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Abstract. Correlation ﬁlters have been extensively used in face recognition but surprisingly underused in head pose classiﬁcation. In this paper,
we present a correlation ﬁlter that ensures the tradeoﬀ between three criteria: peak distinctiveness, discrimination power and noise robustness.
Such a ﬁlter is derived through a variational formulation of these three
criteria. The closed form obtained intrinsically considers multiclass information and preserves the bidimensional structure of the image. The ﬁlter
proposed is combined with a face image descriptor in order to deal with
pose classiﬁcation problem. It is shown that our approach improves pose
classiﬁcation accuracy, especially for non-frontal poses, when compared
with other methods.
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Introduction

The orientation of a subject’s head relative to a given coordinate systems is
commonly referred as head pose in computer vision [11]. The pose of a human
head in such a system depends on the muscular movement of the neck as well as
the orientation of the body. Pose estimation can be useful in multiple practical
applications including face recognition, gaze direction estimation and hands-free
human computer interaction. Taking into account the level of precision, we can
carry out either a ﬁne or a coarse pose estimation. In the ﬁrst case, we aim at
determining the pitch, roll and yaw rotation angles by assuming that human
head is limited to three degrees of freedom [11]. In the second case, a ﬁnite
number of poses are modeled so that pose estimation becomes a classiﬁcation
problem.
Pose estimation problem from both perspectives has been tackled using diﬀerent types of approaches. The reader can ﬁnd further details about the taxonomy
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of these methods in [11]. In this work, we address in particular the appearancebased category for coarse pose classiﬁcation [1,2,9,16–18]. Appearance-based
approaches extract facial features assuming that such features are related to
the pose of the head [9]. As a result, a statistical learning technique is used
from the features extracted in order to infer each pose class. According to [11],
these methods are advantageous because they do not require facial points to be
detected. However, their most signiﬁcant drawback is the fact that a diﬀerent
identity can produce more dissimilarity than a change in pose classiﬁcation.
An interesting technique that has not been widely exploited for pose classiﬁcation are correlation ﬁlters, especially considering that they are quite popular
in face recognition [4,7,8]. A correlation ﬁlter represents a template for recognizing a speciﬁc pattern. Thus, a sharp peak is expected to indicate the presence
of the such a pattern when correlating the ﬁlter with a target image. Such a
technique allow us to operate in frequency domain, beneﬁcial for recognition
problems, while providing shift-invariance, noise robustness and a closed form
solution [7]. Consequently, a correlation ﬁlter can be advantageous for coping
with the problem of appearance-based pose classiﬁcation.
A well-know ﬁlter is the Optimal Trade-oﬀ Filter (OTF) [13], which is derived
from the constrained optimization of two criteria: Signal-to-Noise Ratio (SNR)
and the Peak-to-Correlation Energy (PCE). Other ﬁlters (MVSDF [6], ECPSDF
[12], MACE [10], and POUMACE [8]) are special cases of the OTF. However,
most of these correlation ﬁlters are designed by transforming the image into a
one-dimensional vector. It means that the spatial structure of the image is somehow neglected. In this work, a correlation ﬁlter is derived from three criteria
through a variational formulation. As a result, we obtain a close form preserving
image spatial structure unlike existing correlation ﬁlters. The correlation ﬁlter
proposed is compared with state-of-the-art approaches for face pose classiﬁcation. The rest of the paper is structured as follows. In Sect. 2, the derivation
of the ﬁlter is presented. Experimental results are shown in Sect. 3. Finally, the
conclusions are drawn in Sect. 4.

2

Derivation of 2D Correlation Filter

In this section, we propose a new correlation ﬁlter hk (X) where X = (x, y) represents space domain coordinates. For this purpose, we assume that common
features are mostly shared within the same class k and not with other classes.
Firstly, we deﬁne the three criteria to be fulﬁlled by our correlation ﬁlter. Secondly, a closed form is obtained by using variational calculus.
The ﬁrst criteria represents that a correlation ﬁlter should deliver a sharp
peak at the origin for an image belonging to the correct class. For this reason,
we force the correlation space to resemble a known function gk (X) having the
maximal energy in the origin such as: Gaussian function or a Dirac distribution.
It would be then deﬁned as follows:
 +∞
c k )(X) − gk (X))2 dX
((vik h
(1)
minhk
−∞
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where the correlation space (v h)(X)
represents an inner product of the image
v(X) and the shifted correlation ﬁlter h(X).
The second criteria imposes that the correlation energy between a ﬁlter and
an image of the same class should be maximal while being minimal otherwise.
Then, it can be simply expressed as the minimization of the correlation energy
with respect to other classes:
Nl  +∞
M 

c k )2 (X)dX
(vjl h
(2)
minhk
l=k j=1

−∞

The third requirement focuses on the eﬀects of noise in ﬁlter performance.
According to Rice [14], noise produces several maxima in the correlation surface.
Setting the distance between maxima to a speciﬁc constant reduces the number of
maxima in the correlation space. It has been shown in [3], that such a requirement
is equivalent to derive a ﬁlter that ensures a smooth correlation space. Then,
the smoothness can be measured through the norm of the ﬁeld produced by a
diﬀerentiation operator applied to the correlation space:
 +∞
c k )(X)||2 dX
||∇(vik h
(3)
minhk
−∞

Therefore, the variational problem can be formulated as the minimization of
the weighted sum of the three criteria. Taking into account all images of the k th
class, it can be written as:
 +∞ 
Nk
c k )(X) − gk (X))2
( ((vik h
hk = argminhk
−∞

+ λ2

Nk


i=1

c xk )(X)2 + (vik h
c yk )(X)2 )
((vik h

(4)

i=1
Nl
M 

c k )2 (X)))dX
(vjl h
+ λ1 (
l=k j=1

where λ1 and λ2 are Lagrangian multipliers, Nk is the number of samples for
the k th class, and hkx (X) and hky (X) are the ﬁrst order derivatives of hk (X). In
this variational formulation, we notice the multiclass nature of this correlation
ﬁlter, i.e., it depends on both the images of the k th class and those of the other
classes. Moreover, the bidimensional structure of the images is preserved because
they are never transformed into a column vector. This is a distinctive point of
our proposal when compared to traditional correlation ﬁlters.
In order to derive the closed form of the ﬁlter hk (X) solving the variational
problem, Gateaux derivatives are used to ﬁnd the Euler-Lagrange partial diﬀerential equation (PDE). A straightforward manipulation of the PDE in Fourier
domain results in the following closed form (see Appendix):
Nk

ĝk (W )
∗
v̂ik
(W )


M
Nl
2 (1 + λ ||W ||2 ) + λ
2
||v̂
(W
)||
||v̂
(W
)||
2
1
ik
jl
i=1
j=1
l=k
i=1

ĥk (W ) = N
k
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Fig. 1. Pose classes in CMU PIE database (Left:-90◦ to Right: 90◦ )

where ˆ denotes the Fourier Transform, ∗ the complex conjugate and W =
(wx , wy ) represents the frequency domain coordinates.

3

Experimental Results

In the experiments, the CMU PIE database [15] is employed for comparing the
correlation ﬁlter proposed with state-of-the-art approaches in pose classiﬁcation.
This database was constructed from 68 individuals, each one captured under 9
diﬀerent horizontal poses (yaw) and 21 illumination conditions. Since we are
evaluating pose variations, only the 612 images frontally illuminated will be
used in our experiments. Those poses range from -90◦ to 90◦ using a 22.5◦
step, see Fig. 1. From all these images, the faces were automatically detected
and cropped to a 32 x 32 resolution based on the position of the eyes. Then, a
half of the images per each pose class are randomly selected for training, 306
in total, and the other 306 are used for testing. This two-fold cross-validation is
the same experimental setup used for testing the other three methods to which
we will compare our approach. Additionally, we use the Local Binary Patterns
(LBP) descriptor of the face images for designing the corresponding correlation
ﬁlter because LBP has been eﬀective in face recognition [5]. It should be noticed
that we refer to the LBP descriptor as an image, i.e. we do not compute the
histogram, so that the bidimensional structure is preserved. This idea of using
a face descriptor instead of the raw image is also exploited in [2] but employing
Gabor features.
Table 1. Pose estimation accuracy (%) per Class for 32 x 32 resolution.
Per pose class
Brown(Probabilistic) [2]

Mean -90◦

-67.5◦ -45◦

-22.5◦ 0◦

22.5◦ 45◦

67.5◦ 90◦

91

–

–

–

–

–

–

–

–

Brown(Neural Network) [2] 91

–

–

–

–

–

–

–

–

–

Takallou [16]

90.1

85

87

91

87

94

97

89

93

88

LBP+2DCorrFilter

94.38 91.18 91.18

95.88 95.29

95.88 100

94.71 89.41

–

95.88

In Table 1, we present the performance delivered by pose estimation
approaches in CMU PIE database. The ﬁrst column shows the mean score, i.e.
considering all pose classes, and the other columns the speciﬁc score per class if
provided. In the case of the state-of-the-art methods, we simply display the percentages reported by each of them. For this reason, we limit our comparison to
those pose classiﬁcation approaches that has been tested in CMU PIE database
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following the experimental setup described above. For our proposal, the average
pose estimation accuracy computed from 10 diﬀerent two-fold cross-validation
conﬁgurations is reported.
On one hand, it can be seen in the ﬁrst column that the LBP+2DCorrFilter
approach improves the other methods in more than 3 % in terms of the mean
score. The best performance of the 2D correlation ﬁlter is obtained by setting
λ1 = λ2 = 0.5 and using a Gaussian function as gk (X). On the other hand,
we appreciate that our method is superior to Takallou’s approach in 8 out of
the 9 pose classes considered. For frontal pose, 0◦ , both of them deliver comparable percentages. In the case of 67.5◦ pose, Takallou’s method overcomes
LBP+2DCorrFilter in about 4 %. However, in the remaining pose classes the difference in favour of LBP+2DCorrFilter combination is clearly observed reaching
a maximal gap of about 8 % for the 90◦ pose class.
Overall, we can see that the LBP+2DCorrFilter method delivers the top
mean pose classiﬁcation score among the approaches compared. More importantly, our approach is capable of overcoming Takallou’s approach for most of
the pose classes deviated from the frontal pose. It means that preserving bidimensional image structure actually contributes to improve pose estimation when
dealing with non-frontal head orientations. In terms of computational complexity, the design of the correlation ﬁlters representing each class is O(N d(1+log d))
where N the total number of training images and d the dimension of one image.
It means that the complexity of our proposal is based on the computation of N
Fourier Transforms which can be executed in O(d log d). If we consider that the
correlation ﬁlters can be derived oﬀ-line, such a cost is reduced to computing
one Fourier Transform for the target image in recognition phase.

4

Conclusions

In this work, a bidimensional correlation ﬁlter is presented. It is derived from
three criteria which take into account the peak at the origin, the discrimination power and the robustness to noise of the ﬁlter. The closed form obtained
through variational calculus has a multiclass nature and preserves the bidimensional structure of an image representation. In the experimental evaluation, we
combine the eﬀective LBP descriptor with the correlation ﬁlter proposed for
head pose classiﬁcation. When compared with other state-of-the-art methods,
our approach delivers the top performance in terms of the mean percentage as
well as for most of the nine pose classes evaluated.

5

Appendix

Let us now compute Gateaux derivative of the variational problem in Eq. (4).
 ∞ 
Nk
∂ k
c k )(X) − gk (X))(vik ϕ
c k (X))
E (hk + εϕk ))|ε=0 =
( ((vik h
∂ε
−∞ i=1
+λ2

Nk

i=1

c xk )(X)(vik ϕ
c xk )(X) + (vik h
c yk )(X)(vik ϕ
c yk )(X))
((vik h
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Nl
M


c k )(X)(vjl ϕ
c k )(X))dX = 0
+λ1
2
(vjl h
l=k

j=1

The ﬁrst term of this equation can be rewritten as:


Nk
∞ 

−∞ i=1

c k )(X) − gk (X))(vik ϕ
c k )(X)dX
((vik h



∞

=
−∞

ϕk (t)

Nk

c
c k ) − gk )(t)dt
(vik ((v
ik h
i=1

We apply the same analysis for second and third terms. Then, the result of
the second term is integrated by parts. As a result, we get the following EulerLagrange equation:
Nk


c ik h
c k )(X) + λ2
(vik v

i=1

Nk


c ik h
c xk )x (X) + (vik v
c ik h
c yk )y (X))
((vik v

i=1

+ λ1

Nl
M 


c jl h
c k )(X) =
(vjl v

l=k j=1

Nk


c k )(X)
(vik g

i=1

A straightforward manipulation allows to write:
Nk


c ik h
c k )(X) + λ2
(vik v

i=1

Nk


c xik h
c k )(X) + (vyik v
c yik h
c k )(X))
((vxik v

i=1

+ λ1

Nl
M 


c jl h
c k )(X) =
(vjl v

l=k j=1

Nk


c k )(X)
(vik g

i=1

This equation is solved in the Fourier domain by using the properties ââ∗ = ||â||2
ˆ
and fx (X)(W
) = jwx fˆ(W ), the resulting ﬁlter is given by:
Nk

∗
v̂ik
(W )gˆk (W )
M Nl
2
2
2
l=k
i=1 ||v̂ik (W )|| (1 + λ2 ||W || ) + λ1
j=1 ||v̂jl (W )||

ĥk (W ) = Nk
where

∗

i=1

denotes the complex conjugate.
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