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A robust method for eye features extraction on color image
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Abstract

This paper presents a robust algorithm to extract eye features, including pupil center and radius, eye corners and
eyelid contours, from frontal face images. These features are very useful cues for applications like face recognition,
facial expression recognition and 3D face modeling from 2D images. With the assumption that the rough eye window
is known, the proposed method integrates color information, Gabor features and the mutual localization relationship
between different features. Different from other methods focusing on gray scale, our method detects and estimates pupil
center in H channel of HSV color space, and then pupil radius is estimated and refined. For eye-corner localization, a
Gabor eye-corner filter is constructed to detect the corner point. It is more robust than projection methods or edge
detection methods. Based on the previous results, eyelid curves are simply fitted by spline function. The proposed algo-
rithm has been tested on our SJTU database which contains more than 700 pictures. The experiment results show very
good robustness and accuracy.
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1. Introduction

It is essential to detect facial features and their
contours when creating the automatic face analysis
and processing systems. The results of detection
could be used for the model-based image coding
(Zheng et al., 1999), the recognition of a face
and facial expression (Brunelli and Poggio,
ed.
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1992), 3D face recognition (Blanz and Vetter,
2003) and so on.

Eye feature detection plays an important role in
facial feature detection because eye features are the
very salient facial features. As a result, eye feature
detection usually is the first step in a face recogni-
tion system. The eye features include pupil centers
and their radiuses, eye corners and eyelid contours.
Among these features, pupil centers and radiuses
are the easy features to be detected and estimated.
While the precise corner location is crucial in 3D
face recognition (Blanz and Vetter, 2003) on the
one hand, and determines the approximate eyelid
contour location on the other hand. As we know,
deformable contour model is a well-known
method to extract object contour in computer
vision. Lam and Yan (1996) and Yin and Basu
(1999) made an attempt to utilize such algorithm
in eye contour extraction. Because of the limita-
tions of deformable contour model under condi-
tions in (Vezhnevets and Degtiareva, 2003), it is
not optimal and stable in eye contour extraction.
The main reason is that deformable models need
careful formulation of the energy term and close
model initialization in order to avoid unwanted
contour results.

To overcome the limitations of deformable
models, researchers pay more attention on several
landmark points of eyes other than extracting the
complete continuous eye contour. Then the eye
contour can be fitted by mathematical functions
(Feng and Yuen, 2001; Goto et al., 2002; Vezhne-
vets and Degtiareva, 2003). This results in better
robustness, but less accuracy. For this reason, this
paper also adopts such strategy.

The paper is organized as follows. Based on the
assumption that the rough eye window has been
detected, Section 2 describes our method in detail:
pupil center and radius, eye corners and eyelid
contours are precisely detected and estimated step
by step. The experimental results are listed in Sec-
tion 3. Section 4 is the conclusion of the paper.
2. Extraction of eye features

Many eye feature detection algorithms have
been developed in the last decade. Most of them
work on the gray images. Since color information
could provide extra cues for detection and recogni-
tion, why not use it? In this paper, the input image
for the proposed method is color image and each
of them contains a single eye. It is assumed in this
paper that the approximate location of eye had
been known from previous rough eye detection
step. And the eye image is cropped to a uniform
scale.

The proposed method can be divided into three
steps.

• Pupil center detection and radius estimation.
• Eye-corner localization.
• Eyelid contour fitting.
2.1. Pupil center detection and radius estimation

In this subsection, we mainly deal with detect-
ing the pupil center and estimating its radius.
Pupil center is located in H channel of HSV
color space. After that the radius of the pupil is
estimated and then refined by a simple search
algorithm.

2.1.1. Pupil center detection

Pupil center detection is the first step of the
algorithm. It is worth noting that pupil center
detection is performed in H channel of HSV color
space. The HSV color space (hue, saturation,
value) is often used by people because it is more
consistent with how people experience color better
than the RGB color space is. Fig. 1 shows the ori-
ginal image and corresponding H channel image.
It is very interesting to notice that in H channel
the pupil is the brightest region comparing with
its neighborhoods. Because of pupil�s physiological
property and its response to light, this is robust
under different illuminations. So it is easy to locate
the brightest area just by simple integral projection
method. The result of locating pupil center is
shown in Fig. 2.

The location of the pupil center can be derived
from the vertical integral projection and horizontal
integral projection in Fig. 2. The peak points of the
projection curves are corresponding to the coordi-
nates of the pupil center. The result is pretty good
(the pink cross in the last eye image of Fig. 2



Fig. 1. Original image and corresponding H channel image.

Fig. 2. Location of pupil center by integral projection.
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denotes the coordinates of pupil center). This
method at least has two advantages: simple and
more robust. In the process of finding the pupil
center, we only need get the maximum value of
the projection curve and its corresponding coordi-
nate. We need not preset a threshold to get the
location because the maximum value is the target
to find. As we all know a threshold in an algorithm
usually leads to poor performance because it is
sensitive to the selection of sample sets.

However, the location of pupil center is not
very precise. We still need to refine it.

2.1.2. Refining process and radius estimation

From the above method, the approximate coor-
dinates of pupil center is known. In fact, it can be
refined by searching the border of the eye ball.
Obviously, the shape of the eye ball is almost cir-
cular and is darker than the background. So we
can search a circle in which the region is darker
than the background. Vezhnevets and Degtiareva
(2003) adopted the algorithm (Ahlberg, 1999):

fHðx; y; rÞ ¼
Z
h2H

Iðxþ r cos h; y þ r sin hÞdh ð1Þ
and made a slight change to estimate the radius of
the eye ball. The most likely radius will be the
value with large d

dr fH. We realized this method
and found that it is not very robust. The reason
is that we should set a threshold for d

dr fH in order
to determine the radius. While the threshold for
d
dr fH may be different from one eye image to
another. And even for the same eye image under
variant illumination, the threshold can not keep
the same. So it is hard to determine an optimal
global threshold for the dataset.

In this paper, we describe a search strategy
based on gray level to estimate the pupil radius.
Once the approximate location of pupil center is
given, a circle with fixed radius is established. It
can be called the location initialization of the eye
ball. Then the following searching strategy is di-
vided into two steps. The first step is circle shift.
The operation of this step is to shift the circle in
a given neighborhood to obtain a location on
which the mean gray level of pixels in the circle
is the lowest. Before calculating the mean gray
value of pixels in the circle, a middle filter is
applied to the eye image to eliminate the highlight
of pupil. The second step is expansion or shrinking



Fig. 3. Location of eyeball before and after the search strategy.
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of the circle. After the first step, the pupil center is
nearly at the center of the circle. The imperfection
is that the radius of the circle may not be accurate.
So it is necessary to expand or shrink the circle for
different eyeball sizes. The rule of expansion or
shrinking is also to minimize the mean gray value
of pixels in the circle. In Fig. 3, the first row is the
initial location of eye ball after pupil center detec-
tion. The second row is the final location of eye
ball after our search strategy. More results are
listed in Fig. 10. The experimental results show
the accuracy and robustness of the search strategy.

2.2. Eye-corner detection

The eye corner is the key cue which determines
the location and orientation of the eye. One way to
detect eye corner is based on gradient information
(Yulle et al., 1992). If the image is free of noise,
the method based on gradient information is accu-
rate and simple. In fact, the real image is more
or less contaminated by noise. This therefore leads
to a huge amount of spurious edges and possible
Fig. 4. (a) IPF and (b) VP
absence or discontinuity of significant edges.
Under such condition, the precise location of eye
corner is hard to find or absolutely lost. Variance
projection (VPF) method (Feng and Yuen, 1998)
improved the traditional integral projection func-
tion (IPF)

r2
mðxÞ ¼

1

y2 � y1

Xy2
y¼y1

½Iðx; yiÞ � V meanðxÞ�2 ð2Þ

r2
hðyÞ ¼

1

x2 � x1

Xx2
x¼x1

½Iðxi; yÞ � HmeanðyÞ�2 ð3Þ

where Vmean and Hmean are the mean values of tra-
ditional integral projection function. The compar-
ison of IPF and VPF for a neat image is shown in
Fig. 4. It can be seen that the VPF directly reflects
the variation in vertical direction. However, we
find that VPF shows low reliability in general case
because of so many changes along a vertical col-
umn or a horizontal row in a real eye image. Hy-
brid projection function (HPF) which combined
the IPF and VPF together (Zhou and Geng,
2004) was used to detect eye corner and border.
F for a neat image.
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Still HPF suffers from its weakness. Eye corner
was detected by looking for brightness valley
points of luminance values instead of edge points
(Vezhnevets and Degtiareva, 2003). Before search-
ing the brightness valley points, a low pass filter is
applied to the image for noise alleviation. So if
the pre-processing step is not perfect, the search-
ing process will get into embarrassment and the
searching result will be doubtful.

In this paper, we propose an eye-corner filter
using Gabor feature space for eye-corner detec-
tion. Gabor wavelet is a powerful tool in image
feature extraction (Huang and Wechsler, 1999;
Lee, 1996; Porat and Zeevi, 1988; Ville et al.,
2004). The Gabor wavelet can be defined as fol-
lows (Ladws et al., 1993):

wl;mðzÞ ¼
kkl;mk2

r2
eð�kkl;mk2kzk2=2r2Þ½eikl;mz � e�r2=2� ð4Þ

where l and m define the orientation and scale of
the Gabor kernels, and the wave vector kl,m is de-
fined as

kl;m ¼ kmei/l ð5Þ

where km = kmax/f
m and /l = pl/8. kmax is the max-

imum frequency and f is the spacing factor be-
tween kernels in the frequency domain.

Once given these parameters, the Gabor feature
representation of an image I(z) is

Gl;mðzÞ ¼ IðzÞ � wl;mðzÞ ð6Þ

where z = (x,y) and * is the convolution operator.
Fig. 5 is the Gabor feature representation of the
first eye image in Fig. 1 at five different scales
and 8 orientations.
Fig. 5. Gabor feature represen
Eye corner is one of the most salient feature
points in an eye image in the sense of structure
information. It is obvious that eye-corner point is
the intersection of the two eyelid curves and the
end point of eyelid curves. Such topological struc-
ture is exclusive in an eye image. Furthermore, the
structure is highlighted in Gabor feature space at
certain scale and orientation. Motivated by these
properties, the paper describes an eye-corner filter
based on Gabor feature space. The filter is con-
structed by coefficients at some scales and orienta-
tions in Gabor feature space (Ville et al., 2004).
For example, the filter for eye corner near the
bridge of the nose is denoted by a 5 · 5 mask.
The center of the mask is corresponding to the
eye corner which is manually located. The other
elements of the mask are corresponding to the
neighbors of the eye corner. The value of the ele-
ments in the mask is determined by its Gabor rep-
resentation. Let I(x,y) be an eye image, C(x,y) be
the 5 · 5 patch image centered at eye corner and
Gl,m(z) be the Gabor representation of C(x,y)

G ¼

g1;1 g1;2 � � � g1;8
g2;1 g2;2 � � � g2;8
� � � � � � � � � � � �
g5;1 g5;2 � � � g5;8

0
BBB@

1
CCCA ð7Þ

at five scales and eight orientations. For illumina-
tion invariance, G can be normalized as

G0 ¼ GffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
i;j gi;j
�� ��2q ¼

g01;1 g01;2 � � � g01;8
g02;1 g02;2 � � � g02;8
� � � � � � � � � � � �
g05;1 g05;2 � � � g05;8

0
BBB@

1
CCCA ð8Þ
tation of an eye image.



Fig. 6. Gabor representation of eye-corner images.
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Let f be the mean value of the first two rows
coefficients of G 0

f ¼ 1

n

X
i;j

gi;j ð9Þ

where n = 16, i = 1,2 and j = 1,2, . . . , 8. Some
Gabor representations, f of C(x,y), are shown in
Fig. 6.

To construct an eye corner (near the bridge of
nose) filter, we select 80 corner images described
by C(x,y) above. The final eye corner (near the
bridge of nose) filter is constructed by calculating
the average of f

F 5�5 ¼
1

N

XN
i¼1

fi ð10Þ

where N = 80. F5·5 is shown in Fig. 7(a).
It is obvious that the structure of another eye

corner is a little more complex than the one near
the bridge of nose. So the size of this filter is
7 · 7 in order to contain more information of the
corner structure. F7·7 is shown in Fig. 7(b). The
color of Fig. 7 is in reverse for the reason of
illustration.
Fig. 7. Gabor eye-corner filters: (a) F5·5 filter, (b) F7·7 filter.
To detect eye corner in an eye image, one need
to convolve the Gabor representation of the eye
image (the selection of scale and orientation is
the same as Gabor representation of eye-corner
images, and normalized by Eqs. (8) and (9)) with
certain filter. In order to reduce the computational
cost, the convolution operation could be calcu-
lated on part of the image because the center and
radius of the eyeball is given by previous algo-
rithm. The corner detection results are shown in
Fig. 8. From Fig. 8, we can see that the corner
point in (b) and (c), denoted by a red1 circle, is easy
to find. Experimental results demonstrate the
robustness and accuracy of this corner filter.

2.3. Eyelid curve fitting

In this step, we only need to find some medial
points to fit the curve. It is advisable to detect
the points along the column through the center
of pupil in the eye image, denoted by red circle
in Fig. 9(a). We use a 7 · 7 window to filter the
eye image on gray level: the minimum value in
the window is subtracted from the other pixels in
order to make the edge more salient. By searching
the peak points of column line in Fig. 9(a), we find
the medial points. Fitting the eyelid curve along
corner points and medial points by spline function,
we depict the eyelid curve in Fig. 9(b).
1 For interpretation of color in Fig. 8, the reader is referred to
the web version of this article.



Fig. 8. Corner detection: (a) an eye image on gray level, (b) convolution of Gabor representation of part 2 in (a) with F7·7,
(c) convolution of Gabor representation of part 1 in (a) with F5·5, (d) final corner detection result.

Fig. 9. Medial point detection and eyelid curve fitting.
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3. Experimental results

After obtaining the eye-corner filter F5·5
and F7·7, we apply them to our test dataset which
contains more than 700 images. The images are
taken under different lighting conditions and
some have a slight rotation. Fig. 10 shows part
of the experimental results. Note that F5·5 and
F7·7 above are constructed by right eye image
samples. So when applied to detecting eye cor-
ners of left eyes, both of them should be mir-
rored.

To evaluate the performance of our algorithm,
we carried out the eye features detection experi-
ment with the whole homebrew database. The
detection performance is evaluated based on sub-
jective judgment since no ground truth is available.
In other words, it is hard to say which pixel is cor-
responding to the exact eye corner. The situation is
the same for pupil center detection. We have also
attempted to perform some quantitative evalua-
tions about the performance of the algorithm.
We randomly selected 400 images from our data-
base and hand-localized pupil centers and eye
corners on them. They serve as ground truth. A
circularity confidence interval, centered at the
hand-localized pixel with 5 pixel radius, is defined.
Let H(i, j) denote hand-localized pixel and E(i, j)
the detected pixel. The distance Dis of H and E

is defined as kH � Ek2. Then the accuracy of the
algorithm is defined as
A¼ 1�Dis

5
� 0.5

� �
� 100%; Dis<¼ 5

0; Dis> 5

8<
: ð11Þ
The satisfactory factor is set to 0.5 in Eq. (11).
That is to say, the accuracy is 50% if the detected
pixel position is on the boundary of the confidence
interval. If it is out of the confidence interval, the
accuracy is set to 0. Meanwhile, the accuracy is
100% if the detected pixel and hand-localized one
are at the same position. The detection perfor-



Fig. 10. Part of experimental results.

Fig. 11. Detection performance of pupil center.
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mances of pupil center and eye corners are illus-
trated in Figs. 11–13.
The detection accuracy of pupil centers and eye
corners is pretty satisfactory. In most cases, the



Fig. 12. Detection performance of eye corners near the bridge of nose.

Fig. 13. Detection performance of eye corners far from the bridge of nose.
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position of detected pixel is within a 3-pixel con-
fidence interval of the ‘‘ground truth’’. Relatively
speaking, the detection performance of eye corners
far from the bridge of nose is inferior to the one
near the bridge of nose. The reason is that the
structure information of eye corners near the
bridge of nose is more salient.

The algorithm process is step by step, that is to
say, the previous detection result is essential to the
next step. So if the first step is not accurate, the fol-
lowing detection may be failed. Fortunately, pupil
center detection and radius estimation achieve
high accuracy. Therefore, the proposed method
demonstrates good performance. When the image
resolution is too small or the eye is almost closed,
the method will lose its robustness and accuracy.
4. Conclusion

A robust and accurate algorithm for eye feature
extraction is reported in the paper. First, the center
of pupil is detected in H channel of HSV color
space, and the radius of eyeball is estimated and re-
fined. Second, based on the result obtained from
first step, eye corner is detected by the proposed
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Gabor eye-corner filter constructed in Gabor fea-
ture space. Finally, based on the results obtained
from the previous steps, eyelid curve is fitted by
spline function. The proposed methods have shown
good performance in terms of robustness and
accuracy, while being simple in implementation.

Experimental results show that the following
situation may lead to inaccuracy.

• The eye is closed or almost closed.
• The eye is covered by something opaque.
• The image resolution is too low.

To overcome the limitations above, the future
work will be concentrated on improving the accu-
racy and robustness of the algorithm.
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