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nition systems, there are still important challenges for further research. The problems of variable lighting,
pose, facial expression, aging, and inaccurate alignment continue to cause larger than desired error rates.
This paper discusses the current state of the art in face recognition and suggests some promising directions

for future research.

Keywords: Face recognition, access control, surveillance

1. Introduction

This paper will try to assess the current state of the
art in face recognition and suggest some promising di-
rections for future research. Assessing the current state
of the art is a difficult task. The amount of work going
on in the field of face recognition is huge and growing.
A Google Scholar search for papers with the words “face
recognition” yielded 1,100 papers in 2000 and 3,190 pa-
pers in 2007. When the large amount of unpublished
work from face recognition companies and industrial lab-
oratories is also considered, the amount of work is over-
whelming. The task of trying to summarize all of this
work is sure to ignore many important papers. Despite
this, if we step back, we can get a good sense of the state
of the art and some of the trends in the field to suggest
promising directions for future research. This paper is
not intended to be a survey of the field. Zhao et al. ®®
and Bowyer et al.® provide good recent surveys. In-
stead, we will try to give a sense of the current state
of the technology and some of the major problems that
require further research.

2. Face Recognition Scenarios

There is no single state-of-the-art face recognition sys-
tem. The main reason for this is because there are many
different face recognition applications that each have dif-
ferent requirements and constraints. These include ac-
cess control systems, recognition from surveillance cam-
eras, recognition in photo collections, and recognition in
consumer devices. The latter includes devices such as
cars or televisions that recognize users to (for example)
customize user preferences. Each of these applications
has a different set of constraints, such as whether special
sensors (for instance, 3D sensors) could be used.

Besides the different applications there are also differ-
ent modes for face recognition. One is werification, in
which the user discloses his identity (using an ID card,
for instance) and the system must verify this identity by
comparing a face image just acquired against one stored
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in a database. This is called 1-to-1 matching. The newly
acquired face image is often called a probe face or a query
face. The faces stored in the database are called gallery
faces or enrolled faces. The other basic mode is identi-
fication. In this mode, no identity is given, so a newly
acquired face image must be compared against every face
in the database to determine whether there is a match.
This is called 1-to-N matching.

To measure the accuracy of a face recognition sys-
tem, there are two common methods. One is to plot
cumulative match scores, and the other is to plot false
acceptance rate versus false rejection rate. To compute
the cumulative match score, it is first assumed that each
probe face has a corresponding gallery face. Then the
question is how often the correct match is in the top
k scores. A particular face recognition system is said
to have a rank-k recognition rate of X% if the correct
match is within the top & matches X% of the time. A
graph of cumulative match scores plots rank-k recogni-
tion rates versus k. The “rank-1 recognition rate” (how
often the correct match is the top score) is often just
called the “recognition rate”.

The other common way to measure recognition accu-
racy is to compute the false acceptance rate (FAR) and
false rejection rate (FRR). This is becoming the more
common measure in rigorous tests. It does not make
any assumptions about the probe set being a subset of
the gallery set. FAR and FRR are computed over a large
set of face image pairs. A face image pair consists either
of two images of two different people or of two images of
the same person (presumably taken at different times or
under different conditions). The false acceptance rate
is the percentage of face image pairs of different peo-
ple that are mistakenly classified as the same person.
The false rejection rate is the percentage of face image
pairs of the same person that are mistakenly classified
as different people. The verification rate is equal to 1 -
FRR and is the percentage of same face pairs that are
correctly classified. Since most face recognition systems
return a similarity score for a pair of face images, there is
a threshold which determines whether a face pair is clas-
sified as same or different. This threshold can be used
to trade off between the false acceptance rate and the
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Fig. 1.

false rejection rate. Plotting the FRR and FAR numbers
for all possible thresholds, yields the receiver operating
characteristic (ROC) curve.

Both verification and identification share the same ba-
sic building block: given two faces images, return a sim-
ilarity score. To compute a similarity score between two
faces, most face recognition systems require a number
of preprocessing steps. These are illustrated in Figure
1. The first step is to find any faces in the input image
using a face detector. Next, two or more facial features
(such as the corners of the eyes) are found in each face;
these are used to normalize the face for in-plane rota-
tion, scale, and translation. Cropped face images are
usually created. The cropped faces may be lighting nor-
malized to help reduce the effect of lighting variations.
Finally, many systems compute some kind of feature vec-
tor given the normalized face, and these feature vectors
are compared to yield a similarity score.

Even if we consider only a particular application, there
are dozens of different face recognition algorithms (if not
more), and most of these have not been tested on the
same test sets. It is meaningless to state the accuracy of
a face recognizer without also stating the test set used
for evaluation. This is because the details of the test
set, such as how much variation in pose or illumination
was included, have a very large effect on accuracy. As a
result it is very difficult to get a handle on the state of
the art. Nonetheless most researchers would agree that
for the simplest scenario of a cooperative access con-
trol system with controlled lighting, the problem is ba-
sically solved. That is, there are many face recognition
algorithms that perform very well. For example, in the
recent Face Recognition Grand Challenge (FRGC) test
conducted by the US National Institute of Standards
and Technology %, one of the scenarios tested was that
of cooperative subjects in a controlled lighting environ-
ment (although small expression variations of smiling
and neutral were present). The median verification rate
of the 17 algorithms that were tested was 91% at 0.1%
false acceptance rate. The best system reported 99%
verification rate at 0.1% false acceptance rate.

The problem is that this is not a realistic scenario
for any application. Even for the simplest application,
that of an access control system in which subjects are

The preprocessing pipeline

required to cooperate, there is no guarantee that it can
be installed in a location with completely controlled il-
lumination. Nearby outside windows may cause large
changes in illumination, and even typical overhead of-
fice lights cause variable illumination as a subject moves
relative to the lights. Furthermore, variations in pose of
the same user from one use of the system to the next
cannot be avoided. Finally, if the system is expected to
work over a period of many years, then aging is also an
issue.

This leads us to the fundamental problems confronting
face recognition systems today: lighting, pose, facial
expression, aging, and alignment. The lighting prob-
lem comes from the fact that different illuminations can
cause very large changes to the image of a person’s face.
Similarly, changes in head pose, facial expression, and
age can also lead to very different face images for the
same person. Furthermore, all face recognition systems
need to align the input face in some way. For a 2D face
recognition system, this is typically done by finding two
or more facial feature points to do the alignment normal-
ization shown in Figure 1. If the facial feature points are
not found accurately, this can cause large changes to the
output face image. All of these potential variations to
the face image make the face recognition problem diffi-
cult. Any new research in face recognition should ad-
dress at least one of these problems in order to make a
real contribution.

Next, we will examine current approaches to each of
these problems in order to get a sense for where we are
and where we might go from here.

3. Illumination

Comparing two faces with different illuminations is
one of the fundamental problems for face recognition sys-
tems. It is well known that the differences in pixel val-
ues caused by different lighting conditions can be greater
than the differences between two different people under
the same lighting condition . See Figure 2 for exam-
ples of how a face can vary under different illuminations.
In their seminal work, Belhumeur and Kriegman ® de-
veloped a theoretical answer to the question of what set
of images an object (face) can realize under all possible
illuminations (see also (13) (14) (29)). They showed that
it is a convex cone in R\ where n is the number of pixels.
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Fig.2. Examples of a face under various illuminations

They coined the term illumination cone to describe this
set of images. Under a Lambertian reflectance assump-
tion and assuming a convex object, they showed that it
can be computed from as few as three images. Under
more realistic assumptions (non-Lambertian reflectance,
non-convex shape) they presented evidence that the il-
lumination cone lies near a low-dimensional subspace.
The implication is that under fixed pose, a face under
any illumination is well approximated by a convex com-
bination of a small set of basis face images. In practice,
the problem with using this important result is that mul-
tiple illuminations of the same face in the same pose may
not be available so that the illumination cone cannot be
computed. Subsequent work has tried to address these
problems. For example, Basri and Jacobs® analyzed
the properties of the illumination cone and showed ana-
lytically how to compute a low dimensional subspace to
approximate the illumination cone. The basis functions
of the low dimensional subspace are represented using
spherical harmonics, which is the analogue to Fourier
analysis on the surface of a sphere.

Another issue with the illumination cone model is
that to handle non-convex objects which have cast shad-
ows (shadows cast by a nose for instance), the model
must be explicitely extended to accurately handle these.
Georghiades et al. *® used ray tracing along with the
3D surface computed during the computation of the il-
lumination cone to correctly model cast shadows. This
makes the framework much more computationally ex-
pensive. More computationally efficient ways of han-
dling cast shadows are desirable.

There are many other important schemes for deal-
ing with illumination changes which there is not enough
space to discuss, but the illumination cone and related
methods are the most fundamental.

Although the theory of how faces change due to chang-
ing illumination is well developed, converting this theory
to practical systems still requires innovation. It also de-
pends on the application. In applications where extra
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Fig.3. Examples of a face in various poses

effort can be spent during enrollment, a different solu-
tion may be feasible than in applications where a sin-
gle image is all that is available for enrollment. Also,
making the solution to varying illumination work across
changing pose is another important problem to solve.

4. Pose

Comparing faces under varying pose is another funda-
mental challenge for face recognition systems. Figure 3
shows how a face image can change under modest pose
variation. Unlike the case of illumination variation, it
does not appear that all images of a face under varying
pose can be so neatly characterized. This does not nec-
essarily mean that images of a face under varying pose
do not lie on a relatively low-dimensional manifold in
image space. However, this manifold does not seem to
submit to a simple mathematical characterization.

Solutions to the pose problem depend greatly on the
particular application. One approach is view-based in
which a set of pose-specific classifiers or similarity mea-
sures is used to compare faces in a similar pose. Pentland
et al. ®% takes this approach, for example. The problem
with this approach is that is requires multiple views of
each gallery face and it requires good pose estimation
of the query (probe) face to know which pose-specific
classifier and gallery image to use for comparison.

Another approach is to use a 2D model, such as a
morphable model @® or an active appearance model ®.
These models, which use very similar formulations, both
separate a set of example images (such as faces varying
in pose) into texture and shape components. To do this,
all of the example images must be put into correspon-
dence with a reference image. Then the variations in
shape (positions of the facial features) and the varia-
tions in texture (brightness values of the pixels) are rep-
resented as linear combinations of basis shapes and tex-
tures. These basis shapes and textures are usually found
using principal component analysis. Because these are
2D models, they have difficulties with self occlusions on



the face caused by pose changes. However, a modest
amount of pose variation can be handled. Given a new
input face image, the model is fit to the image using an
iterative optimization scheme by finding the shape and
texture parameters that yield a model image that most
closely matches the input image. The model parame-
ters can be mapped into those that affect mainly pose
and those that affect other variations. After matching,
the parameters that affect pose can be ignored, and the
parameters that affect only identity are used for recog-
nition *® . Another possibility is to render a new model
image after changing the pose parameters to represent a
frontal pose and in this way produce a pose-normalized
version of the input face for recognition. The main prob-
lems with the morphable model and active appearance
models are in the matching of the model to the input im-
age. This optimization process can get stuck in bad local
minima. The process is only robust if the model can be
initialized to a starting point close to the input face.
Furthermore, creating a model that includes a large set
of different faces with all the variations required (such
as illumination and pose) is a tedious process.

More recently, approaches based on 3D face models
have gotten a lot of attention for dealing with pose.
There are various ways 3D models can be used which
again depend heavily on the application scenario. One
solution is a 3D-from-2D approach that matches a 3D
model to a 2D face image and then pose normalizes by
rendering a frontal view of the face ™. This requires a
method of filling in missing texture for parts of the face
that were occluded in the non-frontal view. The main
difficulty with this approach is robustly and quickly
matching the 3D model to the 2D image. This is espe-
cially difficult when there are other sources of variability
such as lighting and facial expression. Another varia-
tion of this approach is not to render a pose-normalized
frontal face image, but rather directly compare the fit-
ted 3D models. This, however, still leaves the problem
of how to compare 3D face models. We briefly discuss
approaches to this problem below.

Yet another approach that has seen a lot of activity
recently is to use a 3D sensor to acquire a 3D face. Face
recognition is then performed by comparing 3D faces.
There are various types of 3D sensors such as stereo
cameras, structured light systems and laser rangefind-
ers. One major problem with such systems is that the
acquired 3D shape often has significant artifacts such as
holes or spikes. The problem can be especially bad un-
der difficult lighting conditions such as when there are
large specular regions .

There are various ways to compare 3D faces. See (5)
for a review. Many techniques involve an iterative clos-
est point algorithm to match 3D shapes or local curva-
ture measurements at different feature points ®. Most
require a technique either for estimating pose or for find-
ing correspondences between two 3D models, which is
not a trivial problem.

Of the 3D approaches, only the 3D-from-2D approach
is potentially applicable in all of the same application
scenarios as 2D recognition. Pure 3D approaches do not

Fig.4. Examples of a face with various expressions

apply, for example, to recognition from photo collections
or from existing surveillance cameras. For access control
scenarios, the added cost of a 3D sensor may be justi-
fied by the improved robustness to pose. Results from
the Face Recognition Grand Challenge test in 2005 for
comparing 3D faces with 3D faces showed very good ac-
curacy, with recognition rates around 97% for the best
system. However, this test did not include variations
to lighting so, it is hard to extrapolate these results to
real-world access control scenarios.

For applications in which a 3D sensor is feasible, 3D
face acquistion will most likely lead to a robust solu-
tion to the pose problem. The main barrier appears
to be more robust 3D sensors that are not so adversely
affected by harsh lighting conditions. For other applica-
tions in which 3D sensors are not an option, some form
of 3D-from-2D approach appears to be the most promis-
ing for pose robustness. More research is required on the
best way to do this.

5. Expression

Comparing faces with different facial expressions is
another problem for some face recognition applications.
For access control systems in which the subject must
cooperate, facial expression is not a major issue. For
non-cooperative face recognition approaches, however,
such as recognizing people in family photos, it is an im-
portant problem. See Figure 4 for an example of a face
with many different expressions. There are various ap-
proaches to dealing with expression that are based on the
idea of building a model of the changes that faces un-
dergo through expression variations. Models are learned
through examples. For instance, a morphable model
(2D or 3D) 1 or active appearance model ® can be
used to capture expression variations (as well as identity,
lighting, and pose variations). As with pose, the mor-
phable model or active appearance model is fit to the
input face, and then either the face can be expression
normalized to yield an image of a face under neutral
expression (analogous to pose and lighting normaliza-
tion), or some “expression-free” model parameters are
extracted and used directly as the feature vector for
recognition. The problem with this approach is that
fitting a morphable model or active appearance model
is computationally expensive and not very robust, espe-
cially in the presence of lighting and pose variations.
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Another approach is multilinear models or tensorfaces,
which is an extension of singular value decomposition
(SVD) to multi-dimensional tensors *® #2. Given a set
of images for each person that varies over expression as
well as possibly over lighting and pose, different sub-
spaces can be learned for each mode of variation. A new
face is matched to the tensorface model by projecting
the new face into the tensorface space and finding the
closest gallery face in that space. The drawback of this
approach is that it requires a large set of example images
for each person with all of the desired variations.

Some systems take the very simple approach of ignor-
ing the mouth region which is the most variable in the
presence of expression changes. This may be adequate
for some applications.

6. Aging

The fact that your face changes significantly as you
age means that the face is a fundamentally flawed bio-
metric. See Figure 5 for an example of the significant
changes a face undergoes as it ages. For other biomet-
rics such as irises and fingerprints, aging is a much less
serious problem. Despite this fact, the face is still often
prefered as a biometric, mainly because it is so easy to
capture.

The changes that a face undergoes as it ages are sim-
ilar across different people. The morphological changes
as well as textural changes (wrinkles) are similar from
person to person. This makes it possible to model the
effects of aging and incorporate such models into the
face recognition system.

Compared to the illumination, pose, and expression
problems, there has been relatively little work on mak-
ing face recognition robust to variations in age. The
main reason for this is probably due to the fact that
it is difficult to collect datasets of face images that in-
clude the same person taken at many different ages. The
datasets that do exist also have significant variations in
pose and illumination that make it difficult to study age
in isolation. However, many of the techniques that can
handle the other forms of variation can also handle age
variations given the right training data.

In some applications, aging may not be a significant
problem because enrolled faces may be periodically up-
dated so that the age difference between enrolled face
and query face is never very large. In other applications,
however, this may not be possible.

One of the few papers to deal directly with the prob-
lem of age in face recognition is the work of Lanitis et
al.*®_ They used an active appearance model that in-
cluded examples of the same person at different ages
to model faces. After matching this model to an input
face, they mapped the model parameters to a set of age-
normalized model parameters using a mapping learned
from the training examples. Using their age normaliza-
tion method they showed a modest amount of improve-
ment in recognition.

Another paper that looked at the problem of age
in face recognition is Ramanathan and Chellappa ©7.
They used a Bayesian intra/extra model to model age
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Fig.5. Examples of the same person at various
ages

variations *®. They found that, as expected, the simi-
larity score between two images of the same person taken
at different ages decreases as the age difference increases.
When the age difference was four years or less, the face
verification accuracy was good for their test set, but for
greater age differences accuracy was poor.

Aging may prove the most difficult variation to deal
with because of the difficulty of collecting large amounts
of appropriate training data and because the facial
changes can be very significant if the age difference is
large.

7. Alignment

The alignment problem is a very important practical
issue in face recognition systems that is often ignored in
conference and journal papers. The problem is to align
or geometrically normalize and crop a face in an input
image to yield a fixed sized output image with the face
in a known position. This is usually done by first de-
tecting a face, finding a number of facial feature points
within the detected face region, and then computing a
four parameter similarity transform (scale, in-plane ro-
tation,  and y translation) to map the input face to a
fixed sized output image. Other transformations such as
affine may be used instead, but a similarity transform is
usually best because it does not distort the geometry of
the face. To solve for the four parameters of the similar-
ity transform, only two facial feature points are needed,
but more are often found to improve robustness.

Today there are robust face detection algorithms such
as (33) and (30) that can be used for finding frontal, up-
right faces in cluttered scenes. There are also multi-view
face detection algorithms for finding non-frontal or non-
upright faces *® (MG These algorithms are sufficient
for finding faces for most applications, and thus face de-
tection is no longer a major problem for face recognition.

The bounding box found by a face detection algorithm
is not in general precise enough to use for alignment. It
finds a rough bounding box around the face but is not
intended to find the precise scale, rotation, and location
of the face. For this reason, more precise facial feature
detectors are needed for good alignment.

There are many different algorithms for finding fa-
cial features. Some are based on learning a classifier
(for example Support Vector Machines (SVM), neural
networks, boosted classifiers, or Bayesian classifiers *)
that detects a single facial feature given an image patch
or some features of the image patch (such as a Gabor fea-
tures ®¥). The image patch typically covers some area
around the feature. The training examples need to be



carefully manually aligned so that the resulting classifier
is precise. As with face detection, such feature detectors
work best when they are constrained to work over a nar-
row range of facial poses.

Other algorithms attempt to use the geometry of a
group of facial features to constrain the search for fea-
tures. Burl et al. (™ is an early example of such an algo-
rithm.

Once again, a 2D morphable model *® or active ap-
pearance model ® could be used to localize facial fea-
tures, although the robustness of the matching process
is still an issue as is the relative computational expense.
As a refinement stage after another method has been
used for initialization, these methods may be more use-
ful .

There has been very little comparative evaluation of
various facial feature localization algorithms so it is diffi-
cult to determine the best approaches. A detailed com-
parison of different algorithms would be an important
contribution to the research community. However, it is
safe to say that there is further room for improvement
to design feature detectors that are fast, precise, and
robust to lighting, pose, and expression changes.

8. Basic approaches to handling facial
variations

As mentioned earlier, there have been thousands of re-
search papers that propose various approaches to mak-
ing a face recognizer that is robust to at least some of the
types of facial variations. After examining the various
approaches, we can see that many of them share some
basic ideas. One central idea is to build a general model
of how faces may vary. This is usually done by learn-
ing a model from example face images. Once a model is
created, there are three basic ways to use it:

e Match the model to the face and then normalize to
get a new face image with a canonical illumination,
pose, expression, or age.

e Match the model to the face and then use for
recognition only the parameters that model identity
changes.

e Use the model to generate synthetic examples of the
face under all variations.

Another possibility related to the third approach
above is to gather a set of example face images covering
the desired range of facial variations for each enrolled
person. The set of images for one person that cover
all facial variations (whether acquired or synthesized)
is called the face space for that person. Once the face
space for a person is known, then matching a probe face
becomes computing the distance of the probe to the face
space. There are different ways that this can be done
(see for example (21)).

A face recognition system may use a mix of these ap-
proaches for different variations. Also, the input and
model may be either 2D or 3D. Clearly, it is not practi-
cal to acquire actual images of a face under many poses,
illuminations, expressions, and ages for every enrolled
person. Thus some kind of general model of how faces
vary under different illuminations, poses, etc. is needed.

Formulating a model that is easy to build, covers all of
the desired variations and can be matched robustly is
the difficult challenge.

9. Where To Go From Here

Given the discussion above, it is clear that new work
in face recognition should address one or more of the
five basic problems: lighting, pose, expression, age and
alignment. One way to do this is to devise new mod-
els that either are better able to capture the important
sources of facial variations or are more efficient or more
robust to fit to an input face.

One promising direction for future research is the idea
of using an “enhanced” enrollment procedure such as
collecting multiple images with lighting, pose, and ex-
pression variations for applications that allow it (for ex-
ample some access control applications and some surveil-
lance camera applications). The motivation for this ap-
proach comes from research on human face recognition
performance (in other words the ability of people to rec-
ognize faces). One of the most striking findings of this
research is that people are much better at recognizing
faces of familiar people. It appears that people build
very good models of familiar faces and so can recog-
nize such faces well even from very low resolution im-
ages @Y A computer algorithm could similarly take
advantage of a good model of each face built at enroll-
ment time. A single query image may then be compared
to the detailed model for each enrolled face. Some work
along these lines has been done (for example, algorithms
that compare an enrolled 3D model to a 2D query face
image) but there is room for progress here.

Today the resolution of still cameras is very high, and
the resolution of video cameras is increasing. Taking
advantage of this high resolution information is another
promising direction for improving face recognition accu-
racy. There are various ways that high resolution im-
agery can be exploited. One straightforward way is to
use it to get better facial feature localization and thus
better alignment. Another possibility is to use skin
markings such as freckles, moles, and scars as unique
identifiers. Some work along this line has already been
done by Pierrard and Vetter *®, who analyzed moles to
recognize faces. It may also be possible to analyze the
very fine ridges and pores in skin for computing sim-
ilarity scores analogous to what is done in fingerprint
recognition.

Another promising direction for future research is to
use ideas from the rapidly growing area of computational
photography. Computational photography attempts to
modify the camera hardware in a way that makes it
possible to compute images which cannot be acquired
from an ordinary digital camera. The basic idea be-
hind these approaches is to modify the camera hard-
ware in order to make the problem easier than it would
be using a traditional camera. One possibility is to deal
with illumination by rapidly taking multiple images un-
der different illuminations (for example with and with-
out flash) and use these to compute an image under a
canonical illumination %, Computational photogra-
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phy approaches can also be used to handle motion blur
and focus problems ®» @ For some face recognition
applications, modifying the camera hardware used to
capture faces is not an option. In applications where it
is an option, computational photography has the poten-
tial of lessening some of the problems confronting face
recognition.

Another trend in face recognition research is the use
of 3D sensors and the use of video to improve face recog-
nition accuracy. Both of these ideas have the potential
to improve the state of the art for scenarios in which
they are applicable.

Finally, another important trend in face recognition
research is the use of very difficult test sets. In early
work, face recognition algorithms were usually tested
on small test sets taken under controlled conditions.
While these early systems reported very high recogni-
tion rates, they did not perform well in practice under
typical difficult conditions. Today, there are some diffi-
cult publicly available test sets that are helping to push
researchers to tackle the hard problems. For example,
the Face Recognition Grand Challenge test set from the
US National Institute of Standards and Technology ©*
has proven to be a difficult test set especially because
of significant variations in illumination. It is also quite
large, with over 16,000 images in some of the testing sub-
sets. Another very difficult test set is Labeled Faces in
the Wild from the University of Massachusetts Amherst.
This test set consists mostly of celebrities gathered from
the World Wide Web. The photos include uncontrolled
lighting conditions, various poses (although not too far
from frontal), various expressions, and occlusions. By
focusing on such difficult test sets, researchers will be
forced to confront the difficult problems for face recog-
nition.

10. Conclusions

Despite the large amount of work that has been done,
face recognition remains an unsolved problem for which
there is plenty of room for new ideas. New ideas are
needed to improve the robustness of face recognition sys-
tems to changes in illumination, pose, expression, and
age and to improve the robustness of alignment to these
variations. Despite these serious difficulties with using
the face as a biometric, it will continue to be a very de-
sirable biometric because of its convenience, especially
compared to fingerprints and irises.

Promising directions for future research include tech-
niques for building better models using an enhanced en-
rollment process, taking advantage of higher resolution
images, using ideas from computational photography,
using video or 3D sensors and focusing on more diffi-
cult test sets. Thus, there are many opportunities for
new researchers to contribute new ideas to the field.
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