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Abstract

As interest in 3D face recognition increases the importance
of the initial alignment problem does as well. In this paper we
present a method utilizing the registered 2D color and range
image of a face to automatically identify the eyes, nose, and
mouth. These features are important to initially align faces in
both standard 2D and 3D face recognition algorithms. For our
algorithm to run as fast as possible, we focus on the 2D color
information. This allows the algorithm to run in approximately
4 seconds on a 640X480 image with registered range data. On a
database of 1,500 images the algorithm achieved a facial
feature detection rate of 99.6% with 0.4% of the images skipped
due to hair obstruction of the face.

1. INTRODUCTION

Face recognition (FR) is becoming an increasingly
attractive technique for real world systems in which
unobtrusive reliable identification of individuas is
desired. Asaresult, the ability to automate the entire face
recognition process from acquisition to
verification/identification is important. For most 2D and
3D recognition agorithms, it is critical that faces are
aligned before being compared. Typically, alignment
begins with the detection of facia features. At the
research and development stage, alignment features are
normally obtained by manually identifying consistent
points or features across different faces. In commercial
2D FR systems, techniques exist to find alignment
features, but additional robustness is needed to deal with
facial, image, and environmental variations (i.e. lighting,
image quality, resolution, facial expression, etc.) [1].

Most face recognition algorithms utilize either the 2D
or 3D data but not both simultaneously. However, most
current range sensors provide 2D color intensity
infformation and 3D geometric information in a
corresponding grid; thus, one should use the benefits of
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both to achieve greater performance and robustness. In
addition, 2D feature extraction algorithms (i.e., Facelt
[2]) typically require very good image quaity (i.e
1024x768, good lighting, etc.) in order to achieve high
performance rates. This makes using traditional
techniques on a 2D color image acquired during a range
scan difficult because the associated images are typically
small and of low image quality. To further aggravate the
problem, lighting conditions, which would be ideal for a
2D color image, are usualy non-ideal for active range
scanners. Bright lighting conditions which are needed for
high quality 2D color images reduce the visibility of the
active projection elements, such as lasers used in some
range scanners. These factors motivate the work
presented in this paper. We propose an algorithm that
utilizes a combination of 2D and 3D registered data
which should result in an accurate facial feature detection
algorithm capable of running quickly because it strongly
leverages its 2D components.

2. PREVIOUSWORK

2.1 2D methods

Facial feature detection algorithms operating on 2D
color and grayscale images exist and are able to identify
the eyes and mouth somewhat reliably. Examples of
current methods for identifying facial features use
eigenfeatures [3], deformable templates [4] [5] [6], Gabor
wavelet filters [7], color manipulation methods [8], edge
halistic [9], graph matching [10], etc. These methods
work fairly well with facial feature identification rates
ranging from 90-98% [1]. The eyes are an important
feature that can be consistently identified. In fact, facial
identification algorithms that use only the eyes can
achieve an 85% facial classification rate [11]. Asaresult,
the center or edges of the eyes are commonly used by
feature detection algorithms as a reference point.
Commercial software to identify the eyes exists as well.
For example, Faceit relies on identifying facial symmetry
in black and white images to locate the eyes. Genetic
algorithms also exist that can deal with minor pose



variation with success rates of 8Q%2].

2.2 3D methods

3D facial feature extraction is a relatively new area of
reseach with a less extensive body of work than 2D
facial feature extraction. Lu et al. [13] identified features
through a 3D model from multiple scans stitched together
and proposed using a shape index to identify the inside of
the eye (next to the nose) as a saddle location. The
average distance to the true featurelocationswas 10 mm
resulting in relatively low precision  Gordon [14]

candidates are determined by processing these maps. The
ratio of pixel distances is then used to determine if the
detected features are typical of a human face. This
algorithm obtained a 90% detection rate in identifying
facia features in 206 640X480 color images from the
Heinrich Hertz Institute (HHI). Severa other databases
were also testedith accuracy ratings from 887%.

Our approach first segments the foreground from the
background using the range data. Then, a modified
version of the skin detection algorithmfrom [8] is used to
identify potential skin pixels. We refine these pixels

proposed a method using face shape based on curvature tQrther usi ng z-based range erosion and standard erosion

identify facial features. Her method worked well,
however it was tested on a small database of 24 range
scans 2D and 3D motion tracking of faces has also been
performed[15] using active appearance and morphable
models. Another interesting method is a Gabor filter
based curvature approafd6].
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3 ALGORITHM

The work presented in this paper uses the purely 2D
approachof Hsu and Jain [8] as a foundation. The
algorithm first segments skin regions using an elliptical
grouping model in YCbCr color space for skin. Then a
convex polygon hull around the largest connected skin
group is computed to fill in facial pixels that were not
detected as skin. Subsequently, eye and mouth maps are
defined by performing operations in YCbCr color space

algorithms and then computethe eye and mouth maps.
Initialy, the formulas from [8] are used, but then we
modify them to use additiona range and color
information Finally, the geometric-based confidence of
potential feature candidates is computed to aid in the
selection of the best feature set.

Our agorithm differs from the approach in [8] in that
we seek to tightly couple information in 2D color and
range imagery to increase feature detection performance
without suffering from the computational load associated
with using a purely 3D approach. In addition to
computing the eye and mouth locations, we also detect
the nose since it s distinctive3D feature ortheface and
is likely to improve the overall performance of our
algorithm. In our approach, range imagery is used to
refine the skin region of interest, determine the nose
location, better isolate potential eye locations, refine the
mouth location, and assist in identifying the best eye,
nose, mouth combination.

Another unique attribute of our approach is a
geometriebased confidence measure. Instead of using
relative distances between points to determine the best
feature group candidate, we use a measure that
incorporates actual 3D distances from the range image.
This is a powerful metric because it alows the
determination of the best feature group and of incorrect
featue detections after a low-confidencegrouping has
been identified.

3.1 2D Skinregionrefinements

Although the 2D components outlined in this paper are
based on [8], some enhancements were made to improve
system performance when confronted with poor color
images and to improve the computational cost associated
with the algorithm. Prior to processing, light
compensation was performed to adjust for adverse
lighting conditions [8]. Also, we have a lower quality
2D color image compared to [8], which necessitates

which produces a grayscale image map with higher valuesyregter |atitude in defining skin regions. We accomplish

in regions of the desired features. Eye and mouth

this by defining a larger elliptical area in YCbCrto be



