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ABSTRACT

This paper presents a robust face detector under partial
occlusion. In recent years, the effectiveness of Support Vec-
tor Machine (SVM) to object detection is reported. How-
ever, conventional methods apply one kernel to global fea-
tures. Therefore, those methods are not robust to occlusion
because global features are influenced easily by noise or oc-
clusion. To overcome this problem, SVM with local kernels
is proposed. It is used to realize a robust face detector under
partial occlusion. The robustness of the proposed method
under partial occlusion is shown by using the occluded face
images. The proposed method can detect the faces wearing
sunglasses or scarf. It is also confirmed that the proposed
method is superior to the conventional SVM with global ker-
nel.

1. INTRODUCTION

Face detection is the first essential step for automatic face
recognition. Since automatic face recognition has many po-
tential applications, face detection becomes an active re-
search area [1, 2]. Some frontal face detection methods
give high detection rate under the restricted environment
[1, 2]. However, in practical environment and applications,
there is some obstacles such as occlusion, illumination di-
rection changes, and view changes. Therefore, the face de-
tection under practical environment is difficult. The robust
face detection method to some obstacles is desired. At this
point, the robustness to occlusion is important, because hu-
man faces are sometimes occluded by sunglasses or mask in
real world. Furthermore, the shadows on faces induced by
illumination direction changes are considered as one of the
occlusion.

In recent years, the effectiveness of Support Vector Ma-
chine (SVM) to object detection is reported [3, 4]. How-
ever, in the conventional approaches, one kernel is applied to
global features. Therefore, those methods are not robust to
occlusion, because global features are influenced easily by
noise or occlusion. It is considered that local features based
recognition is more robust to noise or occlusion, because
local features on non-occluded region is not influenced by
occlusion. If local similarities are integrated well, it is ex-
pected that the robustness to occlusion is realized. For ex-
ample, Martinez realized the robust recognition under par-

tial occlusion by integrating the local similarities [5]. From
these considerations, in order to give SVM the robustness
under partial occlusion, it is necessary to treat local features
in SVM. In that method, the robustness to occlusion is real-
ized by integrating the local similarities. In this paper, SVM
with local kernels is proposed. It is used to realize a robust
face detector under partial occlusion.

In order to use local kernels in SVM, it is necessary that
one kernel value is computed from local kernels. The prod-
uct and summation of local kernels are considered as the
integration methods of local kernels which satisfy Mercer’s
theorem [6, 7]. As described above, how to integrate the lo-
cal similarities (kernels) is important. It is considered that
the local summation kernel is better than local product ker-
nel. The product value of local kernels becomes low when
some local kernels give low values. Therefore, the product
of local kernels is not robust to noise or occlusion. On the
other hand, the summation of local kernels is robust to that
case, because the summation is not influenced by low values
of some local kernels. Therefore, the summation of local
kernels is used to integrate the local kernels. We call this the
local summation kernel. In this paper, the robust face de-
tector under partial occlusion is realized by using SVM with
local summation kernel.

In recent years, a face detection method based on lo-
cal SVM is proposed [8]. Although that method uses local
features, SVM is applied to all features extracted from lo-
cal region. Namely, the global kernel is applied to local re-
gion. Therefore, that method is different from the proposed
method based on local kernels. Since that method uses all
features of local region, it is not robust to occlusion.

To show the effectiveness of the propose method, the
comparison with the global kernel based SVM is performed.
The robustness under partial occlusion is investigated by us-
ing the face images to which a white square is added ran-
domly. The proposed method gives high performance un-
der partial occlusion, while the performance of the global
kernel based method decreases dramatically. In addition, it
is confirmed that the proposed method can detect the faces
wearing sunglasses or scarf. The face with shadows is also
detected correctly.

In section 2, a face detector based on SVM with local
summation kernel is explained. Section 3 shows the ef-
fectiveness of the proposed method. Conclusion and future
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works are described in section 4.

2. A ROBUST FACE DETECTOR TO OCCLUSION

This section explains SVM with local summation kernel for
robust face detection under partial occlusion. Since the pro-
posed method is based on local kernels, we use Gabor filters
which can extract local appearance. The properties of Gabor
filter are described in section 2.1. In section 2.2, SVM with
local summation kernel is explained.

2.1. Gabor filter

The outputs of Gabor filter are regarded as sparse coding,
because Gabor-like receptive fields are obtained by using the
constraint which maximizes the sparseness of the response
to natural images [9]. It is also reported that Gabor-like fil-
ters are obtained by using the info-max network which is
able to perform independent components analysis [10]. This
means that the outputs of Gabor filters are regarded as inde-
pendent of each other.

Gabor filters are defined by

ψk (x) =
k2

σ2
exp

(−k2x2

2σ2

)

[

exp (ikx) − exp
(

−σ2/2
)]

, (1)

where x = (x,y)T, k = kν exp (iφ), kν = kmax/f
ν ,

φ = µ · π/4, and f =
√

2. In the following experiments,
Gabor filters of 4 different orientations are used. The size of
Gabor filters is set to 9 × 9 pixels.

2.2. SVM with local summation kernel

First, we explain the SVM [7] briefly. SVM determines the
optimal hyperplane which maximizes the margin. The mar-
gin is the distance between hyperplane and nearest sample
from it. When the training set (sample and its label) is de-
noted as S = ((xi,yi), . . . , (xL,yL)), the decision function
is defined by f(x) =

∑L

i αiyix
T
i x. α is the solutions of

quadratic programming problem. The training sample with
non-zero α is called support vector. This decision function
assumes the linearly separable case. In the linearly non-
separable case, we can use the non-linear transform Φ(x).
The training data is mapped into high dimensional space
by Φ(x). By maximizing the margin in high dimensional
space, non-linear classification can be done. If inner prod-
uct Φ(x)TΦ(y) in high dimensional space is computed by
kernel K(x,y), then training and classification can be done
without mapping into high dimensional space. The decision
function using kernel is defined by

f(x) =

L
∑

i

αiyiΦ(xi)
TΦ(x) =

L
∑

i

αiyiK(xi,x). (2)

Mercer’s theorem gives whether K(x,y) is the inner
product in high dimensional space. The necessary and suffi-

cient conditions are symmetryK(x,y) = K(y,x) and pos-
itive semi-definiteness of kernel matrix K = (K(xi,xj))

L
i,j=1.

Examples of kernel which satisfy Mercer’s theorem are Gaus-
sian and polynomial kernel.

Next, SVM with local kernels is explained. First, we
consider the type of local kernel. In the proposed method,
local kernels are arranged at all positions of faces. Each lo-
cal kernel plays the role of cells specialized to local features
of each person’s face. In order to make the cells special-
ized to local features, the stimulus selectivity of Gaussian
is suited. Therefore, Gaussian kernel is used as the local
kernel. Local Gaussian kernel is defined by

Kp (x(p),y(p)) = exp

(

−||x(p) − y(p)||2
σ2

p

)

, (3)

where p is the label of position. x(p) and y(p) represent
the feature vector of local region centered at position p. At
the simplest case, x(p) and y(p) are the scaler feature of
position p.

In order to use local kernels in SVM, it is necessary
that kernel value K(x,y) is computed from local kernels
Kp (x(p),y(p)) arranged at all positions of recognition tar-
get. The product and summation of local Gaussian kernels
are considered as the integration method of local kernels.
The product and summation of local Gaussian kernel sat-
isfy Mercer’s theorem [6, 7]. We call these two kernels as
the local product kernel and local summation kernel respec-
tively. It is considered that the local summation kernel is
better than local product kernel. The reason is as follows.
In local product kernel, if some local kernels give low val-
ues, then the product kernel value becomes low. This rep-
resents that the product kernel is influenced easily by noise
or occlusion. Note that local product kernel corresponds to
global Gaussian kernel when the variances of all local ker-
nels are same and x(p) is the scaler feature of position p.
Namely, global Gaussian kernel is also influenced easily by
noise or occlusion. On the other hand, local summation ker-
nel is not influenced when some local kernels give low value.
This represents that local summation kernel is robust to oc-
clusion. Therefore, local summation kernel is used in this
paper. The local summation kernel and global Gaussian ker-
nel (local product kernel) are compared in section 3. The
decision function of SVM with local summation kernel is
defined by

f(x) =

L
∑

i

αiyi

1

N

N
∑

p

Kp (xi(p),x(p)) , (4)

where N is the number of local kernels. From equation (4),
we understand that the mean of local kernels is used as the
kernel value. The kernel value is normalized from 0 to 1 by
dividing by the number of local kernels.

3. EXPERIMENTS

This section shows the effectiveness and robustness of the
proposed method. First, image database is described in sec-
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tion 3.1. Next, the comparison results and face detection
results are shown in section 3.2.

3.1. Image Database

In this paper, HOIP face database1 and CMU test face database
[11] are used as face images. The face regions of these
images are cropped by using the positions of eyes, nose,
and mouth. The number of cropped face images is 933
(HOIP:300 and CMU:633). Since the number of HOIP face
images is small, their mirroring images are also used. Exam-
ples of face images are shown in Figure 1 (a). The face im-
ages captured under various environment are included. The
size of these images is 38 × 38 pixels. Gabor features are
extracted at an interval of 1 pixel from 38 × 38 pixel’s im-
ages. As a result, 900(= 15 (height) ×15 (width) ×4 (orien-
tations)) dimensional Gabor features are obtained from one
image.

In the following experiments, these face images are di-
vided into 3 sets. Each set includes 100 images of HOIP
database and 211 images of CMU database. The first set is
used for training the SVM. The second set is used for se-
lecting the parameters of SVM. The optimal parameters are
determined by using the error rate to the second set. The
third set is used for evaluating performance. The number of
face images become small by dividing the database. There-
fore, the number of face images is increased by shifting the
original face images 1 pixel vertically and horizontally. The
number of face images is increased 5 times by this process-
ing. The shifting of face images is performed only to the
first and second face sets.

On the other hand, the non-face images are obtained by
PICS database [12], pbic database [13], and WWW. The
17, 750 images with 38 × 38 pixels are cropped randomly
from PICS and WWW images. Examples of non-face im-
ages are shown in Figure 1 (b). These images are divided
into 2 sets. The first set which includes 13, 350 images
is used for training the SVM. The second set (remaining
images) is used for selecting the parameters. To improve
the performance, non-face images are gathered by bootstrap
[14]. SVM with different kernels may have the different
similarity measure. Therefore, the bootstrap of each classi-
fier is performed to the same images independently. If the
same non-face region is selected by the classifiers with dif-
ferent kernels, then one of them remains and the others are
eliminated. The 10, 619 non-face images are gathered by
bootstrap. These images are also used for training the SVM.
The 100 pbic images are used for evaluating performance.

Face detection has two measures for evaluation; false
positive rate and true positive rate. False positive is that non-
face is misclassified as the face class. True positive is that
face is classified correctly. To evaluate two measures simul-
taneously, Receiver Operating Characteristic (ROC) curve is
used [8]. In this paper, 100 images obtained from the pbic

1The facial data in this paper are used by permission of Softpia Japan,
Research and Development Division, HOIP Laboratory. It is strictly pro-
hibited to copy, use, or distribute the facial data without permission.

(a) Examples of face images

(b) Examples of non-face images

Fig. 1. Face and non-face images

Fig. 2. Examples of occluded face images

database are used to evaluate false positive rate. The trained
face detector is applied to 100 images at an interval of 1
pixel. The 7, 670, 478 non-face regions of 38 × 38 pixels
are obtained from 100 pbic images. All regions are used to
compute false positive rate.

On the other hand, true positive rate is computed by us-
ing the third face set. In order to investigate the robustness to
occlusion, a white square of M ×M pixels is added to face
image randomly. We evaluate a case in whichM is 0, 5, and
10. M = 0 means non-occlusion. Examples of occluded
face images are shown in Figure 2.

3.2. Performance Evaluation

The proposed method is compared with global Gaussian and
global polynomial kernel. Since the proposed method uses
Gaussian kernel as local kernels, the comparison with global
Gaussian kernel is equivalent to the comparison of the lo-
cal kernel and global kernel. On the other hand, global
polynomial kernel also has the summation of local features

K(x,y) =
(

1 +
∑N

p x(p) · y(p)
)d

. Therefore, it is ex-
pected that global polynomial kernel is also robust to occlu-
sion. In this experiment, d is set to 2 which gives the high-
est performance to the data set for parameter setting. The
comparison result (ROC curve) is shown in Figure 3. The
horizontal axis represents false positive rate on logarithmic
scale. The vertical axis represents true positive rate. High
true positive rate and low false positive rate means good per-
formance. Therefore, upper left curve is the best. Figure
3 (a) shows the results of non-occlusion case. In the non-
occlusion case, the global kernel based methods give bet-
ter performance. However, at lower false positive rate, the
proposed method gives better performance. This shows that
faces are classified with high similarity.

Figure 3 (b) shows the performance when a white square
of 5 × 5 pixels is added. In the occluded case, the perfor-
mance of the global kernel based SVM decreases dramati-
cally. This result shows that global kernel is influenced eas-
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Fig. 4. Examples of face detection results

ily by occlusion. On the other hand, the performance of the
proposed method gives high performance. This means that
local summation kernel is robust to occlusion. Similarly, in
the case of the occlusion by a white square of 10×10 pixels,
the proposed method gives the best performance. The per-
formance of global polynomial kernel is better than that of
global Gaussian kernel, because polynomial kernel has the
summation of local features. However, the modeling of lo-
cal features is not sufficient. Therefore, its performance is
worse than the proposed method.

Finally, the face detection results of the proposed method
are shown in Figure 4. We understand that the faces wear-
ing sunglasses or scarf are detected correctly. These images
are obtained from AR face database [15]. The shadow on
a face is considered as one of the occlusion. Therefore, the
face with shadow is also detected correctly. This image is
obtained from Yale face database B [16]. In addition, some
faces with occlusion are detected correctly.

4. CONCLUSIONS

We present a robust face detector under partial occlusion.
The conventional face detection methods based on SVM use
global kernel. Those methods are not robust to occlusion
because global features (kernel) are influenced easily by oc-
clusion. In order to be robust under partial occlusion, local
summation kernel is introduced in SVM.

The robustness to occlusion is confirmed by experiments
using the occluded face images. The proposed method gives
high performance under partial occlusion, while the perfor-
mance of the global kernel based SVM decreases dramat-
ically. In addition, the effectiveness and robustness of the
proposed method are shown by some face detection results.
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