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ABSTRACT

Eye localization is a key step in many face analysis related applications. In this paper, we present a novel eye localization
method based on a group of trained ﬁlters called correlation
ﬁlter bank (CFB). We formulate the eye localization problem
as an optimization problem with a well-deﬁned cost function
based on CFB. The CFB is trained with an EM-like adaptive
clustering approach. The trained ﬁlter bank includes several
discriminative ﬁlter templates, each of them suits to a different face condition from the others, thus can provide accurate
eye localization ability for variable poses, appearances and illuminations. Simulation comparisons with cascade classiﬁerbased method [1], traditional single correlation ﬁlter based
methods [2][3] and pictorial structure model based method
[4] demonstrates the superiority of the proposed method both
in detection ratio and localization accuracy.
Index Terms— Eye Localization, Correlation Filter, Filter Bank, Regression, Adaptive Clustering
1. INTRODUCTION
Face recognition is one of the most important and concentrated problems in computer vision. By providing some basic
information of the face, accurate eye localization plays a key
role in face recognition and many other face analysis related
applications. By contrast with eye detection, eye localization
involves a more precise prediction of eye positions. According to the information that is used for model building, the existing eye localization techniques are classiﬁed into three categories [4]: characteristics based methods, statistical based
methods and hybrid methods.
Characteristics based methods perform eye localization
by measuring eye inhere features such as shape, contrast and
context. These techniques have limitations under the complex or uncontrolled conditions due to unreliable measuring
of characteristics. Statistical based methods learn statistical
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appearance model from a set of training images to extract useful visual features. Hybrid methods integrate structural
information into statistical appearance model to improve eye
localization. These methods combine the eye characteristics
and the appearance under the same framework. The typical
methods include pictorial structure model [4], active shape
model (ASM) [5], active appearance model (AAM) [6], and
so on. Hybrid methods provide a good mechanism to infer
the location of an object by estimate the locations of its parts. They usually localize multiple features simultaneously. In
this paper, we focus on statistical based methods.
Statistical based methods aim to ﬁnd a function to discriminate eye and non-eye classes directly. In this way, the
problem of eye localization boils down to a binary classiﬁcation problem and the trained result is an eye classiﬁer. A
well-known classiﬁer is proposed in [1], which uses Haar
cascade classiﬁer for face recognition [7] to locate the eyes. When an approximate location of the eye is known, this
method could obtain good performance. However, detection
errors happen when not having sufﬁcient prior knowledge.
Besides, classiﬁer-based methods are set to optimize the classiﬁcation accuracy rather than localization accuracy, thus the
trained classiﬁer may not give the maximal response at the
right object location. One way to tackle this problem is to
formulate localization task as a regression rather than a classiﬁcation problem by incorporating the positions of the eyes.
In this setting, the training data are given by a set of input
images with the corresponding eye positions, and the training
goal is to learn a regressor that maps from the input image to
the predicted eye position. In [2], Bolme et al. perform regression by constructing a correlation ﬁlter that exactly transforms each training image to its correlation image, then simply average all of these exact correlation ﬁlters to obtain the
ﬁnal learned ﬁlter called average synthetic exact ﬁlter (ASEF). ASEF method could achieve good performance on eye localization with very low runtime cost. As an extension, in [3],
Bolme et al. proposed a minimum output sum of squared error (MOSSE) ﬁlter, which can get better outcome with fewer
training samples. In [8], Heﬁn et al. adopted a similar method
to perform eye localization task by ﬁrst warping the face im-

age through the candidate response pair and then selecting the
one leading to face image with best quality. The crucial step
in correlation ﬁlter based methods is ﬁlter construction. When
the ﬁlter ﬁts test samples, good outcome could be expected.
However, one single correlation ﬁlter could hardly ﬁts all the
testing face images due to huge appearance variations of face
in lighting, expression, pose and so on.
In this paper, we proposed a regression-based method to
address eye localization task under diverse conditions. We
pose the eye localization problem as an optimization problem
and deﬁne an energy function with a group of correlation ﬁlter
called correlation ﬁlter bank (CFB). An EM-like approach is
exploited to solve the energy minimization problem by adaptively clustering training images and learning correlation ﬁlter
in an alternative manner. The resulting CFB can provide good
ability to locate eye for face images under variable appearances adaptively. We evaluate our method with several eye
localization methods, which demonstrates the advantages of
our method both in localization performance and robustness.

2.1. Correlation ﬁlter
Correlation ﬁlter have been widely used in pat-tern recognition ﬁeld [9]. A correlation ﬁlter is a spatial-frequency array
(equivalently, a template in the image do-main). With correlation ﬁlter, patterns of interest in images are searched for
by cross correlating the input image with one or more example templates and examining the resulting correlation output
for possible correlation peaks. For computational efﬁciency,
correlation operation is performed in frequency domain, i.e.
ˆ∗
𝒈ˆ = 𝒇ˆ𝒉

ˆ are the 2D Fourier Transform of the query
where 𝒇ˆ, 𝒈ˆ and 𝒉
image 𝑓 , the desired output 𝑔 and ﬁlter template ℎ respectively. The symbol * denotes complex conjugate. The desired
correlation output is synthetically generated with a peak at
the center of the target and (near) zero value elsewhere. In
our case, it is deﬁned with a 2D Gaussian function according
to associated position of the target, in our case the left eye,
𝑔𝑖 (𝑥, 𝑦) = 𝑒−[(𝑥−𝑥𝑖 )

2. PROPOSED APPROACH
We only discuss the localization for the left eye. The case for
the right eye is similar. Suppose the training data include a
set of n face images {𝑓1 , 𝑓2 , . . . , 𝑓𝑛 } and the corresponding
labeled positions of eyes {(𝑥1 , 𝑦1 ) , (𝑥2 , 𝑦2 ) , . . . , (𝑥𝑛 , 𝑦𝑛 )}.
The framework of our approach is shown in Figure 1. In training stage, the goal is to learn a group of discriminative correlation ﬁlters called CFB which maps from input face image
to eye position. In this stage, an EM-like adaptive clustering
method is adopted. The training images are ﬁrst initially preprocessed and separated into several classes to pre-train the
initial ﬁlters, then iteratively reclassiﬁed and retrained to get
the ﬁnal ﬁlter bank. In testing stage, the testing face image
is correlated with all the correlation ﬁlters in the trained CFB
and the ﬁnal eye position is chosen as the location with peak
response from the optimal correlation outputs. More details
can be found in 2.2.
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Fig. 1. Block Diagram of CFB based eye localization.
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(2)

where 𝜎 is scale parameter for controlling the sharpness of
correlation output. For a single input image 𝑓𝑖 and the corresponding output 𝑔𝑖 , the exact correlation ﬁlter or template (in
spatial domain) equivalently is obtained in frequency domain
with
ˆ ∗ = 𝒈ˆ𝑖 /𝒇ˆ𝑖 = 𝒈ˆ𝑖 𝒇ˆ∗ /𝒇ˆ𝑖 𝒇ˆ∗
(3)
𝒉
𝑖
𝑖
𝑖
where the numerator is the correlation between 𝒈ˆ𝑖 and 𝒇ˆ∗𝑖 ,
while the denominator is the energy spectrum of 𝒇ˆ𝑖 . A set of
exact correlation ﬁlters of input data can be used to construct
correlation ﬁlter for general localization applications. ASEF
[2] is constructed by averaging all the exact ﬁlters:
ˆ=
𝒉

𝑛
∑

ˆ𝑖
𝒉

(4)

𝑖=1

In (4), the exact ﬁlter can be thought as a weak classiﬁer that
only performs perfectly on a particular training image, and
then ASEF is a strong classiﬁer consisting of multiple weaker ones. ASEF needs to learn with many training images to
perform well. MOSSE ﬁlter [3] is proposed to get improved
performance with fewer training images. Compared to ASEF
ﬁlter, MOSSE ﬁlter has a more reasonable way of combining
all the training images and desired output. Its goal is to ﬁnd
a ﬁlter that minimizes the sum of squared error between the
actual correlation output and the ideal desired correlation output. It can be presented as an optimization problem as below,
𝑛 
2
∑
 ˆ ˆ∗

(5)
min
𝒇𝑖 𝒉 − 𝒈ˆ𝑖 
ˆ
𝒉

Testing

(1)

𝑖=1

Both ASEF ﬁlter and MOSSE ﬁlter are suitable for localization applications since they design correlation output for mapping from each single training image to its labeled eye position, which makes the ﬁnal ﬁlter ﬂexible and discriminative

for object localization. However, training all the images to
get one single correlation ﬁlter ignores the huge variance among images, which leads to the trained template work less
well in complicate situations.

calculating iteratively. All the training data need to be reclassiﬁed in clustering step with having the minimal difference
between the correlation output and the desired output,
2


 ˆ (𝑗)
− 𝒈ˆ
𝑗𝑏𝑒𝑠𝑡 = arg min 𝒇ˆ𝒉
𝑗

(10)

2.2. Correlation Filter Bank
The algorithm process is as blow:
In order to address the localization errors when using single
correlation ﬁlter, we train a set of discriminative ﬁlter called
CFB to adaptively handle localization under different face
conditions. The CFB design can be posed as an optimization
problem,
min
𝒉(𝑗)

𝐾
∑
𝑗=1

(

𝑛𝑗

2
2
1 ∑

 (𝑗)

(𝑗) 
𝑓𝑖 ⊗ ℎ(𝑗) − 𝑔𝑖  + 𝜆ℎ(𝑗) 
𝑛𝑗 𝑖=1

)
(6)

where K is the number of correlation ﬁlters, 𝑛𝑗 is the number
∑𝐾
of training images in the j-th subset and 𝑛 =
𝑗=1 𝑛𝑗 , ⊗
denotes the convolution operation and 𝜆 is the regularization
parameter. The optimization problem can be solved efﬁciently in frequency domain where the objective function has the
following closed form expression similar with [10],
min
𝒉(𝑗)

𝐾
∑

)
(
ˆ (𝑗) , 𝐶 (𝑗)
𝐸 𝒉

(7)

𝑗=1

where total energy in Eq. (7) involves
( all the)energy associˆ (𝑗) , 𝐶 (𝑗) is the energy
ated with each training subset. 𝐸 𝒉
associate with the j-th training subset 𝐶 (𝑗) , and deﬁned as
𝑛𝑗
)
(
∑
ˆ (𝑗)† 𝑭ˆ (𝑗)† 𝑭ˆ (𝑗) 𝒉
ˆ (𝑗)
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𝒉
𝑖
𝑖
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ˆ
𝑭
𝑭𝑖
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]−1 [

At testing step, the input face image ﬁrst correlates with
all the ﬁlters in trained CFB to get the correlation outputs with
𝑔 (𝑗) = 𝐼𝐹 𝐹 𝑇 (𝑓ˆℎ̂(𝑗) ), where 𝐼𝐹 𝐹 𝑇 (⋅) is the Inverse Fast
Fourier Transform operation. The optimal correlation output
𝑔 (𝑜) is selected as the one with the strongest peak-to-sidelobe
ratio (PSR),
(11)
𝑔 (𝑜) = max 𝑃 𝑆𝑅(𝑔 (𝑗) )
𝑔 (𝑗)

(8)

The PSR of a correlation output g is calculated with,
𝑃 𝑆𝑅(𝑔) = (𝑔𝑚𝑎𝑥 − 𝜇𝑠𝑙 )/𝜎𝑠𝑙

where 𝑭ˆ denotes the diagonal matrix whose diagonal entries
are the elements of 𝒇ˆ, † denotes conjugate transpose, 𝐶 (𝑗)
is the j-th cluster of training data. Due to energy independence among all training subsets, the solution has the following closed form expression for the CFB,
[

Algorithm 1 Training CFB.
Input:
Training face images {𝑓1 , 𝑓2 , . . . , 𝑓𝑛 };
Labeled eye positions {(𝑥1 , 𝑦1 ) , (𝑥2 , 𝑦2 ) , . . . , (𝑥𝑛 , 𝑦𝑛 )}
The number of ﬁlters in CFB 𝐾;
The maximal iteration time 𝑇 ;
Output:
ˆ (𝑗) };
Trained CFB {𝒉
Training:
1: Initialize 𝐾 image subsets with k-means;
ˆ (𝑗) } with Eq. (9) according to the
2: E step: calculate {𝒉
current clustered subsets;
3: M step: reclassiﬁed all the training data with Eq. (10);
4: Check the converge condition: ﬁnish training and output
the ﬁnal CFB if the maximal iteration reaches, go back to
step 2 otherwise;

]

𝑛𝑗
1 ∑ ˆ (𝑗)† (𝑗)
,
𝑭
𝒈ˆ𝑖
𝑛𝑗 𝑖=1 𝑖

𝑗 = 1, 2, . . . , 𝐾
(9)
where I is the identity matrix of appropriate dimensions.
Solving the optimization problem includes simultaneously
clustering the training images into multiple subsets and calculating the corresponding correlation ﬁlter for each subset.
We use an EM-like method to perform clustering and ﬁlter

(12)

where 𝑔𝑚𝑎𝑥 denotes the peak value in g, 𝜇𝑠𝑙 and 𝜎𝑠𝑙 are
the mean and standard deviation of the sidelobe respectively. Then, the eye position is selected as the position with the
maximal peak value in the optimal correlation output.
3. EXPERIMENT
In order to verify the efﬁciency of our proposed eye localization methods, we simulated the experiments on the BioID
dataset which contains 1471 images. For these experiments,
the dataset was randomly partitioned into two sets. One set
was used for training with 1000 images and another for testing with 471 images. The parameters were set as 𝐾 = 5 and
𝑇 = 20 in all experiments. The left eye normalized distance
is calculated as follows:
𝐷𝑙 = ∥𝑃𝑙 − 𝐿𝑙 ∥/∥𝐿𝑙 − 𝐿𝑟 ∥

(13)
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Fig. 2. Energy cost reduces against iteration times.

Fig. 4. Detection ratio under different 𝐷𝑙 threshold.

where 𝑃𝑙 is the predicted eye location estimating by the algorithm, 𝐿𝑙 and 𝐿𝑟 are the real labeled location of the left and
right eye. The operating threshold of 𝐷𝑙 < 0.10 is considered as the criteria for a successful localization. Localization
accuracy is evaluated by the mean of the normalized distance,
which represents how precise a localization algorithm is. Localization robustness is evaluated by the standard deviation of
the normalized distance. Detection ratio is the percentage of
successful localizations.
Before training, a preprocessing step was conducted similar with ASEF method [2]. All the face images are resized
to 64 × 64 pixels, and normalized by ﬁrst taking the log operation and then normalizing the pixel values to have a mean
of 0.0 and energy of 1.0. To reduce the frequency effect in
Fast Fourier Transform (FFT) operation, a cosine window is
applied to the image. In the end, a random similarity transform is operated to enlarge the database and improve the robustness. The similarity transform contains rotates by up to ±15∘ ,
scales by up to 1.0 ± 0.1 and shifts by up to ±4 pixels. Each
training image is randomly perturbed 16 times which results
in 16,000 training examples.
The initialization of training method was performed as
follows: an 11 × 15 region centered at the eye position is

cropped from each training images to conduct k-means clustering. Besides, to improve the training performance, some
examples are removed out due to huge deviation measuring
with L2 norm. Figure 2 shows that the total energy deﬁned in
equations (7) and (8) is reducing when iteration grows. The
resulting CFB includes a group of ﬁlters, which is shown in
Figure 3. The training process adaptively divides the training
set into several clusters according to similar appearance and
yields several discriminative templates.
Figure 4 gives the experimental comparisons of our proposed CFB method with other methods including Haar classiﬁer based method [1], ASEF ﬁlter method [2], MOSSE ﬁlter
method [3] and enhanced pictorial structure method (EPS)
[4]. The grey part in the ﬁgure shows the details when normalized distance threshold 𝐷𝑙 is above 0.08. We evaluate the
detection ratio (percent of successful localization) under different normalized distance threshold. The evaluation examines the robustness of eye localization methods. It shows that
our proposed method has the highest detection ratio under the
same 𝐷𝑙 threshold.
Table 1 gives the results in detail. The detection ratio is
evaluated when normalized distance threshold 𝐷𝑙 < 0.10.
Mean and standard deviation represents the average error of
normalized shifting distance 𝐷𝑙 in (13). It can be seen that

Table 1. Performance comparisons of ﬁve methods
Detection
Standard
Method
Mean
Ratio
Deviation
Haar+Cascade[1]
92.10%
0.0865
0.3617
ASEF[2]
95.27%
0.0631
0.2008
MOSSE[3]
95.70%
0.0532
0.1750
EPS[4]
96.34%
0.0494
0.1349
CFB
97.85%
0.0395
0.1304
Fig. 3. The trained CFB and their corresponding examples.
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Fig. 5. Comparison of the localization results on BioID.

uniﬁed framework. We exploit an EM-like method to get the
ﬁnal correlation ﬁlter bank. The trained CFB contains a group
of discriminative correlation ﬁlters that could handle eye localization task under variable face appearance. Experimental comparisons with other methods show the superiority of
the proposed method both in detection ratio and localization
accuracy. Next step we want to incorporate the structure information into our CFB method, exploit it in more challenge
circumstances and extend the applications to other ﬁelds, such
as car alignment [10], biometric security [11], and so on.
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