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ABSTRACT and tracking can be performed. Next, the complete face tracking
This paper presents a face localization and tracking algorithm whictRlgorithm is presented. Finally, some results showing the perfor-
is based upon skin color detection and principle component analy-mance of the algorithm are discussed.
sis (PCA) based eye localization. Skin color segmentation is per-
formed using statistical models for human skin color. The skin
color segmentation task results in a mask marking the skin color 2. FACE DETECTION AND TRACKING
regions in the actual frame, which is further used to compute the
position and size of the dominant facial region utilizing a robust Face localization is performed using the statistical properties of
statistics-based localization method. To improve the results of skin human skin color. Many recent publications have proven that hu-
color segmentation a foreground/background segmentation and ariman skin color is a powerful feature for face detection. To improve
adaptive background update scheme were added. Additionally thethe robustness of color segmentation a foreground/background seg-
derived face position is tracked with an Kalman filter. To overcome mentation step is introduced before the color segmentation is car-
the problem of skin color ambiguity an eye detection algorithm ried out. Next the detected foreground pixels are processed further
based upon the principle component analysis (PCA) is presented. by skin color segmentation. The resulting mask is the basis for
face localization. The derived center position and size of the face
is then tracked with an Kalman filter. Skin color modeling and
1. INTRODUCTION segmentation is performed using the YCrCb color space, that pro-

The processing of face images receives more and more interesides separation between the luminance (Y) and the chrominance
in the field of image analysis. The task of facial image analy- (CTCb) components.

sis includes the face localization, the recognition of human faces

gnd the analysis of mimics or facial expressions. Fa_ce Ioc_allzatl_onz_ll Foreground segmentation

is needed as preprocessing step for many applications, including
such as object-orientated image coding, security control, expres-gecause, in general, the background of a still image is not avail-
sion recognition and intelligent man-machine interaction. Various gpje, foreground segmentation can only be performed for an image
methods for face detection were published in the past. The meth-sequence. Additionally it is necessary, that the background can be
ods can roughly be diverted into four classes, according to [1]: captured before the interacting person is entering the scene. This
Knowledge-Based Methodse rule-based approaches which tryt0 - can simply be done in the startup sequence of face tracking.

model intuitive knowledge of facial features. In general these fa- Foreground segmentation is executed by computing the Euclidean

cial features have to be extracted by a preprocessing stef8est.  gistance between the captured background image and the actual
ture Invariant Methodaitilize invariant (scale, orientation, light-  ijmage for each pixel:

ing) features for face detection. One of the most frequent used
feature for this purpose is skin colofemplate Matching Meth-
odsuse manually defined patterns of the whole face or the facial
features separately which are matched against the input imgge. o . o
pearance Based Methodty to find the relevant characteristics of where the subscript ref’ denotes the reference image. A pixel is
face images by machine learning from a training set. Often, face €XPected to be in the foreground if its Euclidean distanéem
tracking systems exploit a single localization technique to locate the reference image exceeds a given threskiold

and track the users face. While one modality is able to track a user

under optimal conditions, they also have typical failures in uncon- el is{ foreground if e>e @
strained scenes. P background otherwise

To arrive at a more robust facetracker under real-time constraints,

we present a system which combines feature invariant (skin color) The results from foreground segmentation are stored in a binary
and appearance based methods (eye detection). First, face deteerask marking the detected foreground pixels for further process-
tion and tracking is discussed. Then we show how eye detectioning by skin color segmentation.

e=/(Y =Yie)2 4+ (Cr — Crpep)® + (Cb — Cbyey)® (1)



2.2. Skin color segmentation whereP(skin) and P(non-skir) are the prior probabilities for skin
and non-skin. Although there is no knowledge Bfskin) for

“a given input image, a reasonable choice for the prior probabil-
ity of skin is the ratio of the total skin pixels in the histogram
model to the total of all the pixels in the training da®gskin) =
Ts/(Ts + Ty). Since the skin and non-skin models are disjunct
2.2.1. Skin color models to each other, the prior probabilitl?(non-skirﬁ can be computed
from P(non-skin = 1 — P(skin).

Skin color segmentation uses statistical models to model the char:
acteristics of human skin color. Among several models, the his-
togram based color model described in [2] was chosen for our al-
gorithm.

Histogram color models utilize histograms to model the color dis-
tribution of a certain image class, discarding the spatial informa- L

tion. These models are therefore solely based upon the statistica?‘?" Face localization

color properties of the selected image class. The histogram modelThe face localization is performed by a robust statistics based me-
is built using a two-dimensional histogram with 32 bins in each thod as described in [3]. Starting point for the algorithm is the
dimension. The model is fed with data from a set of hand labeled mask derived from the color segmentation performed on the input
training images. In our case two classes of pixels were consideredimage as described in the previous sections. Based upon this mask
skin and non-skin pixels. Given skin and non-skin histograms, the two one-dimensional projected histograms along the x- and y-axis
histogram counts are converted into estimates for the discrete probof the mask are computed. The center position and size of the

ability distributionsP (CrCb|skin) and P(CrCb|non-skir in the dominant face in an input image is estimated based on the means
usual manner: and standard deviations of trimmed versions of the projected his-
N tograms.
P(CrCb]skin) =@, (3a) 9
. ) 2.4. Eye localization and tracking
P(CrCblnon-skiny =<1¢TCY (3b)
T, 2.4.1. Eye localization

wherec, [CrCb], ¢,[CrCb] denote the pixel counts for a certain
CrChb color pair in the skin and non-skin histograms ahd T,

are the total pixel counts contained in the skin and non-skin his-
tograms, resp_ectlvely. The stgtlstlcal mvest_lgatlons showed, thatsearch in [6] shows that PCA also provides a powerful framework
the human skin colors cluster in a small region of the color space

. > . - for locating eyes. The aim of the PCA is to find the relevant char-
and that the_re_ls a significant degree of separation between the Sk'.%cteristics of eyes from a set of training images. The basic idea is
gg% rnl(; na;Skcl)r\:ngr]fa?feegtasr‘ziz.r ;I:s\r(]:isgertzzltjilcti prove, that human Sk"f'o use a unitary transform which transforms a given input image

P u u : into a lower dimensional space. In general, a unitary transform

matrix @ is applied to a given vectdr
b=&"rf (6)

The method used here is based on the principle component analysis
(PCA) which is better known as eigenface analysis. PCA is mostly
used for the localization and recognition of faces [4, 5]. The re-

2.2.2. Skin color segmentation

The color segmentation step classifies the pixels of an given in- o N .

put image into skin and non-skin pixels. Only the pixels that were resulting in the vectob, containing the transform coeffments.
identified as foreground pixels are processed further by skin color 11€ vectorf can be obtained simply by rearranging the image lu-
segmentation. The result is a binary mask, that marks the skinMinance components, .. by row ordering. The unitary transform
color areas in a given inputimage. This mask provides the basis forMatrix is build using the Karhunen-ve transformation (KLT) as

the face localization algorithm described in the next section. Using described in e.g. [7]. According to the eigenfaces used for face de-
the skin and non-skin color histogram mod@{CCb|skin) and tection, the vectors of the transform maté@xare called eigeneyes.
P(CrCblnon-skin a skin pixel classifier can be built. The esti- Figure 1 shows the first eight eigeneyes computed from a set of 20

- training images.
mated conditional probabilit?(C'rCb|skin) cannot be used for — pyq dgetecti?)n is performed utilizing the inverse transformation:
skin detection directly. For skin detection, the conditional proba-
bility P(skin|C'rCb) is needed, which gives us the probability that f=@b (7
a given pixel belongs to a skin area, based on the color information. The simplest method to search for the eyes in an given image is
This conditional probability is the basis for skin color segmenta- g prowse through the whole image, compute a reconstruetion
tion. A given pixel is classified as skin pixel, if the conditional = for each truncated input vecter and evaluate the reconstruction
probability P(skin|CrCb) is greater than a preselected threshold errore. This reconstruction is computed using the forward trans-

¢ for the CrCb color pair of this pixel: form (6) resulting in the transform coefficieritswhich are then
Bl used to compute the reconstructiomusing the inverse transform
>
P(skinCrcb) > 6 “) (7). The basic idea behind this scheme is, that the eigeneye basis
Using the Bayes rule the conditional probabili§(skin|CrCb) & provides the best reconstruction results for eye like regions and

can be computed from the color histograms in the following way: thus minimal reconstruction errors. The best match between re-
. constructionr and truncated input vectat, provided through the
P(skin|CrCb) = position of the minimal reconstruction errax;, is an eye candi-
P(CrCblskin) P(skin) date. The reconstruction errey,. is defined as follows:
P(CrCblskin) P(skin) + P(CrCb|non-skin) P(non-skin _ luye —ryel® ®)

€y,x
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whereu, . is a shifted block from the current frameym, denotes

the extracted eye region from the previous frame ppdthe ref-
erence eye pattern. The best match is found by searching for the
minimum block distancemin in the facial area. After the match-

ing process, the luminance of each reference eye paiteris ad-
justed by the difference of the means of the detected eye region in
the current frame and the reference pattern in order to compensate
temporal changes in brightness

Preilk + 1] = Pref[k] + (Kprerik] = Huginlk]) (11)

whereumin[k] denotes the region with the best block match and
Hpelk]s Hu,.i, (k] dENOtE the appropriate block mean values.

Fig. 1. Eigeneyes computed from a set of 20 training images
2.5. Face tracking

Although this algorithm is suitable for finding the desired feature, |he face localization algorithm from the previous section provides
it is computationally quite unfeasible. There are three methods the center position and the size of a detected face in the input
to reduce the computational complexity. The first method is not frame. Because of noise in the image acquisition, the position
to use all of the derived eigeneyes for eye detection. This can pe@nd size located by the localization algorithms are disturbed by

done the following way: Equation (7) can be rewritten as a sum noise. As a result of these noise terms the localization result plot-
ted on the screen appears restless. Seeing these problems in the

La context of state estimation, the measurements can be improved by
f = Z o, b (C)] applying a state estimation technique. State estimation utilizes a

i=1 prior knowledge of the measurements and the system dynamics to
provide a reliable estimate of the true system state. In the con-
text of face localization the state is identified as the center position
or the size of the object tracked. Among various state estimation
techniques the Kalman filter is used for tracking purposes in our
system. The Kalman filter easily takes into account many impor-
‘tant factors such as sequential time updates, measurement accu-
racy and target maneuver models. The linear Kalman filter uses
linear systems, disturbed by noise terms to model the system dy-

?amqled velcto_rs r%s]ulttlrr:_g dm atﬁ'g(;"f't(.:ﬁnt r(ir(]iuctlonltoffcom?uta- namics as well as the measurements. The derivation of the Kalman
ional complexity. The third method utilizes the results from ace giar equations can be found in e.g. [9].

?hete_ctlo? to reducg tTetrrl]umber o&_powlns “.}?“(;‘a"? tto be search(re]d:j 0 model the system dynamics a motion model for the tracked ob-
€ input iImage. Ln'y the non-skin classilied points areé searche ject is needed. The linear motion model used here implies that

;’V'th'lﬂ tf:_e detecéed fa;:lal regl_on.b Ustlgggthese rgg‘rg%s thek etyethe object moves with constant speed with respect to the Cartesian
ocalization can be performed in about 0.3 son a worksta- .o qinote system used.

tion, while typically about 6000 positions per eye are searched.

where ¢, contains the i-th column o® andb; denotes the i-th
component of the vectds. Thus an approximation dfcan be ob-
tained, if instead ofV,, columns from® we select onlyL, < N,
columns of®. The second method to lower the computational
complexity is to use a downsampled search strategy. The eigen
vectors¢, and the input image are subsampled after a suitable
anti-aliasing filter. The search is then performed using the down-

2.4.2. Eye tracking 3. REAL-TIME IMPLEMENTATION

Although the computational effort for the PCA detection scheme

is highly reduced through downsampling, it is not suitable for a Figure 2 shows a block diagram of the complete face tracking al-
real time implementation with high frame rates on the given hard- gorithm. It is implemented on an SGI O2 workstation, provid-
ware. To reduce the computational complexity further, the eye ing real-time operation with 25 frames per second. The imple-
detection and tracking task is divided into two steps: First the eye mentation is based upon the IRIXiteo Library utilizing the O2

is detected using the algorithms described in the previous sectionsstandard video hardware. Once a new frame is captured, its color
Once the position of the eyes is known, they are tracked using ainformation is Subsampled to reduce the data that has to be pro-
luminance-adapted block matching technique, as described in [8].cessed. A subsampling factor of four was proven to be suitable.
This provides robust eye localization through PCA and fast track- AS next step, the foreground segmentation is carried out. To cope
ing using block matching. The block matching is, like the PCA, With changes in the background image captured at the beginning
performed on the luminance components of the image. In order toOf the tracking session, the adaptive background scheme from [8]
cope with tempora| luminance and size Changes of the eye, a ref-was added. Skin color Segmentation is then performed on the de-
erence eye pattern and the extracted eye region from the previoudected foreground pixels. Based upon the skin color segmentation
frame are used for matching the eye regions. The block distanceMask, the position and size of the dominant skin color region in
ny. is defined the following way the input frame is computed. Simultaneously the users eyes are
located and tracked. As final step, the center position and size of
the face is tracked with a Kalman filter and the results are plotted

= 2 flpret — wye > + 7 llpwp — wel® (10)
My.e = g [[Pref = Uy g /IPmp = Uy, into the live video capture on the screen in real-time.



frame

downsampling
background

v

backgrqund
adaption l

eigeneyes

eye localization

—

eye tracking
——

1

foreground
segmentation

1

skin color
segmentation

1

computation of

position and size

1

tracking <«

1

results

Fig. 2. Block diagram of the facetracking algorithm

Fig. 3. Results of the facetracking algorithm

4. RESULTS

Figure 3 shows some snapshots taken from tracking sessions. Thgs]
top row shows successful face and eye detection results. The face

|6]

positions and sizes of different users were detected successful in al
cases. The eyes of the users were localized, even wearing glass
or in tilted position. The bottom row shows some failure modes

of the eye localization system. The left image is a result of strong

size variation between the training set and the input image. In thel7] A.K. Jain,
center picture the eyes of the user are partially occluded and thus

eye localization fails. The right image shows an inaccurate eye lo-
calization result.

Besides these more qualitative experiments we also conducted some

experiments on the position accuracy of the algorithm. For this
purpose experiments using a model railway with non-ambiguous
color have been carried out. The skin color based localization
scheme, trained on the color of the model railway, was used to
localize and track the model railway. The results show that the al-

gorithm provides a high position accuracy when tracking objects
with non-ambiguous color.

5. CONCLUSION

This paper presented a face localization and tracking algorithm
which is based upon skin color detection and PCA based eye lo-
calization. Skin color segmentation is performed using statistical
models for human skin color. To this end, a set of hand segmented
skin color training images is needed to train the skin color models.
Although the presented skin color segmentation and face localiza-
tion scheme is feasible under controlled lighting conditions, one
major problem are changing and non-uniform lighting conditions.
This is due to the still unsolved color constancy problem on image
acquisition through video hardware. Eye localization is realized
by matching an reconstructed image against the original input im-
age. The reconstructed image is computed utilizing the eigeneye
basis and therefore the reconstruction works best for eye like re-
gions. The eye localization algorithm works robust and reliable
in typical scenes. Once the face and eye positions are localized
they are tracked by the algorithm. The center position and size of
the facial area is tracked using a linear Kalman filter. The object
motion model used for the Kalman filter assumes linear motion of
the tracked object. The use of more complex motion models can
further improve the quality of object tracking. Eye tracking is per-
formed using a luminance-adapted block matching technique. In
general this algorithm works robust and efficient.
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