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Abstract ditions often lead to greater success and less effort on al-
gorithm research and development. In the vision-based eye
In this paper we propose a log likelihood-ratio func- t_racking metho_ds, it is found that the use qf near infrared
tion of foreground and background models used in a Ioar_Ilght (reﬂecte_d_lnfrared) can be very rewgrdlng in terms o_f
ticle filter to track the eye region in dark-bright pupil im- €2S€ and efficiency. .Th|s includes praqtlcally all stgges in
age sequences. This model fuses information from boththe €ye tracker, starting from the detection, to tracking and
dark and bright pupil images and their difference image into 982€ estimation. Active eye-detection and tracking methods
one model. Our enhanced tracker overcomes the issues ofMPIOy special IR illumination. One of their limitations is
prior selection of static thresholds during the detection of that they are mainly applicable in controlied indoor envi-
feature observations in the bright-dark difference images."onments as the amount of IR light in outdoor scenes may
The auto-initialization process is performed using cascadedSeriously disturb the image observations.
classifier trained using adaboost and adapted to IR eye im- When IR light falls on the eye, part of itis reflected back,
ages. Experiments show good performance in challengingt_hrough the pupil, in a tiny ray pointing directly towards the

sequences with test subjects showing large head movementdght source. When a light source is located close to the op-
and under significant light conditions. tical axis of the camera (on-axis light), the captured image

shows a bright pupil. This effect is similar to the the red-eye
) effect when using flashlight in photography. When a light
1. Introduction source is located away from the camera optical axis (off-
axis), the image shows a dark pupil. However, neither of
As one of the most salient features of the human face,these light schemes solely allow for robust results, as there
eyes play an important role in interpreting and understand-are also other bright and dark objects in the scene that would
ing a person’s desires, needs, and emotional states. In addigenerate pupil-like regions in the image.
tion, the unique geometric, photometric, and motion char-  One of the limitations of these systems is their use of
acteristics of the eyes also provide important visual cuesthresholds when tracking the eyes. Defining thresholds can
for face detection, face recognition, and for facial expres- be difficult to define generically as the light conditions and
sion understanding. Robust non-intrusive eye detection anchead poses may influence the image observations of the eye.
tracking is therefore crucial for human computer interac- In this paper we propose a method based on particle filter-
tion, attentive user interfaces, and understanding human afing for tracking the eye. The method uses a new likelihood
fective states and is gaining importance outside laboratorymodel for the image observations which avoids explicit def-
experiments and even found in domestic appliances. Forinition of features and corresponding thresholds. For initial
example eye tracking is used for driver fatigue and behav-detection a method based on a cascaded classifier is used.
ior [12], eye typing and in connection with rendering digital The proposed method uses an near infrared illumination
displays [2]. (780 nm) to produce the bright pupil effect. The method is
Direct eye detection and tracking methods search forillustrated in figure 1 and consists of two parts: eye detec-
eyes without prior information about face location, and can tion and eye tracking. Both methods are accomplished by
further be classified into passive and active methods. Passimultaneously using the bright/dark pupil effects under ac-
sive eye detectors work on use images taken in naturaltive IR illumination and statistics of the eye appearance pat-
scenes, without any special illumination. Good light con- tern under ambient illumination. The eye detection method



employs boosting methods on Haar wavelet classifiers. Torious candidates and to group the positive candidates. Most
meet the properties of the eye’s appearance a set of addief these methods require distinct bright/dark pupil images to
tional Haar features are added compared with the originalwork well and thus strongly depend on the brightness and
method. The eye tracking method employs particle filter- size of the pupils. Consequently, these methods are affected
ing as itis capable of representing multi-modal distributions by factors such as occlusion from eye closure and head ori-
and has proven robust in clutter. In contrast to other meth-entation, interferences from external illumination, and the
ods we include the intensity distributions of the eye regions distances of the subjects to the camera.

in Conjunction with the information from the difference im- Ebisawa et a|_ [8] use a nove' Synchronization Scheme in

age in one unified model. The method is capable of track- which the difference between images obtained from on axis
ing the eye under changing light conditions, when the bright and off axis light emitters are used for tracking. Kalman fil-

pupil effect disappears and when people wear glasses.  tering and Mean shift tracking are more recently applied in
similar approaches [35]. The success of these approaches

Eye Detection using is highly dependent on external light sources and the appar-
bright/dark images ent size of the pupil. Efforts are made to focus on improv-
and Haar classifieres . . . . . .
ing eye tracking under various light conditions. Sun light
Initial Position and glasses can seriously disturb the reflective properties of
_____ , T T T T~ T T 7 7 = 7 7 7 7IR light. Methods using IR can therefore be less reliable
Tracking using Sample Estimated in these situations and methods exist that address these is-
Particlefilter and Mean Mean Shift position and scale
new likelihood Local Optimization sues [35]
model Eye tracking and detection methods fall broadly
particle within three categories, namelgeformable templates
Set appearance-baseahdfeature-basednethods. Deformable

template and appearance-based methods rely on building
models directly on the appearance of the eye region while

Figure 1. Detection and tracking model. Ini- the feature-based methods rely on extraction of local fea-

tially the eye regions are found through a cas- tures of the region. The latter methods are largely bottom

caded Haar classifier. The eyes are tracked up while template and appearance-based are generally top-

through particle filtering. The weighted mean down approaches. That is, feature-based methods rely on

of the particle set is used for initializing a lo- fitting the image features to the model while appearance and

cal Means Shift mode optimization. deformable template-based methods strive to fit the model
to the image.

Th . ized as foll - Section 2 id In general appearance models detect and track eyes
€ paper s organized as Tollows. Seclion 2 provides any, a4 o the photometry of the eye region. A simple

review of current eye tracking methods. In section 3 a de- method to track eyes is through template-based correlation.

tegtlon m?”_“’d bas_ed on a cascaded cle_lssmer n d_ark angi’racking is performed by correlation maximization of the
bright pupil images is presented and section 4 describes th‘?arget model in a search region. Grauman et al. [10] use

"f”‘c"'f‘g methOd proposed in this paper. The_ new eye.re'background subtraction and anthropomorphic constraints to
gion I!ke“h.OOd mpdel for dark and.bnght pupil IMages 1S nitialize a correlation-based tracker. Trackers based on
desc;nbgd |n.sect|o.n 5. The dynamics of the tr.ackmg mEIh'template matching and stereo cameras seem to produce ro-
_ods IS given in se<_:t|on 6. _The_ test re_sults .Of using the mOderust results [25]. Using fixed templates may yield good re-
in a particle fllterlng_ settm_g is provided in section 7. We sults, but the model may be a too committed model as vari-
conclude the paper in section 8. ability is neglected. King et al [20] applies a linear principal
) component analysis approach to find the principal compo-
2. Current Eye Tracking Methods nents of the training eye patches. Haro et al [14] use a prob-
abilistic principal component analysis to model off-line the

Methods based on active light is the most predominate intra-class variability within the eye space and the non-eye
in both research [1, 8, 26, 27] and in commercial systemsdistribution where the probability is used as a measure of
[22, 28, 29]. Eye detection and tracking based on the ac-confidence about the classification decision. More sophisti-
tive remote IR illumination is simple and effective. The eye cated learning techniques are proposed in [11, 31, 35]. The
can be tracked efficiently by tracking the bright areas in the support vector machines (SVM) classifier [3] is a very pop-
difference image resulting from subtracting the dark pupil ular strategy and is used to train dark-pupil eye patches and
image from the bright pupil image. Temporal filtering and non-eye patches, on gray-scale image vectors and invariant
geometric constraints are often incorporated to remove spudocal jet, [11]. Vogelhuber at al. [31] use a Gaussian Mix-



ture Model to learn the different aspect (variability) of the 1. Edge features 2. Line features

left eye and right eye patches in the local jet feature space. 9
ke

Feature-based methods extract particular features such as l] : m £
skin-color, color distribution of the eye region. These fea- 3. Rotated Features §1

tures could be tracking the in-between eyes [19, 32], filter
banks [9, 15, 30], iris location using the Hough transform

[33], facial symmetries [24] Eye tracking methods commit-

fore methods relying on explicit feature detection may be
vulnerable to these changes.

Deformable template-based method [5, 7, 13, 18, 21, 34]

rely on a generic template which is matched to the image Figure 2. The set of Haar features originally

for example through energy minimization. In particular de-  proposed and the center surround feature
formable templates [34], construct an eye model in which  5q4ded for eye detection.

the eye is located through energy minimization. In the ex-

periments it is found that the initial position of the template

is critical. Another problem lies in describing the templates.

Whenever analytical approximations are made to the im-3.1  Experimental Results

age, the system has to be robust to variations of the tem-

plate and the actual image. The deformable template-based

methods seem logical and are generally accurate. They are The classifier is trained fro2600 positive examples
also computationally demanding, require high contrast im- and 5000 negative examples resulting in a cascade classi-
ages and usually needs to be initialized close to the eyefier consisting ofl9 stages. Figure 3 shows the candidates
While the shape and boundaries of the eye are important toproposed by the cascaded classifier and using the difference
model so is the texture within the regions. For example theimage for generating the sparse candidate set. On a set of
sclera is usually white while the region of the iris is darker. 260 images of near frontal faces the detection rate of de-
Witzner et al. [13] propose a method which uses Active Ap- tection both eyes simultaneously is ab80t7%. However,
pearance Models for local optimization and a Mean Shift detection rates of single eyes (either left or right) is beyond
color tracker for handling larger movements. 95%.

ted to using explicit feature detection (such as edges) rely 3. Center-surround features :_
on thresholds. Defining thresholds can in general be diffi- &
cult since light conditions and image focus change. There- | :

g

3. Eye Detection Through AdaBoost

Fast and accurate detection method is required to make
eye tracking reach the general public. We employ a method
similar to the boosted classifier method proposed by [30]
for face detection, but the feature set is extended with cen-
ter surround like features [23] as to direct the classification
towards the problem of eye detection. Figure 2 shows the
base set of simple feature classifiers used in the method.

Using the cascaded classifier for eye detection directly
on the dark or bright images may result in a fair amount
of false detections. We follow the direction of robust eye
detection methods [11, 35] where detection is performed in
two stages: 1) a set of potential eye candidates is obtained Figure 3. The result of using the difference
through the dark/bright difference image. 2) Based on the image and a cascaded classifier for eye de-
sparse set of candidates each candidate is examined for con- tection.
sistency through a cascaded classifier. The limitation of this
approach is that this stage relies on thresholding.




4. Tracking Method anew sample s&, ;, representing the posterior pdf (prob-
ability density function)p(x;1 | Xt+1) attimet + 1. The

The absence of bright pupils or even weak pupil intensity object location in the particle filter is usually represented
poses serious problems to the existing eye tracking method$y the sample meankactored samplings utilized in the
using IR as they require relatively stable light conditions, CONDENSATION approach to particle filtering [17]: the
users close to the camera, small out-of-plane face rotationssamples are drawn from the prediction prigs; 1 | y,),
and open and un-occluded eyes. These conditions imposénd sample weights are proportional to the observation like-
serious restrictions on both the system and the user. Ondihood p(y: | x¢). This approach is employed here. Parti-
reason for this lies in the frequent use of thresholds: thecle filtering is particularly suitable for pupil tracking, be-
large difference in the dark and bright pupil images makes cause changes in pupil position are fast and do not follow
it tempting to use threshold values and connected compo-a2 smooth and predictable pattern. The robustness of parti-
nents in the difference image. However, as the bright pupil cle filters lies in maintaining a set of hypothesis. Generally,
effects may be reduced or eliminated due to light and headthe larger the number of hypotheses, the better the chances
changes, appropriate threshold values may be difficult orto get accurate tracking results, but the slower the tracking
impossible to set. Additionally, the use of threshold values speed. Therefore, there is a trade-off between tracking ac-
may throw away useful information. Relying solely on the curacy and speed.
observations from the difference image is not necessarily Using particle filters in large images may require a large
sufficient as the bright pupil effects may disappear. In this set of particles to sufficiently sample the spatial parame-
case we use information from the the original bright and ters. Adding particles to the particle set may only improve
dark pupil images. accuracy slowly, due to the sampling strategy. This added

Continuous detection in individual frames neglects prior accuracy may become costly in terms of computation time.
information from previous frames and are thus limited in On the other hand, Mean Shift [4] is an efficient method to
scope. Even &9 percent accurate detection system will estimate the local mode of a distribution using a gradient-
fail every four seconds. This can be avoided by temporal based optimization. This method combines particle filtering
filtering. The priors may in case of eye tracking include with the Mean Shift algorithm. In the approach particle fil-
information about the history of previous positions, whether tering is used to obtain an estimate of the pupil position.
the eye is open or closed, reflectance properties and othefhe Mean Shift algorithm is then applied to find the local
information describing the appearance of the eye. mode using the sample mean estimate from the particle filer

The proposed method is based on recursive estimatiorfor initialization. In this way the particle filter samples the
of the state variables of the iris. Given a sequencd of posterior more effectively, while the Mean Shift reaches the
frames, at timet only data from the previous — 1 im- local maximum.
ages are available. The states and measurements are rep-
resented by, andy, respectively, and the previous states 5 | ikelihood Model
and measurements are represented= (x1,...,x;) and
y, = (y1,--.,¥:). Attime the observatiory, is assumed

independent of the previous state ; and previous obser- 04 model used in the particle filter-based eye tracker. The

vationy;, given the current state;. _ model uses the distribution of the eye regions in the dark and
Employing these assumptions the tracking problem canyiqnt pupil images. The log ratio likelihood of the fore-

be stat_ed as a_Bayesn.in inference problem in the well knownground and background models are used to avoid the use
recursive relation [17]: of thresholds. The use of thresholds should be minimized
if possible as they may throw away useful information and
can be difficult to define to be applicable in a wide variety of
p(xe1 |y, ) o p(ye [ x)p(xesr | y,) @ condition. The problem with thresholds becomes apparent

o for eye tracking in cases where the bright pupil disappears
= d 2
p(xev1|y,) /p(Xt+1 [ xe)p(xe |y Jdxe  (2) or when light condition change.

In this section we describe our contribution of the likeli-

Particle filtering is used, as it allows for maintaining mul-
tiple hypotheses which in turn make it robust in clutter and
capable of recovering from occlusion.

The aim of particle filtering is to approximate the fil-
tering distributionp(x; | Xt) by a weighted sample set

5.1. Likelihood of the image

The observations depend on the eye region position in
the image. This means that the likelihoods computed for
different locations are not comparable, as they are likeli-
SN = {(x{"™, m{")}\_,, wherex;" is then™ instance ofa  hoods of different observations. A better evaluation func-
state at time with weightwt(”). This sample setevolvesinto tion is given by the likelihood of the entire imagegiven a



region at locationu, as a functionf*(Z | 1) of the contour ~ Similarity of Target and Candidate Distributions The

location. model consists of a target modgland a candidatey(u)
Denote byf,(Z) the likelihood of the image given no evaluated in the coordinata. The similarity between

contour and byfr(Z | u) the ratiof*(Z | )/ fo(Z), then the two distributions is expressed as measurements derived

the log-likelihood of the entire image can be decomposed from the Bhattacharyya distance, which is defined by:

as follows:

§(y) =vV1-py) ®)
log f*(Z | p) =log fa(T) +log fr(Z | ) (3) A
The first term on the right-hand side of equation 3 in- where
volves complex statistical dependencies between pixels, m
and is expensive to calculate as all image pixels must be o(y) = plp(y), q] = Z p-(y)q- (6)
inspected. Most importantly, the estimation of this term is ]

needless as it is an additive term which is independent on

the presence and location of the eye region. Consequently, 10 Make the observation model exploit both feature
in order to fit the eye model to the image, we consider only Probabilities from both the dark and bright pupil images,
the log-likelihood ratiolog f=(Z | x). This derivation is the target and candidate distributions are constructed using

fairly standard in the field of active contours, see e.g. [6]. (€ joint feature histogram of the both images within the
Note thatfr(Z | x) is the ratio between the likelihood for €9iONA;

the hypothesis that the target is present; and the null hy-

pothesis that the target is not present (equation 8). HenceBackground Model The background model is defined to
the likelihood ratio can also be used for testing the hypoth- pe those pixels where there is no eye present. We assume

esis of the presence of a the eye region. the background model only depends on the dark/bright dif-
_ ference image. Itis well known that the the pdf of gray-level

5.2. Eye region Model differences is well approximated by a Laplacian [16]:

Object Model Each pixel within a hypothesized eye re- AL — 1 AT 7

gion )\; is considered. A region is defined by its location fr(Al) = 7, P\ | )

w; and scalex; and we assume that the probability of an
image coordinata given the region is a Gaussian function whereAT is the gray level difference; is related to width
of the distance to the mean of the laplacian function.
If there is no known object in the regioky, the pdf of
1 1 the gray levels follows the laplacian distribution in equation
gi(u| ) = ———=— eXP(*iﬁujTEj_lAUj) (4) 7. Assuming statistical independence between gray level
2 | \/27 | differences in a hypothesized regiap the pdf of the ob-

whereAu is the distance afi from the centroig: servation in the absence of an eye is given by

Target regions can a priori have any distribution of gray
levels and may change over time. This change may be due f.(I) = H fL[AIL(D)] (8)
to head rotations and external disturbances from other light i€An

sources. In other words we need to represent the object re-
gion through its distribution. The Gaussian probability of
the coordinates provides the basis for a kernel density esti

Note that the absence of an eye does not imply the ab-
sence of high value intensities: there can be regions within

mate in which the weighting kernel reflects the importance the background that exhibit similar properties as the bright
(or the reliability) of that particular area of the object. The and dark pupil eﬁeqts_' Eyen though the backgroupd IS oc-
obvious reason for employing this kernel is that the periph- C'Ud_e‘?' by the eye it is still present at every location. By

eral areas are assumed to be the least reliable due to baci€XPlicitly modeling the background thresholds become nee-
ground clutter. The localization and positiveness of the ker- 4'€S-

nel enables the calculation of the local mean and further-

more regularizes the distribution. The desire for differen- Likelihood ratio We are now in a position to formulate

tiability is due to the computational efficiency. A differen- the likelihood ratiof(Z | 1) defined in equation 3. The
tiable kernel yield a differentiable similarity measure. The |ikelihood ratio is given by equation 9:

differentiability of kernels may, in turn, be used for finding
the mode of the distribution, through gradient-based opti- fe &(y) ©)

mization. P e) = = AT



Notice that the likelihood term fuses information from
both dark and bright pupil images and their difference im-
age into one model. In contrast to other eye tracking meth-
ods using dark and bright pupil images, this leads to a model
which avoids explicit feature detection.

6. Eye State Model and Dynamics

The state of the eye region is modeled as a rectangle with
position(z, ) and scales. “The dimensions of rectangle is
fixed once initialized. The state to be estimated is therefore
given by

X = (z,y,9)" (10)

Pupil movements can be very rapid from one image
frame to another and thus acceleration is therefore less im-
portant to model. As no a priori knowledge of the move-
ments is available, the dynamics is modeled as a first or- &
der auto regressive process using a time dependent Gaus-
sian noise model: The actual dynamical model being used
is therefore:

Figure 4. Tracking the left eye of the persons
under significant head pose changes. The
center of the eye region is indicated with a
circle.

Xip1 = X¢ + Vi, vi ~ N(0,%) (11)

whereX; is the covariance matrix of the noisgat timet.
Time dependence is included as to reflect that size changes

may also change the apparent movements of the eye regioruf the center of the rectangle found by the tracker and the
For this reason the elements in the covariance matrix corre-annotated points is used for the evaluation. The accuracy of
sponding to the two first components in the state model (x the tracker is calculated over 997 frames divided amongst
and y) are changed according to a linear function of the thes sypjects in images of siz20 x 256 pixels. When ne-

size of the sample mean in the previous time step. glecting the local optimization of the Mean Shift method,
the accuracy of the tracker 247 pixels with a variance of
7. Experimental Results 1.362. Using the local optimization leads to a deviation of

1.9 pixels with a variance of.325 pixels and thus the use

of Mean Shift optimization has improved the accuracy of
the tracker. The added accuracy comes at the cost of a few
additional iterations of the Mean Shift method. Notice that
tracking performance could be even further improved by us-
ing additional local optimization. This may for instance be
done through thresholding and other well known methods
that have previously been used for eye tracking.

In this section, we present experiments conducted to val-
idate the performance of the eye tracker under different con-
ditions.

In the all experiments the number of particlgds set to
100 with one iteration per frame. The noise parameters in
the dynamical model is defined manually, but kept constant
for the initial frame in each sequence. The noise teym
may change during tracking due to the adaptive dynamical ]
model. Figure 4 shows the results of using the tracker un-8. Conclusion
der challenging scenarios with significant head poses. The
bright pupil is reduced or vanishes during these sequences, During the last decade, a tremendous effort has been
but even in these cases tracking is maintained. The trackemade on developing robust and cheap eye tracking systems
may be slightly inaccurate when the bright pupil disappearsfor various real-world applications. Most current methods
(i.e. during eye closure). However as the pupil disappearsuse IR light and thresholding on the difference image to ob-
there is little evidence of the true position. tain the eye observations for detection and tracking the eyes.

Figure 5 shows the results of the tracker in the presenceln this paper we also use thresholding on the difference im-
of glasses and under drastic and challenging light condi-age to obtain a set of candidates for the detection method,
tions. The accuracy of the method is validated against abut we avoid explicit feature detection while tracking. This
manually annotated set of images. The Euclidian distanceis an important distinction as it is important that tracking is



Figure 5. Tracking the eye with glasses and
under challenging light conditions.
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