	MonAmOR3-Wavelet and multiresolution Coding 1
	MonAmOR4-Denoising-1
	MonAmOR5-Optical Flow and Transforms/Models for Motion  ...
	MonAmPO1-Video Streaming and Networking
	MonAmPO2-Watermarking-1
	MonAmPO3-Active Contours and Statistical Methods for Se ...
	MonAmPO4-Object Recognition-1
	MonAmPO5-Image Rendering and Quality Assessment
	MonAmPO6-Wavelets and Filter Banks-1
	MonAmPO7-Low-Level Indexing and Retrieval of Images
	MonAmPO8-Image and Video Coding
	MonPmSS1-Interactive Representation of Still and Dynami ...
	MonPmOR1-Remote Sensing Imaging and Processing
	MonPmOR2-Watermarking and Authentication
	MonPmOR3-Video Object Segmentation and Tracking
	MonPmOR4-Wavelets and Filter Banks-2
	MonPmOR5-Error Resilience and Concealment 1
	MonPmPO1-Distributed Coding and Transcoding
	MonPmPO2-Super Resolution
	MonPmPO3-Deblurring and Contrast Enhancement
	MonPmPO4-Watermarking-2
	MonPmPO5-3D Modeling and Synthesis
	MonPmPO6-Block Matching and Change Detection
	MonPmPO7-Computer Assisted Screening and Biomedical Ima ...
	MonPmPO8-Semantic Indexing &amp; Relevance-Feedback App ...

	Tuesday, 13 September, 2005
	TueAmSS1-Display Algorithms: Image Processing for New F ...
	TueAmOR1-Multimodal Biometrics: Fingerprints,Gait and G ...
	TueAmOR2-Artifacts Compression Removal and Multiframe I ...
	TueAmOR3-Stereo and 3D Modeling and Processing
	TueAmOR4-Image Filtering-1
	TueAmOR5-Video Networking
	TueAmPO1-Remote Sensing
	TueAmPO2-Image Coding 1
	TueAmPO3-Video Coding 1
	TueAmPO4-Face Detection and Characterization
	TueAmPO5-Video Object Segmentation &amp; Tracking
	TueAmPO6-Source and Image Modeling
	TueAmPO7-Document Image Processing
	TueAmPO8-Cultural Heritage and Video Surveillance
	TueAmPO9-Color Processing and Image Segmentation
	TuePmSS1-Distributed Video Coding
	TuePmOR1-Color &amp;Multi/Hyper Spectral Image Processi ...
	TuePmOR2-Lossless Image Coding
	TuePmOR3-Deblurring, Denoising and Contrast Enhancement
	TuePmOR4-Active Contours and Level-Set-Based Methods
	TuePmOR5-Object Recognition-2
	TuePmPO1-Video Coding 2
	TuePmPO2-Face Recognition and Classification
	TuePmPO3-Interpolation
	TuePmPO4-Image/Video Restoration and Artifacts Removal
	TuePmPO5-Authentication, Criptography, Stegananalysis
	TuePmPO6-Camera Calibration and Stereo/3D Processing
	TuePmPO7-Clustering &amp; Model-Fitting-Based Segmentat ...
	TuePmPO8-Biomedical Image Segmentation and Quantitative ...
	TuePmPO9-Image Modeling

	Wednesday, 14 September, 2005
	WedAmSS1-Multi-View Image Processing and Its Applicatio ...
	WedAmOR1-Image Coding 2
	WedAmOR2-Forensics, Authentication and Steganalysis
	WedAmOR3-Change Detection and Object Tracking
	WedAmOR4-Perceptual Human Vision System and Image Model ...
	WedAmOR5-Content-Based Image and Video Retrieval
	WedAmPO1-Wavelet and Multiresolution Coding 2
	WedAmPO2-Multimodal Biometrics: Fingerprints, Gait, and ...
	WedAmPO3-Denoising-2
	WedAmPO4-Stereo Image Processing
	WedAmPO5-Image Segmentation for Image and Video Analysi ...
	WedAmPO6-Image/Video Processing Applications
	WedAmPO7-Image Filtering-2
	WedAmPO8-Biomedical Imaging and Processing
	WedAmPO9-Scalability and Transcoding
	WedPmSS1-Adaptive Wireless Video Streaming
	WedPmOR1-Biomedical Imaging
	WedPmOR2-Face Detection, Recognition and Classification
	WedPmOR3-3D Image/Video Modeling
	WedPmOR4-Image Segmentation
	WedPmOR5-Video surveillance
	WedPmPO2-Error Resilience and Concealment 2
	WedPmPO3-Color Processing
	WedPmPO4-Hardware: Embedded Real Time Systems, Hw/Sw Co ...
	WedPmPO5-Transform Based and Parametric Motion Models
	WedPmPO6-Registration and Mosaicing/ Segmentation
	WedPmPO7-Perceptual/Human Visual System Modeling and Ev ...
	WedPmPO8-Content-Based Retrieval Applications
	WedPmPO1-Optical Flow and Motion Detection/Recognition

	Plenary Sessions
	Special Sessions
	Tutorials

	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
	Ö

	Papers
	Papers by Session
	All papers
	Papers by Topic
	Table of Contents

	Topics
	MOD-a Perceptual / human visual system
	MOD-b Source modeling
	MOD-c Binary and morphological image modeling
	MOD-d Noise modeling
	MOD-e Data fusion
	MOD-f Other
	FLT-a Linear filtering
	FLT-b Rank and morphological filtering techniques
	FLT-c Partial differential equations
	FLT-d Other
	MRP-a Wavelets
	MRP-b Filter banks
	MRP-c Scale-space
	MRP-d Other
	SEG-a Edge or color segmentation
	SEG-b Texture segmentation
	SEG-c Active-contour and Level-set-based methods
	SEG-d Morphological-based methods
	SEG-e Clustering-based methods
	SEG-f Model-fitting-based methods
	SEG-g Statistical methods
	SEG-h Video object segmentation and tracking
	SEG-i Video shot/scene segmentation
	SEG-j Other
	RST-a Contrast enhancement
	RST-b Deblurring
	RST-c Denoising
	RST-d Compression artifacts removal
	RST-e Multiframe image restoration
	RST-f Other
	COD-a Lossy image coding
	COD-b Lossless image coding
	COD-c Image compression standards
	COD-d DCT-based video coding
	COD-e Wavelet-based video coding
	COD-f Model-based video coding
	COD-g Object-based video coding
	COD-h Scalability
	COD-i Transcoding
	COD-j Video compression standards
	COD-k Distributed Source Coding
	COD-l Other
	SRE-a Low-level indexing and retrieval of images
	SRE-b Semantic indexing and retrieval of images
	SRE-c Relevance feedback and interactive retrieval
	SRE-d Browsing and navigation
	SRE-f Video features extraction for retrieval
	SRE-g Content summarization and editing
	SRE-h Video event detection
	SRE-i Machine Learning for image and video Classificati ...
	SRE-j Other
	SEC-a Authentication
	SEC-b Watermarking
	SEC-c Cryptography
	SEC-d Steganography and Steganalysis
	SEC-e Forensics
	SEC-f Other
	SDP-a Scanning and Sampling
	SDP-c Color Reproduction
	SDP-d Image Representation and Rendering
	SDP-e Display and Printing Systems
	SDP-f Image Quality Assessment
	COL-a Color processing
	COL-b Multispectral processing
	COL-c Hyperspectral processing
	COL-d Other
	ISR-a Interpolation
	ISR-b Super-resolution
	ISR-c Mosaicing
	ISR-d Registration / alignment
	ISR-e Other
	MDE-a Block matching
	MDE-b Optical flow
	MDE-c Transform based approaches
	MDE-d Parametric models for motion estimation
	MDE-e Change detection
	MDE-f Other
	STE-a Stereo image processing
	STE-b 3D modeling &amp; synthesis
	STE-c Camera calibration
	STE-d Stereoscopic and 3-D Coding
	STE-e Other
	COM-a Source/channel coding
	COM-b Networking
	COM-c Error resilience / concealment
	COM-d Video streaming
	COM-f Other
	BMT-a Face detection, recognition and classification
	BMT-b Fingerprint analysis and coding
	BMT-c Iris analysis
	BMT-d Human activity, gait, and gaze analysis
	BMT-e Other
	BMI-a Super-acoustic imaging
	BMI-b Tomography
	BMI-c Radionucleide and x-ray imaging
	BMI-d Magnetic resonance imaging
	BMI-e Biomedical image segmentation and quantitative an ...
	BMI-f Computer assisted screening and diagnosis
	BMI-g Visualization of biomedical data
	BMI-h Biomedical image compression
	BMI-i Biomedical image registration and fusion
	BMI-j Molecular and cellular bioimaging
	BMI-k Other
	GEO-a Remote Sensing Imaging
	GEO-b Radar imaging
	GEO-f Multispectral / hyperspectral imaging
	GEO-g Geophysical and Seismic Imaging
	GEO-h Other
	HDW-a Hardware and software co-design
	HDW-b Embedded and real-time systems
	HDW-c Paralleled and distributed systems
	HDW-d Other
	OTH-b Synthetic-Natural Hybrid Image Systems
	OTH-c Document Image Processing and Analysis
	OTH-e Video surveillance
	OTH-f Object recognition
	OTH-g Other

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

	Copyright
	About
	Current paper
	Presentation session
	Abstract
	Authors
	Li Zhang
	Haizhou Ai
	Shengjun Xin
	Chang Huang
	Shuichiro Tsukiji
	Shihong Lao



