Video pupil tracking for iris based identification
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Abstract. Currently, iris identification systems are not easy to use since
they need a strict cooperation of the user during the snapshot acquisition
process. Several acquisitions are generally needed to obtain a workable
image of the iris for recognition purpose. To make the system more flex-
ible and open to large public applications, we propose to work on the
entire sequence acquired by a camera during the enrolment. Hence the
recognition step can be applied on a selected number of the “best work-
able images” of the iris within the sequence. In this context, the aim of
the paper is to present a method for pupil tracking based on a dynamic
Gaussian Mixture Model (GMM) together with Kalman prediction of the
pupil position along the sequence. The method has been experimented
on a real video sequence captured by a near Infra-Red (IR) sensitive
camera and has shown its effectiveness in nearly real time computing.

1 Introduction

Person identification from its iris is known to be one of the most reliable biometric
technique, amongst face, fingerprint, hand shape, etc, based methods [1]. Iris
texture is a relatively stable physical characteristic over years (and quite hard
to falsify), that can be used even to guaranty high-level security access, by using
a number of different iris signature [2,3,4].

Iris coding and comparison technics are relatively mature and show nice
performances, in terms of both False Acceptance Rate (FAR) and False Rejection
Rate (FRR). However, one major drawback in such iris identification systems
comes from the eye acquisition procedure which needs a strict cooperation of
the user in order to get a good quality image. Several snapshots of the iris
are generally necessary to obtain a ready-to-process image. Examples in Fig. 1
show classical near IR iris acquisition problems obtained during enrolment, with
blurred, noisy or defocused images. These problems are emphasized when using
low-cost IR camera for large public applications. To increase the flexibility and
to make the system more friendly, we propose to work on the entire sequence of
images acquired by a camera during the enrolment, and to automatically select
the “best workable image(s)” of the iris within the sequence before applying
the recognition procedure. The "best workable images” are images showing a
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Fig. 1. Three kinds of degradations encountered in iris IR image acquisition.

clear iris (without degradations shown in 1) where partial occlusions provoked
by eyelids and eyelash are small.

For this purpose, it is necessary to track the pupil along the sequence, in order
to locate it efficiently and exactly, and to measure iris quality in the vicinity of the
pupil. This problem is different from the -more studied- eye following problem in
face sequence [5,6], typically encountered in driver attention level surveillance [7].
Such pupil sequences generally present images whose quality varies during time
of acquisition, depending on the user motion:

— jerky motion of the user head resulting in quick and large scale translations
of the pupil,

— translation of the user head along the optical axis resulting in both (i) scale
variations of the pupil size and (ii) alternative focus and out-of-focus series
of images.

Pupil tracking is a difficult problem also because of image degradations due
to light variations and specular reflections in iris area (see white spots in the
three images in Fig. 1). However, we can use some prior knowledge about the
pupil which is approximatively circular and dark. In this context, the aim of
the paper is to present a method for pupil tracking based on a GMM, which
is dynamically and automatically updated along the time of acquisition. This
method is combined with a Kalman filter to predict the pupil position in the
next frame. The method has been experimented on a real sequence captured
by an IR sensitive camera and has shown its effectiveness in nearly real time
computing.

This paper is organized as follows. In section 2, we describe the principles
of the algorithm based on GMM and Kalman prediction of the pupil modeled
by a circle. Section 3 presents experimental results on an iris IR sequence and
section 4 draws conclusion and perspectives.
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Fig. 2. Overview of the pupil tracking module.

2 Pupil tracking algorithm

This section is devoted to the description of the tracking method, whose principle
is presented in Fig. 2. The pupil is modeled by a circle, with center C(z,y) and
radius R which vary along the sequence.

First, the pupil is detected and localized in the first frame, thanks to the
Gradient Hough Transform (GHT) and the integro-differential operator detailed
in [3]. The gray-level mixture of pixels inside the pupil is then modeled by a
GMM whose parameters are learned by an EM algorithm (section 2.1). Pixels
from white spots inside the pupil are thresholded and did not take into account
in the mixture. In step 2, a Kalman filter is used to predict the box where the
pupil has to be searched in the current image (section 2.2). If the pupil is not
found in the predicted box, we simply copy both mixture and pupil parameters
of previous image to the next image. Conversely, if the pupil is found in the
box, we compute precisely the new pupil position C; and size R; (section 2.3),
and update GMM parameters according to the new localized pupil at time ¢.
This way the gaussian mixture of the pupil is updated dynamically along the
sequence.

2.1 Parameters estimation of the GMM

The gray-level distribution of pixels inside the pupil is modeled by a mixture of
M Gaussian distributions:

M
P(x/pupzl) = Z A Pm(x ‘,Uma Um) (1)
m=1



Hence, mixture parameters are defined by the M means p,,, the M vari-
ances oy, of the Gaussians Ny, (P (2/pm, om)) and the M relative weights
oy, of each Gaussian in the mixture; 0, = {@m, tm, om} and 2%21 oy = 1.
These parameters are estimated thanks to the well-known iterative Expectation
- Maximisation (EM) method [8,9], whose update equations are given by:
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where N is the number of pixels inside the pupil. This kind of model has been
used successfully to track face or hand human skin in video sequences [10,11,7].

Thus, we get parameter values that maximise the pupil data likelihood. Due
to local convergence of the EM procedure, good initial parameter estimates are
important. For the first frame of the sequence, we implemented a K-means algo-
rithm whereas, for other frames, we used parameter values estimated at previous
frame, guarantying a convergence of EM in a few number of iterations since the
pupil distribution is supposed to vary slowly between two consecutive images.
Since the pupil area is dark and almost homogeneous, we take only two Gaus-
sians. The number of EM and K-means iterations were respectively set to 10
and 5.

2.2 Kalman prediction of pupil position

Kalman filter [12] is used to predict the position of the pupil center Cyy; in
next frame from its positions in previous frames. In general, the Kalman filter
describes a system with a system state X; and a measurement model C; as
follows

Xip1 =AXy + W,
C, =HX,+V, (3)
where W; and V; denote respectively the model and measurement noises. They

are supposed to be independent and their variance-covariance matrices are re-
spectively @ and R. A and H are respectively the transition and measurement



matrices.

Kalman filter is one of the most popular estimation techniques in motion pre-
diction because it provides an optimal estimation method for linear dynamic
systems with Gaussian noise.

Filtering equations are given by

Ky =Py H (R+H, Py HN) 7Y,
Py = — K Hy) Py,
Xijp = X1 + Ky (Ct - H, Xt/t—l) ) (4)

where K; and P,/; are respectively the Kalman gain and error covariance ma-
trices at time t. Finally, prediction equations are given by

Py = APy, AT +Q,
Xt+1/t == AXt/t~ (5)

As pupil moves slowly, we can assume that the first derivatives of position
(¢, y¢) is constant. Then, A and H are defined through
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where AT is the time of frame acquisition (AT = 1/25s) with as state vector
Xy (@, ys, T, 9 ) and measurement vector Cy(&, Gt).

These equations allow us to predict the position of the pupil in next frame.

2.3 Pupil parameters

‘We now search for the real position of the pupil center C} in a square box centered
on the predicted position (predicted box : PB), with a side equal to 2 R;_;. We
should use the method employed to determine the position of the pupil in the
first frame.

We prefer to use the gray level distribution of pupil pixels modeled by a GMM
to compute the center of mass of pixels x,, (C¢(&,9:)) with P (z,, |0) lower than
a given threshold.
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If all pixels verify P(z,/0) < threshold then the pupil is considered lost in
this frame, and tracking is delayed to the next frame.

As the pupil size also varies with time (due to translation of the head along
the optical axis and to natural size variations), we also compute the pupil radius
R; to have a tracking robust to scale changes. The radius R; is computed as

follows
—%Iw d
oc . (2, y)ds

where ¢ is the edge of the circle which gets as radius R, and I(z,y) is the gray
level of pixels belonging to c. R varies between R,,;, and R.qq-

(8)

Ry = Argmax
R

3 Pupil tracking results

The algorithm has been coded in C++, on a Pentium IV (2.6 GHz) PC platform
and performs tracking at approximately f ~ 16Hz. Experimental results in Fig. 3
show the pupil tracking algorithm in action along an IR video sequence. Globally,
the method seems to be efficient and relatively robust to the image degradations
mentioned in introduction. Indeed, our algorithm localizes correctly the pupil for
not too fast eye motion, despite specular reflections (white spots). Even with out-
of-focus images, the tracking algorithm manages to localize the pupil, provided
that eye motion is slow (frame 475).

On the other hand, when pupil motion is quick and jerky, the algorithm
does not localize it correctly (frames 48, 225 and 510) since the pupil position
is not well predicted by Kalman filtering. This can be explained by the con-
stant velocity hypothesis which is too strick and can not be assumed for all
images in the sequence. When we take into account the velocity variations by
integrating acceleration (&, ) in state vector, we verified experimentally that
the performances and stability of the tracker decrease, because slow eye motion
are not well predicted. In addition, our algorithm can loose the pupil when il-
lumination variations are strong (frame 179). Indeed, an intensive illumination
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Fig. 3. Pupil tracking results.

variation modifies considerably the pupil gray-level distribution, and the GMM
is not able to update the model instantaneously.

An important point to note is that the algorithm is able to recover (frame
384) the pupil even if it was lost before (frame 225), as soon as the assumption
on slow eye motion is verified.

4 Conclusion and perspectives

In this paper, we have presented a method for tracking a pupil in an IR iris
sequence of images. The pupil geometry is modeled by a circle and the pupil
distribution by a mixture of two Gaussians. The pupil position is predicted
according to a Kalman filter. The GMM allows a computation of the pupil
center which is robust to illumination change, and the Kalman filter is used
to predict the area where to search the pupil in the next frame. The results
we obtained are really encouraging. Nevertheless, we can think of making the
tracking more robust by taking into account brief jump of velocity in the state



evolution equation. Thus, the constant velocity assumption of the Kalman filter
will be applied in slow pupil motion, and modified in fast eye motion parts of
the sequence. By selecting the best workable image(s) of the pupil along the
sequence, we can expect to improve the recognition rates and identification.
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