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Abstract. A new method to automatically locate pupils in images
(even with low resolution) containing near-frontal human faces is pre-
sented. In particular, pupils are localized by an unsupervised pro-
cedure consisting of two steps: at first, self-similarity information is
extracted by considering the appearance variability of local regions,
and then it is combined with an estimator of circular shapes based on
a modified version of the circular Hough transform. Experimental evi-
dence of the effectiveness of the method was achieved on challenging
databases and video sequences containing facial images acquired
under different lighting conditions and with different scales and
poses. © 2013 SPIE and IS&T [DOI: 10.1117/1.JEI.22.3.033033]

1 Introduction
As one of the most salient features of the human face, eyes and
their movements play an important role in expressing a per-
son’s desires, needs, cognitive processes, emotional states,
and interpersonal relations. For this reason, the definition
of a robust and nonintrusive eye detection and tracking system
is crucial for a large number of applications ranging from
advanced interfaces, control of the level of human attention,
biometrics, the gaze estimation, for example, for marketing
purposes. A detailed review of recent techniques for eye detec-
tion and tracking can be found in Ref. 1, where it is clear that
the most promising solutions use invasive devices (active eye
localization and tracking). In particular, some of them are
already available on the market and require the user to be
equipped with a head-mounted device,2 while others obtain
accurate eye location through corneal reflection under active
infrared llumination.3 Passive eye detection and tracking sys-
tems are only recently introduced and they attempt to obtain
information about eye location just starting from images
acquired from one or more cameras. Most popular approaches
in this area use complex shape models of the eye; they work
only if the important elements of the eye are visible and then
zoomed or high-resolution views are required.4

Other approaches explore the characteristics of the human
eye to identify a set of distinctive features around the eyes

and/or to characterize the eye and its surroundings by the
color distribution or filter responses. The method proposed
by Asteriadis et al.5 assigns a vector to every pixel in the edge
map of the eye area, which points to the closest edge pixel.
The length and the slope information of these vectors are
consequently used to detect and localize the eyes by match-
ing them with a training set. Timm and Barth6 proposed an
approach for accurate and robust eye center localization by
using image gradients. They derived an objective function,
and the maximum of this function corresponds to the loca-
tion where most gradient vectors intersect and thus to the
eye’s center. A postprocessing step is introduced to reduce
wrong detection on structures such as hair, eyebrows, or
glasses. In Ref. 7, the center of (semi)circular patterns is
inferred by using isophotes. In a more recent paper by the
same authors, additional enhancements are proposed (using
mean shift for density estimation and machine learning for
classification) to overcome problems that arise in certain
lighting conditions and occlusions from the eyelids.8 A filter
inspired by the Fisher linear discriminant classifier is instead
proposed in Ref. 9 to localize the eyes. A sophisticated train-
ing of the left and right eye filters is required. In Ref. 10, a
cascaded AdaBoost framework is proposed. Two cascade
classifiers in two directions are used: the first one is a cascade
designed by bootstrapping the positive samples, and the sec-
ond one, as the component classifiers of the first one, is
cascaded by bootstrapping the negative samples. A method
for precise eye localization that uses two support vector
machines trained on properly selected Haar wavelet coeffi-
cients is presented in Ref. 11. In Ref. 12, an active appear-
ance model is used to model edge and corner features in
order to localize eye regions.

Unfortunately, the analysis of the state of the art reveals
that most of the methods use a supervised training phase for
modeling the appearance of the eye or, alternatively, intro-
duce ad hoc reasoning to filter missing or incorrect detection.
For this reason, although leading to excellent performance in
specific contexts, they cannot be directly used in different
contexts (especially in the real-world ones) without some
adjustments of the models previously learned.

This paper explores the possibility to introduce a pupil
detection approach that does not require any training phase
(or postfiltering strategy). It detects the pupils by combining
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self-similarity and circularity information; in other words, the
total variability of local regions are characterized by saliency
maps that are then related with gradient-based features speci-
fying point-wise circularity. This way the proposed approach
is more suitable to operate in real contexts where it is not gen-
erally possible to ensure uniform boundary conditions.
Experimental evidence of the effectiveness of the method
was achieved on benchmark data sets and video sequences
containing facial images acquired under different lighting con-
ditions and with different scales and poses.

2 Overview of the Proposed Approach
Each input image is initially analyzed by using the boosted
cascade face detector proposed by Viola and Jones.13 The
rough positions of the left and right eye regions are then esti-
mated using anthropometric relations. In fact, pupils are
always contained within two regions starting from 20 × 30
percent (left eye) and 60 × 30 percent (right eye) of the
detected face region, with dimensions of 25 × 20 percent
of the latter. In other words, the boundary of left and
right eyes are defined as

lx ¼ 0.20 ×Wf;

rx ¼ 0.60 ×Wf;

ly ¼ ry ¼ 0.30 ×Hf;

Wl ¼ Wr ¼ 0.25 ×Wf;

Hl ¼ Hr ¼ 0.2 ×Hf;

where Wf and Hf are the width and height of the facial
region, Wl and Hl are the width and height of the left
eye region, Wr and Hr are the width and height of the
right eye region, and lx; ly; rx; ry define the top-left points
of the left and right regions, respectively. For better under-
standing this step, please refer to Fig. 1.

Cropped candidate eye patches are then validated by using
Haar-like features and a cascade of classifiers.14 The innova-
tive procedure based on the combination of self-similarity and
circularity information is finally applied to the cropped
patches in order to accurately find the pupil location.

2.1 Self-Similarity Space Computation
The key idea is to initially find regions with high self-
similarity, i.e., regions that retain their peculiar characteris-
tics even under geometric transformations (such as rotations
or reflections), changes of scale, viewpoint or lighting

conditions, and possibly also in the presence of noise.
Self-similarity score can be effectively computed as a nor-
malized correlation coefficient between the intensity values
of a local region and the intensity values of the same geo-
metrically transformed local region.15 A local region is
self-similar if a linear relationship exists.

I½TðxÞ� ¼ aþ bIðxÞ ∀ x ∈ P; (1)

where P is a circular region of radius r and x is a point
located in P. IðxÞ denotes the intensity value of the image
I at location x, and T represents a geometric transformation
defined on P. For the purposes of the paper, T is limited to a
reflection and a rotation. Both reflection and rotation pre-
serve distances, angles, sizes, and shapes. To better clarify
the notions of reflection and rotation into the specific context
under consideration, point locations can be represented in
polar coordinates, hence x ¼ ðr;ϕÞ. Every reflection is asso-
ciated to a mirror line going through the center of P and hav-
ing orientation denoted by ϑ ∈ ½0; 2π�. Having said that, a
reflection is defined as the geometric transformation that
maps the location ðr;ϕÞ to location ðr; 2ϑ − ϕÞ (see Fig. 2).

Similarly, every rotation has a center and an angle. Let the
center of the rotation be the center of P and let the rotation
angle α be one of the angles

2π

n
;

where n is an integer. A rotation maps the location ðr;ϕÞ to
location (r;ϕþ α).

Given these preliminary concepts, from the operational
point of view, the cornerstone of this first phase is the search
of the points that are closest to satisfy the condition in Eq. (1)
considering that on real data, it can hardly be fulfilled for all
points of P. This way, highlighted points should correspond
to the pixels of the eye that have both (almost) radial and
rotational symmetry. In particular, the strength of the linear
relationship in Eq. (1) can be measured by the normalized
correlation coefficient.

nccðP; TÞ ¼
P

i½IðxiÞ − Ī�fI½TðxiÞ� − Īgffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
fPi½IðxiÞ − Ī�g2fI½TðxiÞ� − Īg2

p : (2)

Here i counts all points of P and Ī represents the average
intensity value of points of P.

Fig. 1 The rough localization of the eye regions. Labels are explained
in text. Fig. 2 A reflection maps the location (r ;ϕ) to location (r ;2ϑ − π).
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At a given location, the normalized correlation coeffi-
cients in Eq. (2) can be computed for different mirror line
orientations or different angles of rotation. All give informa-
tion of region self-similarity.

In this paper, the average normalized correlation coeffi-
cient computed over all orientations of the mirror line (radial
similarity map S) at a given location is used as a measure of
region self-similarity. (The self-similarity coefficients com-
puted when T is a reflection are equal to those computed
when T is a rotation. This has been mathematically proven
in Ref. 15.)

Let the sampling intervals for θ be Δθ ¼ 2π
N ; the similarity

measure is then computed as

SðPÞ ¼ 1

N

XN−1

i¼0

nccðP; TθiÞ: (3)

In order to cope with the analysis at different scales, this
formula is computed for different radii r (i.e., the number of
considered scales). This brings to the formulation of the
equation for the computation of the multiscale self-similarity.

SðPÞ ¼ 1

M

XM−1

j¼0

1

N

XN−1

i¼0

nccðP; Tθi;rjÞ; (4)

where M defines the sampling interval for r, i.e., Δr ¼ R
M.

In Fig. 3, a region containing a human eye (on the left)
and the corresponding multiscale self-similarity coefficients
(on the right) are reported. Here, self-similarity values have
been scaled in the range [0,255] for display purposes, and
it should be noted that whiter ones (i.e., highest values)
approximately correspond to the center of the pupil.

To overcome the problems related to the processing near
the borders of the input image, for the calculation of the self-
similarity scores, a wider area (10 pixels in each direction) is
considered, and then the portion of the self-similarity space
relative to the original size of the eye patches is extracted.

The self-similarity map (of size m × n) computed by
Eq. (4) is the outcome of this first phase.

2.2 Circularity Measurements
The second phase starts with the estimation of the spatial
distribution of circular shapes, and this is done by a modified

version of the circular Hough transform (CHT). A circle
detection operator that is applied over all the image pixels,
which produces a maximal value when a circle is detected
with a radius in the range ½Rmin; Rmax�, is defined as
follows:

uðx; yÞ ¼
RR
Dðx;yÞ ~eðα; βÞ · ~Oðα − x; β − yÞdαdβ

2πðRmax − RmimÞ
; (5)

where the domain Dðx; yÞ is defined as

Dðx; yÞ ¼ fðα;βÞ ∈R2jR2
min ≤ ðα− xÞ2 þ ðβ− yÞ2 ≤ R2

maxg:
(6)

~e is the normalized gradient vector, given by

~eðx; yÞ ¼
�
Exðx; yÞ

jEj ;
Eyðx; yÞ

jEj
�
T

; (7)

and ~O is the kernel vector, given by

~Oðx; yÞ ¼
�
cos½tan−1ðy∕xÞ�ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

x2 þ y2
p ;

sin½tan−1ðy∕xÞ�ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x2 þ y2

p
�
T

: (8)

The use of the normalized gradient vector in Eq. (5)
is necessary in order to have an operator whose results
are independent from the intensity of the gradient in each
point.

2.3 Pupil Localization
The final step of the proposed approach integrates the
selected self-similarity map and the circular shape distribu-
tion space. Both data structures are normalized in the range
[0,1] and then point-wise added. The peak in the resulting
data structure is the point that is finally selected as the pupil
center.

Figure 4 shows an example of how the proposed pro-
cedure works; in particular, Fig. 4(a) shows the cropped
region of the eye, whereas Fig. 4(b) shows the points with
the highest self-similarity values across all the scales. The
resulting self-similarity map is then reported in Fig. 4(c),
and Fig. 4(d) reports the circular shape distribution space
built by using a modified version of the CHT. Finally,

Fig. 3 A region containing a human eye (on the left) and the corresponding multiscale radial saliency (on the right).
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Fig. 4(e) shows the joint space obtained by appropriately
combining the two data structures. Notice how this joined
space is the most suited to easily locate the pupil that is high-
lighted in Fig. 4(f) by a red circle.

3 Experimental Results
Experimental evidence of the effectiveness of the method
was achieved on challenging benchmark data sets. The
MATLAB implementation of the boosted cascade face detec-
tor proposed by Viola and Jones13 with default parameters is
used in our experiments, discarding false negatives from the
test set.

The values of the operating parameters of the system are
automatically defined using the following criteria:

• Minimum and maximum number of different scales
for similarity computation m ¼ 0.01 ×Wf and M ¼
0.10 ×Wf.

• Number of different mirror line orientation for similar-
ity computation N ¼ 3.15 �M.

• Minimum and maximum radii values for circularity
analysis Rmin ¼ m and Rmax ¼ M.

Here, Wf is the width of the facial region provided
by the face detector. This way no manual setting of the
system parameters is necessary, and a large variability in
facial appearance and boundary conditions can be efficiently
handled.

This statement has been largely proven in the experi-
mental sessions (described in the following), where images
having different spatial resolutions, containing subjects at
different scales and acquired under very different lighting
conditions, have been processed and where the proposed sys-
tem has been able to correctly detect the pupils without any
external intervention on the above parameters.

In the first experimental phase, the BioID database16

is used for testing, and in particular, the accuracy of the
approach in the localization of the pupils was evaluated.
The BioID database consists of 1.521 grayscale images of
23 different subjects and has been taken in different locations

Fig. 4 The outcomes of the proposed approach.

Fig. 5 Results obtained on the BioID database.
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and at different times of the day under uncontrolled lighting
conditions. Besides nonuniform changes in illumination, the
positions of the subjects change in both scale and pose.
Furthermore, in several examples of the database, the sub-
jects are wearing glasses. In some instances, the eyes are par-
tially closed, turned away from the camera, or completely
hidden by strong highlights on the glasses. Due to these con-
ditions, the BioID database is considered a difficult and real-
istic database. The size of each image is 384×
288 pixels. A ground truth of the left and right eye centers

is provided with the database. The normalized error, indicat-
ing the error obtained by the worse eye estimation, is adopted
as the accuracy measure for the found eye locations. This
measure is defined in Ref. 17 as

e ¼ maxðdleft; drightÞ
w

;

where dleft and dright are the Euclidean distances between the
found left and right eye centers and the ones in the ground

Fig. 6 Comparison with state-of-the-art methods in the literature on the BioID database.

Fig. 7 An image of the BioID database in which the approach correctly detects the pupils.
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Fig. 8 An image of the BioID database in which the approach fails in the detection of the pupil of the left eye.

Fig. 9 Some images of the extended YALE database B in which the approach correctly detects the pupils.
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truth and w is the Euclidean distance between the eyes in the
ground truth. In this measure, e ≤ 0.25 (a quarter of the inter-
ocular distance) roughly corresponds to the distance between
the eye center and the eye corners, e ≤ 0.1 corresponds to the
range of the iris, and e ≤ 0.05 corresponds to the range of
the pupil.

In Fig. 5, the performance of the proposed approach on
the BioID database is reported (blue line) and compared with
those obtained using self-similarity (i.e., the point with the
maximum value in the saliency map) or circularity (i.e., the
point with the maximum value in the accumulation space)
information. The graph shows that the combination of the
feature related to appearance (that is to say the self-similar-
ity) and to oriented edge location as feasible centers of
circumferences (i.e., modified CHT) allows to increase
localization performance. These results are very encouraging
especially when correlated with state-of-the-art methods in
the literature. To this end, in Fig. 6, the comparison with
some of the most accurate techniques in the literature that
use the same dataset and the same performance metric is
shown. Looking at the graph it can be seen that only the
methods proposed in Refs. 6 and 8 provide slightly better
results both for e ≤ 0.1 and e ≤ 0.05 measures. In general,
the proposed approach outperforms most of the related meth-
ods, even if it does not make use of supervised training or
postprocessing adjustments.

In Fig. 7, an image of the BioID database in which the
proposed approach correctly located the pupil in both
eyes even if they were partially closed (normalized error
0.0267) is shown. Figure 8 reports instead an image of
the BioID database in which the approach fails in the detec-
tion of the pupil of the left eye. Due to very strong highlights
on the glasses, the pupil of the left eye was erroneously
located close to the eye corner (normalized error 0.1158).

To systematically evaluate the robustness of the proposed
pupil locator to lighting and pose changes, one subset of the
extended Yale face database B18 is used. The full database

contains 16,128 images of 28 human subjects under 9
poses and 64 illumination conditions. The size of each
image is 640 × 480 pixels. In particular, the system was
tested on the 585 images of the subset 39B. The performance
in accuracy of the proposed approach on this challenging
dataset are 61.66% (e ≤ 0.05) and 73.16% (e ≤ 0.01). By
analyzing the results, it is possible to note that the system
is able to deal with light source directions varying from
�35 azimuth and from �40 elevation with respect to the
camera axis. The results obtained under these conditions
are 77.95% (e ≤ 0.05) and 84.66% (e ≤ 0.01). For higher
angles, the method is often successful for the less illuminated
eye and sporadically for the most illuminated one. If the eye
is uniformly illuminated, the pupil is correctly located, even
for low-intensity images. In Fig. 9, some images of the
extended YALE database B in which the approach correctly
detects the pupils even under different lighting conditions
and pose changes are shown. In Fig. 10, some images in
which the detection of the pupils is either less accurate or
completely fails are instead shown.

An additional experiment is conducted on the color
FERET database.19 The color FERET database contains a
total of 11,338 facial images collected by photographing
994 subjects at various angles over the course of 15 sessions
between 1993 and 1996. The images in the color FERET
database are 512 by 768 pixels. In our case, we are only inter-
ested in the accuracy of the eye location in frontal images;
therefore, only the frontal face (fa) partitions (994 images) of
the database are considered. The results obtained are 78.37%
(e ≤ 0.05) and 85.01% (e ≤ 0.01), which are again compa-
rable (sometimes outperform) with those obtained by the
approaches proposed in the literature (making use of training
phase and machine learning strategies). This statement can
be proven reporting some data relating to the results obtained
by some methods in the literature on the same dataset. For
example, the method proposed in Ref. 11 performs 6.7.70%
(e ≤ 0.05) and 89.50% (e ≤ 0.01); the method proposed in

Fig. 10 Some images of the extended YALE database B in which the detection of the pupils is either less accurate or completely fails.
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Ref. 8 performs 73.47% (e ≤ 0.05) and 94.44% (e ≤ 0.01).
In Fig. 11, two images of the color FERET database and the
relative correct pupil localization results are shown.

A final experiment is carried out on 1452 images acquired
in our laboratory. In particular, the images were acquired
from laptop Sony VAIO PCG-71213w web cam (image res-
olution 640 × 480 pixels, 10 fps) under uncontrolled light-
ing conditions (the scene was illuminated by both artificial
lights and sunlight entering through a large window). Three
different persons have taken turns during the acquisition, and
everyone changed gaze direction several times, often also
turning the head and moving away from or closer to the
camera.

In Fig. 12, an image for each subject involved in the
acquisition phase is reported. The pupil location extracted
by the proposed approach is indicated by red circles. In
this phase, a qualitative evaluation of the proposed approach

was done by counting the number of times in which the
pupils have been detected and localized in the scene. The
results of this evaluation are summarized in Table 1. For
each person, the number of correct localizations of the pupils
is reported, taking under consideration if only one or both
pupils were actually visible in the input images. The analysis
of the acquired images and the subsequent evaluation of
the correct localization of the pupils were qualitatively per-
formed by a human operator who considered correct all cases
in which the red circle (automatically superimposed by the
algorithm) covered, even partially, the pupil in the scene. The
overall performance of the proposed approach was encour-
aging. Some unexpected problems were encountered with
the third person who wore glasses with strong highlights
that misled the preliminary algorithms aimed at detecting
face and validating the eyes regions (the miss detection of the
left pupil is reported in the bottom-right picture in Fig. 12).

Fig. 11 Two images of the FERET database and the relative pupil detection results.
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The outcomes of the whole experimental phase were col-
lected in a video that is available online at http://youtu.be/
2thW1h28V1I.

4 Conclusions and Future Works
A new method to automatically locate pupils in low-resolu-
tion images containing human faces is proposed in this
paper. In particular, pupils are localized by a two-step pro-
cedure. At first, self-similarity information is extracted
by considering the appearance variability of local regions,
and then they are combined with an estimator of circular
shapes based on a modified version of the CHT. The

proposed approach does not require any training phase or
decision rules embedding some a priori knowledge about
the operating environment. Experimental evidence of the
effectiveness of the method was achieved on challenging
benchmark data sets and video sequences acquired in the
lab. The results obtained are comparable with (sometimes
outperform) those obtained by the approaches proposed in
the literature (making use of training phase and machine
learning strategies).

With regard to the computational load, the calculation of
the similarity space has a complexityOðkM2Þ, where k is the
number of pixels in the image andM represents the maximal
considered scale. The circle detection has instead OðknÞ
complexity, where k is again the number of pixels in the
image and n is the dimensionality of the operator used in
the convolution implemented by Eq. (5). However, consid-
ering that the calculation of the two spaces is embarrassingly
parallel (no effort is required to separate the problem into
a number of parallel tasks), it is possible to approximate
the computational load to the maximum of the two terms
above. This therefore leads to a complexity comparable to
that of the state-of-the-art methods, however, offering better
performance of detection, although not requiring training or
other specific postprocessing steps that limit their ability to
work under various operating conditions.

To give a better idea of the real computational load of the
algorithm, the average CPU time taken to process (working
in an R2012a Matlab® developing environment running,
without parallel computing constructs, on a Sony VAIO
PCG-71213w) the 1521 images of the BioID database
(experiment #1 in Sec. 3). In particular, the proposed
approach experienced ∼0.07 s to detect facial regions, 0.1 s
to compute self-similarity map, and 0.02 s to compute
circularity map for each candidate eye region. Considering
also the secondary operations (sum of the maps, search for
the maximum, etc.), overall, in the version implemented, the
system is able to process ∼3 frames per second.

Future work will address the implementation in an inter-
mediate-level language in order to speed up the calculation.
Where appropriate, processor supplementary instructions will
also be used to achieve real-time processing. Moreover, some
improvement of the construction of the area of circularity
through techniques derived from differential geometry will
be introduced in order to make the system even more accurate.

Fig. 12 Some images processed in the final experimental phase.

Table 1 Results of the experimental phase carried out in the
laboratory.

Two pupils
located

One pupil
located

Missed
pupils

Two pupils
visible

P1 83.03% 16.24% 0.722%

(460∕554) (90∕554) (4∕554)

P2 87.79% 13.09% 1.78%

(295∕336) (44∕336) (6∕336)

P3 72.62% 14.70% 12.66%

(321∕442) (65∕442) (56∕442)

One pupil
visible

P1 74.19% 25.80%

(23∕31) (8∕31)

P2 70.31% 29.68%

(45∕64) (19∕64)

P3 60.93% 39.06%

(39∕64) (25∕64)
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