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Abstract
Estimating eye centers is an important computer vision
problem with several applications. In the past, eye center
localization was constrained by the use of special
hardware such as infrared cameras. Methods that estimate
eye centers based on visible light have also been
suggested in the literature, but these methods are
inaccurate when used with low resolution images and
wide ranges of lighting. We propose a novel method that
can be used to detect eye centers efficiently, even with low
resolution images provided by a webcam. Our method
takes into consideration the circular nature of the iris and
its intensity difference as compared to the sclera. It then
uses an energy based active contour called Snakuscule for
capturing the iris. We test our algorithm’s robustness
towards changes in pose, illumination and scale using the
BioID database and Yale Face Database B. Our method
compares well with existing state-of-the-art techniques in
terms of accuracy, is easy to implement and exhibits realtime performance.

1. Introduction
Eye center localization is an important prerequisite for
tasks such as gaze estimation [31], recognizing human
emotions [6], face matching or recognition [21], and other
applications in human computer interaction. Several
techniques for eye center localization have been suggested
in the literature and are broadly classified into three major
groups [10]: (1) Electro Oculography; (2) Scleral search
coil; and (3) Video and image processing techniques. In
addition to image processing using visible light, infrared
illumination has also been used for estimating eye centers
[22]. However, all these techniques except for video-based
methods using visible light either require dedicated and
expensive hardware or equipment that must be worn by
users [3, 14]. Appearance-based (non-infrared) eye
locators have also been suggested [1, 2, 7, 9, 15, 18, 23,
28, 29, 30, 32] that can detect the eye regions without
requiring any specialized hardware, but are not very
accurate for tracking purposes. Approaches that combine
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Figure 1: Detected face (a) and the eye center localization
on extracted left and right eye regions (b and c)

techniques using visible light and infrared have also been
suggested [34], but dedicated hardware is still required.
Although infrared-based techniques can be very
accurate, there are some situations in which closed up /
infrared images may not be available. In such cases,
methods using visible light may still be effectively
utilized. Such methods can be divided into 4 major groups
[13]: (1) Shape-based approaches; (2) Feature-Based
Shape Methods; (3) Appearance Based Methods; and (4)
Hybrid Models (combination of different methods). This
paper describes a hybrid model for eye center localization
using a non-deformable active contour that can accurately
and quickly locate and track eye centers in low resolution
images and videos that may be used in applications such
as an eye gaze estimator using a laptop’s webcam. Some
methods that use deformable active contours for iris
tracking using the Chan and Vese model [8] have been
described in the literature [12, 16, 17]. However, due to
their non-specific contour shape, numerous iterations need
to be performed for minimizing the contour’s energy
before its final convergence, which is not suitable for realtime applications. We thus, describe a novel method for
eye center localization wherein (1) we estimate the eye
centers using an adaptive technique based on cumulative
histograms; and (2) use an area-based circular snake called
Snakuscule that captures the dark spherical iris surrounded
by a lighter sclera. In the following section, the eye center
estimation technique is explained. Section 3 provides the
details of the Snakuscule algorithm. In Section 4, we test
the accuracy and robustness of the proposed method for
illumination and pose variations, and extensively compare
the results with state-of-the-art systems for eye
localization.
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Figure 2: Procedure for iris segmentation. The Histogram of blurred eye image (b) is shown in red and Cumulative Histogram is shown
in black (c). Figure (d) is obtained after adaptively thresholding image (b) using the Cumulative Histogram in (c). Erosion morphology
is performed on Figure (d) to get Figure (e). The pixel with minimum intensity is marked in Figure (f).

2. Estimating Eye Center
To get a better understanding of the appearance of
human eyes, we examined various individuals of different
ethnicities and found that the iris is amongst the darkest
circular regions of the eye. Yet, simple binary thresholding
is not enough for segmenting the iris since many
individuals also had dark eyebrows and eye lashes, and
some wore eyeglasses with dark rims. Therefore, we
utilized an adaptive approach for segmentation. A similar
approach was suggested in [1]. We first used a multi-stage
scheme for finding the eye regions wherein, the face
position is first estimated by applying a boosted cascade
face detector [33] and the eye positions are roughly
extracted using anthropometric relations (Figure 1).
Following this, the Cumulative Histogram
of the
grayscale eye region for both the eyes is created by
integrating their respective histograms
in the following
way:
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3. Snakuscule Initialization
Curve based geodesic active contours have been
suggested previously for iris and pupil detection [24, 25],
but would result in inaccuracies when implemented on low
resolution images. Further, edge based snakes require
sharp edges for efficient convergence. Energy based active
contours without edges have also been used [12, 17] for
iris segmentation, however employing a deformable active
contour requires enormous number of iterations before
final convergence thus making it unsuitable for real time
performance. Since, iris is the most prominent circular
region in an eye area and is characterized by its lower
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where
denotes the probability of occurrence of gray
level . For the extracted eye region, we normalized the
cumulative histogram and found that the iris and pupil
have
≤ 0.05, and thus, the iris region is segmented as:
255,
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of the eye center is a critical step to ensure that the
Snakuscule converges in minimum number of iterations.
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A threshold of 0.04 did not segment the iris completely,
while a threshold of 0.06 segmented the eyebrows
significantly. The segmented image ’ may still contain
regions apart from the iris such as dark eyebrows, eye
lashes etc. Hence, we eroded the segmented image with a
structure element of kernel size 3x3 which performs better
than the kernel size of 2x2 suggested in [1]. We also found
that blurring the extracted eye image before finding the
Cumulative Histogram improves the estimate of the eye
centers. The entire procedure is illustrated in Figure 2.
Among all the segmented pixels (Figure 1(e)), we find
the one with the least intensity and initialize the
Snakuscule at that pixel location. Finding a good estimate

Figure 3: Structure of a Snakuscule

intensity as compared to the surrounding sclera, we
initialize a shape-specific active contour called Snakuscule
[27] for capturing the circular iris in the eye. This energy
based active contour is non deformable and effectively
tracks the eye in low resolution images. The low number
of required iterations and real time performance is an
added advantage.
Snakuscule is an active circular boundary that moves
under the influence of local energy gradients and once
initialized on some part of the iris, it expands, contracts or
moves so as to grab the iris completely. As a Snakuscule is
circular in nature (Figure 3) it works best when detecting
circular regions such as the iris. ρ (as shown in Figure 3) is
defined as the ratio of inner to outer radius.
For eye center localization, we initialize a Snakuscule
such that it overlaps with some part of the iris. For a
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Figure 4: Image showing the normalized energy values
obtained by moving a Snakuscule in the entire eye image

Snakuscule, the energy difference between the outer
annulus and the inner circle is calculated (Equation 3), and
Snakuscule moves in the direction of decreasing energy
difference. Out of the six possible movements, i.e. moving
in four directions (Up, down, right, left), radius expansion
and contraction, the Snakuscule chooses the one that
provides the maximum decrease in its energy based on
gradient descent. Energy to be minimized is given by the
following equation:
( )
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where ( ) is the image intensity at position .
For the purpose of explaining how Snakuscule finds the
iris accurately, we manually found the radius of the iris of
the eye shown in Figure 4(a) and moved a Snakuscule in
the entire eye image. At every position its energy was
calculated and plotted. The normalized and inverted image
of the energy values is shown in Figure 4(b). It is crucial
to note that the Snakuscule had minimum energy at the
eye center. An example of the Snakuscule initialization
and final convergence is shown in Figure 5. In our
research, we initialize the Snakuscule with an inner radius
calculated on the basis of the dimensions of the bounding
box of the eye-region and the radius thus calculated is a
close approximation of the actual radius of the iris.
We introduce a new energy term (Equation 4) to restrict
uncontrolled expansion or shrinkage of the active contour
in presence of canonical gradients. The energy term given
in Equation 3 was normalized by dividing the energy of
outer annulus and inner disk by their respective areas. This
enables us to create and test Snakuscules with different ρ
values. The modified energy is given as:
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Figure 5: The initialization and convergence of a
Snakuscule (Best viewed in a color image)

4. Evaluations
In this section we test our proposed methodology on
some complex image examples to evaluate the accuracy
and robustness of our algorithm for variations in
illumination, pose and scale. We later compare our results
with state-of-the-art methods for eye center localization.

4.1 Evaluating accuracy using BioID Database
For evaluating the accuracy, we have used the BioID
database [5]. The database consists of 1521 grayscale
images of 23 different subjects which have been taken in
different locations and daytimes. Besides changes in
ambient light, the positions of the subjects vary in terms of
both pose and scale. In many cases, the subjects are
wearing glasses with dark rims, and some subjects have
dark eyelashes. Furthermore, in quite a few cases, the
subject’s eyes are closed or are indistinguishable due to
strong reflections on the eyeglasses. Because of such
conditions, the BioID database is considered as one of the
most challenging database available for testing purposes.
The resolution of each image is 384x288.
Our proposed algorithm is applied on the extracted eye
regions for every subject in the images, as demonstrated in
Figure 1. We evaluate the normalized error, which is the
error of the worse eye center estimation, as an indication
of our algorithm’s accuracy. This measure was suggested
by Jesorsky et al. [15] and is defined as:
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We observed that = 2.0 (i.e. ρ = 0.707) provided a
significant accuracy improvement compared to other
values.

Graph 1: Accuracy vs. Normalized error for the worse,
average and best eye obtained using the proposed method

Figure 6: Some examples of the results obtained on the images of BioID database. The first two rows show correct center estimation
and the last row shows inaccurate results. The eye centers are marked with a white plus sign.
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where and
are the ground truth values and and
are the estimated eye centers for the left and right eye
respectively. Using this measure, different values of errors
are classified into the following subgroups: (1) e ≤ 0.25
corresponds to the distance between the eye center and the
corners, (2) e ≤ 0.10 corresponds to the diameter of the
iris, and (3) e ≤ 0.05 corresponds to the diameter of the
pupil. Thus, an accurate eye center detector should not just
perform accurately for e ≤ 0.25 (indicating that the
position of the detected center is in between the eye
corners) but should also provide a good performance for e
≤ 0.05 (detected center is located within the pupil region).
The results obtained on the BioID database are shown
qualitatively in Figure 6. It can be observed that our
method successfully locates the eye center not only for

images containing clearly visible pupils, but also in
presence of eyeglasses, shadows, poor contrast, and thick
eyelashes. The method also deals effectively with slight
variations in pose and scale. By analyzing the failures
shown in Figure 6 (last row), we find that the method
produces inaccurate results when eyes are closed, when
reflections on the eyeglasses obscure the eye, or when the
eyebrows are thick and dark compared to the pupil, in
which case the Snakuscule gets initialized at an incorrect
location.
Graph 1 shows the quantitative accuracy obtained by
our method on the BioID database. Using Equation 6, our
method yields an accuracy of 77.6% for e ≤ 0.05 (pupil
localization), which indicates a high probability of
accurate center estimation within the pupil region. For e ≤
0.10 (iris localization) our method produces a high
accuracy of 88.7%. We also plot the minimum normalized
error and the average error.
As an indication of the processing speed, we measured
the number of iterations performed by the Snakuscule
before final convergence, the results of which are plotted
in Graph 2. We found that in more than 60% of the
images, the Snakuscule converged in less than or equal to
4 iterations.

4.2 Evaluating robustness to Illumination and
Pose changes using Yale Face Database B

Graph 2: The number of images of BioID database for which
the Snakuscule converged in given number of iterations

To evaluate the robustness of our proposed method to
lighting and pose variations, we use the Yale Face
Database B [20]. The database contains 5760 single light
source images of 10 subjects each seen under 576 viewing
conditions (9 poses x 64 illumination conditions). The

Figure 7: Some sample images of the results obtained for different illumination conditions on a subject of the Yale Face Database B

Figure 8: Some sample images of the results obtained for different poses of subjects in the Extended Yale Face Database B.

resolution of each image is 640x480. To check the
robustness of our method to illumination changes, the eye
center localization method is tested only on frontal faces
with changing illumination (10 subjects x 64
illuminations). The first two rows in Figure 7 show the
results obtained for different illuminations on frontal faces
qualitatively.
Investigating the results, we found that our system can
handle illumination variations arising from different light
source directions which can be as large as ±60° azimuthal
and ±40° elevation with respect to the camera axis. For
these particular angles, we recorded an accuracy of 81%
(for e ≤ 0.05), 89% (for e ≤ 0.10) and 95% (for e ≤ 0.25).
Our method fails when extremely dark shadows are casted
due to the nose as eye center is no longer the darkest
region. For larger angles, the method works well for the
more illuminated eye and is less robust in presence of
extremely dark shadows. Even in cases of shadows
appearing on the eye region, the method works effectively
if the eye center is estimated correctly.
To estimate our method’s performance on variations in
pose, we use the Extended Yale Face Database B [11]
which contains 16128 images of 28 human subjects under
9 poses and 64 illumination conditions. The images are of
similar resolution as the Yale Face Database B. The pose
angle varies up to 24 degrees from the camera optical axis.

We choose a subset of the database images with ambient
illumination (28 subjects x 9 poses) and test our method
on them. The results are shown in Figure 8. Since the
ground truth annotations for the eye centers are not
available, we manually evaluated the results and achieved
98.2% accuracy for e ≤ 0.10 which can be attributed to the
presence of ambient light and absence of eye glasses.
Furthermore, our method achieves 100% accuracy for e ≤
0.10 when an eye detector (Haar feature-based cascade
classifier) is used in addition as it provides with a tighter
bounding box for the eye region.

4.3 Comparison with State of the Art
We extensively compare our results with other state of
the art methods suggested in literature that also used
BioID database to test their algorithm. The comparison
between our method and other state of the art methods is
shown in Table 1 for different normalized errors ‘e’
values. The accuracy results have been obtained from the
authors’ papers or have been taken directly from their
performance graphs.
The technique suggested by Asteriadis et al. [2] assigns
a vector to every pixel in the eye region pointing towards
the nearest edge pixel. Asadifard and Shanbezadeh [1] use
Cumulative Distribution Function for finding the eye

Method
Asadifard [1] *
Asteriadis [2] *
Behnke [4]
Campadelli [7]
Cristinacce [9]
Jesorsky [15]
Kroon [18]
Leo [19]
Niu [23]
Timm [28] *
Turkan [29]
Valenti [32]
Valenti [32] *
Our method *

Accuracy
(e ≤ 0.05)
47
74
37
62
57
38
65
80.67
75
82.5
18.6
86.09
81.89
77.6

Accuracy
(e ≤ 0.1)
86
81.7
86
85.2
96
78.8
87
87.31
93
93.4
73.7
91.67
87.05
88.7

Accuracy
(e ≤ 0.25)
96
97.4
98
96.1
97.1
91.8
96
94
97
98.00
99.6
97.87
98.00
98.6

Table-1: Comparison of accuracy vs. normalized error for
different methods on the BioID database.
*Methods that involve no learning based technique

center. Behnke [4] suggested the use of hierarchical neural
networks with recurrent connectivity for eye center
detection. Campadelli et al. [7] use two SVMs trained
using Haar wavelet coefficients. Cristinacce et al. [9] used
Pairwise Reinforcement of Feature Responses (PRFR) and
Active Appearance Model (AAM) for further refinement.
Leo et al. [19] combine the differential analysis of
intensities of eye image with local variability of the
appearance represented by self-similarity coefficients. Niu
et al. [23] use two separate cascade classifiers and obtain
accuracy using a two direction bootstrap strategy. Timm
and Barth [28] find eye center by utilizing the dot products
of image gradients. Turkan et al. [29] use a high pass
wavelet transform and an SVM classifier on edge
candidates for accurate estimation. Valenti and Gevers
[32] use isophote properties to gain invariance to linear
lighting conditions. They further use a scale space
pyramid to gain scale invariance.
On comparison, we find that our method outperforms
most of the previous suggested methods in the literature,
though Valenti and Gevers’s method [32] performs better
for e ≤ 0.05. However, they use techniques like nearest
neighbour classifier, mean shift clustering and SIFT
features which are not suitable for eye tracking in videos
with several frames per second. Our method, on the other
hand, requires no training and needs significantly less
computation. For e ≤ 0.10, our method performs
reasonably well and is again comparable to other training
based methods except for the one suggested by Cristinacce
et al. [9], which can be justified by the fact that their
method finds the eye corners using facial feature detectors.
The improvement again comes at an expense of increased
computational time as compared to our method that relies
only on the intensity and circularity of the iris. For
normalized error e ≤ 0.25, our method achieved accuracy

Figure 9: Sample images demonstrating the robustness of the
tracking procedure on Talking Face video

comparable to all other methods suggested in the
literature.

4.4 Eye Center Tracking in a Video
It was important to understand how our method would
perform when run on a video with a high frame rate.
Hence, we used the publicly available Talking Face video
[26] which comprises of 5000 frames taken from a video
of 200 seconds of a person engaged in a conversation. The
resolution of each frame is 720x576.
For the very first frame, we initialize the eye tracker
wherein we extract the eye region from the detected face
and find Snakuscule’s energy upon convergence using
Equation 3. The position and radius of the converged
Snakuscule in the previous frame is used for initializing a
new Snakuscule in every subsequent frame. Also, we reinitialize the eye tracker whenever there is a drastic
change in the energy of the Snakuscule between two
consecutive frames (we found that an energy difference of
2 grayscale units gives accurate results). Moreover, the
eye tracker is re-initialized every 20 frames.
Some sample images of the eye tracking results are
shown in Figure 9. Using the tracker, we obtain an
accuracy of 81% for e ≤ 0.05 and 96.4% for e ≤ 0.10. The
low accuracy for e ≤ 0.05 could be explained by the fact
that the human annotations for the eye centers are
sometimes unreliable in the Talking Face video. This
negatively impacts the tracker’s accuracy.

5. Discussions
It is critical that eye tracking algorithms are quick and
accurate so that they can be employed for real time video
processing. Our method depends upon an initial estimate
of the eye center followed by multiple iterations of the
Snakuscule until it converges. The eye center estimation
requires inexpensive techniques such as histogram
creation and image erosion which is linear in the size of
the image. Calculating Snakuscule energy requires
scanning through all its constituent pixels which is
computationally insignificant due to its small radius in
comparison to the extracted eye image size. For an image
with resolution 320x240, our method takes 55ms for total
computation on a single core 3.00GHz Intel Core 2 Duo
processor. This roughly corresponds to 19FPS which is
reasonably quick and can be used in real time applications.

6. Conclusion
We present an eye center localization method using
energy based circular active contour called Snakuscule.
The Snakuscule once initialized on some part of the iris,
moves around to decrease its energy until it converges and
captures the iris completely. The use of Snakuscule
provides a computationally inexpensive method that is
invariant to scale, pose and illumination changes. A
cumulative histogram based adaptive thresholding method
is used to further increase the accuracy as a base-line eye
localization method.
We evaluate our method’s accuracy and robustness on
more than 2000 images. We further demonstrate the
effectiveness of our method by comparing it against
previous state of the art methods. Given the ease of
implementation and the accuracy obtained, we believe that
our method can be successfully adopted in real time
applications which require a good estimate of the eye
center in low resolution images.
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