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by
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Multiple modality biometric approaches are proposed integrating two-dimensional

face appearance with ear appearance, three-dimensional face shape, and the pat-

tern of heat emission on face. A single source biometric recognition method, such

as face, has been shown to improve its identi�cation rate by incorporating other

biometric sources. The investigation of multi-modal biometrics involves a variety

of sensors. For the recognition task, each sensor captures di�erent aspects of hu-

man facial features; for example, appearance representing the levels of brightness

on surface re
ectance by a light source, shape data representing depth values de-

�ned at points on an object, and the pattern of heat emitted from an object. The

results of our multiple biometric approach shown in this investigation appear to

support the conclusion that the path to higher accuracy and robustness in biomet-

rics involves the use of multiple biometrics rather than the best possible sensor and

algorithm for a single biometric. A new evaluation scheme is designed to assess

the improvement gained by multiple biometrics. Because multi-modal recognition

employs multiple samples of facial data, it is also possible that the improvement

achieved over considering multiple samples from all modalities for recognition.

Therefore, this evaluation scheme will determine the recognition accuracy gained

by multiple modality approach and multiple sample approach.
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Also, a new algorithm for 3D face recognition is proposed for handling ex-

pression variation. It uses a surface registration-based technique for 3D face

recognition. We evaluate and compare the performance of approaches to 3D face

recognition based on PCA-based and on iterative closest point algorithms. The

proposed 3D face recognition method is fully automatic to use to initialize the 3D

matching. The evaluation results show that the proposed algorithm substantially

improves performance in the case of varying facial expression. This is the �rst

study to compare the PCA and ICP approaches to 3D face recognition, and the

�rst to propose a multiple-region approach to coping with expression variation in

3D face recognition. The proposed method outperforms 3D eigenfaces when 3D

face scans were acquired in di�erent times without expression changes and also

with expression changes.
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CHAPTER 1

A SURVEY OF 3D FACE RECOGNITION AND MULTIPLE BIOMETRICS

METHODS

1.1 Introduction

Evaluations such as the Face Recognition Vendor Test 2002 [66] make it clear

that the current state of the art in face recognition is not yet su�cient for the

more demanding applications, such as surveillance at airports or border crossings

1. However, biometric technologies that currently o�er greater accuracy, such as

�ngerprint and iris, require much greater explicit cooperation from the user. For

example, �ngerprint requires that the subject cooperate in making physical con-

tact with the sensor surface. This raises issues of how to keep the surface clean and

germ-free in a high-throughput application. Iris imaging currently requires that

the subject cooperate to carefully position their eye relative to the sensor. This

can also cause problems in a high-throughput application. Thus it appears that

there is signi�cant potential application-driven demand for improved performance

in face recognition.

The term \face recognition" is used informally to refer to two di�erent applica-

tion scenarios, one of which is called \recognition", \identi�cation," or \1-to-many

1This chapter is based on the paper, \A Survey Of Approaches To Three-Dimensional Face
Recognition", presented at in International Conference on Pattern Recognition, 2004.
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matching," and the other of which is called \authentication", \veri�cation" or \1-

to-1 matching." In either scenario, face images of known persons are initially

enrolled into the system, and this set of persons is sometimes referred to as the

\gallery." Later, images of these or other persons are used as \probes" to match

against images in the gallery. In a recognition scenario, the matching is one-to-

many, in the sense that a probe is matched against all of the gallery to �nd the

best match above some threshold. In an authentication scenario, the matching

is one-to-one, in the sense that the probe is matched against the gallery entry

for a claimed identity, and the claimed identity is taken to be authenticated if

the quality of match exceeds some threshold. The recognition scenario is more

technically challenging than the authentication scenario. One reason is that in a

recognition scenario a larger gallery tends to present more chances for incorrect

recognition. Another reason is that the whole gallery must be searched in some

manner on each recognition attempt.

Most research results are presented in the context of either recognition or

authentication, but the core 3D representation and matching issues are essentially

the same. In fact, the raw matching scores underlying the cumulative match

characteristic (CMC) curve for a recognition experiment can readily be tabulated

in a di�erent format to produce the receiver operating characteristic (ROC) curve

for an authentication experiment. The CMC curve summarizes the percent of

a set of probes that is considered to be correctly matched as a function of the

match rank that is counted as a correct match. The rank-one recognition rate is

the most commonly stated single number from the CMC curve. The ROC curve

summarizes the percent of a set of probes that is correctly authenticated as a

tradeo� against the percent that is incorrectly denied authentication. The equal
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error rate (EER) is the most commonly stated single number from the ROC curve.

The EER is the point on the ROC curve at which the false accept rate (FAR) is

equal to the false reject rate (FRR). This is the point at which the false accept

rate and the false reject rate are the same.

The vast majority of face recognition research, and all of the major commercial

face recognition systems, use normal intensity images of the face. We will refer to

these as \2D images." In contrast, a \3D image" of the face is one that represents

three-dimensional shape. A distinction can be made between representations that

include only the surface of the face and those that include the whole head. In this

distinction, the face surface would be \2.5-D" and the whole head would be 3D.

We will ignore this distinction here, and refer to the shape of the face surface as

3D.

The 3D shape of the face is commonly sensed in combination with a 2D in-

tensity image. In this case, the 2D image can be thought of as a \texture map"

overlaid on the 3D shape. An example of a 2D image and the corresponding 3D

shapes represented in di�erent views are shown in Figure 1.1, with the 3D shape

in the form of points de�ned as depth measurements from a sensor and in the

form of a shaded 3D model. A \depth image," also sometimes called a \range

image," is an image in which the pixel value re
ects the distance from the sensor

to the imaged surface. A range image, a shaded model, and a wire-frame mesh

are common alternatives for displaying 3D face data. A recent survey of face

recognition research is given in [88], but does not include research e�orts based

on matching 3D shape. Here, we focus speci�cally on algorithms that match 3D

shape descriptions. We are particularly interested in 3D face recognition because

it is commonly thought that the use of 3D has the potential for greater recogni-
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2D intensity 3D points

3D mesh 3D surface

Figure 1.1. Example 2D appearanceimageand di�erent representations
of the 3D data of the sameperson
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