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IMPROVING 3D FACE RECOGNITION MODEL GENERATION AND

BIOMETRICS

Abstract by

Christopher Bensing Boehnen

3D face shape biometrics, with greater pose and lighting condition data invariance
than 2D (photometric), has the potential to yield superior performance to 2D datafor
some applications. However, many of the capture limitations of 3D scanners are the same
as those of 2D biometric capture devices with respect to lighting, environmental, and
subject configurations. Many of the claimed advantages of 3D over 2D do not exist under
current capture configurations. In addition, 3D scanners themselves are more expensive
than 2D cameras, and 3D biometric data are unavailable on many of the subjects we
would like to identify. Further, the significant computational cost of 3D face recognition
has made large scale deployment of 3D face recognition impractical. The focus of this
thesisisto address these issues to improve the feasability of 3D face recognition so that it
is more applicable outside of aresearch environment. In particular, the focusis on
improving the methods and hardware needed to produce a 3D model of aface, improving
biometric recognition and verification performance, and decreasing the computational
cost to alow for larger scale applications. In thisthesis, | propose a new structure from
motion approach, a new fast 3D face biometric, and examine the impact of movement on

existing structure from light devices.



In memory of my mom, Joan—she always believed in me, and, without her, | would not

be who | am today.
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CHAPTER 1:

INTRODUCTION

Biometricsis “the measurement and analysis of unique physical or behavioral
characteristics (such as fingerprint or voice patterns) especially as ameans of verifying
personal identity” [1]. The use of biometrics for security purposesis becoming
increasingly important for government, commercial, and personal applications.

At the government level, the use of biometricsisimportant in the fight on
terrorism and for the accurate identification of individuals with false identities or subjects
without identification. Businesses are interested in utilizing biometrics to simplify
payment options and to prevent identity theft. Individuals have begun using biometrics to
secure their own property via fingerprint authentication to unlock alaptop or as
replacement for keysto unlock adoor. For all of these applications and more, the ability
to be automatically able to verify a person’sidentity or determine an unknown person’s
identity is becoming more important. The focus of thisthesisis on improving the
automatic deployment ability for 3D face biometric solutions.

A variety of 2D and 3D biometrics exist [46] that utilize faces, ears, fingerprints,
irises, and more. For a biometric to be easily used and deployed on alarge scale, we

propose that biometrics should do the following.
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e Operatein different environmental and capture conditions
e Operate without user cooperation

e Utilize inexpensive equipment

e Operateinreal time or near rea time

e Perform matches with existing biometric samples

e Besocialy acceptable to users

Fingerprint biometrics are used by law enforcement [2], the judicial system [2],
and the military [3] but social acceptability islow [3]. In addition, the capture of
fingerprints requires physical contact, which typically means the cooperation of the
subject. Obtaining fingerprints of terrorists can be difficult, since they want to avoid
identification. Iris recognition tends to be more socially acceptable than fingerprint
recognition but, once again, suffers from a data acquisition problem for terrorists and
traditionally requires user cooperation for capture.

In most Western countries, face recognition is a socially accepted method of
identification. People participate in face recognition when using pictures on their drivers’
licenses and passports and for other identification purposes. Further, faces are visible
without explicit cooperation of the subjects, and face images of terrorists are often
available. Even high level terrorists produce propaganda films that utilize their faces,
which can then be used for identification. As aresult, face recognition is a popular,
widely used biometric.

To achieve the best performance for 2D face recognition, cooperation of subjects

and consistency of environmental conditions are needed [46]. 3D face model orientation
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can be changed using rotation and 3D face geometry is unaffected by lighting. This
makes a 3D model less variant to capture conditions (such as lighting or pose) than are
2D data. Asaresult, research utilizing 3D face models as a biometric continues.
However, current 3D face biometrics utilize either stereo or active acquisition (such as
structured light) to acquire the 3D data. Active methods tend to produce more accurate
denser models than do stereo, which makes them the typical choice. Current 3D sensors

suffer from the following non-idealities.

e Lack of 3D model data available for persons of interest.

e Environmental conditions can make active acquisition scanners unable to operate
with sunlight or in avariety of other environments[4] [15].

e A large degree of user cooperation is required since scanning often takes a few
seconds and the head must not move in thisinterval. Even slight motion can have
an impact on model fidelity [15].

e Subjects attempting to remain motionless while standing will still move slightly,

having a negative impact on 3D model consistency

Producing a 3D face from a monocular video sequence allows usto produce a
biometric that could meet all of our ideal biometric properties. This method is potentially
able to make use of data on existing terrorists, for whom video datais commonly
available. The scanner is simply an inexpensive consumer video camera able to operatein
awide range of environmental conditions. The process ultimately requires low user
cooperation, and video cameras are socially acceptable and already in use.

15



1.1. Thesis Overview

To produce 3D face models for recognition in Chapter 3 and 4 we propose a new
structure from motion (SFM) based approach that can generate data from an uncalbrated
monocular video stream. SFM is advantageous because it utilizes monocular video data
which is often available on wanted subjects and can be obtained in alarge variety of
environmental conditions. SFM works by tracking points moving within the video via
optical flow to produce motion tracks, which represent the movement over time of an
individual point. Then these motion tracks are processed by afactorization routine that
attempts to determine the 3D structure of the model based upon the 2D movement of the
motion track. This produces a 3D model of aface from avideo stream.

The new 3D signature face biometric proposed in Chapter 5 solves another
important deployment ability challenge: matching speed. For real-world applications,
being able to receive the results of a biometric query for verification or identification in a
reasonable timeframe (afew seconds to afew minutes) is necessary for deployment. For
example, it is unacceptable to require visitors at a border checkpoint to wait hours on a
biometric query before being allowed or denied entry. The majority of 3D face biometrics
[53][5][6][7] rely on the iterative closest point (ICP) [48] method to calculate each match
score. However, ICP is a computationally intensive process that can take several seconds
per match-score calculation. As aresult, approaches such as that of Faltemier et a. [5] are
promoted for verification (confirmation of aclaimed identity) but not identification
(identification of an individual with unknown identity) due to the high number of nodes
that would be needed to calculate large-scale identification resultsin real time. We

propose a new method to cal cul ate the same type of surface distance-based match score
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that is able to calculate match scores 8,700 times faster than the method of Faltemier et
a. [9]. Further, our approach makes the utilization of complex-shape, variable-density
regions for comparison trivial. Thiswas a challenge in previous work, prompting the use
of hard-coded spherical regions for comparison.

Existing 3D scanning technology, such as the Minolta Vivid 910 scanner [11], is
used in much of the prior work despite the capture limitations and cost. Assuch,
limitations to laser scanners’ 3D model quality are important to existing 3D face
biometric solutions. We performed a new examination of these types of scannersto
determine the impact of natural body movement (sway) on the fidelity of the 3D model
while standing. The Face Recognition Grand Challenge 2.0 3D face database [58] was
used as the basis for early comparison of different 3D face biometrics. Using the same
capture configurations and equipment as were used in the Face Recognition Grand
Challenge 2.0 database, we show that subject movement during the scanning process has
a negative measurable impact on correct-incorrect match distribution. Movement has a
significant negative impact on the active light scanning process. Because this movement
influence is present in the dataset that serves as the basis for 3D face recognition
accuracy, the true accuracy of 3D face recognition is likely much higher.

After discussing previous work in the 3D face biometric field in Chapter 2, we
discuss our contributions to improving the deployment ability of 3D face recognition. In
Chapter 3, we discuss our unigque implementation of the SFM process on uncalibrated
face data using traditional methods. Although this approach employs traditional methods,
the type of data and number of 3D points reconstructed exceeds that of traditional work.

Next, in Chapter 4, we discuss our new improvements to the SFM process. In Chapter 5,
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we explain the implementation of anew 3D face biometric that is able to utilize more
complex-shape and variable-density regions while operating significantly faster than
traditional 3D face biometrics. Then we explore the negative impact of movement on

existing 3D face data acquired with active light scanners.
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CHAPTER 2:

PREVIOUS WORK

In this chapter, we will discuss previous work relevant to the remainder of this
thesis. The 3D face biometric recognition and verification process consists of several

steps that occur sequentially.

1) Data capture
2) 3D face model production
3) 3D face model improvement

4) 3D face recognition/verification

Thefirst three steps are for the purpose of producing a face image which will be
utilized as a probe or gallery image. The gallery isaset of biometric data of known
individuals. A probeisanimage of an unknown subject used for either recognition or
verification. In arecognition scenario, the probe image is compared to every imagein
the gallery to determine if the probe matches any known individual in the gallery. Ina
verification scenario, the individual presents a claimed identity to the system and the
system determines whether or not the probe matches the gallery image for that subject

aone.
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We discuss these steps here in the order in which they occur. First, we discuss
existing 3D face scanning and model production methods, such as active laser
triangulation approaches, and the evaluation of this accuracy. Next, we discuss the
process of producing 3D data via a structure from motion (SFM) approach. SFM enables
the production of 3D data from an uncalibrated monocular video stream. The SFM

process uses the following steps, which we will discussin detail in the next sections.

1) ldentify foreground in the video stream

2) ldentify 2D texturally interesting points for tracking

3) Track the movement of the points using optical flow

4) Convert the 2D point motion tracks to 3D points utilizing factorization

5) Triangulate the points to create a 3D surface from the point cloud

Although SFM isdiscussed in detail, any of the 3D face modeling processes yield
a 3D surface model of aface. Once the 3D face is produced, the next step isto produce
match scores, a numerical representation of the similarity between a probe image and
gallery image. Match scores may be used in either arecognition or averification
scenario. We first discuss traditional surface distance/iterative closest point (ICP) [48]
methods for calculating match scores. Finally, we discuss alternate methods of match

score calculation.
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2.1. 3D Scanning

3D scanners can be placed into three categories. active, passive, or mechanical.
Active approaches project asignal, typically laser light, onto the object and sense
distortion caused by the 3D shape of the object. Passive approaches utilize existing
ambient conditions, such as light, to capture the data and do not actively project anything.
Mechanical approaches take physical measurements, usually with atactile probe, [8] and
may be destructive of the object to be scanned. Mechanica scanners are not well suited
for face scanning because of the large amount of time (typically 30 minutes or more) to
perform a scan. Active scanners can calculate 3D from avariety of different approaches;

afew of the most commonly techniques used are presented here.

e Timeof flight for projected signal, e.g. alight pulse, to leave and return to
the scanner [9][10]

e Single detector and projection source with known geometric configuration
utilizing triangulation to determine distance based upon where the detector
seesthe signal [11][12]

e Multiple detector and single projection source with fixed detector
geometry, which triangul ates 3D location utilizing a projector to assist

with correspondence [13]

Active scanners have historically been more accurate than passive approaches.
However, active scanners possess limitations on the conditions in which they are able to
operate and are generally more expensive than passive approaches in terms of hardware
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costs. The accuracy of active scanners makes them the current scanner of choice for most
research applications; however, if the performance of passive scannersisimproved, they
will become the scanner of choice because they are more versatile, require less
calibration, and are much less expensive than active scanners.

Many different approaches exist for the design of passive scanners. Most passive
scanners operate by determining a correspondence between pixel locations on 2D images
that have been taken with different geometric configurations between the sensor and
object. Utilizing this information, they attempt to determine the 3D structure of the
points. These images achieve their different relative orientation or positions to the camera
in different ways. One approach isto use multiple cameras with a known geometric
configuration that captures images at the same time in a process referred to as stereo [30].
Others achieve the difference by moving a single camerarelative to the world or object
over timein aprocess referred to as SFM. We utilize the SFM approach, discussed in
more detail in Section 2.3. SFM utilizes even less hardware than stereo and has fewer
capture limitations. These advantages make it more attractive for implementation.
However, this approach is more technically challenging to implement, and achievement

of high accuracy is more difficult.

2.1.1. Commercial 3D Scanners
In this section, we discuss five different types of commercial scanners. The operation
of these scannersisrelevant to the field of 3D face biometrics because the cost,

complexity, and operating environment of these scannersis insufficient for many 3D face
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biometric applications. Two of the vendors are left anonymous because they are no
longer selling commercia products.

3DMD [13] sells severa different types of scanners. We evaluated the Qlonerator, a
stereo scanner designed specifically for scanning faces. The current market emphasis for
3DMD isin medica imaging, especially planning and assessing the results of facial
surgery. The company produces other models using similar technologies for other areas
of the body, such as hands, feet, and torso. The company’s face system uses four cameras
along with a projected texture pattern to acquire the datain two milliseconds once the
system charges the flash (a process that takes about 10 seconds). It also uses the data
acquired to produce a high quality color texture map that is registered with the 3D data.

The captured shape and texture data typically extend from ear to ear due to the
multipod configuration shown in Figure 1, providing a texture mapped mesh with greater
coverage than araster structured scanner. The flash provides a texture pattern that the
system uses to assist in the correspondence cal cul ations between the cameras. The subject
isnot required to hold still but does need to position the head within the volume of
overlap the cameras require, as the scanner has afocal range of approximately one foot.
To the subject, the scanning process is comfortable and is passive, except for aflash

illumination, which is approximately the same brightness as a standard camera flash.
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Figure 1: 3Q Scanner From 3DMD

The scanner from our first anonymous vendor, FR1, uses a projected infrared (IR)
pattern and a single camera, as shown in Figure 2, to capture 3D datain real time,
providing multiple frames per second, and does not provide color optical images
associated with the 3D data. Sequential frames are merged together to produce a more
complete model. The examined version does not provide color texture information, but it
could be incorporated. The design of the scanner is specifically for face scanning and
biometrics. From a subject standpoint, the scanning is very comfortable, and the subject
is not aware of anything other than anormal camera, since the projected pattern is not
visible to the human eye. This scanner has alimited, fixed focal range but is the least

sensitive to ambient light variations of all of the sensors examined.
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Figure 2: Design of First Anonymous Vendor Scanner

The second anonymous vendor, FR2, uses three cameras and an LCD stripe pattern
from a standard projector to capture the 3D image, as shown in Figure 3. The company
designed the scanner for face scanning, and, because of the three cameras, it can capture a
color image texture map as well. It is the least comfortable scanner from a subject
standpoint because it flashes a series of bright patterns at the subject’s face over the
course of approximately 20 seconds during scanning and requires the subject to sit still
during that entire time. It also requires very specific lighting conditions to capture a scan

and has asmall focal range.
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Figure 3: Design of Second Anonymous Vendor System

The Vivid 910 scanner from Konica Minolta[11] uses asingle cameraand laser
stripe projector and acquires 3D data using triangulation. The company did not design
this scanner specifically for faces. The scanning process is comfortable, although subjects
can see aquick flash of red when the laser stripe crosses the pupil. The laser is eye safe,
so the subject’s eyes can remain open during scanning. The scan takes approximately 2.5
seconds, and the subject must remain motionless during that time or a poor scan will
result. Three different zoom lenses are available, along with an automatic focus system
that allows scanning at awide variety of distances from the camera. Thereis atradeoff
between image resolution and standoff. The resulting scan is somewhat sensitive to

lighting conditions, but the system generally operates well indoors away from sunlight.
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Figure 4: Konica Minolta Vivid 910 Scanner

The Polhemus FastTrack scanner [14] includes attachments specifically for facesto
allow for some head motion, but the scanner is a general purpose device. It usesa
handheld wand that has a fixed camera and laser to triangulate a 3D stripe, as shown in
Figure 5. The system uses a magnetic tracking system to track the wand location in 3D as
the operator moves the wand over the subject or object. It is possible to attach an
additional tracker to assist in scanning the head of the subject; however, the subject’s
expression must remain constant throughout scanning. The operational areais 3 to 6 feet,
depending upon the power of the magnetic field generator used by the tracker. The wand

must be 2 to 4 inches away from the object during scanning. The scanning time for a
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particular face varies by operator, since using this scanner is an acquired skill. In general,
scanning should take 30 seconds or |ess depending on the desired quality of the resulting
scan. Subject comfort is comparable to that of the other scanners reviewed. The laser

used is also eye safe.

Figure 5: Polhemus Scanner

A comparison of pertinent information for each of the scannersis available from
Boehnen and Flynn [15]. Their analysis employed static 3D face models and compared
the 3D models from these scanners to the ground truth of the facemasks. The most
accurate scanner reviewed here in every category was the Minolta, followed closely by

the 3DMD, and then Polhemus and the scanners from the two anonymous vendors. The
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difference in accuracy between the Minoltaand 3DMD is small, and, with live subjects
who can move during the scanning process, the 3DMD may be more accurate because it
requires only milliseconds to take its image and the Minolta requires 2.5 seconds to scan.
However, the level of detail for the Minolta scanner is significantly higher, which we feel
to be important for biometrics. For that reason, we ranked the Minolta’s performance as
the highest of all of the scanners evaluated.

The 3DMD captures more of the sides of the face than does the Minolta because of
the use of multiple cameras. Further, it is more subject friendly, sinceit is quicker during
capture and does not require the subject to hold still. The points that the 3DMD provides
are accurate, but the sampling is coarser than that of the Minolta.

The Polhemus captures alarge number of points while retaining a good accuracy of
those points. It is the smallest of the scanners reviewed here and could performin a
variety of environments in which the other scanners could not due to its handheld nature.
Although it is not as accurate as the 3DMD and Minolta scanners, its portability allows
other potential uses.

Of all of the scanners that we considered, FR1 has the only real time multiframe
acquisition abilities and is the most comfortable from a subject standpoint, since no
visible active elements are used. FR2 has a poor rating from a subject standpoint and has

ahigh level of detail but very poor accuracy for the points provided.

2.2. 3D Face Modeling
The methods discussed in the previous section produce true 3D models of the face

being scanned. The desire to produce 3D models of faces for avariety of applicationsis

29



sufficiently high that some approaches have been optimized specifically for faces.
Typically, these methods utilize texture mapping to produce a good looking 3D face for
rendering and rotation. The 3D models they utilize do not always look like the 3D
structure of the actual face but, through the use of texture mapping of a 2D image of the
face onto amodel, are able to produce something that renders well with the texture.
FaceGen [16] software can be used to create a 3D model based upon input
information on race, sex, and age parameters supplied by the user. In thisway, the
software creates an underlying face model that is more accurate than a single generic face
model using provided parameters. Onto this model, the program overlays a texture map
of a2D picture of the subject’s face. Although this method claimsto be generating a 3D
model of the person’s face, the 3D model is not really any more of the person’s face than
isageneric model of a person based on his or her demographic data. The texture map
provides the only data based on the subject’s face. This approach is more useful for
generating 2D images of aface from different poses, since it does not generate distinct
3D models. However, even for generating different pose images, the accuracy degrades
the farther the rendered pose is from the pose in the input image. Thomas et al. [17]
utilized FaceGen for a 2D surveillance application. They utilized FaceGen to generate a
variety of poses of a subject utilizing asingle 2D frame asinput. A sample FaceGen

texture mapped model they utilize is shown in Figure 6.
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Figure 6: Sample Facegen Textured Model

Cheng and Lai [18] have produced textured 3D face models utilizing a generic
face model modified dlightly utilizing shape from silhouette [19]. However, the visua
hull of the model may alow for some adjustment of the face model, but al concave
portions of the face will be unaffected. Then, by approximating the pose of the head, they
were able to overlay the texture onto the model. The authors make no comparison of the

accuracy of the resulting 3D model to the real world face. Their results do not appear to
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be accurate reconstructions when viewing the texture model from nonfrontal poses. In
addition, the 3D model without texture does not appear to be an accurate representation.

Blanz and Vetter have developed a method for producing a 3D model based upon
asingle 2D image [20] that they utilized for biometric purposes [21]. The approach
worked by first training a PCA (principal component analysis) space to represent arange
of 3D faces. They accomplished this by utilizing alarge number of user identified points
to determine a common reference frame along with a dense correspondence. Next, they
had a complex approach to modify PCA parameters to produce a 3D PCA based face
model that would look like a 2D input image. Lighting conditions during 2D capture can
affect the image in ways that decrease biometric performance. Blanz and Vetter’s
approach differs from the previous approach in that they produced a unique 3D model
that appears accurate and is not just texturing a generic model. Then, they utilized the
coefficients produced from the PCA model to identify people. They have been able to
achieve between 99.8% and 79.5% identification rates, depending upon the type of input
image used. Their approach does require alarge number of representative samples of the
galery population for training of the PCA space. Without using demographic
information, the method requires more exploration to determine whether it is possible to
utilize a single space to represent the entire human population.

Extensions of Blanz and Vetter’s [21] work by Xin et al. [22] continue the
concept by focusing on utilizing video as the form of input data. However, they do not
utilize the temporal nature of video and, instead, simply use the video to acquire a small

number of frames from different poses on which to run Blanz and Vetter’s work.
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2.3.Structure fom Motion

SFM is the process of producing a 3D model from a monocular video stream.
SFM consists ofour mainelementsas shown irFigure?. The process begins by
acquiring 2D video datdNext, identification ofpoints track andtrackingthose points
over time to produce motion tracksnally, the motion trackare convertethto a viable

3D model.

Video Acquisition ldentifying Points to Motion Tracks 3D Factorization
Track
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