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Abstract face appearance are more robust to noise and face variance.
Under complex environment, a single face classifier has
A single face classifier has difficulty in detecting multi- limitations to detect multi-view faces. Combination of weak
view faces under real and complex scenes due to variousclassifiers helps to improve both accuracy and generaliza-
poses, cluttering environment and small size of faces. In thistion capability of a single classifier. Two methods, cas-
paper, we propose a novel combination of SVMs to detectcading and bagging, are well applied in face detection.
multi-view faces, using both cascading and bagging meth-|n [14], critical features for face detection are selected
ods. In our method, the faces are divided into seven viewsthrough Adaboosting method. Then cascade of detectors
Each of them models a typical pose under complex scenesare constructed to discard false face candidates before they
By the modified bootstrap method applied in our method, ago to next detector. A modified Adaboosting method, S-
cascade of SVMs are constructed to quickly select face canAdaboost, is also proposed to pick up the patterns hard to
didates from image with expected accuracy. Bagging of dif- classify in complex environment [4]. Bagging method com-
ferent SVMs can further eliminate the false detections thatbines different classifiers together based on replicated train-
are difficult to handle by single SVM. Such combination of ing samples to improve the robustness and accuracy of a
SVMs can effectively detect multi-view faces even with largesingle classifier [3, 1].
rotation angles and heavy shadow. The experiment results  sypport vector machine (SVM) is a linear classifier in
show better accuracy and generalization performance over high dimensional feature space with minimal structural risk.
single classifier. SVM has already been successfully applied in face detec-
tion [8, 9]. However, problems occur when applying sin-
gle SVM to detect multi-view faces. Since the profile faces
1 Introduction and frontal faces have much different appearance, they are
not convex in original feature space. Since SVM originally

Face detection is a two-class classification problem, deals with two-class problem, the optimization in SVM be-
which is to discriminate face patterns from background. COme very difficult when all the face patterns with different
Many factors, as concluded in [15], contribute to difficulties POSes are fused together.
in face detection. Face patterns themselves include many One solution is to apply multiple SVMs for multiple
elements that vary greatly with different persons and envi- poses, as in [6]. In the real scene, the face poses vary greatly
ronment, such as face pose, skin color, face components an80 that many SVMs are needed to identify those poses. To
facial expression. The multiple poses make the assumptiorreduce the complexity and improve the generalization per-
of convexity in feature space invalid. Furthermore, the un- formance while preserving accuracy, we propose the com-
predicted noise and illumination condition in the complex bination of SVMs, using cascading and bagging, to detect
scene cause a lot of false detections. multi-view faces.

According to [15], face detection methods are generally In our proposed method, a slightly revised bootstrap
classified as knowledge based, feature invariant based, temmethod is used to train a cascade of SVMs with expected
plate matching and statistical appearance based methoddetection rate. The face candidates are quickly pruned by
[12, 7, 11]. In the real application where the faces are cap-removing most of non-face patterns. The remaining false
tured in some distance, those facial feature based methodsdetections, which are hard to classify by single SVM, are
have difficulties since that the face component, such as eydurther eliminated by nonlinearly bagging SVMs. The ex-
and mouth, and facial expression are blurred, shown as Figperiments show that such combination can effectively im-
3. Under such condition, the methods based on the wholeprove detection rate and reduce false detection.



The paper is organized as follows. Section 2 introducesdeal with multi-view faces, SVR is firstly applied to esti-
face detection based on SVM. Section 3 introduces our rep-mate face pose angle. Then specific pose SVM is selected
resentation of multi-view faces and the combining methods to detect faces [6].
used . Last two sections give experiment results and con- In next section, we propose a combination of SVMs in-
clusion. corporating both cascade and bagging to improve detection

rate and generalization performance of single SVM.

2 SVM based Face Detection
3 Combination of SVMs to Detect Multi-
Since support vector machine(SVM) was proposed by View Faces
Cortes and Vapnik [2], it has been successfully applied in
many pattern recognition problems. SVM is a linear clas-
sifier in high dimension space with minimal structural risk.
Suppose the pattern is given@sy), wherex is the feature
vector andy € {—1, 1} is the class label, the linear decision
function in SVM is defined as

3.1 Multi-View Face Representation

The classification criterion that divides faces into two
class, frontal and profile is very rough. In real environment,
the face undergoes 3D motion. In most applications, the
F(X) = sgn(w - X+ b) (1) face rotation angles can not be recovered accurately from
single 2-D image. Instead, the face angles are estimated

Weightw is the linear combination of Support Vectors(SVs) from frontal and profile face detectors, such as in [13], or

. Support Vector Regression [6].
W= Z X @) In our multi-view face detector, we divide face poses into
1N . . . . .

et seven views, shown as in Fig. 1. Each column in Fig. 1 rep-
resents a face view. Three views are frontal faces, i.e. ver-

The decision boundary is determined by maximizing the tjca| frontal, up frontal and down frontal faces. The profile

structural margin between two classes. The optimizationfaces are classified into four categories according to their
problem is equivalent to the quadratic programming prob- approximate rotation angles.

lems [2]. “C-SVM” with soft margin hyperplane is intro-

duced for the linearly inseparable case. i 5
po= !
Kernel function in SVM plays the role of mapping fea- ; . E E E -

ture vector to higher dimension space and dot production. % o - . H E E '
Replace the dot products with kernel functibfx, x;), we g . - .
obtain the linear discriminant function in high dimension = . - . E '
feature space. 2 — -
multi views with differnt angles
l
FX) = sgn(>_ aiyik(X,%;) + b) 3) Figure 1. Multi-view faces.

=1

The most often used kernel functions in face detection =~ Our model of multiple views is suitable for faces under
are polynomial with degred, Gaussian RBF and Multi COMPplex scene. Each of the seven poses approximates a
Layer Perceptron [8]. A 2-d polynomial SVM is trained typical rotation angle. In Fig. 1, _The leftmost pose is with
to detect frontal face in images. The face candidates are2Pout left 90 degree. The faces in second left column have
cut from images and preprocessed, then sent to SVM. The2 Smaller angle, approximately 45 degree. Each view also
false detections are fed back to SVM and used as negativeéontains enough samples to handle face variance in the real
samples for later training. The single SVM shows good de- SC€ne, shown as faces in each column. From our experi-
tection rate for high resolution images. However, its perfor- Ments, classifier based on such pose model can achieve both
mance deteriorates for mixed-quality images (detection rate900d accuracy and generalization capability.
decreased to 74% with more false detections [8]).

To improve performance, combination of SVMs are 3.2 Cascading
more suitable for the complex pattern as multi-view faces
under complex scenes. Five different types of SVMs are  For complex face detection, it is difficult to achieve both
combined to improve accuracy [1]. The SVMs are trained high detection rate and generalization capability in a single
with reduplicated samples. The detection result is the ma-SVM. With more training samples, the number of support
jority voting of those SVMs. The bagging results show re- vectors increases dramatically. In our experiments, when
duction of false detections compared with single SVM. To training a 2-d polynomial SVM with data from real scene,



the number of SVs is about 600 for the first 5000 training gorithm is illustrated as Fig. 2.

samples. However, the number of SVs increases to 1500 The hierarchical SVMs can can achieve high detection
when only 2000 more false detections are fed back. Therate and low false rate. For example, in a three-layer cas-
reason is that the multi-view face patterns are not convexcade, suppose that each SVM achieves detection rate about
any more in feature space. When more non-face patterns ar88% with false rate about 50%, 20% and 10%, the overall
fed back, more support vectors are needed to construct theletection rate can be 94% with overall false rate of 1%.
separate hyperplane. The increase of SVs is not affordable

because it is very time and memory consuming. 3.3 Bagging
Some methods, such as boosting, are proposed to obtain
a “stronger” classifier from “weak” classifiers. Adaboost- Due to the low resolution and complex background,

ing is one of classical boosting methods in which the train- there are still some false detections left after hierarchi-
ing samples are recursively chosen and gradually improvecal SVMs. Bagging (“Boostrap aggregating”) is another
the accuracy of classifiers [10]. Actually since SVM is al- method to combine classifiers for better results [3].

ready a “strong” classifier when maximizing structural mar-  The idea of bagging is to train multiple classifiers using
gin for all the training features, it is not a good candidate for randomly selected samples. Then majority voting of bag-
boosting. In our method, we apply bootstrap method to train ging results can obtain more robust classifier. In our meth-
hierarchical SVMs so that they can quickly reject most non- ods, the training samples are also selected from bootstrap
face patterns while preserving face candidates under commethod stated before, different with reduplicatively selected

plex scenes. training data as in [5].

e Given training setS = (X;, i, ps), wherex; is the feature SVM Poly Poly RBF | Bagging
vector,y; € {—1,+1} is the label of face and non-face sam- Parameters d=3 | d=2 s N/A
ples.p; € P = {p*,..p"} indicates the face pose. It has no Number of SVs| 870 362 734 N/A
meaning for non-face samples. Detection Rate | 90.7% | 89.5% | 91.6% | 92.5%

e Fori=1,...,m, False Rate 1.59% | 2.1% | 1.40% 0.85%

1. Initialization. SetS; = S andS, = {}. Set expected

detection raté; and false rate); for ith SVM. Table 1. Test performance of bagging SVMs

2. Randomly seleck training samples fron$: with ap-
propriate ratio for different views. Move those samples We applies 14 SVMs with different kernel types and pa-

to 5. rameters in our bagging. The test performance of different
3. Trainith SVM usings,. types of SVMs and their bagging are given in Table 1. We
4. Testith SVM using S, obtain detection raté, and can observe that compared with each single SVMs, bagging

false ratey,. methods can improve the the detection rate and suppress

5. Move those incorrectly classified patterns fréinto more false detections.

Sr.

6. If Oicse > 0; and false rateycs: < n;, then train next
SVM. Otherwise, repeat the above steps (3), (4) and
(5). Thousands of images are captured for training and test-

ing in the real scenes, such as laboratory, campus, shopping

mall and other public areas. Training faces are cut by hand.

They are more like “head” since more components, such

Figure 2. Bootstrap algorithm in our method as hair and ear, are included in our samples, as shown in

Fig. 1. Non-face data is retrieved from background images.

A slightly revised bootstrap method is applied here to Totally we have about 3,000 face samples and above 8,000
obtain hierarchical SVMs and void over-fitting problems. non-face samples for training.

Firstly, the face samples are selected from different views  Typical faces in our images have small size. The size of

with appropriate ratio, which guarantees the cascading clashead ranges from about 20 by 20 to 35 by 35. The facial

sifiers can detect face with multiple views. Instead of recur- features sometimes are blurred, or even not visible for the
sively changing the weight of training data and re-sample profile faces with large angle. All the face and non-face
the whole data set, we only feed back those incorrectly clas-samples are resized to 23 by 23 gray scale images, then used
sified face and non-face patterns so that SVM can quickly to train combined SVMs.

achieve high detection rate and moderate false rate, avoid- In detection, the patches from image are firstly sent to

ing difficulty of optimization and increase of SVs. The al- hierarchical SVMs. Non-faces will be discarded as many

4 Experiments

e Cascaden SVMs to form hierarchical classifiers.



as possible while face patterns are preserved. The remainther discriminated through nonlinear combination of bag-

ing patches are examined by bagging SVMs. The baggingging SVMs. The experiments show the accuracy and ro-

SVMs eliminate those non-faces that are difficult to elimi- bustness of our method. Future work will focus on improv-

nate by single SVM. ing the computation efficiency of SVMs to achieve real-
Several segments of video captured in school and malltime performance.

are reserved for testing our face detector. The frames that

contain multiple persons with various poses are selected forReferences
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This paper proposes a combination of SVMs to detect
multi-view faces in complex real scenes. The faces are rep-
resented by seven typical views. Different SVMs are com-
bined together through cascade and bagging methods. Hier-
archical SVMs can select multi-view face candidates from
images quickly. The multi-view face patterns and hard-to-
classify non-face patterns in complex environment are fur-



