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A Fast Method for Face Detection Based on PCA and SVM
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ABSTRACT

Human face detection technique plays an important role in computer vision area. It has lots of applications such as face recognition, video
surveillance, human computer interface, face image database management, and querying image databases.

In this paper, a fast face detection approach using Principal Component Analysis (PCA) and Support Vector Machines (SVM) is proposed
based on the previous study on face detection technique. In the proposed detection system, firstly it filter the face potential area using statistical
feature which is generated by analyzing the local histogram distribution, the detection process is speeded up by eliminating most of the
non-face area in this step. In the next step, PCA feature vectors are generated, and then detect whether there are faces present in the test image
using SVM classifier. Finally, store the detection results and output the results on the test image.

The test images in this paper are from CMU face database. The face and non-face samples are selected from the MIT data set. The
experimental results indicate the proposed method has good performance for face detection.
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1. INTRODUCTION locations in images where faces are present. Face detection

is the first step for any automatic face recognition system,

Face detection is a very useful and helpful technique and first step in many surveillance systems, first step for object

it plays an important role in the real applications. It is the recognition or object tracking. And it is also could be a part
first step of any face processing system is detecting the of identification system.
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Face detection has been researched for more the 20 years.
Nowadays, face detection is still concerned by amount of
researchers in computer vision fields. There are several
difficulties, such as pose, facial expression, occlusion,
illumination are the factors that can affect the accuracy of
face detection.

People used lots of methods or algorithms to solve the
face detection problem [1]. In template matching, the
correlation values with the standard patterns are computed
for the face contour, eyes, nose, and mouth independently.
The existence of a face is determined based on the
correlation values. This approach has the advantage of being
simple to implement.

Neural networks have been applied successfully in many
pattern recognition problems. However, one drawback is
that the network architecture has to be extensively tuned to
get exceptional performance.

Support vector machine operates on structural risk
minimization, which aims to minimize an upper bound on
the expected generalization error. SVM have a good
performance in pattern recognition problem too, it is become
popular in recent years. SVM is selected as the classifier in
the proposed face detection system, because the experiments
show SVM has a better performance than neural network.
More details about SVM are described in later sections.

In this paper, we proposed a fast method for face
detection, it is called face potential area selection method.
This face potential area selection method could eliminate
most of non-face area according the character of histogram
distribution of face samples and non-face samples. By
combining PCA transform and SVM algorithm, a face
detection system is presented.

This paper is organized as follow: The detail of PCA
transform and PCA feature generation are given in section
II. In section III, how does the Support Vector Machine
work is explained. SVM for face detection is presented in
section IV. The proposed method, face potential area
selection is presented in section V. In section VI, it shows
the detection result of the proposed method. Finally,
Conclusion and future works are given in the last section.
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II. PCA FEATURE EXTRACTION

Principal Component Analysis (PCA) is a useful
statistical tool that has found application in fields such as
face detection and image compression and it is a powerful
tool for analyzing data. PCA is a common technique for
finding patterns in data of high dimension. Usually, PCA is
used for reducing dimension of feature vectors. Applying
PCA transform, the largest features of samples could be
obtained.

The central idea of PCA is to find a low dimensional
subspace (the feature space) which represents most of the
variation within the sample data. Sample data can be
approximately reconstructed with only part of their
projection onto the PCA subspace. After projection onto the
principal component axis, the feature vectors are found on
the principal component. And the feature vectors are sorted
in descent.

Let Ty = {:vl, ,arl} be a set of training vectors

from the n-dimensional input space " . The set of vectors
T,= {zl, ,z,}is a lower dimensional representation
of the input training vectors 7'yin the m-dimensional space

R™. The vectors 7T are obtained by the linear
orthonormal projection

2= WTxJEb, )

where the matrix W{[nXm] and the vector
b{mx1]are parameters of the projection. The

reconstructed vectors 7% = {xl, . ,xl}are computed

by the linear back projection
z= W(z—b), @

obtained by inverting (1). The mean square

reconstruction error

eMS(W,b)=

E I z; : )

1=1

is a function of the parameters of the linear projections (1)
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and (2). The Principal Component Analysis (PCA) is the
linear orthonermal projection (1) which allows for the
minimal mean square reconstruction error (3) of the training
data Ty. The parameters ( W, b)of the linear projection

are the solution of the optimization task

(W,b) = argmin emus(W',b")
W , @

subject to

(w; » w;)=46(i,5), V4,5

where w;,2 =1, ..., m are column vectors of the
matrix W= [wy, ..., w,, |and 8(4,7)is the Kronecker
delta function. The solution of the task (4) is the matrix
W= [wn e Wy, | containing the m eigen vectors of the
sample covariance matrix which have the largest eigen

values. The vector b equals to WTu, where 41 is the sample
mean of the training data.

Figure 1 shows the PCA feature vectors and subspace.
The small circles on the PCA subspace are the vectors which
are projected onto the principal component axis, they are the
feature vectors generated by PCA transform.

In general, we don’t have to put all the feature vectors to
the application, because just a part of largest PCA feature
vectors can contain most features of the sample data, so just
a part of largest vectors are needed as feature vectors in the
application. This is called dimension reduction of the feature
vectors. PCA is an effective and frequently algorithm used
for feature generation.
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Fig. 1. Principal Component Analysis subspace

PCA transform has an inverse transform, the original
image could be reconstructed by the inverse PCA transform
using the feature vectors which are generated from the PCA
transform. Here given some face and non-face sample
images, after PCA transform and inverse PCA transform, the
sample images are reconstructed. The image reconstruction
results are shown in Figure 2. Images are reconstructed by
different numbers of PCA feature vectors.

The first column in Figure 2 is original image, the other
columns are the reconstructed images, and we can compare
the difference between original image and the reconstructed
image. From the comparison, we found the image
reconstructed by 5 feature vectors has the most similarity
with the original image, that means only 5 feature vectors
contain most information of the original image. And also, 6
or 7 feature vectors could contain more information of the
original image. But too many feature vectors will make the
training procedure and detection procedure taking more time
and the detection ratio won’t be improved too much. Using 5
feature vectors is proven by practice tests, the results
indicate it has better performance. 5 feature vectors for each
sample is the optimal choice. Consider the feature
representation and system performance, 5 feature vectors are
selected as the input feature vectors in the face detection

system.

@ b () @ (@ {f
Fig. 2. PCA reconstruction results. {a) Original image
(b)-{f) Reconstructed images by 1-5 feature vectors.
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. SUPPORT VECTOR MACHINES

Support Vector Machines (SVM) was proposed by
Vapnik V.N in 1995. After more then 10 years practice and
development, it has become an increasingly popular tool for
machine learning task involving classification, regression or
other pattern recognition problems. They exhibit good
generalization performance on many real-life data sets and
the approach is well-motivated theoretically. For the object
recognition, classification problem, lots of experiments
indicate SVM a more accuracy and generalization performance
then neural network or other algorithms, so in this paper SVM
instead of neural network is selected as the classifier.

In SVM algorithm, there is a hyperplane used for separate
different classes. The goal of SVM is to find out an optimal
separable hyperplane to solve the classification task. The
optimal hyperplane has maximal distance from each class to
the hyperplane. In this section, first, discuss linear separable
classification. And then, nonlinear case and kemel function
are described.

In linear separable case, all the data of the same class are
on the same side of the hyperplane. We illustrate an example
to explain this problem in figure 3.

This is basic binary classification example in figure 3. It
can be seen from figure 3, the cross points on the left side of
hyperplane are pattern one, and the circle points on another
side are pattern two. In linear case, the classification

hyperplane is a straight line.
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Fig. 3. Hyperplane and support vectors in linear
separable case

We suppose a set of given data is that
{xi’yi}’ i=1..I,y,&€ {-11}, xiERd-
The separating hyperplancis W« X+ b= 0.
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Then we compute the minimal margin, we use the

The margin is +

Lagrange multiplier figure out the follow equations

W= Y ay: X, )

i=1
n

1 n
Lla) = Eai_g.zlaiajyiiji *zi ©

i=1 6=
The a in equation (5) is the Lagrange multiplier, the
vectors which are associated with ai=0 called support
vectors. Those vectors are on the boundary of the separating
margin, that are the points with circles presented in Figure 3.
We maximize equation (6) subject to constraint

Zaiyi=0witha = 0.
i=1

The optimal Lagrange multipliers have been computed,
and the optimal separating hyperplane is found.

But unfortunately, not in all the cases there isa hyperplane
that can solve the classification problem. In nonlinear case,
we have to map the original feature space into a
high-dimensional space that we can figure out an optimal
hyperplane, this is the solution for nonlinear classification.

Fig. 4. The mapping from input space to a high
dimension feature space

A kemel function is used here, it response to the mapping
from input space to feature space.

Three kemel functions are usually used, polynomial
function, RBF function and sigmoid function.

Polynomial:](()(i,A’j) = (7,Xiij+ )%, 9> 0.
RBF:
K(X, X;) = exp(—7llX;— Xj||2),’)'> 0.
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Sigmoid: A (X;, X;) = tanh (’YXiTXj +7).

Here, 7, 7 and d are kernel parameters.

The kernel function nonlinearly maps samples into a higher
dimensional space. The RBF kernel has less numerical
difficulties; its computation is not as complex as the other
kemnel’s. So the RBF kemel is chosen in the experiments.

Iv. SVM FOR FACE DETECTION

Face detection is thought as a binary classification
problem in SVM. There are only two patterns are involved
in the classification. One pattern is defined as face pattern,

another pattern is non-face pattern. In the training phase, it

tries to find out a hyperplane which can separate face '

patterns and non-face patterns.

The face detection results depend on the accuracy of the
SVM classifier. In the detection procedure, a given input
data, SVM classifier identify it is a face pattern or non-face
pattern by the hyperplane. In another word, there need an
effective and clear separating hyperplane. Figure 5
illustrates the face classification using SVM. The blue bold
curve is the hyperplane. On the left side of the hyperplane in
the feature space is defined as face pattern. On the contrary,
if the input data falls in the right side of hyperplane it is
classified as non-face pattern. As mentioned in previous
section, RBF kernel function is used in SVM face detection.
The optimal parameters could be found for SVM classifier
by lots of training tests.
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Fig. 5. Face detection in SVM feature space

V. FACE POTENTIAL AREA SELECTION

In the detection procedure, it scans each position on the
test image, and identify whether there is a face present or
not. Usually, in an image, non-face areas are far more than
face areas. It always wastes us much more time to detect
face on large number of non-face area. It also might cause
more misclassification regions in the non-face area.

In this paper, we propose a method for eliminating most
of the non-face area in gray images, that it can save more
detecting time and reduce the misclassification ratio. Face
area has different statistical character with most of the
non-face area. By analyzing histogram distributions, it
shows face and non-face area have different histogram
distribution features. It can be seen from figure 6. The
histogram of face area has Gaussian-like distribution, the
pixels are always distributed in normal distribution. But
non-face area histogram has irregular distribution, it could be
distributed in a short range or distributed in a wide range, and
also it could be distributed in normal distribution. So we can
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find some rules for distinguish most of the non-face areas.
According to the histogram distribution feature, the face
potential area could be selected. The histogram which is
distributed in a small range, its mean value must be a high
value. If the histogram distribution is widely distributed, it
has a low mean value. The histogram of face image is a
Gaussian-like distribution; the mean value is an intermediate
value. This intermediate value is in a fixed range. By a
number of tests, we figure out the range of histogram mean
value of the face potential area. The fixed range is the mean
value range of face potential area. So if the mean value of a
sample area is in that fixed range, this sample area could bea
face potential area. Otherwise, it is filtered as non-face area.

VI. EXPERIMENTS AND RESULTS

The experiments are taken based on MIT data sets and CMU
face database. MIT and CMU data sets are usually used for
testing face detection algorithms. The MIT face data sets
provide face and non-face training samples. The SVM classifier
is trained using these samples. In the detection procedure, all the
test images are from the CMU face databases.

In order to get the best performance, optimal parameters are
chosen for training the SVM classifier by a number of practices.

In the detection part, the face potential areas are selected
first, and then identify each possible position in the selected
face potential area. The feature vectors are generated by
PCA transform and delivered to SVM classifier. Finally, we
mark all of the detected face regions in the test images.

Figure 7 shows face potential area selection and face
detection results. More detection results are shown figure 8.

VI. CONCLUSIONS

This paper proposed a fast face detection method based
on PCA and SVM. Combining PCA and SVM has high
performance in face detection task. In addition, the proposed
method filters the face potential areas to save the detecting
time and reduce the wrong detection results. It can be seen
from the results, most of the non-face areas have been
eliminated. The detection time is saved by eliminating the
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non-face areas. Obviously, the proposed method works
faster than the face detection that only combined PCA and
SVM. The experimental results indicated a high detection
ratio and low misclassified ratio. In the future works, the
performance of classifier and the face potential area

selection method are also could be improved.

Fig. 8. Detection results
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