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Abstract

Using 3D Morphable Models for 3D Photo-realistic Personalized Avatars and 2D

Face Recognition
by

Dianle ZHOU
Doctor of Philosophy in Informatique

TELECOM & Management SudParis and 1’Université d’Evry—Val d’Essonne

Dr. Dijana Petrovska-Delacrétaz and Prof. Bernadette Dorizzi

In the past decade, 3D statistical face model has received much attention by
both the commercial and public sectors. It can be used for face modelling for photo-
realistic personalized 3D avatars and for the application 2D face recognition technique
in biometrics. This thesis describes how to achieve an automatic 3D face reconstruction
system that could be helpful for building photo-realistic personalized 3D avatars and for
2D face recondition with pose variability.

The first systems we propose Combined Active Shape Model for 2D frontal
facial landmark location and its application in 2D frontal face recognition in degraded
condition. We extend the original Active Shape Model by using the SIFT descriptor as
a new local texture model and split the facial landmarks in facial internal region and fa-
cial contour landmarks. The experimental results show that proposed Combined Active
Shape Model algorithm is more robust for eyes and mouth center localization in more
challenging lighting conditions, and also where some pose and expressions variabilities

are presented.

The Second proposal is 3D Active Shape Model (3D-ASM) algorithm which
is presented to automatically locate facial landmarks from different views. By taking
advantage of 3D scans of face as training data, we propose to exploit 3D statical shape
models and projective geometry across different views. The experimental results show
that our proposed algorithm based on automatically generated training landmarks gives

better performances than Combined Active Shape Model when large pose variation is



presented .

The third contribution is to use biomatrix data (2D images and 3D scan ground
truth ) for quantitatively evaluating the 3D face reconstruction. During the experiment,
the proposed two automatic facial landmark location algorithms are used to initialize
our automatic 3D face reconstruction on the IV2 Multimodal Biometric Database and

the results are compared with manual landmarks.

Finally, we address the issue of automatic 2D face recognition across pose.
We follow the strategy proposed by Blanz et al.(Blanz 2003), which based on 3D face
reconstruction, but using the 3D Active Shape Model landmark detector to automatic
initialize the system. The 3D Morphable Model was used as a tool for correcting the
pose of 2D images prior to presenting them to a face recognition algorithm. Experiments
on the PIE database showed that the approaches proposed for pose correction improved
the performance of a state of the art 2D face recognition algorithm when non frontal
images were used on a system trained with near frontal images only. Although the
experiment results are not out performance of the state of the art algorithm, but we have
demonstrated in this chapter that we have studied in detail a version of an automated
3D Morphable Model based face recognition algorithm and discussed the issues related

to its success and failure.
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Chapter 1

Introduction



Human faces play an important role for face recognition, video games and
animated movies. Faces are associated to people, who are related to key events and
key activities happening from all over the world. There are many applications using
face information as the key ingredient, for example, video mining, video indexing and
retrieval, person recognition and so on. However, face appearance in real environments
exhibits many variations such as pose changes, facial expressions, aging, illumination
changes, low resolution and occlusions, making it difficult for current state-of-the-art
face processing techniques to obtain satisfactory results in all these various conditions.

Using the face for recognition has a crucial advantage, since in principle it re-
quires no cooperation of the subject to be identified. Also, face recognition research and
technology have become increasingly important for better security scenario. Face recog-
nition systems are useful for access control in controlled applications; however significant
improvements in the technology are still required before it finds its way into everyday
activities, such as identity checks on automated teller machines (ATMs) or recognis-
ing offenders from public video surveillance. Furthermore, on the recently introduced
biometric passports scheme by the International Civil Aviation Organization (ICAO)!,
face recognition was selected as the global interoperable biometrics for machine-assisted
identity confirmation after rating highest in terms of compatibility with key operational
considerations of the scheme.

Another application of face processing is the field of face modelling for photo-
realistic personalized representations. Modelling the behaviour of human face in some
situations, or the effects on human face within some controlled environment is among
the first useful areas that come to mind considering the necessity of computer generated
and animated human face models. The film industry is also using related techniques
with scenes that would be very dangerous or impossible to film with real actors.

As the face is so important for communication and the human brain is very
talented to recognize, it’s realistic and detailed animation becomes a research area in
computer graphics. We can see the results such as human body animations and talking
heads. The animation of the face is mainly producing realistic facial expressions on the
digital face model.

There are 2D and 3D face processing systems. In order to exploit the real

Lwww.icao.int



structure of the face, 3D data is more suitable, since the 3D nature of human face.
Using 3D systems is more robust to the most critical factors limiting performance:
illumination and pose variation compared to 2D system. Advantages for 3D based face

processing systems are the following:

e The light collected from a face is a function of the geometry of the face, the albedo
of the face, the properties of the light source and the properties of the camera.
Given this complexity, it is difficult to develop models that take all these variations
into account. Training using different illumination scenarios as well as illumination
normalization of 2D images has been used, but with limited success. In 3D images,
variations in illumination only affect the texture of the face, yet the captured facial

shape remains intact.

e Another differentiating factor between 2D and 3D face processing is the effect
of pose variation. In 2D images effort has been put into transforming an image
into a canonical position. However, this relies on accurate landmark placement
and does not tackle the issue of occlusion. Moreover, in 2D this task is nearly
impossible because of the projective nature of 2D images. To circumvent this
problem it is possible to use more different views of the face. This, however,
requires a large number of 2D images from many different views to be collected.
An alternative approach to address the pose variation problem in 2D images is
either based on statistical models for view interpolation or on the use of generative
models. Other strategies include sampling the plenoptic function of a face using
light field techniques. Using 3D images, this view interpolation can be simply

solved by re-rendering the 3D face data with a new pose.

But the 3D based system have their own problems compared to the 2D based

systems:

e First is the acquisition, depending on the sensor technology used, where only parts
of the face with high reflectance may introduce artefacts under certain lighting on
the surface. The overall quality of 3D image data collected using a range camera is
perhaps not as reliable as 2D image data, because 3D sensor technology is currently

not as mature as 2D sensors’ technology.



e Another disadvantage of 3D face processing techniques is the cost of the hardware.
3D capturing equipment is getting cheaper and more widely available but its price
is still significantly higher compared to a high resolution digital camera. Moreover,

the current computational cost of processing 3D data is higher than for 2D data .

e Finally, one of the most important disadvantages of 3D face system is the fact
that 3D capturing technology requires cooperation from a subject. As mentioned
above, lens or laser based scanners require the subject to be at a certain distance
from the sensor. Furthermore, laser scanners require few seconds of complete
immobility, while a traditional camera can capture images from far away with no

cooperation from the subjects.

In order to exploit this 3D structure in different applications, building a statistic
3D face model is a good choice. Once we obtain such 3D face models they can be used

in different ways:

e 2D face recognition: A key example in the 2D face reconstruction using
3D statistical face model from single 2D image is the work from Blanz and Vet-
ter(1999) [9]. But a lot of manual operations are needed. Such 3D models can
be exploited in a generative way: thay can generate new synthesized 3D faces.
We can used those 3D faces to train 2D landmark detectors which are robust to
pose variation in order to avoid manual labelling of landmarks for better 2D face
recognition. This is important for application where automatic facial landmarks
detection and face recognition systems are needed. In chapter 5, we are trying to
solve 2D face recognition problem with the priori of 3D knowledge of face. One
challenging problem in 2D face recognition is the large pose variation on the face
images. One way to solve this problem is the technique by Blanz et al. The
human faces can be treated as a manifold surface in a 3D space. The 3D Mor-
phable Model (3DMM) for face image synthesis and face recognition is developed
by Blanz et al. [9, 10]. One advantage of the 3D morphable face model is that it
can easily handle variations on pose and illumination instead of 2D models. The
variance of pose and illumination is always an obstacles for face recognition in 2D
space. Another advantage of the 3D Morphable Model is that a 3D face surface

is extracted from a single 2D face image, which avoids expensive 3D face/head



scan. Face recognition uses the shape and texture parameters of the model, which
represent intrinsic information of faces. We can exploit 3D Morphable Model to
reconstructed the 2D frontal image from the 2D nonfrontal image by using the

priori of 3D knowledge of face.

e Photorealistic personalized representation: The 3D realistic avatar recon-
struction (i.e. automatic 3D face reconstruction from a 2D image) is a research
area overlapping with computer vision, computer graphics, machine learning and
Human-Computer Interaction (HCI). 3D face processing techniques are useful for
(1) extracting information about the person’s identity, motions and states from
images of face in arbitrary poses; and (2) visualizing information using synthetic
faces for more natural human computer interaction. A general statement of the
problem of 3D photorealistic personalized representation reconstruction can be
formulated as follows: given still 2D image of a scene, the face is extracted from
the image and reconstructed to be rotated and manipulated in 3D. The solution
to the problem involves segmentation of faces (i.e. face detection) from clustered
scene and localization of landmark points from face regions. This step contains
the procedure of initialization of the 3D generic face model on the 2D image. In
3D face reconstruction step, the 3D statistic face model are modelled from mea-
surements of faces, such as 3D range scanner data (i.e. 3D scans, 3D geometry
and texture of neutral face) or images (i.e. 2D images or stereo images). Then,
the 3D statistic face model is deformed according to the face in the 2D image to

reconstruct a 3D face.

We are interested in this thesis in the reconstruction of 3D realistic face avatar from a
2D image. Given a single photograph of a face, we would like to estimate its 3D shape
and texture by using 3D Morphable Model, its orientation in space and the illumination
conditions of the scene. The face model created from the image can be then rotated and
manipulated in 3D.

All the previous statements show the usefulness of 3D statistic model for face
processing for a bunch of different applications. And it is also an actual problem and
new proposal for quantitative evaluation on 3D face reconstruction are needed. In this

thesis we evaluate the 3D face reconstruction in two different ways:



1.1. THESIS OUTLINE 6

e Quality evaluation: Taking the image and the 3D scan from the same subject,
the 3D reconstruction precision could be evaluated by computing the geometric
distance between the reconstructed 3D face and the ground truth (3D scan from

the same subject).

e Indirect evaluation: The 3D face reconstructed algorithm also could be evaluated
by 2D face recognition. As we discussed before, the 3D Morphable Model based
3D face reconstruction could be exploited to solve the 2D face recognition across
pose problem. The better 3D face reconstruction precision we can achieved the

better face recognition performance we can obtain.

1.1 Thesis Outline

This thesis is organised as follows: Chapter 2 presents the proposed Combined
Active Shape Model for 2D frontal facial landmark location and its application in 2D
frontal face recognition in degraded condition. In Chapter 3, we study the 2D facial
landmark location on nonfrontal images, and details about the new construction, train-
ing and fitting of the proposed 3D Active Shape Model are given. It can be used for the
initialization step for the automatic 3D face reconstruction. Since the training data of
the 3D Active Shape Model are generated from the 3D Morphable Model, using it for
initialization could benefit the 3D face reconstruction. In Chapter 4, our automatic 3D
face reconstruction method is quantitatively evaluated with IV? multimodel biometric
database [50], by exploiting both 3D scans and 2D images. In Chapter 5, the method-
ology of using the 3D Morphable Model to solve the 2D face recognition across pose
problem is studied. The final chapter concludes the work of the thesis, and highlights

directions for future work.



Chapter 2

Automatic 2D Facial Landmark
Location with a Combined Active
Shape Model and Its Application

for 2D Face Recognition



2.1. INTRODUCTION 8

2.1 Introduction

Finding the correct position of facial landmarks (key points) is a crucial step
for many face processing algorithms such as face recognition, modelling or tracking.
It is also needed for a variety of statistical approaches in which a model is built from
a set of labelled examples. Also many 2D face recognition algorithms depend on a
careful geometric normalization, with the location of landmarks such as eyes and mouth
centres, that is previous to the global feature extraction step. With more reliable and
more precise landmarks better face recognition performance is achieved.

Depending on the application context, face recognition can be divided into
two scenarios: face verification and face identification. In face verification, an individual
who desires to be recognised claims an identity, usually through a personal identification
number, an user name, or a smart card. The system conducts a one-to-one comparison
to determine whether the claim is true or not, i.e., face verification is to ask a question -
“Does the face belong to a specific person?”. In face identification, the system conducts
a one-to-many comparison to establish an individual’s identity without the subject to
claim an identity, i.e., face identification is to answer the question - “Whose face is
this?”. Throughout this thesis, the generic term face recognition is also used, which
does not make a distinction between verification and identification.

The number and position of facial landmarks are not unique and depend on
applications and algorithms. For 2D face recognition with global methods, usually eye
centres, nose and mouth positions are needed. While for Active Shape Model (ASM)
introduced by Cootes et al. in 1995 [19] approaches, the number of landmarks is bigger
(around 50). They are located in regions of the nose tip, the nostrils, the center (iris)
and corner of eyes, the mouth corners, the eyebrows and the tip of the chin. Those
landmarks can be labelled by hand, but for realistic applications it is necessary to have
automated methods. Due to the variety of human faces and their variability related
to expressions, pose, accessories, or lighting and acquisition conditions, fully automatic
landmark localization remains a challenging task.

This chapter focuses on automatic facial landmark location for face recognition,
in situations where mainly illumination, scale and small pose variabilities are present.

We are interested in automatic facial landmark location in 2D images for two purposes:
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e To fully automate our 2D face recognition system.

e For 3D face reconstruction from 2D images.

The rest of this chapter is organized as follows: first, a brief literature review
about facial landmark location is given in Section 2.2. Then a reminder of the original
Active Shape Model (ASM), on which our proposed combined model is based on, is
given in Section 2.3. The proposed Combined Active Shape Model, denoted as C-ASM,
is explained in Section 2.4. We evaluate the precision of the landmark detection in two
ways. In Section 2.5, we compare the detected landmarks with ground truth (manually
annotated) landmarks. As we are interested in face recognition, in Section 2.6, we use
the C-ASM to do automatic landmark location for 2D face recognition. Finally, the

conclusions related to this chapter can be found in Section 2.7.

2.2 Literature Review about Automatic 2D Landmark Lo-

cation

A lot of algorithms have been proposed for facial landmark location for 2D
images. As suggested by Hamouz et al.(Hamouz 2005) [30], they can be classified in two
categories: image-based and structure-based methods.

In image-based methods, faces are treated as vectors in a large space and
these vectors are furthermore transformed. The most popular transformations are Prin-
cipal Components Analysis (PCA), Gabor Wavelets (Fasel 2002, Vukadinovic 2005) [24,
55, 70], Independent Components Analysis (Antonini 2003) [3], Discrete Cosine Transfor-
m (Salah 2006) [55], and Gaussian Derivative Filters (Arca 2006, Gourier 2004) [4, 26].
Through these transforms, the variability of facial features is captured, and machine
learning approaches like boosted cascade detectors (Viola 2001) [69], Support Vector
Machines (Chunhua 2008) [21] and Multi-layer Perceptions are used to learn the ap-
pearance of each landmark. Some examples of such methods are proposed by Viola and
Jones [69], Jesorsky et al. [34], and Hamouz et al. [30].

Structure-based methods use prior knowledge about facial landmark posi-
tions, and constrain the landmark searching by heuristic rules that involve angles, dis-

tances, and areas. The face is represented by a complete model of appearance consisting
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of points and arcs connecting these points (Shakunaga 1998) [58]. For each point of this
model, a feature vector is associated. Typical methods include Active Shape Models
(ASM) (Cootes 1995, Ordas 2003) [19, 47], Active Appearance models (AAM) (Cootes
2004) [20], and Elastic Bunch Graph Matching (Wiskott 1997, Monzo 2008) [45, 73].
These methods are well suited for precise localization (Milborrow 2008) [44].

Within structure-based models, one outstanding approach is the Active Shape

model (ASM) [20], because of its simplicity and robustness.

2.3 Reminder about the Original Active Shape Model (AS-
M)

The original Active Shape Model (ASM) was introduced by Cootes et al. in
1995 [19]. It is a model-based approach in which the priori information of the class
of objects to is encoded into a template. Such template is user-defined and allows the
application of ASM to work on any class of objects, as long as they can be represented
with a fixed topology, such as faces.

The face template can be considered as a collection of contours, each contour
being defined as the concatenation of certain key points defined in the shape analysis
literature as landmarks, see Figure 2.1. The deformation of the landmarks allowed
in the model template is learnt from a training database. As a result, an important
property of ASM is that they are generative models. That is, once trained, ASM are
able to reproduce samples observed in the training database and, additionally, they can
generate new instances of an object not present in the database but consistent with
the statistics learnt there from. In the original Active Shape Model (ASM) introduced
by Cootes et al. in 1995 [19], there are two statistical models that exploit the global
shape and the local texture prior knowledge in the segmentation process.That is Point
Distribution Model (PDM) and Local Texture Model (LTM). The PDM represents the
mean geometry of a shape and its statistical variations from the training set of shapes.
While the LTM is used to describe the texture variations at each landmark position of

the PDM.
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Figure 2.1: Landmark positions and the contours of a 58-points template for facial
analysis.

2.3.1 Point Distribution Model

In order to construct the PDM, there is a need for a training set. The training
set consists of a set of images, which represents the object class to be modelled. And
those images should be annotated with the predefined template. The set of annotated
landmarks on one image is referred to as the shape associated to that image.

The PDM is constructed by applying Principal Component Analysis (PCA)
to the set of shapes in the training set. It is generally preceded by a 2D alignment in
order to make the analysis independent from 2D rotation and scaling variations. Indeed,
shape is usually defined as all the geometrical information remaining when positional,
scaling and rotational effects have been filtered out from an object.

The Point Distribution Model is constructed by applying Principal Component
Analysis (PCA) to the aligned set of shapes, which are presented by landmarks on the
training face database. Assume there are N training images. The Point Distribution
Model is a linear model, so the i** shape S; and the model parameters P; in the shape

space can be represented as follows:
P =01(5;-8), S;=5+oP, (2.1)

where i = 1,..., N. S is the mean shape, and ® is the eigenvector matrix of the shape
space Briefly, the Point Distribution Model describes heuristic rules of the face shape.

During the fitting, this model helps in the interpretation of noisy and low-contrasted
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pixels.

2.3.2 Local Texture Model

As stated before, ASM have as many local texture models as the number of
landmarks in the template. A typical image structure that describes the local tex-
ture around each landmark is the Grey-Level Profile (GLP) [19], calculated from the
fixed-length pixels sampled around each landmark. The direction of the profile is per-
pendicular to the contour. The first derivative of the profile is calculated and used as the
feature vector. Those vectors are extracted from all the training images, and represent
the normalized derivatives profiles, denoted as g1, ¢go, ..., gnv. The mean profile § and
the covariance matrix Cy are computed for each landmark. The Mahalanobis distance
measure is used to compute the difference between a new profile and the mean profile g,

defined as follows:

Mh2 (gnew) = (gnew - E)C_f;l(gnew - g)T (2‘2)

Actually different Local Texture Models are adapted to different conditions,
the examples are introduced in the following Subsection 2.3.3. The dimension of the
GLP is depended on the number of fixed-length pixels sampled around each landmark,

the details about the parameters will be explained in Section 2.5.

2.3.3 Matching algorithm

As explained in Cootes et al. [20] and Sukno (Sukno 2007) [65], when the shape
models are used for segmentation and landmark location, only two inputs are required:
an image containing a face and a starting guess of the face position (i.e. provided by a
face detector). The matching process alternates image driven landmark displacements
and statistical shape constraints based on the PDM, usually performed in a multi-
resolution fashion in order to extend the capture range of the algorithm. The matching

process can be summarized in the following steps:

1. Place a first guess of the model into the image (generally, a scaled version of the

mean shape, depending on the application task).
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2. Search the image in the neighbourhood of each landmark. Adjust the coordinates
of each landmark to the best position in this neighbourhood. In other words:
move the landmarks according to their LTM. This will generate a cloud of points

without shape constraints.

3. Apply shape constraints: find the best plausible shape matching the cloud of
points generated in step 2. This implies finding the model parameters and some
transformation (e.g. a similarity) from model coordinates to image coordinates.
The Sconstrain Parameter restricts the PCA coefficients to lie within Sconstrain (For

example,Sconstrain = 3 ) times the standard deviation observed in the training set.

4. Go back to step 2 until stop condition is reached.

The criterion used to displace the landmarks at step 2 is the minimization of the Maha-
lanobis distance based on the Gaussian model learnt during training for each LTM. Let
{g;(1),9;(2),...,95(kp)} be the set of local texture points for k, candidate positions at

landmark j. The position suggested by the LTM will be the one minimizing;:
Mh?(g;(k)) = (g;(k) = 95)Cy (9(k) —g7)" (2.3)

for k varying between 1 and k,, where Mh? denotes Mahalanobis distance Once all
landmarks have been displaced to their best local position, they form a cloud of points
which not necessarily describe a plausible shape for the studied object (i.e. a human
face).

At step 3, shape restrictions are applied according to the PDM. As a result,
landmarks are displaced again to the nearest plausible shape to the candidate points
provided by the appearance models (in a least squares sense). The rationale behind
shape restrictions is the assumption that facial shapes lie approximately within a hyper
ellipsoid (in PCA-space) that can be learnt during training. However, for simplicity
reasons it is very common to use PDM and limit the shape-space to a hyper-cuboid.

Starting from the original formulation of ASM introduced above, a considerable
number of extensions have been proposed. One of the most interesting aspects of the
original formulation of ASM is its simplicity. For example, the residuals of the shapes
with respect to the mean are assumed Gaussian. This formulation works well for a wide

variety of examples, although it is too simple to represent nonlinear shape variations.
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Non linear formulations of the PDM were proposed by Sozou et al. in 1995 [62] using
Multi-Layer Perceptron (MLP) to perform the PCA decomposition. The experiments
reported on image search revealed comparable performance to the linear PDM, yet
requiring half the number of dimensions. Chen et al. in 2004 [18] focused on a different
aspect of the PDM. They decomposed the overall error of ASM fitting into two terms:
representation error and search error. They analysed the behaviour of the error as a
function of the variance explained by the model. Based on experiments over 400 faces
they claim that the optimal percentage of variance retained by the model is lower than
that generally employed.

As opposed to those modifying the PDM, a number of authors have focused on
the texture model of ASM. Wang et al. in 2002 [71] combined the first order derivatives
with edge information to work with facial images and Koschan et al. in 2002 [37]
explored inclusion of color information. While Ordas et al. in 2003 [47] replace the
1D normalized first derivative profiles of the original ASM with local texture descriptors
calculated from “locally orderless images”, for reliable segmentation for cardiac Magnetic
Resonance data. In Milborrow et al. in 2008 [44], the authors use the 2D profile in the
square region around the landmark for a more precise fitting result.

However most of the research in this topic has concentrated in improving the
precision of landmark detection in “passport” like images. As we also are interested
in noncollaborative environments, we propose two extensions to increase the robustness
under degraded conditions. First, we replace the gray-level profiles with SIFT features
as LTM; second in order to have a better representation of faces, the landmarks on the

face region and the face contour are modelled and processed separately for the PDM.

2.4 A Combined Active Shape Model for Landmark Loca-
tion
2.4.1 Using SIFT Feature Descriptor as Local Texture Model

Some previous work exist that try to choose better Local Texture Models.
Different Local Texture Models are adapted to different conditions. For example, using
the gray-level profiles is simple and fast and suitable for real-time processing, but it is

less precise. While the 2D profile in the square region around the landmark used in
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[44] is precise in controlled conditions. As we are more interested in non collaborative
environments, such as video-based face recognition, we propose to use the SIFT [?, 42,
?, ?] feature descriptor, which is robust to degraded conditions, such as illumination or

small pose variations.

Scale Invariant Feature Transform (SIFT) Features

In 2004, David Lowe presented a method to extract distinctive invariant fea-
tures from images [42]. He named them Scale Invariant Feature Transform (SIFT). The
process consists of four major stages: (1)scale-space peak selection, (2)key point lo-
calization, (3)orientation assignment, and (4) key point descriptor. In the first stage,
potential interest points are identified by scanning the image over location and scale.
This is implemented efficiently by constructing a Gaussian pyramid and searching for
local peaks (termed key points) in a series of Difference-of-Gaussian (DoG) images. In
the second stage, candidate key points are localized to sub-pixel accuracy and elimi-
nated if found to be unstable. The third step identifies the dominant orientations for
each key point based on its local image patch. Finally, local image descriptors are built
for each key point. Local gradient data is used to create key point descriptors. The
gradient information is rotated to line up with the orientation of the key point and then
weighted by a Gaussian with variable scale. This data is then used to create a set of
histograms over a window centred on the key point. Key point descriptors typically use
16 histograms, aligned in a 4x4 grid, each with 8 orientation bins, one for each of the
main compass directions and one for each of the mid-points of these directions, resulting
in a feature vector containing 128 elements. In our application we use this SIFT local
image descriptor as our Local Texture model. In this thesis we implement the SIFT

descriptor ourself.

Advantages of the SIFT Feature Descriptor

Using SIFT features for object matching is very popular, because of SIFT’s
ability to find distinctive key points that are invariant to location, scale and rotation,
and robust to affine transformations (changes in scale, rotation, shear, and position) and
changes in illumination [42]. It seems to be a reliable choice for solving the problem of

illumination and pose variability during the facial landmarks location. Since it is based
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on the local gradient histograms around the landmark, the SIFT descriptor is highly
distinctive and partially invariant to variations, like illumination or 3D view point, as
introduced in [42]. In our application, we use the SIFT descriptor to replace the Grey-
Level profiles. In order to make the ASM shape model rotation invariant, the gradient
orientations of the descriptor are always computed relative to the edge normal vector at
the landmark point which could be obtained by interpolation of neighbouring landmarks,

as depicted in Figure2.2.

Figure 2.2: Difference of the Grey-Level Profile and the SIFT descriptor. Left: The
Grey-Level Profile (GLP) is extracted from the neighbourhood pixels perpendicular to
the contour. Right: The SIFT descriptor is computed over a patch along the normal
vector at the landmark (the original image is from the BiolD database [34]).

There are the two main advantages of the SIFT feature descriptor. The first
advantage is that SIFT descriptors encode the internal gradient information of a patch
around the landmark, thus capturing essential spatial position and edge orientation in-
formation of the landmark while Grey-level Profile only captures the one-dimensional
pixel information that is perpendicular to the contour. Though the Mahalanobis dis-
tance measure assumes a normal multivariate unimodel distribution of Grey-level Pro-
file, in practice, they can be any statistical distribution. The SIF'T descriptors have a
more discriminative likelihood model which is distinctive enough to differentiate between
landmarks.

In Figure. 2.3, we calculated the Mahalanobis distance of the neighbourhood
points over a 2121 pixels window around the landmark highlighted in Figure. 2.2. The

SIFT descriptor has a unambiguous minimal point in the center of the neighbourhood
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Figure 2.3: Comparison of the Grey-Level Profile and the SIF'T descriptor cost function
from Eq 2.3. Left: Gradient profile matching cost of the landmark highlighted in Figure
2.2 over a window of size 21x21. Notice the multiple minima resulting in poor alignment
of shapes. Right: SIFT descriptor matching cost for the same landmark point.

region, while the results of GLP contains more noises. Also the SIFT descriptors are
invariant to affine changes in illumination and contrast by quantizing the gradient orien-
tations into discrete values in small spatial cells and normalizing these distributions over
local blocks. Such features are important in challenging real-life situations presenting
illumination variabilities.

The second advantage of the SIFT descriptors is that they are more stable to

changes that occur due to changes of pose, that can occur when dealing with faces .

2.4.2 Combined Active Shape Model (C-ASM) Based on Facial Inter-
nal Region Model and Facial Contour Model

One of the novity of our work is applying different feature descriptor for differ-
ent landmarks on the faces.As shown above, using SIFT feature descriptor, we can find
correspondences between landmarks in two images that have small pose variability, even
when the landmarks used to train the ASM are in 2D. The points in the face region that
we denote as “internal” (such as eyes’ corners), could be considered as the perspective
projection of 3D face on the image plan. While the contour points are different, and
are more dependent on the 3D view point. In that case the SIFT descriptor dose not
work when the acquisition angle of testing images is different from the training images.
Especially when those points are occulted because of minor head pose rotation, see

Figure 2.6.
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So in our proposed approach, two models are used to represent the human
face. One model represents the landmarks of what we call “internal region”, including
the landmarks on the eyes, nose, eyebrows and mouth. Those points could be considered
as 3D position invariant during perspective projections. So we use the SIFT descriptor
for this model, and we name it facial internal region model. The other one models
the contour point on the face only. For those points using SIFT representations will
result in wrong matches. The gradient of the profile is more suited for the contour
points, so we use Grey-Level Profile to describe them, and we name it facial contour

model.

Profile Shape Sift Shape

facial contour facialinternal
region

Reconstruct
Shape

facial internal region
(compute with SIFT)

_ facial contour
(compute with profile)

Figure 2.4: Combined landmark detection model: 45 landmarks define the facial inter-
nal region model (represented with SIFT features) and 13 landmarks define the facial
contour model (represented with GLP features).

The facial internal region model is represented with 45 points, while 13 points
are used for the facial contour model, as depicted in Figure.2.5. Each of them has its
own shape model and shape variability. The combination of the two models makes the
final results.

In the fitting step, for each iteration the two models are matched to the face
image separately. After matching, we combine them into a new face model and use

the Point Distribution Model to constrain it to a plausible shape in the shape space,
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Figure 2.5: Combined Active Shape Model marching algorithm flow chart.
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Figure 2.6: Typical fitting result of non frontal faces achieved by original ASM (top
row), SIFT-ASM (middle row) and C-ASM (bottom row). (The original images are
from the IMM database [63]).
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as shown in Figure.2.4. This is repeated iteration by iteration at each resolution until
convergence is reached.

In Figure. 2.6, for comparison purposes, we show on the first line the results of
the automatic landmark detection with the original ASM (using only profile features),
the ASM that is based on SIFT features (middle row), and the result of our Combined
Active Shape Model (C-ASM). We can observe that the Grey-Level Profile has better
performance on the contour points of side-view images, while SIFT features seem to be
more adapted for the internal face region points. But we should note that, the idea to
use the Gray-level Profile as the LTM for the facial contour is not only to improve the
precision of the detected landmarks on the contour, but also to constrain the contour
points around the mouth. This will increase the robustness of the landmarks on the
facial internal region such as mouth and eye, as shown in Figure 2.6, which are the points
needed for face normalisation in the applications of face recognition. The experimental

results for face recognition are given in Section 2.6.

2.5 Experiments for C-ASM Landmark Location Precision

Evaluation

In this section, we compared the detected landmarks with ground-truth (man-
ually annotated) landmarks. We are mostly interested in automatically detecting the
two eyes and mouth centres which are used for our face normalization step for our face

recognition system explained in Mayoue et al. in 2009 [48].

2.5.1 Experimental Protocol for Landmark Location Precision

In this section, we will introduce the databases we used for training and evalu-
ation of our C-ASM for landmark location, the evaluation criteria and the parameters of
the C-ASM. Also we will briefly explain the existing methods with which we compared

our results.

Training Database

The IMM Face Database [63] comprises 240 still images of 40 different human

faces, all without glasses. The gender distribution is 7 females and 33 males. Images
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were acquired in January 2001 using a 640x480 JPEG format with a Sony DV video
camera, DCR-TRV900E PAL. The following facial structures were manually annotated
using 58 landmarks: eyebrows, eyes, nose, mouth and jaw. A total of seven point paths
were used; three closed and four open. The landmark’s positions and contours are shown

in Figure 2.7.

Figure 2.7: Annotated face image from the IMM face database [63].

Evaluation Database

The BiolD dataset consists of 1521 gray level images with a resolution of 384 x
286 pixels. Each one shows the frontal view of a face of one out of 23 persons. The
number of images per subject is variable, as is the background (usually cluttered like in
an office environment). The positions of the eyes are provided.

For our experiments on face landmark location, a subset of the FRGCv2.0
(Face Recognition Grand Challenge version 2) face database [51] is selected. The full
FRGCv2.0 database contains images from 466 subjects and is composed of 16,028 con-

trolled still images captured under controlled conditions and 8,024 non-controlled still
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images captured under uncontrolled lighting conditions. There are two types of expres-
sions: smiling and neutral and a large time variability exists. The positions of eyes,
mouth and nose centres are manually labelled.

Evaluation criteria: Because we are interested in face recognition, we eval-
uate in this chapter only the points which we use for our face normalization step [48].
These points are the centers of the eyes and the mouth center. In order to be able to
evaluate the landmarking methods a well-defined error measure is required. Since the
images in the databases are of various scales, the measure that was proposed by Jesorsky
et al. [34] is used, where the localization criterion is defined in terms of the eye center

positions:
d . maw(dlefteyea dm'ghteye)
eye —
|C1 = Cy|

(2.4)

where Cp, C, are the ground truth eye center coordinates and diefieye, drighteye are the
distances between the detected eye centres and the ground truth ones. In the evaluation,
we treat localizations with deye above 0.05 as unsuccessful. Mouth center is evaluated in
the some way but normalized with the distance (deyec,moutn) between the average point

of two eyes Ciyoeyes and mouth center Cp,pysp, from ground truth:

Cr+ C, d = deyeC,mouth
—v =T h =
2 Lo HCeyeC - Cmouth”

Ceyec = (2.5)

It has to be noted that prior to the landmark location step, we apply a face
detection algorithm in order to have a rough location of where the face is located. We
use the AdaBoost approach proposed by Viola and Jones in 2001 [69], freely available
from the OpenCV library introduced by Bradski in 2005 [11]. After the face region is
located, we scale it to region of 260x260 pixels, so its size is similar to the training data
of the Combined Active Shape Model.

Experimental Parameters: As explained in Section 2.4, for the Combined
ASM model, we use the 58landmarks (present in the IMM database), divided into
45 landmarks for the internal facial region and 13 points that belong to the facial contour
regions. As eyes’ and mouth centers are not present among these 58 landmarks (see
Figure.2.4), we calculate them by averaging the landmarks detected around the eyes
and mouth. We use coarse to fine search over 2levels of Gaussian scale pyramid. The
SIFT block contain 4x4 cells with 4x4 pixels and 8 gradient orientation bins, thus having

descriptor size of 128. The length of the grey level profiles is set to be 17 pixels.
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Comparison with STASM: For comparison purposes, we use the publicly
available STASM software [44], developed by Stephen Milborrow. The STASM method
extended the original ASM by using 2D profile among the points and more landmarks,
during the training step (using annotated images from the XM2VTS database). We
denote it as STASM-original. The effect of the number of landmarks on the detection
performance is out of scope of this work. To be able to make a fair comparison, we also
trained STASM with the same training data from the IMM database that we are using.
We denote it as STASM-modify.

2.5.2 Experimental Results for Landmark Location Precision

For the evaluation of our automatic landmark detection algorithms we use
the BiolD and FRGCv2.0 databases. The BiolD database is chosen because there are
already published results on that database for facial landmark detection, while the
FRGCv2.0 was chosen because it includes a huge number of subjects (around 500) with
variabilities including illumination, pose and expression, and because the ground truth

position of eyes, and mouth is available.

Evaluation on the BioID Database
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Figure 2.8: Comparison of the proposed Combined-ASM with already published results
for eyes detections on the BiolD database.

For comparison purposes, in Figure. 2.8, we reproduce three published results
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related to the dey. measurements including results of Jesorsky et al.[34], Hamouz et
al. [30], and the results of the STASM software by Milborrow [44]. These results are
compared with our Combined ASM model implementation. The first two methods are
image-based methods, while the last two ones are structure-based methods. It is obvious
that structure-based methods have better performance than image-based methods even
at the error level of FError < 0.1. Our Combined ASM method performs better then
the two image-based methods, but worse then the available STASM software.

The results of the STASM software that we trained with a different training
data (the IMM database) are presented in Table2.1. Using different training database
results in different results the for Stasm Software. The XM2VTS database contains more
training images and more landmarks, this results in better detection performance. How-
ever if we use same training database, the proposed C-ASM gives better results, see
Table 2.1.

Table 2.1: Evaluation results on the BioID Database. Spatial error rate (at 10 % )
of eyes and mouth centers detection, of various landmark detection algorithms on the
BioID database [34](in %).

’ Method ‘ Result | Training Database ‘
Stasm-original 95 XM2VTS
Stasm-modify 78.5 IMM

SIFT-ASM 75 IMM
Combined-ASM 86 IMM

Evaluation on the FRGCv2.0 Database

From the FRGCv2.0 database [51], we used the subpart called spring2003
which contains 11,204 images, to evaluate our landmark location precision. There are
not published results available on the FRGCv2.0 related to landmark location. Therefore
we can only compare our results with the results of the Stasm software.

Because with the Stasm software (that also uses a face detection part as a fist
step) there are about 39 % of the above mentioned spring2003 set of the FRGCV2.0
database images where the STASM face detection algorithm fails, we applied our land-
mark location software on the same set, for sake of comparison.

In Figure 2.9 we compare the results of the Stasm software, with the proposed
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Figure 2.9: Cumulative histograms on FRGCv2.0 database with maximum eyes and
mouth error, the Stasm in this experiential we used the default training data (STASM-
original).
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Combined ASM. In order to evaluate the contribution of using different features for
different parts of the face, we also report results of using the ASM model with the SIF'T
features instead of the originally proposed grey level profile features (denoted as SIFT-
ASM). The result show that the C-ASM method gives better performance for the eyes
and mouth locations then the Stasm software and the ASM method with new SIFT
features.

The C-ASM highly improves the precision of the mouth center, because the
SIFT feature descriptor works more inaccurately in the contour points, and those points
will affect the mouth region landmarks during the location phase. The results of the
STASM software that we trained with a different training data (the IMM database) are
presented in Table 2.2. Using different training database also results in different results
the for Stasm Software in this experiment. But the C-ASM got 95% correctly detected

rate, using the IMM database for training.

Table 2.2: Evaluation results on the FRGCv2.0 Database. Spatial error rate (at 10 %)
of eyes and mouth centers detection, of various landmark detection algorithms on the
FRGCv2.0 Database [51].

’ Method Result | Database

Stasm-original 81.6 XM2VTS
Stasm-modify 77.4 IMM
SIFT-ASM 86.8 IMM
Combined-ASM 95 IMM

In this experiment, we only measure the landmark location precision on the
FRGCv2.0 database by comparing the detected landmarks and the ground truth. We
will study the influence of the landmarks location for face verification on the MBGCv1.0

and v2.0 databases, where no manually annotated landmarks are provided.

2.5.3 Experimental Discussion

The above presented experiments show that structure-based methods have bet-
ter performance than image-based methods for facial landmark location. The Stasm
software which uses the 2D profile and an extended set of landmarks for the training
phase, presents better results on the BiolD database compared to the C-ASM. But it is
not as good as the proposed C-ASM for the FRGCv2.0 Database.
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One possible reason is due to the different characteristics of the databases. In
the BiolD database, all the images are captured when the person is near the camera,
so the face is the largest part of the image. In the FRGCv2.0 database, there are
uncontrolled images where the human face occupies a smaller area in the image. When
the face area is small in the image, the initialization from the face detector will not be as
precise as for ”passport style” photographs. Actually the ASM is an iteration strategy
whose performance highly depends on the initialization. The Stasm software uses 2D
profile as Local Texture Models which will increase the precision, while C-ASM use the
SIFT descriptor which increase the robustness when bad initialization happens. Because
the SIFT descriptor is scale and rotation invariant, even if the face area detected by the
face detector is enlarged and decreased or distorted, it will not affect the Local Texture
Models matching phase.

In the BiolD database the average distance between two eyes is about fifty
pixels, one pixel costs two percent error rate, and that error can be ignored when nor-
malizing the face for face recognition. In that case the Combined-ASM algorithm seems
to be robust without losing much of its accuracy for facial landmark detection for face
recognition in cases when illumination, scale and small pose variation is present in the
recording conditions (such as present in the FRGCv2). That is to say the proposed
C-ASM is more suitable for uncontrolled images under degraded conditions, because
the robustness of the SIFT descriptor and the separation in facial internal and facial

contour region.

2.6 Application for 2D Face Recognition

As summarized in [1] by Zhao et al. in 2006, automated recognition of faces
has reached a certain level of maturity, but technological challenges still exist in many
aspects. For example, robust face recognition in outdoor-like environments is still dif-
ficult. It is also important to precise that in a broader sense face recognition implies
usually face detection, face normalization, feature extraction and face recognition tasks
(modules). A lot of methods need facial landmark location for the normalization step.
Therefore all those problems have to be solved separately in order to have good face

recognition systems. In that case a robust and automatic facial landmark location al-
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gorithm is needed.

In Section 2.5 we have evaluated the precision of the C-ASM landmark detector
on databases with annotated ground truth. It is also important to evaluate the perfor-
mance of the final face recognition system related to its components, in order to be able
to pinpoint the existing challenges separately. These points are a necessary step if face
recognition should be applied for challenging applications, such as video surveillance. It
is difficult to find relevant databases that have the good annotations with ground truth
data, such as position of faces and landmarks, so that we will also evaluate the landmark

detection by face recognition performance.

2.6.1 Fully Automatic Face Recognition with Global Features

Input images

C-ASM Facial Geometric and
landmark illumination

location normalization

DLDA Space Gabor feature
projection extraction

- B o)
LR TR

Feature vectors
for video frame
W oW

Feature vector
for image |

Distance: f(l,V,}, f{l, V.)...

Average
similarity
score

Figure 2.10: Flow chart of the system for our fully automatic face recognition based on
C-ASM and global features. Images and video from MBGCv1 portal challenge [46].

For global feature based recognition algorithm we use the open source sudfrog
system. More details about this software can be found in svnext.it-sudparis.eu/
svnview2-eph/ref_syst/sudfrog/. The flow chart of the system could be seen in

Figure 2.10. Given an input reference image or a video frame the process includes the
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following steps:

1. Face detection: For this step we used the well known face detection framework
by Paul Viola and Michael Jones in 2001 [69]. This algorithm is implemented in
OpenCV [11].

2. Facial landmark location: in this step, our proposed C-ASM is used to locate 58
landmarks on the face. Some examples could be seen in Figure 2.11. From the 58

landmarks, we compute the positions of the eyes and mouth.

3. Geometric and illumination normalization: Thanks to the centres of the eyes and
mouth we got from the previous step, we applied a geometric normalization to
the face area of the overall image. It provides a reduced image (128x128 pixels)
of the face, where eyes ((32,42) and (96,42)) and mouth (64,102) positions are

predefined. Finally, an anisotropic smoothing is used to reduce the influence of

the variation of illumination in uncontrolled conditions (see Figure 2.12).

Figure 2.11: Typical landmark location results from the MBGCv1 portal challenge [46].
Top: landmark location results on still images. Bottom: landmark location results on
video frames (Not all the video frame we have the same detection of landmarks, in here
we just show some typical examples).

4. Gabor feature extraction: we use Gabor filters with several resolutions and orien-
tations (5x8) convoluted with the normalized images and only magnitude value are
used in our experiment. After convolution 5x8=40 Gabor magnitude images with

size (128x128) are obtained, which is too big for processing. Therefore for each Ga-
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Figure 2.12: The geometric and illumination normalization, image from [48].

128x128 pixels

bor magnitude images we down-sample it to reduce the size to be (32x32). Finally

we present the face as a vector with size (32x32x40) as the extracted feature.

5. DLDA (Direct Linear Discriminant Analysis) space projection: We project the
vector in the DLDA space to reduce the dimension of the space. So the output
of this step will be a vector with length related to the size of the DLDA training
database to represent a face image. The learning data is from FRGCv2.0 training
set, with 120 persons with approximately 10 images for each person, so the output

vector length will be 119.

Those parameters setting are used in the following experiments. After the
above precessing, the reference image is presented as a vector F'Vipqge, and the video
can be presented as a set of vectors F'Viideo,s F'Vvideoys s F'Videoy, Where K is the
number of video frames where we have successfully detected the landmarks (ignoring the
images which we can not detected face from).In calculating scores, the cosine distance is
used to estimate the similarity between two feature vectors. Given that the comparison
is between an enrolment image and test video, we calculate the final score as the mean
of these K distances. This is a simple way to calculate the score. More attention is
needed in order to choose and select better reference image from the video sequence.

This is not the purpose of our work.

2.6.2 Face Recognition Databases

Related to video surveillance, the most relevant existing publicly available

databases seem to be the MBGC portal and video challenge. Examples of data from
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those challenges are given in Figure2.13. In the first evaluations, MBGC in Decem-

Figure 2.13: Images from the ”Video MBGC challenge” videos of enrolment (first 3
columns) and test (last 3columns).

ber 2008 [www-mbgc-2008], three databases were provided: Still, Portal and Video.
The results of the Still and Portal challenge were acceptable. But the algorithms
submitted for the Video Challenge, presented the most difficult case, with two submis-
sions that are close to a random guessing result (see MBGC webside http://www.nist.
gov/).Figure 2.13 shows examples of the Video Challenge. These examples illustrate
the fact that under such conditions, other information instead of face are needed for
recognition of people. To address the variety present in these sequences is through de-
tection of the silhouette, and also face detectors for poses other than frontal are needed.
Moreover, when comparisons are made under conditions of face-profile comparison, the
“traditional” 2D face recognition methods are insufficient. Because the Video Chal-
lenge is too difficult, in our application we are using the Portal Challenge to evaluate
our 2D face recognition system.

The scenario studied in the Portal Challenge is to compare a reference image
to a video sequence where the person walks through a metallic gate toward the camera.
A practical application of this scenario is identity verification at border posts. This
database contains data from 111 people including 29 people who provided two acquisition
sessions. During a session, a reference image and a video are recorded (see Figure 2.14).

Thus, the overall enrolment consists of 140 reference images while the test set contains
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140 video sequences. Enrolment images (1504x1000 or 998x1500 pixels) were acquired
under controlled illumination and contain only frontal faces with an average of 110 pixels
between the eyes. The test videos (1080x1440 pixels / frame) had an average of three
seconds. The resolution between the eyes varies from 50 to more than 200 pixels as the
person approaches the camera. The evaluation protocol has 200 client-client and 5592

client-impostor tests.

Figure 2.14: Example of biometric data extracted from the MBGCv1 - Portal Challenge
(http://www.nist.gov/itl/iad/ig/mbgc.cfm).

In the December 2009, we also participated the the portal challenge experiment
of the MBGCv2 evaluations, which is the extension evaluation of MBGCv1 with more
images (about 2000 enrolment images) and 512 test videos. The still images are no more

under controlled conditions as in the MBGCv1.

2.6.3 Face Verification Experimental Results
MBGCv1 results

Table 2.3: Face verification result on MBGCv1 portal challenge as a function of EER.
EER denotes Equal Error Rate and VR denotes face verification rate, SIFT-ASM denote
the preliminary version of the proposed method (using only ASM with SIFT features.)
The confidence interval at 99.9% [] is calculated as explained in [49].

The face images are geometrically normalized using eyes and mouth centers.

Landmark detector

EER Session I

VR Session 1

EER Session II

VR Session 11

Combined-ASM 11%[£0.16] | S0%[£0.08] | 1.8%|£0.05] | 86%[%£0.06]
SIFT-ASM B1%[£0.22] | 74%|£0.08] | 3.9%|£0.15] | 78%[£0.07]
OpenCV eyes detector | 27.1%[+0.82] | 34%[+0.68] | 24.1%[£0.75] 28%[£0.57]

Table 2.3 lists the results of our recognition system on MBGCv1 portal chal-
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lenge. There are two sessions in total, In Session I, the reference images are acquired
with flash compared to the reference images from Session II. We also compared its per-
formance with publicly available OpenCV eyes detector [11]. It shows the influence of
the landmarks on the face recognition result. For the global feature based face recogni-
tion, the face normalization step is very important. More precise landmarks we have,
the better face recognition result we can get. The OpenCV eyes detector doesn’t work
well for our face recognition system. By using the Combined-ASM, we have improved
the Equal Error Rate (EER) from 5.1 % and 3.9 % to 4.1 % and 1.8 % compared to
SIFT-ASM.

For the error analysis, we considered a new experiment, that is a face identifi-
cation experiment in order to find the false accept images. For each query video we find
the enrolment images of no matching subjects that produced a smaller similarity score
than the corresponding enrolment image of the same subject. In Table2.6.3, we have
listed the errors for the match and no match comparisons. By visualizing the errors, we
can obtain the information that the problems result in false alarms and false acceptance.
From Figure2.15, in the top row, the problem may be the pose and image distortion
and pose variation. The video captured by the Digital Video have different quality than
still images. In the middle row, the problem could be the expression variation, we can
see in the enrolment still image the lady closes her eye, this may bring the difficulty for
the recognition proceeding. In the third row, video and images has high quality, but the
two enrolment images are too similar, so that our face recognition algorithm can not
distinguish them.

Also we have found that the enrolment images are very important, for each
video we have several images, it does’t affect a lot if some image have bad quantity, but
for the enrolment images we only have one per subject. If they are bad, then we have
no chance to have good results in client-client and client-impost tests.

To summarize, the are two aspects to improve our system. First, preprocessing
images and videos, for example, to select high quantity frame from the video sequences,
or to correct pose of face before passing them to the face recognition system. Second, to
enhance ability of 2D face recognition system to distinguish between similar faces , this
could be done by using more suitable training data and better classification algorithms.

In our experiment, only the global feature based face recognition algorithm is
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Query video frames No matching images Ground truth

Figure 2.15: Some examples of wrong identified examples on MBGCv1 database. The
left column images are from the query video frame. The middle column are the en-
rolment images of non-matching subjects to video, that produced a smaller similarity
score than the corresponding enrolment images of the subject. The right column are
the corresponding enrolment images of the same subject.
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Table 2.4: FError analysis on the MBGCv1 portal challenge using our automatic face
recognition system.

Session I | Session II
Total number of match comparisons 98 102
False alarms 8 7
Total number of no-match comparisons 2856 2736
False acceptances 32 18

tested. However the local feature based face recognition method is also very interesting
for us, as we have detected the landmarks on the fiducial points such as eyes conner,
mouth conner and so on, to use their landmark for local feature based face recognition

can be tested in the future.

MBGCv2 results

For the portal challenge of MBGCv2 evaluations, the results we have obtained
is EER = 10%. The video sequence is almost similar to MBGCv1, while the most
problems are from the diversity of the enrolment still images. Some difficult examples are
show in Figure 2.16. In that case, the face detector can not give the correct initialization
to our C-ASM detector. There are around 200 images in the enrolment set that we can
not detect or have wrong detection. This is the main reason which drop down the
performance of our face recognition system. The public results of MBGCv2 could be

found on the MBGC webside (http://www.nist.gov/itl/iad/ig/mbgc.cfm).

Figure 2.16: Some challenging examples of enrolment still images from MBGCv2
database [46]. The images are too big (left) , to small (middle), or incomplete (right).
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2.7 Conclusions

In this chapter, we present a new algorithm that successfully localizes facial
landmarks for 2D face recognition experiments in degraded condition, such as video
surveillance. We assess the localization performance of the proposed method on two
datasets (BioID and FRGCv2.0). Also the proposed method is experimented on the
portal challenge experiment of the MBGCv1 and v2 evaluations, where an automatic
landmark detector was needed, in order to find the position of the normalization points
in the video frames and enrolment images.

In the proposed Combined Active Shape Model (Combined-ASM) we extend
the original ASM by using the SIFT descriptor as a new local texture model and s-
plit the facial landmarks in facial internal region and facial contour landmarks. The
proposed Combined Active Shape Model algorithm is more robust for eyes and mouth
center localization in more challenging lighting conditions, and also where some pose

and expressions variabilities are present.
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3.1 Introduction

In the previous chapter, we presented the Combined Active Shape Model, to
enhance the performance the original Active Shape Model for the landmark location
under degraded conditions, but with the hypothesis that we deal with 2D near frontal
images. However, one of the important obstacles in image-based analysis of the face is
the 3D nature of human faces. When fully automatic face analysis systems are designed,
capturing frontal-view images cannot be guaranteed. Examples of such situations can be
found in video surveillance systems, car driver images or whenever there are operational
constraints that prevent from placing a camera frontal to the subject. In such situations,
2D facial landmark location systems working across large pose variations are needed.

In this chapter, a 3D Active Shape Model (3D-ASM) algorithm is presented
to automatically locate facial landmarks from different views. The proposed 3D-ASM
system is based on the well known Active Shape Model [19] with the following improve-

ments:

1. Taking advantage of 3D scans of faces as training data, we propose to exploit
3D statical shape models and projective geometry across different views. The
2D face shape can be considered as the projection of a 3D model. Compared to
the original 2D ASM proposed by Tim Cootes in 1995 [19], we separate shape
variations into intrinsic changes (caused by the character of different person) and

extrinsic changes (caused by model projection).

2. Our system in based on searching with a set of view-dependent local patches to
locate facial landmarks, and using these to update the face shape model parameters

of 3D-ASM. In that case the self-occlusion problem can be solved efficiently.

3. We propose to train the 3D-ASM with data generated from the 3D Morphable
Model (3DMM). Using 3DMM to synthesize training data offers us two advantages:
first, few manual operations are need, except labelling landmarks on the mean
face of the 3DMM. Second, since the learning data are obtained directly from the
3DMM, landmarks have one to one correspondence between the 2D points detected
from the image and 3D points on the 3DMM. This kind of correspondence will

also benefit 3D face reconstruction processing.
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The rest of chapter is organized as follows: first a brief literature review about
facial landmark location across pose is given in Section 3.2, that completes the review
of facial landmark location in 2D frontal face images given in the previous chapter.
The proposed 3D-ASM construction and fitting are explained in Sections3.3 and 3.4
respectively. In Section 3.5, we explain how to use a 3D Morphable Model to train
our 3D-ASM. The databases and experimental protocols necessary for the training and
evaluation phases are presented in Section 3.6. The results are reported in Section 3.7.

Finally, the conclusions can be found in Section 3.8.

3.2 Literature Review about Facial Landmark Location

across Pose

In the previous chapter, we gave a brief review about facial landmark location
on frontal view images. In this chapter we will focus on the problem of landmark location
across pose. As summarized in (Sukno 2007) [65] by Sukno in 2007, facial images present
large changes in shape and appearance when the relative angle between the camera and
the face is modified. The three-dimensional nature of the head is further complicated
by the non-rigid motion it can involve. A lot of algorithms have been proposed for facial
landmark location across pose. They can be classified in three categories: appearance-

based, statistical model-based and 3D model-based methods.

e Appearance-based methods: Several works tackle pose variation by learning the
relationships between different views. Fan et al. [23] learn a pose change model
from example images. A Gaussian skin-color model is used to coarsely detect faces
under varying viewpoints and a feature-based strategy provides further refinement
and rejection of false alarms. Sanderson et al. [56] learn prior information of
the face from multiple 2D views of a prototype training set. The authors used
maximum likelihood linear regression (MLLR) and standard multivariate linear
regression. In the MLLR approach, a generic face model is constructed for each

viewpoint.

e Statistical model-based method: Another group of approaches can be identified as

based on statistical models. As a general rule the models for facial images are bi-
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dimensional and cannot handle large pose variations. Combining a number of them
to extend their viewpoint range has been a popular solution: view-based Active
Appearance Models (AAMs) [20] and view-based Direct Appearance Models [77]
are some examples. This idea is followed also by Li et al. [59] and Xin et al. [75]:
the whole range of views from frontal to side views is partitioned to construct
separated statistical models. The model to be used for an unknown image is
determined with the help of a multi-view face detector [80]. The use of a single
statistical model to deal with the whole range of views was proposed by Romdhani
et al. [54]. They used KPCA (Kernel Principal Component Analysis) to make the
point distribution model non-linear and added the viewing angle as an additional

parameter to the landmark vector.

e 3D model-based methods: More sophisticated solutions tackle the problem by
dealing with a 3D model of the face. Projective geometry theory was used by
Buxton [13] to deal with the alignment of shapes under different viewpoints in
ASMs. By restricting themselves to affine imaging conditions, the authors propose
a method to remove pose variation based on two reference views, appropriately
selected from a multi-view dataset. Their Integrated Shape and Pose Model (ISP-
M) is presented as an extension to the Linear Combination of Views (LCV) under
affine conditions. An important point in the work of Buxton is the selection of a
subset of facial landmarks (although manually) for the alignment, based on the
observation that the face is not a rigid object and substantial shape differences

may be present in the different views to be aligned.

There are also some approaches half way between 2D and 3D, which derive 3D
shape models from multiple 2D views but perform the image search in 2D. This
is the strategy followed by Xiao et al. [74] and Mathews et al. [43], based on
AAM. Liet al. [41] jointly optimize overall appearance, local appearance (around
landmarks), and the difference to the previous frame. An interesting point in the
combined loss function of Li et al. is the introduction of a visibility weight for the
appearance of each landmark, which depends on pose (based on the normal to the
landmark in the 3D shape). The method was reported to behave reliably in the

range of [—70,70] degrees in yaw though no quantitative results were provided.
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Tong et al. [67] combine 2D and 3D: the authors assume that a 3D model is
available and use it to estimate head pose. Then, the shape model is corrected to

match the estimated pose using an affine approximation.

Gu et al. [29], use 3D deformable model to segment a single face image. A single
frontal-view per person is used to synthesize a multi-view database from which
to learn prior information about pose changes. The model consists of a set of
sparse 3D points and the view-based patches associated with every point. Assum-
ing a weak perspective projection model, the algorithm iteratively deforms the
model and adjusts the 3D pose to the image in a EM (expectation maximization)
framework, but no quantitative results are provided. In [76], the author defined
a 3D general shape to align face shapes in 3D instead of 2D alignment. Those
two methods are both related to an ASM framework. Efraty et al. [22] proposed
to create training landmarked samples from 3D scan faces database. These land-
marks are further employed to train a profile view 2D ASM, but even the learning
data are 3D, the model only works on near profile faces in their experiments.
In [16], Caunce et al. built a sparse 3D shape model from 923 head meshes, they
used the normalised view-based local texture patches which is similar to Gu and

Kanade [29], but continuously updated to reflect the current model pose.

A common drawback of all the above techniques is that they need somehow
large databases to construct the facial models. In the work of Gu et al. [29], a frontal-view
image per person have to be manually segmented and annotated, which is time consum-
ing, tedious and subjective. So we propose to use a 3D Morphable Model (3DMM) to
automatically generate landmarks needed to train a 3D Active Shape Model (3D-ASM).
The advantage of the proposed 3D-ASM method is that there is no need to manually
annotate the landmarks in the training 2D images. It is only necessary to define the set
of landmarks that are needed on the 3DMM, that are going to be propagated automati-
cally on any newly generated 3D faces related to the original 3DMM. Such automatically

generated landmarks can serve as training examples for the 3D-ASM.
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3.3 3D Active Shape Model Construction

Like the original 2D ASM introduced by Tim Cootes [19] (and explained in the
previous chapter), our 3D-ASM is composed of a 3D Point Distribution Model (3DPDM)
and a 3D view based Local Texture Model (3DLTM), in order to handle statistical
information of the 3D shape geometry and texture variations for each landmark. For
training a 3D-ASM two things are needed, a set of 3D scans and the corresponding
landmarks on the 3D scans. The landmarks on the 3D scans are needed to build our
3DPDM, which is a sparse 3D point set, with a 3D shape prior of human faces. The 3D
scans are used to synthesize 2D images in different views to train the view based Local

Texture Model (LTM) associated with every point on the 3DPDM.

3.3.1 3D Point Distribution Model

The 3D Point Distribution Model (3DPDM) is very similar to the 2DPDM,
except the addition of the z coordinate. A 3D shape can be described by a vector of
3D coordinates S3sp = [x1,y1, 22, ..., TN, YN, 2N], Wwhere N is the number of landmarks.
The 3DPDM is obtained from the PCA spaces of the 3D faces with the corresponding

landmarks on different 3D scans:

Ssp = (Ssp + P3p « p3p), (3.1)

where S3p is the mean shape in the 3D space, and ®3p is the eigenvector matrix.

The 2DPDM explained in previous chapter deals both with intrinsic changes
(caused by the change of expression and different persons) and extrinsic changes (caused
by camera projection) with a single model. While 3DPDM reflects only the intrinsic
changes. The extrinsic changes are handled by the camera model and 3D geometric
transformation parameters.

The detected 2D shape located in images S5, = [z],y]...2%,yy]| could be

considered as the observation of the 3DPDM projection on the 2D image plan:

S5y = P(sR(S3p + ®3p « pap) + 1), (3.2)

where P is a projection matrix, R is a 3x3 rotation matrix, ¢ is a translation vector,

and s is the scale parameter. In this chapter we assume an orthogonal projection where
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3.3.2 3D view-based Local Texture Model

Using SIFT descriptor as Local Texture Model in ASM can make the algorithm
more robust to out-of-plan rotations as explained in previous chapter. In this work we
use the same SIFT descriptor but extend it by using view-based statistical models for
each landmark. This enables us to increase the ability to deal with large rotations and
avoid the self-occlusion problem during fitting. The concept of 3DLTM is described in
Figure 3.1. In order to describe the landmarks from different view , we render all 3D
faces in different views by setting different roll angles . For example in Figure 3.1, the
roll angles of the 3D model are set to be: (=90, —60,—30, 0, 30,60, 90). For new each

landmark, a view-based statistical texture model is built separately:
— _1 o
F(Gnew) = (Gnew = 97)Cq " (9new =7 (3.3)

The g is the mean local texture model, and Cj is the covariance matrix of texture model.
2DLTM (g¥,Cy ) is trained for each view v separately. During the fitting (of the 3D-
ASM to 2D images), the LTM are chosen dynamically according to the current pose
(see Section 3.4).

As shown in Figure 3.1, for occlusion points, we extract the SIFT descriptor
from the synthesized training images at the positions where those 3D points are pro-
jected. This kind of * virtual ” descriptor can make all the landmarks have a uniform
presentation, and we don’t need to consider which points are occluded during the fitting
procedure. All the points are treated in a same way. This will benefit top simplify
the fitting procedure and solves the self-occlusion problem, this is one of novelty of the

thesis, see next Section 3.4.1.

3.4 2D Landmark Location: Fitting the 3D Active Shape
Model to 2D Images

Once the 3D-ASM is trained, in this section, we explain how to exploit it for

landmark location in 2D images (by a fitting procedure).
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Figure 3.1: Tllustration of 3D Local Texture Model. For each landmark, one 2DLTM is
built separately for each viewpoint. 7 view-based 2DLTM compose our 3DLTM.
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3.4.1 Framework of Matching Algorithm

We construct a two-layered Gaussian pyramid, and apply the alignment al-
gorithm sequentially from the coarsest to the finest layer. Then the algorithm goes

iteratively as follows:

1. Local Search: For the i*" landmark point, compute Mahalanobis distance using
the local texture model of the current view around the current location, then select

the best candidate (z},y}) which has the smallest distance as new location.

2. Estimation of Parameters: The estimation of 3D shape (p3p) and pose pa-
rameters (R, s, t) from 2D shape S5, = [z], v, ..., 2], y;] is an ill-posed problem.
We consider it as an over-constrained non-linear optimization problem that can

be solved by generalized Gauss-Newton iterations as described in 3.4.2.

3. Texture Model Update: The view-based local texture models (g%, Cy) is chosen

according to pose parameters obtained from step 2.

Because of using a 3D face model, there could be some landmarks that have the
self-occlusion problem under the corresponding viewpoint. Normally for this problem,
the occluded landmarks can be estimated by the Z-buffer algorithm [64, 17], and then
the observed non-occluded shape points are used to recover the shape parameters by
non linear parameter estimation. For example, Gu et al. [29] use the expectation-
maximization (EM) algorithm to deal with this problem.

We propose a new solution for to occluded points: as shown in Figure 3.1,
during the training phrase for occlusion points in 3D we only consider the 2D projection
position on 2D images without taking into account the occlusion. Since the 3D view-
based LTM is a discontinuous model depending on the view points, it can approximate
the LTM of the occluded points in the specific view points, because the texture model
of occluded points are learned in the training phase. This kind of approximation makes

the fitting procedure much simpler and efficient.
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3.4.2 Shape and Pose Parameters Optimization

Given the observation shape S35, and the 3D Point Distribution Model S3p,

the objective function for the optimization is:

E = Eq+ \Ey; (3.4)
N
Eq=> wi||Ssp; — Sbrll: (3.5)
Ey=>_ Pip, (3.6)
p 52 ) .
j=1 "J

where Ej; is the error between the observation shape and the projected shape. m is
the number of the shape eigen vector.The contribution of the i** landmark is weighted
with a landmark specific weight w;, which is inversely proportional to the Mahalanobis
distance of each landmark on the observation shape to the mean of the corresponding
Local Texture Model. The purpose of this weight is to define the quality of the loca-
tion of each landmark. The weights w; are normalized between (0.1,1) and updated
dynamically during the fitting. The E, specifies the a priori term, which constraints the
shape deformation to reasonable values and d; is the eigenvalue associated with the gt
eigenshape of the 3DPDM.

At the beginning of optimization, we set A equal to be zero,so only the pose

parameters are optimized. After that A is set such as Fy is proportional to Ej,.

3.5 How to Synthesize Training Data from 3D Morphable
Model

One of the problems of the Active Shape Model is the availability of training
data. As described in Section 3.3, for training a 3D-ASM two things are needed: a set of
3D scans to synthesize 2D images in different views, and the corresponding landmarks
(the same feature points)on the 3D scans. They are used to build the 3DPDM and
3DLTM separately. One solution is to manually label landmarks on the 3D scans. In
our work, we exploit the characteristic of the 3D Morphable Model, with which training

data can be obtained in a more simple way. We first remind the 3D Morphable Model
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(3DMM) on which our approach is based. Then we introduce the process of training
the 3D-ASM, including 3D Point Distribution Model and 3D view-based Local Texture
Model, using synthetic data from 3SDMM .

3.5.1 Reminder about 3D Morphable Model

3D Morphable Model (3DMM) was introduced by Blanz and Vetter [9].
It is a parametrized model that can generate synthetic 3D faces constructed from a
set of 3D facial scans. A vertex-to-vertex correspondence of all 3D training faces is a
condition to build a properly working morphable model. Such models are based on the
key observation that given two 3D faces, if they are previously registered, their linear
interpolation (also known as ‘morph”) will still describe a human face, which make
human faces lying in the 3D space intrinsically.

In [9, 10], the morphable model is acquired from 3D scans of 100 males and
100 females, aged between 18 and 45 years. These scans are recorded with a Cyberwave
3030PS laser scanner. The scans represent face shape in cylindrical coordinates relative
to a vertical axis centred for the head. There are 512 angular steps covering 360 and
512 vertical steps at a spacing of 0.615mm. After the raw scans are obtained, some

preprocessing is needed.
1. Holes are filled and spikes are removed on the face surface.
2. 3D data are aligned with a 3D-3D Absolute Orientation.
3. Heads are trimmed along the edge of a bathing cap.
4. Heads are cut vertically behind the ears to remove the back of the head.
5. Heads are cut horizontally at the neck to remove the shoulders.

After the above preprocessing, a modified optic flow method is applied to establish dense
point-to-point correspondence between a new face and a reference face. The shape and

texture vectors of the reference face are:

So = (1,51, 21, %2, - - -, Ty Yns Zn) (3.7)

To = (Ry,G1,B1, Ry, ..., Rn, Gy, Bp)T (3.8)
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where the reference face is a triangular mesh with n vertices (n = 75972),(z, yk, 2x) are
the Cartesian coordinate for each vertex, and (R, Gy, Bg) are the colour values from
for vertex (k=1,...,n).

The PCA is performed on the set of shape and texture vectors S; and T; of m
example faces. The m — 1 eigenvectors s1,So,...,S,_1 are computed the shape vectors
from PCA by a Singular Value Decomposition (SVD) . The eigenvectors construct an

orthogonal basis on the shape vectors:

3
L

S=s5+ ;- S (39)
1

7

where § is the average from each shape vector, s = % > Si. So as to the texture

vectors, an orthogonal basis is constructed:
T=t+ Bi - t; (3.10)

The model parameters (coefficients) «; and (3; are used to represent a face in an image.
Assuming a uniform Gaussian distribution, the probability for coefficients a and 3 is

given by

m—1 m—1
pla) ~ exp [—0.5 > (ai/5si)2] . p(B) ~exp [—0.5 > (ﬁi/an] . (3.11)
i=1 =1

with dg, and d7, being the eigenvalues of the shape and texture covariance matrices
respectively. Figure 3.2 shows the morphing effect achieved as the first shape component

o is varied within the ranges [—20dg,, 2dg, |.
3.5.2 The 3D Active Shape Model Construction Using 3D Morphable
Model to Generate Data

We propose to construct a 3D Active Shape Model by using 3D Morphable
Model as follows:

1. On the average shape of 3DMM, select the vertex points corresponding to the

desired landmarks;

2. Choose different sets of shape and texture parameters to generate new 3D face

data, typically examples could be found in Figure 3.10.
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20g, Mean face of 3DMM —26g,

Figure 3.2: 3D Morphable Model from [9] and the 58 manually selected 3D landmarks.
Middle: the average face model with 58 landmarks. Left and right: Change the first
component (+£2dg,) of shape parameter and the corresponding 3D landmarks.

3. From those synthesized 3D faces, use the positions of selected vertices to construct

the 3DPDM (see Section 3.3.1);
4. Render images from all 3D faces in several views by setting different roll angle.

5. For each view of step 4, extract the SIFT descriptors from previously synthesized
images with two-layered Gaussian pyramid processing in order to learn the local

texture from different image size;

6. Build a 2DLTM for each landmark, which composes our 3D view-based Local

Texture Model, as explanation in the Section 3.3.2.

We can select as much landmarks as we can. For comparison purposes, we
manually selected on the 3D average face of the 3DMM, the same 58 vertices as the
ones defined in the IMM database [63] (see Figure 3.2). Thanks to the morphing char-
acteristics of SDMM, by setting different shape and texture parameters we can obtain
different 3D faces with the 3D position of the 58 vertices previously defined. Those

vertices could be considered as landmarks in a 3D space, as shown in Figure 3.2.
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The advantages of using 3DMM to automatically generate training landmarks
are the following:

1. We can generate as much landmarks as the resolution of the 3DMM is capable
of with few manual operations (only need to label the landmarks on the average
shape of 3DMM).

2. We can also generate faces with landmarks for different subjects with pose, illu-
mination and expression variabilities (if they are present in the 3DMM).

3. Since the 3DPDM and the 3DLTM are directly generated from the 3DMM, the
2D landmarks can be considered as a projection of 3D vertices. This is a strong

advantage for 3D face reconstruction from 2D images.

3.6 Databases

In this section we first give some details about the databases needed to train the
3D-ASM and the databases to evaluate our 3D-ASM landmark detector. We compared
it with our previously reported similar experiments for 2D landmark detection, with
the Combined ASM (C-ASM) method which is introduced in the previous chapter.
The C-ASM was trained with manually annotated images. The test databases include,
BioID [34], IMM [63] and PIE [60] database. A part of the IMM database (80 images with
pose variation) was taken in order to make the comparison with our previous C-ASM
results. As the proposed 3D-ASM method should be more robust to pose variations,
we evaluated it also on the PIE database, which contains more pose variability and for

which ground truth information about some landmarks are also available.

3.6.1 Training Database for the 3D-ASM

In this chapter, we use the 3D Morphable Model (3DMM) provided with the
USF Human-ID 3D Database [9]. The USF Human ID 3D face database consists of
136 scans of 136 subjects acquired with the Cyberware 3030PS laser scanner. There are
more than 90K vertices and 180K triangles for each face model.

The publicly database 3D Morphable Model is built from 3D scans of 100
individuals, aged between 18 and 45 years. These scans are recorded with a Cyberwave

3030PS laser scanner. The scans represent face shape in cylindrical coordinates relative
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to a vertical axis centred as the head. In the database there are original scans together
with the trained 3D Morphable Model for the synthesis of 3D faces. In a word, a 3D face
PCA space of shape and texture able to synthesise faces of any individual in 3D. The
PCA coefficients of the 100 original scans which are used for training are also provided
in a file TRAIN100.FSC, which can be used to generate the correspondent subjects. It
should be noted that this is the only publicly available SDMM. And the 3SDMM database

used in [10] is built from 200 scans.

3.6.2 Evaluation Databases

In order to validate the performance of using automatically generated land-
marks for the training phase of the proposed 3D-ASM, we conducted different experi-

ments on different databases:

e Experiment with 3D-ASM training with real scans denoted as train-real-scan

and evaluated on the following databases:

— BioID Database (to compare the performance with the C-ASM in frontal

images);

— PIE Database (to compare the performance with the C-ASM in nonfrontal

images);

— IMM Satabase (to compare the performance with the C-ASM in nonfrontal

images with more landmarks).

e Experiment with 3D-ASM training randomly generated 3D face denoted as train-

random and evaluated on the following database:

— IMM database (to compare the performance with the 3D-ASM with real

scans).

e Experiment with 3D-ASM training real scan with more views denoted as train-

views and evaluated on the following database:

— IMM database (to compare the performance of 3D-ASM training with 7 and

9 view points).
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Figure 3.3: Typical images from the IMM database [63].

IMM database: The IMM Face Database [63] is composed of 240 still images
of 40 different human faces, all without glasses. The gender distribution is 7 females and
33 males. Images were acquired in January 2001 using a 640x480 JPEG format with a
Sony DV video camera, DCR-TRV900E PAL. The following facial parts were manually
annotated using 58 landmarks: eyebrows, eyes, nose, mouth and jaw. A total of seven
point paths were used; three closed and four open.

PIE database: The CMU ( Carnegie Mellon University) Pose, Illumination,
and Expression (PIE) database [60] is collected between October 2000 and December
2000 consisting of over 40,000 images of 68 subjects. To obtain significant illumination
variation the data is acquired in a 3D Room with a “flash system with 21 flashes to
obtained different illumination conditions. To obtain a wide variation across pose, 13
cameras are composed to a camera array in the CMU 3D Room. Furthermore, several
different expressions are presented for each subject. The camera positions are shown in
Figure 5.2 .

BiolD database: The BiolD dataset consists of 1521 gray level images with
a resolution of 384 x 286 pixels. Each one shows the frontal view of a face of one out of
23 different persons. The number of images per subject is variable, as is the background

(usually cluttered like in an office environment). The positions of eyes are provided.
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Figure 3.4: Images taken from all cameras of the CMU PIE database for subject 04006.
The nine cameras in the horizontal sweep are each separated by about 22.5° [60].

3.7 Experimental Setup and Results

In this section we will evaluate the performance of our proposed 3D-ASM land-
mark detector. The experiments include using real scans and the randomly generated
data. The experimental protocol is similar to the previous chapter, where we evaluate
detected position of the eyes and the mouth or the another defined points with manu-
ally ground truth. It should be noted that, our 3D-ASM needs a initialization to give
the coarse region of the face. This can be done by the well known Adaboost face de-
tector [69] which is implemented and freely available in OpenCV library [11], and we
used it for the initialization step. Also there are multi-view face detectors as described
in [80], which work on different poses and can give the coarse pose categories. Although
this can be helpful to give more precise initialization for our 3D-ASM facial landmarks
detector, the study of multi-view face detectors is out of scope of our work. We used the
OpenCV frontal face detector and the 3D-ASM is also initialized for frontal view faces.
So we do not benefit of a prior pose information and make the hypothesis that the face

is in frontal position.

3.7.1 Evaluation Using the Real Scans

In this experiment, we used the PCA coefficients of the 100 original scans to
generate learning data and compare the performance of our 3D-ASM with C-ASM which

we have introduced in previous chapter.
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Figure 3.5: Comparison of our 3D-ASM and Combined-ASM from Chapter 2 on the
BiolD database for the two eyes.

Evaluation on the BioID Database

For comparison purposes, in Figure 3.5, we reproduce the published result
related to the maximum error of the two eyes measurements. These results are compared
with our 3D-ASM. From Figure 3.5, the performance of the 3D-ASM is much worse
than Combined ASM facial landmark detector. One of the reasons is that no expression
variation is present in the USF Human-ID 3D Database, while the images from BiolD
database are in near frontal view with expression variability. So the C-ASM is more

suited to frontal face image with expression variability.

Experimental Results on the PIE database

We have done two experiments on the PIE database. In the first experiment we
use the OpenCV face detector for the initialization, in order to evaluate the performance
of the whole system including face detection and landmark location. In the second
experiment, we suppose that we have the face detection, so the performance of 3D-ASM
landmark detector is evaluated only. For first experiment, we choose 280 images from
cameras ¢37, c05, c29, c11 and without expressions as shown in Figure 3.7. This limited

choice is because the face detector [11] works only for those sets. The ground truth
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Figure 3.6: Comparison of our 3D-ASM and Combined-ASM from Chapter 2 on the
subset of PIE Database.

Figure 3.7: Typical rotation images in PIE database [63]. From left to right image are
captured by camera: ¢37, c05, c29, c11.

for the landmarks comes from [27], where we have position of eyes and noise tip. As
shown in Figure 3.6, the 3D-ASM gives better results. By visual inspection we have also
noted that the performance is not only better on eyes and noise tip, but also on mouth
corners and contour landmarks, which are needed for the 3D face reconstruction. In this
experiment, we were limited by the performance of the face detector.

In the second experiment, we assume that we have a multi-view face detector as
described in [80], that works on different poses and can give the coarse pose categories.
We use the manual labelled face region and pose categories to initialize our 3D-ASM
facial landmarks detector. In that case, we can use 884 images from 13 camera to

evaluate our 3D-ASM. The results are shown in Figure 3.8. The initiation of pose
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Figure 3.8: The 3D-ASM facial landmarks detector point-to-point error distribution on
all 13 cameras on a subset of PIE database, for eyes and nose center points.

and facial region is important to our 3D-ASM algorithm. Actually this is a common
characteristic of all ASM-based methods [20].

We also study the mean error and standard deviation corresponding to the
camera position in Table 3.1. The nine cameras in the horizontal sweep are listed in the
table, the order is according to the Figure 5.2, from left to right: ¢22, c02, ¢37, c05, c27,
c29, cl1, c14, c¢34. The out of plan rotation is a big challenge to the landmark location
even if the face is well detected, the frontal face is more easy to locate than the profile
face.

Table 3.1: Evaluation results on the PIE Database. Mean error (in pixels) of eyes and
nose centers detection, of various different camera position.

Camera Position
c22 | c02 | ¢37 | c05 | 27 | c29 | cll | cl4 | c34
Mean error 131 | 83 | 65 | 6.1 | 44| 57|67 | 76 |14.0
standard deviation | 2.2 | 2.1 | 25|24 ] 20|22 |22 |20 | 3.1
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Figure 3.9: Comparison of 3D-ASM and Combined ASM on the subset of IMM Database
(80 images) on 58 landmarks.

Experimental Results on the IMM database

From IMM Database we have chosen 80 images which have pose variation,
and the landmark location result is evaluated on all the 58 points for each image. We
take the mean error of the 58 points. From Figure 3.9, we can see that the proposed
3D-ASM gives better performance than the Combined-ASM, therefore validating our
proposal of using automatically generated landmarks to train the 3D-ASM instead of

manually annotated landmarks.

3.7.2 Evaluation Using Randomly Generated 3D Faces

To evaluate the influence of the training data to the landmark location preci-
sion, we have used different synthesized data from the 3D Morphable model to train our
landmark detector. As in the "face space” of the 3D Morphable Model, a 3D human
faces can be defined as a shape vector and a texture vector. So we can generate "new”
3D faces by randomly setting the shape and texture parameters, some typical examples
could be found in Figure 3.10. In our experiment, two kinds of probability distribu-

tion functions are used to generate the random shape and texture parameters: uniform
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distribution and normal distribution. The number of synthesized 3D face which are
used for training are 100 and 300. In order to avoid no human like faces, the variation
of shape and texture parameters are constrained within a reasonable interval, that is
(—0.8,0.8) in our experiments. We choose this value empirically, if the value is too big
we will have unrealistic examples.

From Figure 3.11, we can see that by increasing the number of randomly gen-
erated 3D faces for training, we can obtain better landmark detector, however the per-
formance is still worse than using the 100 real scans. The statistical information of the
3D Morphable Model and the 3D-ASM are both learned from the real scanner data, so
no mater how many synthesis data are generated for training the statistical information
of the model is not increased. But the advantage is no manual annotations are needed.

Another way to increase the performance of the 3D-ASM landmark detector
could be to increase the view categories for training. As we explained in Section 3.3.2,
our 3DLTM is a discontinuous function to the texture patch from different view point,
the more view categories we are using in the training phase the better performance we
can obtain. For comparison, we render training data in 9 different views by setting
roll angle to be: (=90, —60, —40, —20, 0, 20,40, 60,90). In Figure 3.12, we can see the

improvement.

3.8 Discussion

In this chapter, we proposed a 3D Active Shape Model for 2D landmark location
on non-frontal face images. The novelty of our proposal is that we do not need to
manually annotate the 2D landmarks on all training 2D images. Instead, we need to
annotate manually only once the defined landmarks on the mean face of a SDMM. We use
this 3DMM for learning a 3DPDM which describes the prior of intrinsic changes caused
by the characters of different persons in 3D space, and a 3DLTM which describes the
prior of each landmark’s local texture characteristic in different poses separately. Our
fitting framework for landmark location is simple and efficient. We mainly compare the
performance with our previous C-ASM (trained with manually obtained landmarks).
The results show that our proposed algorithm based on automatically generated training

landmarks gives better performances than C-ASM. Therefore we have validated the
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Figure 3.10: Typically randomly generated 3D faces from 3D Morphable Model.
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Figure 3.11: Influence of the training data to 3D-ASM. Comparison of landmarks loca-
tion precision using different training data on the subset of IMM database.
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Figure 3.13: Error analysis: Bad landmark location examples from IMM, BiolD and
PIE database.
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proposal of automatic landmark generation for training.

We only compare the 3D-ASM with our own system, but not with another
published results. This is because, there are few public database suitable for evaluating
the landmark location across pose. We don’t have a common protocol, neither a standard
definition for the landmarks, and also the ground truth landmarks are not easy to obtain.
All of those make the comparison itself a big challenge.

In this work, we focus on solving the pose variation problem during the land-
mark location, but expression can be handled by the same framework by increasing
expression variability in 3SDMM. The 3D-ASM can not deal with expressions because
the 3DMM that we used in USF human ID database is built with faces without ex-
pressions. As all facial landmarks location algorithms, the 3D-ASM is sensitive to the
initialization step. In Figure 3.13, we show some difficult examples. Note that, the
profile view of the faces is very difficult, and the landmarks we selected for the frontal
view may be not suitable for the profile. The background has more effect for the side
view images.

The proposed automated 2D landmark algorithm is exploited for of 3D facial

reconstruction from 2D images in the next chapter.
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4.1 Introduction

During the last ten years, the 3D face reconstruction problem received a con-
tinuously increasing scientific attention [72]. There are many interesting applications
that rely on 3D information, such as face recognition, human computer interaction and
animation. Working with 3D data raises also many research challenges, such as model
initialization, subspace learning, illumination effects, etc. There are different 3D face
reconstruction methods which can be separated into three principal categories: recon-
struction from a single image, stereo-based methods and video-based methods. Our
main goal is to have a fully automatic system to reconstructed 3D model from single 2D
image instead of using manual landmarks. In order to fully automate the 3D reconstruc-
tion process from a single 2D image, in provoius chapters we presented two methods for
automatic facial landmark detection. Those methods are used for the initialization steps
of 3D Morphable Model based face reconstruction.

In this chapter we are using the concept of analysis-by-synthesis loop intro-
duced Blanz et al.(Blanz 1999) [9] as shown in Figure 4.1. We are interested in fully
automatic 3D face reconstruction. We use the 3D-ASM landmark detector (introduced
in Chapter 3) for automatic 3D face reconstruction from 2D nonfrontal face images. A
3D Active Shape Model (3D-ASM) is used to automatically detect 58 landmarks. Those
landmarks are exploited to recover the initial pose and the main facial shape parameters
of the 3D face model, followed by 3D Morphable Model (3DMM) fitting for face surface
reconstruction. Our 3D-ASM landmark detector is a pose robust landmark location al-
gorithm, whose training data originate from the 3D Morphable Model. The landmarks
of the 3D-ASM have one-to-one correspondence between the 2D points detected from a
2D image and 3D points defined on the 3SDMM. This kind of correspondence leads to a
robust and precise initialization of the pose and coarse facial shape parameters. Then
we fit the 3D Morphable Model to the input image by minimizing pixel-by-pixel color
difference in an analysis-by-synthesis loop.

In this chapter we will introduce a novel technique to exploit the 3D Active
Shape Model (3D-ASM) based 2D landmark detection in order to facilitate and improve
the initialization step of the 3DMM.

The rest of chapter is organized as follows: first a brief literature review about



4.2. LITERATURE REVIEW RELATED TO 3D FACE
RECONSTRUCTION AND ITS EVALUATION 65
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Figure 4.1: The framework of our automatic 3D face reconstruction algorithm from a
single image with nonfrontal face. By using the landmarks detected by 3D-ASM, the
pose of the 3DMM and the main facial feature are recovered. Example input 2D image
is from the PIE database [60].

automatic face reconstruction is given in Section 2, then the main idea of our method
of automatic 3D face reconstruction from 2D images, including using the 3D-ASM for
automatic landmark location, model initialization and 3DMM-based face reconstruction
is explained in Section 3. The evaluation methodology for the 3D face reconstruction is
presented in Section 4. The databases that underlie our experiments and the results are
shown in Section 5. In Section 6, we also study the problem about how the different view
points and the image quantity effect the 3D face reconstruction results. The conclusions

can be found in Section 6.

4.2 Literature Review Related to 3D Face Reconstruction

and Its Evaluation

Among related works to 3D face reconstruction we will first summarize works in
3D face reconstruction, followed by recent research on automatic 2D landmark detection
for 3D face reconstruction. Because the evaluation of 3D reconstructed faces is an

important point, we will also report and comment some relevant publications in this
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topic.

4.2.1 3D Face Reconstruction

As explained in (Widanagamaachchi 2008) [72], the first notable attempt to
build a model of facial appearance using a 3D model was undertaken by Atick et al. (At-
ick 1997) [6]. In analogy with Sirovich and Kirby(Sirovich 1987), [61] and Turk et
al. (Turk 1991) [68], they showed that human faces whether imaged or as surfaces have
few degrees of freedom and thus can be represented with a relatively small number of
parameters. Turk et al. applied PCA to a set of laser range scanned face surfaces repre-
sented in cylindrical coordinates to derive a set of eigenvectors describing perturbations
from the mean head shape. They coined the modes of variation eigenheads. These eigen-
heads seem to capture modes of variation which are easily identifiable as facial character-
istics. They found that an out-of-sample head could be represented with approximately
1% error using 100 modes of variation. Yan and Zhang (Yan 1998) [78] extended Atick
et al’s technique to allow the model to be fitted to nonfrontal images. However, it is
clear that rendering a 3D head using Lambertian reflectance without variation in albedo
yields very unrealistic images. Evidently, their model lacks sufficient complexity to re-
alistically capture facial appearance. Nevertheless, they used a minimization technique
to fit their model to frontal face images assuming known illumination and found that
the recovered shape appeared qualitatively accurate. For synthetic Lambertian images
the error was on the order of 2%, though this would obviously be higher for real world
images with variation in texture and which exhibit non-Lambertian reflectance.

Blanz and Vetter (Blanz 1999) [9] enhanced this model by using a device which
simultaneously captures shape and texture (in the three color channels). This allowed
them to construct a statistical model (from a set of 3D scans) whose appearance pa-
rameters controlled both 3D shape and surface texture. Further, they used a method
based on optical flow to find the dense correspondence between each head. This en-
sured that every vertex in the model corresponds to the same point on each face in
the training sample. When combined with a complex rendering process which simulat-
ed camera settings and illumination conditions, near photo-realistic face images can be
generated. One of the weaknesses of their approach is the lack of a realistic model of

skin reflectance. They used the generic Phong model (Phone 1975) [53] which combines
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ambient, diffuse and specular reflectance to capture the reflectance properties of skin.
They use a similar technique to Atick et al. (Atick 1997) [6] to recover model parame-
ters from a given input image of a face, though their optimisation procedure is far more
complex. Besides shape parameters, they also adjust albedo, camera parameters, pose
and illumination until an optimal match is achieved. This is a very computationally
intensive process. But near photo-realism is achieved for input images. The technique
also relies heavily on its optimisation procedure, which may return a local rather than a
global minimum and is dependent upon a good initialisation. The reconstruction starts
from a number of feature points (landmarks) on a face image. Those landmarks are used
to align the pose of the 3D face model to the input image. In the majority of published
works [9, 10, 39, 40], these landmarks are annotated manually. One promising research
direction is to fully automate all the steps. Therefore, a 2D facial landmark location

algorithm which is suitable for this purpose is required.

4.2.2 Automatic 2D Facial Landmark Location for 3D Face Recon-

struction

In Chapter 2 we have reviewed the work for the frontal view facial landmark
location. For 3D face reconstruction from single image we need a landmark detector
which works on nonfrontal images for the initialization. In chapter 3 we introduce
the previous works on the problem of landmark location across pose. Because we are
interested in the fully automatic 3D face reconstruction from single 2D images, in this
section we will complete the reviews presented in the Chapter 2 and 3 for automatic 2D
Facial landmark location for 3D face reconstruction.

Hu et al. (Hu 2004) [33] proposed an automatic linear algorithm to recover the
shape information from sparsely corresponding 2D facial landmarks. They first auto-
matically detected 83 landmarks, and then 3D shape parameters were computed only
from these landmarks. The method is reported to be efficient, but it works only with
faces in frontal views with normal illumination. In (Breuer 2008) [12], the authors pro-
posed an automatic facial landmark location algorithm, which is based on a classification
algorithm (i.e. support vector machine), to initialize the 3DMM on nonfrontal faces.
The authors created five view-specific component detectors (for nose tip, corners of the

mouth, and external corners of the eyes) in order to detect facial landmarks. In order



4.2. LITERATURE REVIEW RELATED TO 3D FACE
RECONSTRUCTION AND ITS EVALUATION 68

to increase the robustness of the detectors, the processing is iterated using a criterion
that is related on the 3D model based confidence measure. The evaluation of their 3D
reconstruction algorithm is done with human visual inspection. Their results indicate
that the automated algorithm is competitive in many cases, even though it does not

fully match the quality of manual initialization.

4.2.3 Evaluation of the Quality of the 3D Face Reconstruction

Different criteria can be considered for the automatic 3D face reconstruction
from 2D images. One straightforward method is with perceptual experiments where par-
ticipants compare by visual inspection (Brerer 2008, Widanagamaachchi 2008) [12, 72]
two reconstructed models. This kind of subjective evaluation is heavily affected by
the relation among the tested faces, the subjects and poses. Other authors [10, 33]
proposed to evaluate 3D face reconstruction by face recognition. With better 3D face
reconstruction algorithms higher recognition accuracy is expected. But the performance
of face recognition systems depends on both shape and texture, and the absolute geo-
metric accuracy of the reconstructed face shape is still unclear. Le et al. [38] proposed
a quantitative method to evaluate the accuracy of 3D face reconstruction algorithms.
They suggest describing the shape difference between the reconstructed 3D faces and
the 3D ground truth using Signal to Noise Ratio (SNR). They used synthetic 2D data
as input images. Amberg et al. [2] have done quantitative evaluation using 3D scans
and real 2D image from the same persons by using the geometric distance between the
reconstructed 3D face and the 3D scans. Their evaluation is done on a database with
only 20 subjects.

We would like to specify some differences and connections between our work
and Breuer’s work [12]. Both of them consider to automatically construct 3D face from
a single image with pose variation. Our work focuses on the geometric precision of
the reconstruction, and we propose an unified framework to quantitatively evaluates
the accuracy of 3D face reconstruction algorithms, with possible applications for face
recognition. While Breuer’s work focused on visual inspection, their application is more

about how to construct a photo-realistic representation for video games.
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4.3 Automatic 3D Face Reconstruction from Nonfrontal

Face Images

This chapter aims to automatically reconstruct a 3D face model from a single
photograph under pose variations. Our task is similar to the one presented by Breuer et
al. [12], but we focus on single 2D images, not video sequences. The framework of our
automatic 3D face reconstruction algorithm is described in Figure 4.1. It is decomposed
in three steps: 1. Face and landmark location, 2. Pose and shape initialization, and 3.
Model fitting.

During the first step, we detect the region of the face and our 3D-ASM land-
mark location algorithm robust to pose variations is used to automatically detect 58
landmarks. In the second step those landmarks are exploited to align the 3D face model
to the input 2D image (In Blanz et al. [10], 6 «~ 9 manual landmarks are used). Dur-
ing this initialization step, not only the pose is estimated, but also the major facial
shape parameters are coarsely recovered using the large number of detected landmarks.
After this initialization stage, we fit the 3D Morphable Model to the input image by
minimizing pixel-by-pixel color difference in an analysis-by-synthesis loop. In such a
way the computing time for the fitting part should be diminished, because the main
facial shape parameters are already recovered in the initialization phase. Also thanks
to this initialization with shape parameters, we can expect that the optimization of the

analysis-by-synthesis loop should be more robust to local minima in the fitting phase.

4.3.1 Automatic 2D Face Landmark Location with 3D-ASM

In order to facilitate the fitting part, we propose to exploit the characteristics
of an 3D-ASM 2D landmark detector. Active Shape Models need training data with
manually annotated landmarks. In order to be independent of the manual annotation
part, and to be able to choose specific landmarks, the 3D-ASM detector uses as train-
ing data synthetically generated from a 3DMM. The landmark points detected on 2D
images with this 3D-ASM method have one-to-one correspondence to the corresponding
3D landmarks defined on the 3D model. This fact benefits the 3SDMM fitting step. To
build 3D-ASM, we use synthetic 3D faces data from the 3DMM [57]. The 3D landmarks

can be easily manually located on 3D models, but it is more confusing to select them
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on 2D images. Probably it is much easier for humans to find landmarks on corners
and edges instead of visualizing 3D projections with self-occlusion. When input 2D im-
ages contain frontal faces, the 2D landmarks are much closer to the projection of the
3D landmarks [35]. But when 2D images represent faces in nonfrontal views, the man-
ual annotation of 2D landmarks is more confusing. Figure 4.2 illustrates the difference
between 3D landmarks and 2D landmarks for the same person in same head pose.
Furthermore during the landmark detection, 3D rotation parameters are taken
into consideration. The landmarks detected by 3D-ASM on 2D images are considered as
projections of 3D shape on the 2D image plan. Therefore we can recover the projection
parameters and 3D shape information in the detected 2D landmarks, which also increases
the precision of the following initialization step and induces robustness to pose variations.
As explained in Chapter 3, to obtain a 3D personalized face model, the fitting
process starts from the 3D landmarks which are recovered from a set of 2D landmarks
detected by 3D-ASM. The method recovers the shape and texture parameters of the face

on the 2D image and is explained with further details in subsections 4.3.2 and 4.3.3.

4.3.2 3DMM Initialization Using Detected 2D Landmarks

Before using analysis-by-synthesis loop to optimize the global transformation
0, shape a, and texture 8 parameters, the 3D model needs to be aligned to the 2D image
with reasonable initial pose and shape parameters. The more accurate the initialization
is, the better 3D face reconstruction is expected. This processing is done in two steps:
pose initialization and initialization of shape parameters.

Let (Z;,9;) be the estimated position of the " landmark on the 2D image.
For those landmarks of interest, we also know the 3D coordinate of the corresponding
vertex on the 3DMM. Let (X;,Y;, Z;) be the 3D coordinates of the it" landmark, and
(zi,y;) = PoT o S(X;,Y;,Z;) be the projection of those points on the 2D image.
The shape transformation with respect to the shape variation on the 3D Morphable
Model of the vertex is denoted as S(X;,Y;, Z;). The 3D-coordinates of the vertices
of the face model are defined according to an object centred coordinate system. A
rigid body transformation applied to each (shape-transformed) vertex of the model is
denoted as T, and P is the camera projection transformation. In our experiment we

use week perspective projection, so only the focal length needs to be estimated during
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Figure 4.2: The difference of the 3D landmarks and 2D landmarks. The left image is
the rendering image with 58 landmarks on the 3D model. The right one is 2D image
rendering in same angle, while with 58 2D landmarks manually located on 2D image.

The red points show the significant different points. The 3D scan data are generated
from USF database [57]
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the optimization. Another camera projection models can also be applied. The energy
function we minimize is the following:

Np

Ernitiar = Y _ (& — yi)" (& — ui) (4.1)

i=1
where N, is the total number of landmarks (58 in our experiment). During the pose
initialization step, the initial model position is found by minimizing E,;tq1 With respect
to the 6 parameters related to rotation, translation and focal length.
After a coarse pose is estimated, it is possible to further optimize E7j,;1;4; With
respect to the model shape parameters, since the number of detected landmarks is large
enough to render a unique solution. Considering the shape prior, the objective function

can be modified to:

Np " o2
Ernitial = Z (2 — i) (& — i) + As Z % (4.2)
i1 — %

where n is the number of the shape model, «; is the jt" element of the shape parameter
o, and ); is the corresponding shape eigenvalue of the model. This energy consists of
two parts: the first part measures the difference between the detected 2D landmarks and
corresponding 3D landmarks projection positions. The second part is the shape prior
which constraints the shape deformation to reasonable values, so that we can avoid non-
face-like surfaces. The parameter Ag, which we take proportional to the sum of all the
weights in the first part, allows us to balance the influence of matching quality and shape
prior probabilities. We minimize this energy using Levenberg-Marquardt algorithm.
After the initialization step, the pose and the main shape parameters are recov-
ered. For the final reconstruction, we fit all model vertices to the image in an analysis-
by-synthesis loop that optimizes all facial details and compensates for lighting and other

imaging parameters.

4.3.3 3D Face Reconstruction by Model Fitting

In the third stage of our method, the full facial surface is reconstructed by
fitting the 3DMM to the input image. The 3DMM uses a linear subspace (i.e. a PCA)
to model the facial shape and texture from 3D scans. The coefficients of shape and

texture model define person intrinsic variations (such as identity). The objective of the



4.3. AUTOMATIC 3D FACE RECONSTRUCTION FROM
NONFRONTAL FACE IMAGES 73

fitting is to minimize pixel-by-pixel color difference using the analysis-by-synthesis loop
method. Our fitting processing is similar to Blanz and Vetter [9], except we use Gauss-
Newton instead of Newton algorithm for the nonlinear optimization. The analysis-
by-synthesis aims not only to optimize these coefficients but also the pose (rotation,
scale and transformation), color and intensity of directed light and ambient light, color
contrast as well as gains and offsets in each color channel. Once the shape and pose
parameters are recovered, the face texture can be extracted from the 2D input image
to make the 3D face model more realistic. With our proposed initialization phase the
computation time for the fitting process is diminished, because the main facial shape
parameters are already recovered in the initial phase. Also thanks to the initialization
of shape parameters, the optimization of the analysis-by-synthesis loop should be more
robust to the local minima problem that can occur during the fitting phase.

Face image synthesis defines the positions of vertices of the 3-D model with
illumination and colour. During the processing of fitting a model with a novel image, not
only the shape and texture parameters «; and (; are optimised, but also the following
rendering parameters are optimised. There are 22 rendering parameters concatenated

into a vector p:
e pose angles ¢, 0, and
e 3-D translation t,,
e focal length f
e ambient lighting intensities L, qmb, Lg ambs Lb,amb
e directed light intensities L, 4ir, Lg dir, Lp dir
e the angles 6; and ¢; of the directed light
e colour contrast c
e and gains and offsets of colour channels g,, g4, g5, 0r, 04, 0p

In analysis-by-synthesis iterations, the fitting algorithm finds model parameters
and rendering parameters, and produces an image as similar as possible to the input

image Linpus as shown in Figure 4.3. The goal of the fitting is to find shape and texture
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Figure 4.3: Fitting a morphable model: analysis by synthesis iterations [10].

coefficients o and /3 such that rendering R, produces an image I,,,4¢; that is as similar
as possible to Linput-

It should be noted that for initialisation, in the work of Blanz et al. [10], seven
facial feature points, such as the corner of the eyes or the tip of the nose, are marked in
image coordinates. On the morphable model, these 7 points are also defined as vertices of
the mesh corresponding to the points in the image. While in our work, the 58 automatic
detected landmarks are used in the same way. The primary objective in analysing a face
is to minimise the sum of square differences over all colour channels and all pixels in the

input image and the symmetric reconstruction
EI == Z ||Iinput(x7 y) - Imodel('r7 y)||2 (43)

A stochastic version of Gauss-Newton’s method is used to minimise the cost function in
the fitting procedure. Because the face model is separated into four regions - eyes, nose,
mouth and the surrounding face area, the optimisation is also separated by each region

to obtain local parameters, i.e., ay , B, ..., qr, and G;,.
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4.4 Evaluation Method for 3D Face Reconstruction

In order to evaluate the quality of the 3D reconstructed models, we have chosen
to compare the shape of the reconstructed 3D data with the shape of the ground truth
of the same subjects obtained from a 3D laser scanner. For this purpose the multimodal
biometric database IV? [50] is well suited. For more then 100 subjects this database
contains various 2D images (that we are going to use as input 2D images for the 3D
reconstruction), and 3D laser scans (from where we can obtain the ground 3D truth for
the same subject). The Mean Squared Error (MSE) of the geometric distance over the
surface is used to measure the shape difference. In this chapter we evaluate the 3D face
reconstructed results using geometric distance, in next chapter the performance of the
3D face reconstruction will be evaluated by face recognition.

The framework of our 3D face reconstruction evaluation methodology is il-
lustrated in Figure 4.4. For each person, one 2D nonfrontal image is selected as the
input image for the 3D face reconstruction. The evaluation aims to compare the 3D
reconstructed face and the ground truth available in the IV? database.

In order to measure the shape difference between the reconstructed shape and
the ground truth, an alignment step is necessary. We use a 3D alignment phase which
can be separated in two parts using a coarse-to-fine strategy. The coarse step is based on
a manual annotation in which the user must select three points on the ground truth (the
outer corner of left and right eyes and the nose tip). This manual step is only needed
in the evaluation phase, not for the 3D face reconstruction. The corresponding points
of the 3D reconstructed face could be easily obtained since the index of those points on
the 3DMM is known. Thanks to these corresponding points, a coarse alignment of the
reconstructed face to the ground truth can be done with an affine transformation. Then
we apply a fine alignment which finds the minimal distance between two surfaces starting
from the last initial solution. This step is based on the well-known Iterative Closet Point
(ICP) algorithm [7]. It is an iterative procedure minimizing the MSE between two sur-
faces. At each iteration of the algorithm, the geometric transformation that best aligns
the 3D scan and the 3D reconstructed face model is computed. Let P = pg,...,pi, ..., PN
be a set of points on the 3D reconstructed face, and Q = qo, .., ¢, -.., qas the corre-

sponding points on the 3D scan. The goal is to find the rigid transformation (R,t)



4.4. EVALUATION METHOD FOR 3D FACE RECONSTRUCTION 76

which minimizes the distance between these two sets of points. The rigid transforma-

tion (R, t), minimizing the least square criterion bellow, is calculated for each iteration.

N
(R 1) = = S I(Rpi +0) — gl (14)
=1

where ¢, is the nearest point on the 3D scan to p;. Since we are using the week per-
spective camera model during the 3D face reconstruction step, the absolute scaling of
the reconstruction face is unknown. So during the ICP alignment, the scale parameter

s is added to the rigid-body transformation. The criterion is:

N
e(R1) = 1 D Is(Rpi +1) — s (15)

i=1

The ICP algorithm presented above has the problem that it can sometimes converge
monotonically to a local minimum. So during our experiment we discarded the 3D re-
constructions for which the ground truth scans conducted to local minima during the
ICP fine alignment step. The 3D scans that caused this errors presented for example a

large hole on the mesh.

Reconstructed face Landmark location Input 2D image

Coarse alignment Fine alignment

3D ground truth face with landmarks with I[CP

Errar map

-

Figure 4.4: The framework of our 3D face reconstruction evaluation protocol. The input
2D image and the 3D ground truth scan are from the IV2 database [50].
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4.5 Database and Experimental Results

4.5.1 Databases

In this section more details about the databases that underlie our experiments
and the results are given. The USF Human ID database [57] which contains the 3D
Morphable Model is used for training the 3D Active Shape Model. The IV? Multimodal
Biometric Database [50] is used for the evaluation of the reconstructed 3D personalized
models.

USF Human ID 3D face database: The USF Human ID 3D face database [9]
consists of 136 scans of 136 subjects acquired with the Cyberware 3030PS laser scanner.
There are more than 90K vertices and 180K triangles for each face model.

IV? Multimodal Biometric Database: The IV? database [50] contains face
and iris data. Among the the face data we extracted from the videos 2D face images
with some pose and illumination variability, and the 3D facial data acquired with a laser
scanner (Minolta Vivid 700), as the ground truth. The resolution of the 2D images are
640 x 480, and the distance between two eyes is about 40 pixels. The resolution of the
3D scans (are manually merged from 3 partial original scans taken from 3 views (left,
right, frontal) respectively) have about 7000 vertices and 13000 triangles. This database
is composed in total of 430 records from 315 different subjects, 219 subjects have only
one session, 77 subjects with two sessions and 19 subjects with three sessions. It should
be noted that there are 104 subjects that have glasses in the acquisition and 45 subjects
have beard. And there are some subjects that have incomplete 3D scans. We have
to ignore those subjects during our experiment. The total number we can use for our
experiment is 68 subjects.

In our experiment, in order to have head pose variation, we extracted from the
IV? frontal stereoscopic video data one 2D input image for the 3D face reconstruction
data. For practical reasons the 2D images were extracted at a given timestamp, where
some illumination variability is present, and the head is not in a frontal position. From
those extracted images, we ignored some bad quality images due to the out of focus, no
face present, image blurred or subject with beard and glasses. In total, we obtained 87
such images from 68 subjects, for which the 3D models were constructed. Notice that

one of the reasons that we choose the frontal stereoscopic video data is that they contain
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the head pose variation with roll angle approximatively equal to (-40,40).

4.5.2 Experimental Results

In our experiment, the USF Human ID Database [9] is used to train the 3D-
ASM 2D landmark detector. The 3DMM available also with this database is used for
the fitting part. The evaluation of the 3D reconstructed models is conducted on the
IV? database. The 2D images from IV? stereoscopic video are extracted and are used
as the input images for the 3D face reconstruction.

For comparison purposes, for each input image we built three 3D models, with
different landmarks for the 2D input image. Three different landmark location algo-

rithms are used for 3D face reconstruction:
e C-ASM
e 3D-ASM
e manually labelled landmarks

For comparison, related to the precision of the 2D automatic facial landmarks
algorithms, another set on automatically obtained 2D landmark points with the Com-
bined Active Shape Model (C-ASM) and 2D manual landmarks, are used in the 3D face
reconstruction step. So for each input 2D image, we compared three 3D reconstructed
models. Typical reconstructed face models are shown in Figure 4.5. The experimental
and qualitative results of the proposed method are illustrated as in Table 4.1 and Fig-
ure 4.6. In Figure 4.6, the histogram of the face reconstruction over 87 input images
are plotted. Figure 4.6 shows that the 3D-ASM gives good performance and even bet-
ter than the 2D manual landmarks on nonfrontal face images. The explanation could
be the following: the 3D-ASM is training with the SDMM which is also used for face
reconstruction. The 2D landmarks detected by 3D-ASM have a natural correspondence
with 3D points defined on the 3DMM. Also during the landmark detection, the 3D-ASM
considers 3D out-of-plane rotation parameters. This leads to a better initialization for
the analysis-by-synthesis loops. While the 2D manually annotated landmarks suffer
probably from the problem depicted in Figure 4.2, that it is not so easy for humans to

precisely locate 2D landmarks on nonfrontal face images.
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Figure 4.5: 3D face reconstruction using three different landmarks for initialization.
First column: the input 2D image (above) and 3D ground truth scan (bellow). Second
to fourth column: three different landmarks detected on the 2D image (above) and the
corresponding 3D face reconstruction results (bellow), from left to right: CASM, 2D
manual, 3D-ASM landarks. The input 2D image and the 3D scan are from the IV?2
database [50].
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Table 4.1: Performance of the 3D face reconstruction initialized by 3D-ASM, CASM
and 2D manual landmarks in a side by side comparison. STD = standard deviation.

CASM | 2D manual | 3D-ASM

MSE (mm) | 2.85 2.63 2.38

STD (mm) | 0.98 0.96 0.75

In Table 4.1, we list the average Mean Squared Error and the standard devia-
tion of the 87 face reconstruction results using the three different landmarks detection
methods. From the Table 4.1 and the reconstructed 3D face examples in Figure 4.5,
the results shows the difference between different landmarks location strategy are not

so significant.
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Figure 4.6: Histogram of geometric Mean Squared Error distance from the 3D recos-
ntructed models to the ground truth surfaces.
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4.6 Influence of View Point Change to the 3D Face Re-

construction Results

In this section, we will study the problem how the view angle of the 2D im-
ages affects the 3D face reconstruction. Our reconstruction algorithm only needs single
input image for 3D face reconstruction. To construct a 3D shape by using analysis-by-
synthetics loop, the input image could be take from different view points.

Figure4.7 explains this problem, the left column shows the input images for
face reconstruction, from top to bottom which are taken from frontal, side and profile
view separately. The reconstruction results are rendered in the right three columns.
They look different. Take the first row for example, the 3D reconstructed face looks
more similar in frontal view rather than from another point of views.

To study which is the optimal view point for the face reconstruction, we use
synthetic head pose database which we generated from the 3DMM and the evaluation
method described in Section4.4. Firstly we randomly generate 50 3D faces from the
3D Morphable Model, and then we render the 3D face by setting roll angle from —90
to 90 degree, 10 degree for each image, see Figure 4.8. So we have 50x19 images from
19 different view points. For each image, we reconstruct a 3D face. The ICP distance
between the reconstructed 3D face and 3D faces which are used to render the synthetic
head pose database is exploited to measure the influence of the view point related to
the reconstruction.

The experimental results are show in Figure 4.9. We find out that the frontal
view seems to be the optimal view for 3D face reconstruction. While images captured

from profile views are less suitable for 3D face reconstruction.

4.7 Influence of Image Quality to the 3D Face Reconstruc-

tion Results

It should be noted that, the acquisition view point is not the only factor that
affect the 3D face reconstruction performance, though it is a important one. For example
the resolution and quality of the input image are also important. During our experiment,

the best resolution for the face reconstruction is 512x512, with 50 to 100 pixels between
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Figure 4.7: Typical examples of 3D face reconstruction from different view points. The
left column show the input images for face reconstruction. The second to the fourth
columns present the corresponding reconstructed 3D face rendered in frontal, side and
profile view separately.
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Figure 4.8: Examples of the synthetic head pose database for the evaluation of the
influence of the view point to the 3D face reconstruction precision. The top row are the
synthetic image rendered by setting roll angle from 0 to 90 degree, 10 degree fro each
image. The botton row are the synthetic image rendered by setting roll angle from 0 to
—90 degree, 10 degree fro each image.
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Figure 4.9: Evaluation result of the influence of the view point various to 3D face
reconstruction algorithm .
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Figure 4.10: The influence of image quality to the 3D face reconstruction results. The left
column show the input images for face reconstruction with different quality. The second
column is the reconstructed face rendering with the illuminate and pose parameters
extracted from the input image. The third to the fifth columns list the correspondence
reconstructed 3D face rendered in frontal, side and profile view separately.
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the two eyes. Actually this is the same resolution of the reference plan image of 3D
Morphable Model in the USF Human-ID database. Given an input image , we first
have to re-sample it to this resolution. Compared to the image resolution, the image
quality is more important. In here the high quality image means no-blurred face image.
Figure 4.10 shows face reconstruction results with blurred and no-blurred face images
taken from the some subject. We can see the algorithm is sensitive to the image quality.
The reason could be the following: the 3D face reconstruction using 3DMM is done by
analyse-by-synthesis loop. During the fitting, the pixel value on the synthesis image
where the 3D face model is projected depends on two parts: the texture values from
the 3DMM and the environment illumination condition. In our implementation we
use the Phone model, which assumes one pixel value is the reflection of the 3D model
corresponding vertex. This is not the case when images are blurred, and we can not
find one by one correspondence between them, in other word blurred image does’t fit
our Phone light model hypothesis. In Figure 4.10, we only show the example mapping
with the texture from 3DMM, the influence of the different texture mapping strategies

(texture from 3DMM or texture from input image) are discussed in next Section.

4.8 Influence of Texture Mapping Strategies to the 3D

Face Reconstruction Results

In Figure 4.11, the reconstructed 3D faces with different texture mapping s-
trategy are shown. Taking texture directly from 2D input images gives more details
of the human face and makes the result more realistic for visual inspection. While 3D
reconstructed faces mapping with the texture from the 3DMM looks smoother and re-
duces the influence of illumination. It would be interesting to combine the two kinds
of texture to improve the 3D reconstruction result, and to study their influence on the

face recognition. More details about the evaluation will be given in the next chapter.

4.9 Conclusions

This chapter presents a fully automated algorithm for reconstructing 3D mod-

els of face from single photograph with nonfrontal faces. The algorithm is based on a
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Figure 4.11: Typical 3D face reconstruction results using 3D-ASM landmark lactation
for initialization. First column: the input 2D images. Second column: 3D reconstructed
faces mapping with the texture from the 3DMM. Third column: 3D reconstructed faces
mapping with texture extracted from the input 2D images . The input 2D images are
from the IV? database [50].



4.9. CONCLUSIONS 87

combination of 3D-ASM and 3DMM. We evaluate the face reconstruction result quan-
titatively on the IV? Biometric Database. Different automatic landmark location algo-
rithms are compared. The influence of the precision of landmark location due to the
3D face reconstruction is evaluated. The results show that the 3D-ASM provides excel-
lent initialization for the 3D face reconstruction with nonfrontal faces. It seems to be
even better compared to the manual annotation for nonfrontal images.

Our contribution is also related to the usage of the 3D-ASM for the step of
automatic landmark location on the 2D image. Thanks to the characteristics of this
step, the processing should be more robust to the local minima problem that can occur

using the fitting phase.
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5.1 Introduction

Our main purpose is in this chapter is to continue the validation our imple-
mentation of the 3D reconstruction procedure which presented in previous chapter. In
Chapter 4, we use the 3D geometric distance between the 3D scanner and the recon-
structed 3D face from 2D image to evaluate our 3D face reconstruction accuracy. As
explained in previous chapter, the face reconstruction could also be evaluated by 2D
face recognition indirectly, the better face reconstruction result we have the better face
recognition rate we should obtain. In this chapter we will introduce how to use our
fully automatic 3D face reconstruction algorithm to solve the problem of pose variations
problem in the field of 2D face recognition. In previous chapter, our focus was about
the 3D shape information of the face reconstruction, while in this chapter the texture
information is also taken in account.

The rest of this chapter is organized as follows: first a brief literature review
about face recognition across pose is given in Section 5.2. Reminders about using the 3D
Morphable Model for 3D face reconstruction and the experimental protocol are given in
Section 5.3. The proposed algorithm of coefficients-based comparison, the ICP distance
of the 3D surfaces based measure and viewpoint normalization approach are explained in

Sections 5.5, 5.4 and 5.6 respectively. Finally, the conclusions can be found in Section 5.7.

5.2 Brief Literature Review about Face Recognition across

Pose Problem

In recent surveys of face recognition techniques by Zhao et al. (Zhao 2003) [81]
and Tan et al. (Tan 2006) [66], pose variation was identified as one of the prominen-
t unsolved problems in the research of face recognition. Therefore it gains great in-
terest in the computer vision and pattern recognition research community. This is
important in the degraded condition such as video surveillance. Consequently, a few
promising methods have been proposed to tackle the problem of recognising faces in
arbitrary poses, such as tied factor analysis (TFA) introduced by Phllips et al. (Phillips
1998) [52], 3D Morphable Model (3DMM) introduced by Blanz et al. (Blanz 2003) [10],
eigen light-field (ELF) (Gross 2002) [28] introduced by Gross et al., illumination cone
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model (ICM) (Georghiades 2001) [25] introduced by Georghiades et al., etc. However,
none of them is free from limitations and is able to fully solve the pose problem in face
recognition. Continuing attentions and efforts are still necessary towards ultimately
reaching the goal of pose-invariant face recognition.

According to Zhang et al. (zhang 2009) [79], techniques of face recognition
across pose are broadly classified into three categories, i.e., general algorithms, 2D tech-
niques, and 3D approaches. By general algorithms, we mean those algorithms that did
not contain specific tactics on handling pose variations. They were designed for general
purpose of face recognition equally handling all image variations (e.g., illumination vari-
ations, expression variations, age variations, and pose variations, etc.). Generally, there
are two trends in developing face recognition techniques, i.e. (1) improving the capabil-
ity and universality of general face recognition algorithms so that image variation can
be tolerated and (2) particularly designing mechanisms that can eliminate or at least
compensate the difficulties brought by image variations (e.g., pose variations) according
to its own characteristics, such as through 2D transformations or 3D reconstructions.

Recently, face recognition with assistance of 3D models is becoming one of
the successful approaches when dealing with pose variations. The success of 3D model-
based approaches in handling pose variations is due to the fact that human heads are 3D
objects were fine structures and changes in viewpoints all take places in the 3D spaces.
3D reconstruction is an active research area in computer vision, which inversely estimates
3D shape information from 2D images. Generalised 3D reconstruction considers all of the
shape modelling, the surface reflectivity descriptions and the estimation of environmental
parameters (e.g., lighting conditions). The clues for reconstructing 3D objects in 2D
images are usually image features (e.g., edges and corners) and image intensities.

Blanz and Vetter (Blanz 2003) [10] proposed a successful face recognition sys-
tem using 3D morphable model based on image-based reconstruction and prior 3D
knowledge of human faces. The morphable model was fitted with a single face image
in an arbitrary condition by iteratively minimising pixel differences of image intensities
and reconstructed virtual intensities using the set of parameters controlling the varia-
tions of shape, texture, illumination, pose, specularity, camera parameters, etc. Using
stochastic Newton optimisation method, the process first makes use of several facial

landmarks defined on both image and 3D model to find a rough alignment and then
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relies more and more on the comparison of pixel intensities. The principal components
of shape model and texture model were obtained in this process which was then used to
reconstruct personalised 3D models and used for recognition using a modified angular
(dot product) similarity measure based on linear discriminative analysis. In their exper-
iments they show outstanding published results for images with pose variability from
the PIE database.

In (Blanz 2005) [8],Blanz et al. propose to use the 3D Morphable Model in
another way for non frontal face recognition in 2D still images: it serves as a preprocess-
ing step by estimating the 3D shape of novel faces from the non frontal input images,
and generates frontal views of the reconstructed faces at a standard illumination using
3D computer graphics. The transformed images are then fed into state of the art 2D
face recognition systems that are training and optimized for frontal views. The 3D
Morphable Model is used as a preprocessing tool for generating frontal views from non-
frontal images. This method was shown to be extremely effective in the Face Recognition
Vendor Test FRVT 2002, but still needs manually landmarks for the 2D images.

Jiang et al. [35, 32] used facial landmarks to efficiently reconstruct personalised
3D face models from a single frontal face image for recognition. Their method is based
on the automatic detection of facial landmarks on the frontal views using Bayesian
shape localisation. A set of 100 3D face scans was used as prior knowledge of human
faces. Facial landmarks on both input images and 3D scans were used to find princi-
pal components of face shapes on the shape spaces spanned by the training 3D shapes.
Personalised 3D face shapes were reconstructed and the facial textures were directly
mapped onto the face shape to synthesize virtual views in novel conditions. Because
the facial landmarks all have semantic meanings, this method is also capable to syn-
thesise virtual views with different expressions through changing locations of the facial
landmarks on the reconstructed 3D models. On CMU-PIE database, the method was
shown to improve both PCA and LDA recognition algorithms, especially for LDA in
half-profile views.

Castillo and Jacobs [14, 15] proposed to use the cost of stereo matching of
gallery face image and probe face image to recognise faces. The stereo matching algo-
rithm used in this method defined four planes which were left and right occluded planes

and left and right matched planes. It involved fourteen transitions such as state preserv-
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ing transitions and between state transitions. The cost of the stereo matching is defined
as the sum of all the matching rows of the first image (say left) to the second (right)
image. Exhaustively performing stereo matching using every view in the gallery to the
probe image, the match was selected when the cost of stereo matching was the smallest.
Tested on PIE database with 13 poses per face of 68 faces, this method achieved 73.5%
recognition accuracy using any one pose as gallery and the remaining 12 poses as probe.

In [5], Ashraf et al. presented a novel strategy refereed to as stack-flow for
aligning a stack of images at the patch-level. This approach is able to learn corre-
spondences between gallery and probe viewpoints in a superior manner as compared to
conventional image-to-image alignment techniques. Based on this learnt correspondence
they have proposed an extension to Kanade and Yamadas viewpoint invariant face recog-
nition work [36] to model the discriminative power of corresponding gallery and probe
patches. The experiment on FERET database (http://itl.nist.gov/iad/humanid/feret/)
results have also demonstrated the benefit of composing incremental warps (composite
warp) to handle large view-point variations.

In this chapter, we will validate how to use 3D Morphable Models to solve the
problem for face recognition under uncontrolled imaging conditions with pose variation.
First, we reconstructed the 3D shape by automatic fitting the 3D Morphable Model to an
image which gives a full solution of the 3D vision problem. For face recognition, different

algorithm and information from reconstructed 3D face can be exploited, including;:
1. The ICP distance of the 3D surfaces based measure;
2. Shape and texture coefficients-based comparison;
3. Viewpoint normalization approach.

The first approach is based on the geometry distance between the reconstructed
3D model from different pose, in that case only shape information are used. The second

and the third methods are proposed by Blanz et al. in [10] and [8] separately.
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5.3 Background of Automatic 2D Face Reconstruction Across

Pose

In this section, we discuss face recognition system across large changes in view-
point and the experimental protocol. For enrolment, the face recognition system is
provided with one gallery image of each individual person, and in testing, each trial is
performed with a single probe image. In an identification task, the system reports the
identity of the probe person.

The Morphable Model of 3D faces is a vector space of 3D shapes and textures
spanned by a set of examples. Derived from 100 textured Cyberware (TM) laser scans,
the Morphable Model captures the variations and the common properties found within
this set. The model parameters (coefficients) a; and f3; are used to represent a face in
3D. By fitting the model to the facial image we can recover the parameters of the specific
person, this is the produces of the face reconstruction. The detail and the fitting are

described in Chapter 4 and summarized in Figure 5.1.

Irpult image witlh Face detecti Automatic landmaik
nonfrontal face ace detection location
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Figure 5.1: Face reconstruction procedure. For each input image a shape o and a
texture 3 parameter vector can be extracted separately.

As shown in Figure 5.1, for face reconstruction the following steps are needed:

1. Face detection: in here, we assume we have the face detection as described in [80],

which can work on multi-view face image and give the coarse face pose.
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2. Automated landmarks detector across view: the 3D-ASM landmark detector in-
troduced in chapter 4 are used in this step. 58 landmarks are detected to initialize

the morphable model to the input image automatically.

3. Model fitting: This is actually the 3D face reconstruction by analysis and synthesis
loop as described in chapter 5. The shape a and the texture 8 parameters are

recovered during the processing.

All the following algorithms are based on the 3D Morphable Model recon-
struction, the reconstructed result can be exploited in different ways to solve the face

recognition across pose problem as described in Sections 5.4, 5.5 and 5.6.

5.3.1 Experimental Protocol

In our experiment, all the algorithms are evaluated on a subset (images from
the cameras (02, 37, 05, 29, 11 and 14)) of the hPIE database and our Morphable
model comes from USF human-ID database [9]. The PIE database contains 41, 368
images of 68 people, each person is under 13 different poses, 43 different illumination
conditions, and with 4 different expressions. In our experiment, we use a subset of the
PIE database, containing images of 68 individuals persons taken under 7 views with the
same illumination and expression. Only one frontal image (from camera 27) for each
person is stored in the gallery and some nonfrontal images (images from the cameras
(02, 37, 05, 29, 11 and 14) see Figure 5.2 are used for testing. The pose variation is from
75 degrees to 75 degrees. The image size is 640x480 and the average distance better the

two eyes is 50 pixels. It should be noted that, since the OpenCV face detector only works

Figure 5.2: Images taken from all cameras of the CMU PIE database for subject 04006.
The nine cameras in the horizontal sweep are each separated by about 22.5.

for near frontal images (images from cameras (05 27 29) ). During the experiment, we
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have to adapt the 3D-ASM landmark detector to those images where the OpenCV face
detector doesn’t work. So we suppose that we have the approximate position and pose
of every input image. We are using the 3 points (eyes centres and nose tip) to initialize
our landmark detector (3D-ASM) and we suppose that we know the angle of head pose.
The landmarks of the 3 points are given in (http://www.ralphgross.com/) .

5.4 ICP Distance of 3D Surfaces Based Measure

3D face recognition has the potential to achieve better accuracy than its 2D
counterpart by measuring geometry of rigid features on the face. This avoids such pitfalls
of 2D face recognition algorithms as change in lighting, different facial expressions,
make-up and head orientation. One idea is to use the 3D reconstructed surface to do
face recognition, this changes the 2D face recognition problem to a 3D face recognition

problem.

5.4.1 The ICP Distance Measure

The Iterative Closest Point (ICP) algorithm, first proposed by Besl and McK-
ay [7], is most widely used for 3D registration. This minimizes the cost as a function of
the Euclidean distance between all the registered points in the two scans. The closed
form solution for the rotation and translation pertaining to the local minima can be
obtained using unit quaternions [31]. A brief description of the ICP is presented below.

Let P = {p;} be the set of scan points taken of the object to be registered
to the reference scan points, R = {r;}. The aim is then to find the rotation R and
translation ¢ which minimizes the following cost function:

IR [P

E(R,t) =Y Y wijllri — (Rp; +t)||? (5.1)

i=1 j=1

where w; ; is 1 if 7; is matched to pj, is 0 if r; is not matched to p;. Initially, the
scan P is transformed using estimates of R and t. Then, for each point in P, the
closest point using Fuclidean distance, in the reference scan R is determined. The point
correspondences are then used to compute the least squares solution for R and ¢ that

minimizes Eq. (5.1). These refined estimates of R and ¢ are then used to transform P
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and the process is repeated until the solutions do not change enough in iterations. The

residual F(R,t) could be used as our distance measure.

5.4.2 Experimental Results of the ICP Distance Measure on a Subset
of PIE Database

We use the frontal images from the ¢27 for enrolment (gallery) (68 images),
and the other (408) images for test. The experimental result on PIE database could be
found in Table 5.1.

Table 5.1: Face identification rate using ICP distance measure approach on PIE
database.

c02 | ¢37 | c05 | c29 | c1l1 | cl4
Face identification rate | 0 1.4 3 3 1.4 0

From the Table 5.1, we can see it is the ICP distance almost doesn’t work for the
face recognition. The reasons for the error are manifold. To estimate the 3D geometry
shape information from the single 2D image is an ill-posed problem, the estimated 3D

shape is affected by the pose and image quantity when large pose variation is presented.

5.5 Face Identification with 3D Shape and Texture Param-

eters

As described in (Blanz 2003) [10], after estimating the shape o and textures
parameters from images by the fitting algorithm. Face recognition can be based on model
coefficients, which represent intrinsic shape and texture of faces, and are independent
of the imaging conditions. For identification, all enrolment images (c27) are analysed
by the fitting algorithm, and the shape and texture coefficients are stored. Given a
probe image (from 02, 37, 05, 29, 11 or 14 ), the fitting algorithm computes coefficients
which are then compared with all gallery data in order to find the nearest neighbour.
There are a number of options for distance measures between 3D faces to rely on for

face recognition [10]. In our implementation we choose the cosine of the angle between
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where the ciand co, are the combination of shape and texture parameters.

5.5.1 Experimental Results of Face Identification with 3D Shape and

Texture Parameters on subset of PIE database

In our experiment, we have tested the different strategy for face recognition,
only using the shape parameters (¢ = a),only using the texture parameters (¢ = 3),
and combining shape and texture parameters (¢ = (a,3)). The first 50 shape (Energy:
84%) and texture (Energy: 78%) PCA parameters are used. The results are list in
Table 5.2 .

Table 5.2: Face identification rate using parameters-based approach on PIE database.

c02 | c37 | c05 | ¢29 | c1l | cl4
shape parameters-based 0 | 14] 6 6 [14] O
texture parameters-based 15 | 25 | 34 | 34 | 25 | 15

shape texture parameters-based | 1.4 | 6 13 | 13 6 | 14

From the table we can see that, during the 2D face recognition, texture param-
eters are much more important than shape parameters. Extracting 3D shape parameters
from nonfrontal face image from different pose is a ill-posed problem. We can extracting
it by using the statistical priori information from 3D scan but it is not enough for face
recognition.

It should be noted that, our results are far away from the state of the art
result by Blanz et al. [10]. The reason could be from two aspect: first in our face
reconstruction algorithm we have used the automatic landmark while Blanz et al. use
manually landmarks, second, we are using the USF human ID model which is built
from 100 scans. While in [10], the 3DMM is constructed from 200 scans. Its ability to

represent a face is dependent on the training set having contained similar faces.
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5.6 Viewpoint Normalization Approach

Most face recognition algorithms are commercially available today are restrict-
ed to images with close-to-frontal views only, they are computationally efficient. In a
combined approach, we have used the Morphable Model as a preprocessing tool or gen-
erating frontal views from non-frontal images which are then input to the image-based
recognition systems. For generating frontal views, the Morphable Model is used to esti-
mate 3D shape and texture of the face, and this face is rendered in a frontal pose and at

a standard size and illumination. The flow chart of the algorithm is shown in Figure 5.3.

Inputimage with Automaticlandmark
nonfrontal face location

Reconstructed 3D face

Geometricand
Projectionto DLDA illumination Rendering 3D
2D frontal facial space normalization facein frontal view

Template
vector

Identification

Figure 5.3: Flow charts of face identification across pose by viewpoint normalization
approach.

5.6.1 Texture Extracted from Images or Synthesized Texture from 3D-

MM

There are two different ways to map the texture. The first way is directly
taking the texture from the input image, we name it as image-based texture. The

second way is to synthesize the texture from the texture statistical model. We name it
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model-based texture. Typical examples of those two strategies are shown in Figure 5.4.

Figure 5.4: The different ways to map the texture, in the left column we give the original
input image, those image are taken from the MBGCv1 database. In middle column we
show the texture from the 3DMM with synthesis texture, in right column we show the
mapping texture with the pixel from the input images.

For the image-based texture, the 2D image could be considered as the 3D
projection on the 2D image plane, so we compute the pixel value from the color of 3D
vertex in the 3D model. The 3D face reconstruction and image rendering procedure
could be consider as a wrap from the input image to the target plan, as shown in
Figure 5.3. The advantage of this method is that the warping processing keeps most of
the information and the facial details from the input image. We can take a look at the
second example in the Figure 5.4: the image-based textures recover more details of the
face. The disadvantage of this algorithm is also significant, since the human face is a 3D
object; one single 2D image can only contain partial data of the whole 3D face. That is
to say not all of the 3D vertex on the 3D model can find the correspondence projection
on the 2D image plan because of self-occlusion.

The synthesis of a virtual image is accomplished by sampling texture from
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nonfrontal face Fitting Reconstructed 3D
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Figure 5.5: Block diagram for pose normalization using 3DMM fitting and facial symme-
try. Texture from the input image is extracted by projecting the vertices of the 3DMM
on the image plan. If these vertices are visible, the RGB values will be taken and copied
to the texture map which is presented in cylindrical coordinates. The final texture is
completed using symmetry property of faces.
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the original one. The problem arises when, due to self-occlusion, some face regions
become not visible, i.e., texture is not available, and hence the corresponding regions
in the pose normalized image do not represent subjects appearance correctly. In order
to overcome this drawback, we take advantage of the vertical symmetry of the face.
For a horizontal rotation in depth of the head and once the mesh has been fitted, the
parameter controlling the azimuth angle indicates whether the face is showing mostly
its right or its left side. Whenever a frontal face is synthesized from a nonfrontal view,
we warp the original image and its mirror version onto the cylindrical coordinate system
and then blend the two virtual images, using simple masks that weigh the two sides of
the face appropriately (according to the current rotation left or right of the head), as it
can be seen in Figure 5.5.

In the other hand the model-based texture is generated from the statistical
model of the texture. Since we have extracted the texture parameter during the face
reconstruction phase, by texture PCA reconstruction. The model-based texture can be
easily obtained. The advantage of this kind of texture is that it only take the impor-
tance information of the human face, this texture is only contain the color information
with correspondence to the person, exclude the disturbance of the illumination. But
the ability of the presentation of a new face is limited by the statistical information
during the training phase. For example, if there are beard in the input image, we cant
synthesized it. Because in the Human-ID database which is used for constructed our
3D Morphable model doesn’t contain subjects with beards. In other word the quality
of the model-based texture depends on the learning set. The experiment of evaluating

this two kinds of texture mapping strategy will be given in the experimental section.

5.6.2 Experimental Result

In our experiment, we compared the model based texture and the image-base
texture for recognition. For this two kind of approaches, the fitting process are the
same, that is to say, the shape parameters are also the same. Frontal images (¢27) are
chosen for enrolment and non-frontal images (c02, ¢37, c05, ¢29, cl11, c14) are chosen
for the test. For all the images we have used the same preprocessing step: first we fit
the 3DMM to those images and extracted the shape and texture parameters. Then for

each image, a synthesized image is rendered in a frontal pose and at a standard size and
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illumination. So we can change the large pose problem to the normal 2D face recognition
problem. For comparison, the original images are also used for face recognition, in that
case the images are geometrically normalized only by the eyes and mouth position.
Figure 5.6, illustrates some examples of those two different ways to generate the images

before passing them to the 2D face recognition system.
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Figure 5.6: Eyes and mouth based 2D pose correction Vs 3DMM-based Face Pose
correction. Images are taken from PIE database.

It can be seen that pose correction was achieved and was particularly effective
in correcting pose rotations. However, texture artefacts were sometimes introduced,
particularly around the areas of the nose which were hidden from view in the original
images. These artefacts were most likely caused because we use the symmetry prop-
erty to complete the facial texture, which makes the joint part of the face (centreline)
unnatural.

For 2D face recognition system we use the open source sudfrog system, more
detail about this software can be found in (svnext.it-sudparis.eu). We use Gabor filters
with several resolutions and orientations (5x8) convoluted with the normalized images

and only magnitude value are used in our experiment. The vector is projected in the
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DLDA space to reduce the dimension of the space into 120. So the output of this step
will be a vector with length 120 to represent a face image. The learning data is from
FRGCv2 training set, with 120 persons with approximately 10 images for each person.
We used the rank-1 recognition rate with the smallest cosine distance (1 -cosine distance)

measure for this performance evaluation.

Eyes and mouth based 2D normalization
c02

Gallery

3DMM-based face pose correction

. Probe c37 c05 c29 c11

c014

c05 c29 c11

c02

Gallery

Texture synthesized from 3DMM

c02 c37
Gallery

Figure 5.7: Face recognition performance comparison on PIE database. The first row
is the face identification rates using eyes and mouth based 2D normalization. While
the second row is the face identification rates using 3DMM-based face pose correction.
The third row we are using the same reconstruction step as the second row, the only
difference is that texture for face reconstruction is synthesized from 3DMM instead of
taken from input image.

As shown in Figure 5.7, the first row is the face identification rates using eyes



5.6. VIEWPOINT NORMALIZATION APPROACH 104

and mouth based 2D normalization. While the second row is the face identification
rates using 3DMM-based face pose correction. The third row we are using the same
reconstruction step as the second row, the only difference is that texture for face recon-
struction is synthesized from 3DMM instead taken from input image. Our 3SDMM-based
face pose correction methods performs robustly well across pose changes against the eyes
and mouth coordinate-based normalized method. In that case, the face recognition re-
sults could be considered as some indirect way to evaluation the 3D face reconstruction
algorithm.

For the reconstructed 2D frontal images, using the texture taken from image
has much better face recognition result than synthesized texture from 3DMM. Taken
texture from the input images keeps most information and the facial details from the
input image, although some time it bring artificiality to the 2D frontal images. This
kind of artificiality may not break the facial structure for face recognition even it looks
unnatural.

Since the viewpoint normalization approach gives our best face identification
performance, in Figure5.8, we compared the results with some published works. We
have better face recognition performance than the [32] which is based on 3DMM and
LDA, but it is still worse than the method based on stereo-matching by [14].
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Figure 5.8: Recognition accuracy comparison. In this figure, we compared our face
recognition result with some published works [32, 14].

Using the 3DMM to correct the face pose in the image can significantly im-
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proved the performance of face recognition across pose. But the pose is still a big
challenge for the face recognition problem, as we see in the Figure 5.8, the bigger face

pose is presented in the examples the worse face recognition result we obtain.

5.7 Conclusions

In this chapter, we have studied how to use 3D Morphable Model was used as
a tool for correcting the pose of 2D images prior to presenting them to a face recognition
algorithm. Experiments on the PIE database showed that the approaches proposed for
pose correction improved the performance original 2D face recognition system when non
frontal images were used on a system trained with near frontal images only. During the
experiment, we found that the facial texture is more important for the face recognition.
And to achieve automatic frontal-profile face recognition is still a challenge work. Al-
though the experiment results are not out performance of the state of the art algorithm,
but we have demonstrated in this chapter that we have studied in detail a version of
an automated 3D Morphable Model based face recognition algorithm and discussed the

issues related to its success and failure.
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Chapter 6

Conclusions and Future Work
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In the beginning of our work, we wanted to find a automatic 2D facial land-
mark location algorithm (Combined Active Shape Model) for 2D the face recognition in
near frontal images where the landmarks can not by manually located. It can be used
to improve the normalization step of global 2D frontal face recognition systems. The
Combined Active Shape Model can also be used for initialization for 3D face reconstruc-
tion from near frontal images. But as we are also interested in 3D recongnition from
nonfrontal facial images, we developed the 3D Acitve Shape Model. And we evaluate
our 3D face reconstruction system in two different ways: (1) quantitatively evaluation
on biometric databases, and (2) 2D face recognition.

This chapter concludes the work of the 3D statistical face reconstruction and
its application for face precessing, and presents future direction. The first section gives
significant achievements and conclusion throughout the thesis. Followed by some direc-

tions for future research aimed at solving the remaining problems.

6.1 Achievements and Conclusion

In this thesis, the two kind of automatic facial landmark location algorithms:
Combined Active Shape Model and 3D Acitve Shape Model are proposed, developed,
tested and compared. Combined Active Shape Model and 3D Acitve Shape Model
algorithms are both based on the original Active Shape Model and exploit scale-invariant
feature transform descriptor as local texture feature which increased the robustness
to the scale and rotation variability and challenging lighting conditions. While the
Combined Active Shape Model uses 2D images as training data, we split the facial
landmarks in facial internal region and facial contour landmarks to deal with small
pose variation. The experimental results show that it has good performance on near
frontal view face images in the degraded condition such as video surveillance. In another
hand, the 3D Active Shape Model extents the original Active Shape Model by using 3D
scan data. By using the view-based local texture model, it can deal with large pose
variations. Because we use a 3D Morpable Model to generate the training data, few
manual operations are need for the training and it also gives better initialization the 3D
Morphable Model reconstruction.

By exploiting the 3D Active Shape Model, we present a fully automated al-
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gorithm for reconstructing 3D models of a face from single photograph with nonfrontal
faces. The algorithm is based on a combination of 3D-ASM and 3D Morphable Model
face reconstruction.

Another contribution of the work is to use the biometric data to quantitatively
evaluate the 3D face reconstruction precision. We evaluate the automated 3D face re-
construction results quantitatively on the IV? Biometric Database. Different automatic
landmark location algorithms for initialization the system are compared. The influence
of the precision of landmark location due to the 3D face reconstruction is evaluated.
The results show that the 3D-ASM provides excellent initialization for the 3D face re-
construction with nonfrontal faces. It seems to be even better compared to the manual
annotation for nonfrontal images.

Finally, we studied how to use the 3D Morphable Model as a tool for correct-
ing the pose of 2D images prior to presenting them to a face recognition algorithm.
Experiments on the PIE database showed that the approaches proposed for pose correc-
tion improved the performance of global 2D face recognition algorithm when nonfrontal
images were used on a system trained with near frontal images only. During the exper-
iment, we found that facial texture is more important for the face recognition. And to

achieve automatic frontal-profile face recognition is still a challenge work.

6.2 Future work

Future work could be extended in many aspects, such as face pre-processing,
investigation on the training dataset, exploration of more types of features, using more
input images, experiments on other databases.

In Chapter 2, for the 2D face verification we only use the global based method
(Gabor feature and DLDA classifier). Since the landmarks around the facial region are
located by Combined Active Shape Model detector, local based approach could be adopt-
ed or fusion to the global based method, such as Elastic Bunch Graph Matching(EBGM)
into the algorithm to improve its performance at the feature selection stage.

In Chapter 3, the 3D Active Shape Model can’t deal with the expression be-
cause the expression variability is not present in the 3D Morphable Model. The ex-

pression can be handled by the same framework by increasing expression variability in
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3DMM.

In Chapter 4, the 3D Morphable Model reconstruction algorithm use only pixels
value in the analysis-by-synthesis loops, more feature cloud be also used: edge, contour
et al.. And also using more input data (stereo images and video sequence which contain

in IV? database) for the 3D face reconstruction can also be tested.
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