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Abstract

In this paper we suggest a novel method which is
robust and efficient in extracting eye windows
using Wavelets and Neural Networks. Wavelet
analysis is used as a pre-processor for a back
propagation neural network with conjugate
gradient learning. The inputs to the neural
network are the wavelet maxima neighborhood
coefficients of face images at a particular scale.
The output of the neural network is the
classification of the input into an eye or non-eye
region. An accuracy of 88% is observed for test
images under different environment conditions not
included during training.

1. Introduction

Recognition of human faces out of still images or
image sequences is an actively developing
research field. There are many different
applications for systems coping with the problem
of face localization and recognition e.g. model
based video coding, face identification for security
systems, gaze detection and human computer
interaction. The detection and location of the face
as well as the extraction of facial features from the
images are crucial. Due to variations in
illumination, background, visual angle and facial
expressions, the problem is complex. In the first
step of face recognition, the localization of facial
regions within the facial contours is followed by
the detection of facial features such as eyes, nose
and mouth.

In this paper, we describe a novel algorithm for
eye detection that is robust against changes in
light conditions, visual angle, and noise in addition
to being low in computational cost.
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Many factors conspire to considerably complicate
images of actual eyes: glasses, eyebrows,
eyelashes, makeup, perspiration, the wide range
of deformation and movement of the eyelid,
different directions of gaze, and variations in
lighting and viewpoint. Of even greater concern is
the fact that the structure of an image of an eye
varies considerably with distance and camera
resolution. Even at the coarsest resolution the
most significant structure is an intensity valley
caused by the self-shadowing of the eye socket.
One of the motivations of our work is to detect
facial features for 3D modeling of the human
head, which is used to estimate pose for the
human-machine interaction. The following section
summarizes the various techniques that have
been utilized thus far in the filed of eye detection
research.

2. Related Work

A lot of research work has been published in the
field of eye detection in the last decade. Various
techniqgues have been proposed using texture,
depth, shapeand color information or
combinations of these for eye detection.
Vezhnevets et al. [1] focus on several landmark
points (eye corners, iris border points), from which
the approximate eyelid contours are estimated.
The iris center and radius is detected by looking
for a circle separating dark iris and bright sclera.
The upper eyelid points are found using on the
observation that eye border pixels are significantly
darker than surrounding skin and sclera. The
detected eye boundary points are filtered to
remove outliers and a polynomial curve is fitted to
the remaining boundary points. The lower lid is
estimated from the known iris and eye corners.
Reinders et al. [2] present a method where based



on the technique of template matching the
positions of the eyes on the face image can be
followed throughout a sequence of video images.
To increase the robustness of the tracking
scheme the method automatically generates a
codebook of images representing the
encountered different appearances of the eyes.
Yuille et al. [3] first proposed using deformable
templates in locating human eye. The
weaknesses of the deformable templates are that
the processing time is lengthy and success relies
on the initial position of the template. Lam et al.
[4] introduced the concept of eye corners to
improve the deformable template approach.
Saber et al. [5] and Jeng et al. [6] proposed to use
facial features geometrical structure to estimate
the location of eyes. Takacs et al. [7] developed
iconic filter banks for detecting facial landmarks.
Projection functions have also been employed to
locate eye windows [9, 10, 11, 12]. Feng and
Yeun [9] developed a variance projection function
for locating the corner points of the eye. Zhou and
Geng [10] propose a hybrid projection function to
locate the eyes. By combining an integral
projection function, which considers mean of
intensity, and a variance projection function,
which considers the variance of intensity, the
hybrid function better captures the vertical
variation in intensity of the eyes. Kumar et al. [11]
suggest a technique in which possible eye areas
are localized using a simple thresholding in color
space followed by a connected component
analysis to quantify spatially connected regions
and further reduce the search space to determine
the contending eye pair windows. Finally the
mean and variance projection functions are
utilized in each eye pair window to validate the
presence of the eye. Feng and Yeun [12] employ
multi cues for eye detection on gray images using
variance projection function

The most common approach employed to achieve
eye detection in real-time [13, 14, 15, 16] is by
using infrared lighting to capture the physiological
properties of eyes and an appearance-based
model to represent the eye patterns. The
appearance-based approach detects eyes based
on the intensity distribution of the eyes by
exploiting the differences in appearance of eyes
from the rest of the face. This method requires a
significant number of training data to enumerate
all possible appearances of eyes i.e. representing

the eyes of different subjects, under different face
orientations, and different illumination conditions.
The collected data is used to train a classifier
such as a neural net or support vector machine to
achieve detection.

Various other methods that have been adopted
for eye detection include wavelets, principal
component analysis, fuzzy logic, support vector
machines, neural networks, evolutionary
computation and hidden markov models. Huang
and Wechsler [17] perform the task of eye
detection by using optimal wavelet packets for
eye representation and radial basis functions for
subsequent classification of facial areas into eye
and non-eye regions. Filters based on Gabor
wavelets to detect eyes in gray level images are
used in [18]. Talmi et al. and Pentland et al. [19,
21] use principal component analysis to describe
and represent the general characteristics of
human eyes with only very few dimensions. In
[19] eigeneyes are calculated by applying
Karhunen-Loeve-Transformation to represent the
major characteristics of human eyes and are
stored as reference patterns for the localization of
human eyes in video images. Given a new input
image of the same size, it is projected into the
eigeneye space. The produced vector describes
the similarity of this new image to the eigeneyes.
If similarity measure (the Euclidean distance
between the mean adjusted input image and its
projection onto the eigeneye space) smaller than
a threshold, the new image is classified as an eye
region. Hjelms and Wroldsen [20] utilize Gabor
Filters and PCA for eye detection.

Li et al. [22] construct a fuzzy template which is
based on the piecewise boundary. A judgment of
eye or non-eye is made according to the similarity
between the input image and eye template. In the
template, the eyelid is constructed by a region of
adjacent segments along the piecewise boundary.
Each segment in the fuzzy template is filled with
the darkest intensity value within this segment.
This makes the method have invariance to slight
change of eye images in size and shape and it
gives the method high robustness to different
illumination and resolution for input images, by
increasing the contrast between eyelid region and
its adjacent regions. Furthermore, histogram
equalization and multi-thresholding  image
binarization measures are also taken to deal with



the problem of different illumination, contrast and
resolution for input images. Huang et al. [23]
employ SVM classifier to scan for possible eye
locations across the whole face.

Genetic algorithms have been exploited for eye
detection [24] by fitting image distributions (mean,
entropy and standard deviation) between training
and probed image. Using evolutionary
computation based methods the most likely eye
locations are discovered and a model-based eye
recognition component probes the suggested
locations for actual eye detection. Bala et al. [25]
utilize genetic algorithms for feature selection.
Base features representations and visual routines
for eye detection represented as decision trees
are evolved. The proposed technique uses
induction of decision trees for the evaluation
function, in hybrid architecture. Koch et al. [26]
use a neural network to scan an input window of
pixels across the image, where each gray value in
the input window serves as an input for the neural
network. The neural network is then trained to
give a high response when the input window is
centered on the eye. After scanning the entire
image, the position with the highest response then
reveals the center position of the eye in the
image. In order to allow applicability in far more
general situations, i.e. covering a large variety of
eye appearances, allowing rotation and scaling,
and allowing different lighting conditions the eyes
are located by locating micro-features, rather than
entire eyes and the neural network responses are
post-processed by a probabilistic method which
exploits the geometrical information about the
micro-features.

Samaria and Harter [27] employ stochastic
modeling, using Hidden Markov Models (HMMs)
to holistically encode feature information. When
frontal images of faces are sampled using top-
bottom scanning, there is a natural order in which
the features appear and this is conveniently
modeled using a top-bottom HMM. The HMM lead
to the efficient detection of eye strips.

3. Proposed Method
The system consists mainly of two stages —

training and detection stage. A block diagram of
these two stages is shown in Figure 1.
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Figure 1 - Block Diagram

3.1 Acquisition Of Training Data

The training data typically consists of 50 images
of different persons with different hair styles,
different illumination conditions and varying facial
expressions. Some of the images have different
states of the eye such as eyes closed. The size of
the images varies from 64x64 to 256x256.

3.2 Discrete Wavelet Transform

Wavelet decomposition provides local information
in both space domain and frequency domain.
Despite the equal subband sizes, different
subbands carry different amounts of information.
The letter ‘L’ stands for low frequency and the
letter ‘H’ stands for high frequency. The left upper
band is called LL band because it contains low
frequency information in both the row and column
directions. The LL band is a coarser
approximation to the original image containing
the overall information about the whole image.
The LH subband is the result of applying the filter
bank column wise and extracts the facial features
very well. The HL subband, which is the result of
applying the filter bank row wise, extracts the
outline of the face boundary very well. While the
HH band shows the high frequency component of
the image in non-horizontal, non-vertical
directions it proved to be a redundant subband
and was not considered having significant
information about the face. This observation was
made at all resolutions of the image. This is the
first level decomposition. A CDF (2, 2) bi-
orthogonal wavelet is used. Gabor Wavelets
seem to be the most probable candidate for
feature extraction. But they suffer from certain
limitations i.e. they cannot be implemented using



Lifting Scheme and secondly the Gabor Wavelets
form a non-orthogonal set thus making the
computation of wavelet coefficients difficult and
expensive. Special hardware is required to make
the algorithm work in real time. Thus choosing a
wavelet for eye detection depends on a lot of trial
and error. Experiments were done with Haar and
Daub4 Wavelets and no improvement in
performance was observed. Discrete Wavelet
Transform is recursively applied to all the images
in the training data set until the lowest frequency
subband is of size 32x32 pixels i.e. the LH
subband at a particular level or depth of DWT is of
size 32x32. The original image and it's wavelet
decomposition is shown in Figure 2 and 3. The LH
subband at resolution 32x32 is shown in Figure 4.

Figure 3 - Discrete Wavelet Transform
of Original Image

We take the modulus of the wavelet coefficients in
the LH subband. Experiments were performed to
go to a resolution even coarser than 32x32.
However, it was observed that in certain cases
the features would be too close to each other and

it was difficult even manually too to separate
them. This would burden the Neural Network
model and a small error in locating the eyes at
this low resolution would result in a large error in
locating the eyes in the original image.

Figure 4 - LH subband of resolution 32x32

3.3 Detection of Wavelet Maxima

Our approach to eye detection is based on the
observation that, in intensity images eyes differ
from the rest of the face because of their low
intensity. Even if the eyes are closed, the
darkness of the eye sockets is sufficient to extract
the eye regions. These intensity peaks are well
captured by the wavelet coefficients. Thus,
wavelet coefficients have a high value at the
coordinates surrounding the eyes. We then detect
the wavelet maxima or the wavelet peaks in this
LH subband of resolution 32x32. Note that several
such peaks are detected, which can be the
potential locations of the eyes. The intensity
peaks are shown in Figure 5 and 6.

Figure 5 - Wavelet Maxima Detection

Figure 6 - Subband with Peaks replaced
by 3x3 neighborhood wavelet
coefficients from the previous image



3.4 Neural Network Training

The wavelet peaks detected are the center of
potential eye windows. We then feed 3x3
neighborhood wavelet coefficients of each of
these local maxima’s in 32x32 LH subbands of all
training images to a Neural Network for training.
The Neural Network has 9 input nodes, 4 hidden
nodes, and 2 output nodes. A diagram of the
Neural Network architecture is shown in Figure 7.
A (0, 1) at the output of Neural Network indicates
an eye at the location of the wavelet maxima
whereas (1, 0) indicates a non-eye. Two output
nodes instead of one were taken to improve the
performance of the Neural Network. MATLAB'’s
Neural Network Toolbox was used for simulation
of the back propagation Neural Network. A
conjugate gradient learning rate of 0.7 was
chosen while training. This completes the training
stage.

Input Layer Layer of
Neurons

Output Layer

15

Figure 7 - Neural Network Architecture

3.5 Location of Eye Coordinates In Test Image

Discrete Wavelet Transform is recursively applied
to the test image until the lowest frequency
subband is of size 32x32 pixels i.e. the LH
subband is of size 32x32. The test image size
maybe an integer multiple of 64x64. The absolute
values of the wavelet coefficients are taken in this
subband. Wavelet peaks in this subband are
detected which are location of the potential eye
windows. These peaks are then replaced with 3x3
neighborhood wavelet coefficients from the
previous image and then fed to the Neural
Network. The Neural Network classifies each of

the peaks as eye or non-eye in this 32x32
subband.

Thus we need to post process the image to locate
the coordinates of the eyes in the image of
original size. If post processing is not done the
algorithm can only be used to indicate the
presence of eyes in the image of original size.
Post processing is necessary for the algorithm to
indicate the presence of eyes in the original
image. The Embedded Zero Tree (EZW) coder
[29] exploits the relations between wavelet
coefficients in different subbands. Figure 8 depicts
the relations between wavelet coefficients in
different subbands.
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Figure 8 - The relations between wavelet
coefficients in different subbands

The EZW encoder is based on two important
observations — i) a coefficient in a low subband
can be thought of as having descendants in the
next higher subband and ii) large wavelet
coefficients are more important than small wavelet
coefficients. EZW encoder uses the dependency
between the wavelet coefficients across different
scales to efficiently encode large parts of the
image which are below a certain threshold. Thus,
if we change the value of a larger wavelet
coefficient and then take the inverse DWT of the
image, the change will be reflected in the
reconstructed image in the region surrounding the
spatial location of the modified wavelet coefficient.
This logical reasoning was verified experimentally
and it was observed that if the wavelet coefficients
corresponding to the location of the eyes in the
LH subband of resolution 32x32 are reset to a
very large negative value and then the Inverse is
Discrete Wavelet Transform of the image taken, a



petal shaped distortion occurred at the location

Figure 9 - Eyes detected

of the eyes in the original image size, as shown in
Figure 9. This image can be subtracted with the
original image to replace the petal shaped
distortion with an eye window.

4. Performance

A number of experiments were done to test the
robustness of the algorithm and to increase the
accuracy of eye detection. Various architectures
of Neural Networks with different learning rates
were tried and it was found that back propagation
with conjugate gradient learning seemed to be the
best choice. A very high learning rate of 0.7 was
chosen because the learning algorithm was
getting trapped in local minima while training the
network. Final training was stopped when the
error graph, as shown in Figure 10, didn't show
any significant fluctuation.
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Figure 10 - Conjugate Training Error Curve

An experiment was done in which the face was
analyzed using wavelet packets and it was found
that most of the information was retained by the
low frequency subbands and the high frequency
packets had no information. Images with different
states of the eye (closed, open, half open, looking
sideways, head tilted etc.) and varying eye width
were chosen. The eye positions found were
compared with the positions that were pointed out
manually. The eyes were correctly located when
its location is within two pixels, in both x and y
directions, of the manually assigned point. The
variation of 2 pixels is deliberately allowed, to
compensate for the inaccuracies in the location of
eyes during training. An accuracy of 88% was
observed in the final location of the eyes. A
database of 75 test images was evaluated for
performance. Most of the images were from the
Olivetti Research Laboratory in Cambridge, UK.
All these test images were captured in totally
different environment conditions and were not
included while training the Neural Network. Most
of the error cases occurred in images with
complex background. Also there was an error in
accurately determining the exact location of the
eyes since a 1 pixel shift at a resolution of 32x32
corresponded to a larger shift in the exact location
of the eye. In some cases the Neural Network
classified only 1 peak as an eye in spite of the
presence of 2 eyes in the image. In a few cases
observations were made in which regions of the
face not belonging to the eyes were detected as
eyes. In other cases more than 2 eyes were
indicated in the image. Face images with closed
eyes were also tested and the eyes were located
as shown in Figure 11.

Figure 11 - Person with closed eyes



In contrast, the performance of this algorithm
which uses wavelets as a preprocessor to Neural
Networks, the algorithm with only Neural
Networks achieved an accuracy of 61% in
detecting the exact location of the eyes.

5. Conclusion

This paper gives a new dimension to the existing
eye detection algorithms. The present algorithm is
robust and at par with the other existing methods
but still has a lot of scope for improvement. This
paper proposed a wavelet subband approach in
using Neural Networks for eye detection. Wavelet
Transform is adopted to decompose an image
into different subbands with different frequency
components. A low frequency subband is selected
for feature extraction. The proposed method is
robust against illumination, background, facial
expression changes and also works for images of
different sizes. However, a combination of
information in different frequency bands at
different scales, or using multiple cues can even
give better performance. Further studies in using
Fuzzy Logic for data fusion of multiple cues will be
our future direction.
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