FACE POSE ESTIMATION SYSTEM BY COMBINING HYBRID ICA-SVM LEARNING AND

3D MODELING
Kyoungchin Seo Isaac Cohen, Suya You, Ulrich Neumann
Sogang University University of Southern California
Department of Media Technology Integrated Media System Center
Seoul, Korea Los Angeles, CA, USA
ABSTRACT tion. As we are interested in a system that captures the user

. . .. state while interacting with an information system, real-time
We present real-time face detection and face pose eSt'mat'orberformances is a crucial component. Feature-based and
and tracking technique for collaborative workspace. Fore- :

round regions in h frame are extracted by simple back model-based approaches are well suited for real-time face
groundregions In €ach irame are extracted by SImple back-y o gy system[1]. However, the instability of selected
ground subtraction method. Among these regions, candl(-]L

dat ) £t timated b | h eatures and manual initialization of the models limit the
ate regions otfaces are estimated by sparse run-iength €oGqq ot 5\ ,ch methods in an interactive setting.

ing based analysis. Real-time detection system based on hy- . . o
- ) . Recent machine learning approaches, face recognition
b”g dligAt'SyMi 'Snthe: dutfedk:r?r ?ﬁ t‘:ft":/g :?i(;ss aAr;onq[ime techniques have been proposed and a scanning of the im-
gan f?he heg(d) Sa ft‘;c gt' € (i Pfd t'?'. thesf a'age for detecting if a specific region is a face or not have
on orthe head pose ot the participants identies te focus g\, very good performances. Several pattern recogni-
of attention during the collaborative work. The head pose is .. . .
computed by apbroximating the shane of the head by a 3Dtlon and learning techniques [2][3][4] have been used for
pu y approximating b y detecting faces in the image. Among them, Support Vector

cylinder. 2D velocities are mapped onto the 3D cylinder for Machine(SVM) has been highlighted for its robustness and

_urﬁdatlng snd tt.raCk'P? thegotse tqf detegtted fi.ces.t hni efficiency for face detection[5]. Nowadays, Feature reduc-
€ combination of'face detection and tracking technique ;- 4 boosting algorithm are used for increasing process

with motion estimation algorithm, demonstrates a more sta- ;
ble system applicable to head pose estimation in a perce speed of face detection [6]{7][8].
Y pp P b P~" Second element indispensable to the proposed system is

tual user |n.t erface ;ystem. The proposed system producefhe 3D head-pose estimation. The position of the detected
head pose information at the interactive rate of 10Hz. . " X

face is used as an initial estimate of the 3D head pose. Basu

et al[9] used 3D ellipsoidal model to extract rigid motion

1. INTRODUCTION by calculating optical flow information. Cascia [10] used

a texture map onto the cylinder model by registration be-
Face detection techniques have been extensively studied imween consecutive frames. Black and Yacoob used an opti-
the context of surveillance applications and biometrics. In cal flow based regularization method for extracting param-
this paper we focus on the face detection of participantseters of 2D planar model[11]. Other approaches, estimate
while interacting with a system. The objective here is to de- face pose by tracking faces features such as nose, eyes, and
rive situation’s context for gauging the user state and focusmouth[12][13].
of attention. A first step towards this challenging problem is This paper presents a robust head pose estimation and
the detection of people faces and computing the six param-racking system, that allows tracking head pose for long
eters characterizing the 3D head-pose of the participantstime durations. Three techniques are combined into the pro-
Also, real-time performances are required as we would like posed system. A new real-time face detection method using
to adapt the system behavior to the participants’ activity.  statistical learning method is designed to find face’s position

To construct the pose estimation system that can befrom video sequences. To boost the speed of the method,
applied to the user interface system, three key techniquesve propose a sparse run-length encoding of the the fore-
such as face detection, tracking region, and pose estimatiorground regions. This regions encoding is used as input to
should be combined. In this paper, we present automaticface detection method. Using the initial estimation of face’s
pose estimation system using real-time face detection andoosition, 3D head pose estimation and tracking method pro-
tracking and pose estimation methods. vides the 3D head-pose of the user. We present a modified
The first component of such system is the face detec-version of Kanade's head motion recovery technique[14].



Moreover, the combination of the three components allows bottom¢(Cy)) as shown below in equation (2) :
for compensating the defects of each method and provides

a robust tracking of the head pose. 1(Cy) = % Z o(CL) )
The organization of this paper is as follows: Section 2 1=1

describes the search for candidate face regions from the de- 1 & .

tected foreground. In section3, we explain the face detec- r(Ck) = n ZE(Ck) 3)

tion method using hybrid statistical learning method. The =1

tracking of detected faces is described in section 4. Section t(Ck) = max($(Cy)) (4)

5 discusses the simplified 3D head-pose estimation method b(Cy) = min(¢(Cy)) (5)

based on cylinder model. In the section 6, we show the re-

sults and performances of our proposed system. Section7A§ one can see, the position of top and bottom are deter-
concludes the paper and discusses future work. mined by choosing uppermost and lowermost run-length.
The left and right boundaries are obtained by averaging

left and right positions of the run-lenght belonging to the
connected component. For each frame, we calculate the
four boundary values of all connected components as shown
above and try to collect the possible candidates. By check-
ing ratio of width and height of the candidate regions, we
discard small connected components, and components with
In this section we describe the approach used for selectingtoo large or too small ratio. Antropometric measurements
candidate regions for faces in the image. In order to de-have characterized the for most humans, the width to height
tect faces of various sizes, we propose a simple estimatiorratio is close to 1 or 1.2. These collected components are
technique based on the segmented foreground. Commonlyused to initialize the search region for face detection and
a multi-resolution strategy is used. It consists of searchingtracking.

for faces in various levels of the pyramid. Is is robust and

accurate but not suited to real-time application. In this pa- 3. FACE DETECTION USING A HYBRID ICA-SVM

per we propose to infer the size and image location of the METHOD

face from the segmented foreground regions.

Foreground pixels are represented using a horizontal The core problem for SVM-type classifiers is the training
run-length encoding. While scanning the horizontal line in component. The choice of features considered dictates the

each frame, connected pixels are grouped. Let us denotéXpected performances of the classification. Raw images
the run-length a®; with indexi. Each run-length structure ~ €an be considered as feature vectors but the capabilities of
includes properties like start position in x directioqiR;), the classification in detecting faces of different complexion
end position in x directios(R;), and y positions(R;). For or in scene of variable illuminations will be very limited.
fast processing, instead of constructing run-length at everylnstead of using directly raw images as an input vector for

scan line, we make a sparse run-length information by skip-training the SVM, an ICA representation of the images is
ping specified number of lines. considered [15]. The ICA representation reduces the di-

For estimating the face size, we group horizontal run- mension of the data, and increases the performance of the

lengths into connected components by considering the dis-classification by relying on statistical features of the grey

tance between two run-lengths. The closest run-lengths ardevel distributions.

clustered into the same connected component. We denote CA algorithm is to estimate matri¥” when we assume

C, the obtained connected component which is grouped ac-2 linear mixture model(equation (6) and a reconstruction

cording to two distances criteria as defined by the following model equation (7).

equation: X =A4s (6)
wheres are independent unknown sourc&sis observed

O = {Ry, Ry € Cilldi(Ry, Ron) < A1, da(Ry, Ryn) < Ao} 931

2. ESTIMATION OF HEAD POSITION USING
SPARSE RUN-LENGTH STRUCTURE

1) U=WX @)
whered; (R;, R,,) is the distance along thgaxis, charac- X is the input vector which each column vector is one face
terizing the proximity of¢(R;) and¢(R,,). do(R1, R,,) IS image is constructed by database images. Because the size

the ratio between sizes of the two run-lengths. Using theseof matrix X is big, we usen eigenvectors o denoted by
functions we cluster the encoded run-length structures into P,,,. and then we apply the ICA algorithm d?,, instead of
connected component. For each connected component, weX as follows:

calculate position of left(Cy))), right(r(Cy)), top¢(Cx)), WPL =U (8)

m



PT —w-U 9) The characterization of the relationship between estima-
tion and detection allows us to reuse detection results in
consecutive frames without iterative usage of the recogni-
Xyee = XP PT (10) tion module. For a detected region in the pr.evious frar_ne,
we check the amount of overlap between estimated regions
By ReplacingPT with equation (9), we can get equation in current frame. If the regions have a large overlap, instead
(11). of applying recognition process, we update the detected re-
Xpee = XP, WU (11) sult using geometric relations between overlapped regions.
First, we calculate scaling and translation factor using
the geometric relation between estimation results of previ-
ous and current frame as described in equation (16).

X can be approximated as shown in equation (10).

Using equation (11), ICA representation for each test image
can be calculated as follows:

-1

¢=IbnW (12) E. = S3E, + Ty (16)
wherel is 1 x N row vector of a testimage arfd,, W ! is
calculated during ICA denoted by

We apply ICA algorithm on face and non-face images
for training the SVM. We combine the feature vectoys
andc,s representing respectively faces and non faces im-
ages into one training vector with class label as follows:

where E,, is the position of estimated region in previous
frame. If we assume a small transformation between highly
overlapped regions in consecutive frames, we can directly
estimate the detected region using just geometric relations
with previous frame without trying to use face recognition
module. As shown in equation (17), we update detection
7, = (03}7 C;fﬂ ah_, (13) resultD. by substituting equation (16) far...

whered; = 1, —1 is the class label which means the face D =81(S2E, + T2) + Ty (17)
class and-1 is non-face class arids the number of training ~

images. After characterizing the support support vector, we The updated resulb.. can replace the final detection result
can classify whether the image is face or not by calculating in current frameD... In comparison to recognition module,

the distance value as following format: the estimation and update algorithm has lower computation
complexity and allows for small variations in face orienta-
! tion.
flx) = szgn(z yiNiK (x, ;) + b) (14)

i=1
5. 3D HEAD POSE ESTIMATION AND TRACKING
The constructed recognizer is applied within specified

boundary from the estimated region. The algorithm detects Detected faces in the input image are used as an initializa-

whether there exists a face or not in the considered region. tion of the pose estimation since only frontal faces are rec-
ognized by the ICA-SVM classifier. To estimate the head

4. 2D HEAD TRACKING pose we adopt a modified re-registration technique based

on Kanade’s method [14]. The shape of the head is approx-

Whenever the face recognizer succeeds in finding face reimated by a 3D cylinder model. 3D points on the surface

gions, boundary information of face region and estimated of the cylinder model are mapped onto pixels of the cap-

head boundary information are stored and combined. If tured image by perspective projection. The motion of each

there is no detected result in previous frame, the estimatedpixel between consecutive frames is calculated by Lucas-

region is given to face recognizer as initial size and position. Kanade registration method[16]. The perspective transfor-

Within chosen boundary from the estimated region, our pro- mation matrix is recovered by optimizing the following ob-

posed algorithm detects face regions. In case of successfujective function:

detection, we get the positions of estimated regions and de-

tect regions for current frame. These two positions informa- ~ minE(u) = Z(I(F(U, p),t+1)—I(u,t)>  (18)

tion are combined with relation of scaling and translation as ueQ

formalized in the following equation (15).
ged (15) whereI(u,t) represents the image at time t with pixels

D,=S,E.+ T, (15) andF'(u, u) is the parameter motion model using twist rep-
resentation of rigid motion as shown by Bregler[LiZJep-
D, shows the position of detected region afidis the po- resents the 3D rigid motion of the head and is defined by the
sition of estimated region in current fran®.andT means 3D head rotation and translation.
the transformation matrix of scaling and translation. The Lucas-Kanade solution including weight compensation



process can be formulated as:

= _(Z(w(luFu)T(IuFu)))—l Z(w(lt(IuFM)T))
Q

’ (19)
wherel; andI, represents temporal and spatial image gra-
dients. The weights are updated for reducing the effects
of outliers and for emphasizing the center of the head cylin-
der model.

The proposed approach combines the face detection
method with the head-pose estimation. Firstly, we add the
re-initialization process while the algorithm executes re-
registration process. Whenever tracking of head position
fail or overlapping regions between current template and
previous template is too small, the head pose estimation
process is stopped and a new face detection is initiated for
re-initializing the head pose algorithm. Secondly, abrupt
changes between consecutive frames can cause the accumu-
lation of errors that cannot be compensated by weight calcu-
lation. We forcibly adjust the translation parameter among
the rigid body motion parameters by considering the dis-
placement of head position value tracked by face detection
and tracking method.

Fig. 2. Real-time face detection. The white rectangle de-
6. EXPERIMENTS picts the estimated face locations and the blue rectangle de-

. . ) picts the detected faces.
In this section we present some experimental results ob-

tained, as well as some an evaluation of the performances

of the proposed approach.

provided 384 support vectors that are used for face detec-
tion. The detected and estimated results for the single and
multiple person are shown in figure 2. The white rectangle
shows the estimation position and blue one represents the
final detected face.

In order to evaluate the detection rate of the proposed al-
gorithm, the off-line test using the captured frames is done.
At first, we record video of 6 different single persons and
3 pairs of people including different kinds of movements.
Each set consists of 396 to 450 frames. We classify the
captured sets of video into 4 classes such as normal, rapid,
small rotation, and large rotation. Normal means that the
Fig. 1. 64 ICA Basis Images for 2000 Face Images and 1000 movement in the video is smooth and it has no special move-
Non-Face Images ment. Rapid is a footage including fast movement of the

head. Small rotation means that the video data contains the
normal rotation including panning and large means that the

We_ use a total of 3000 images (Faces : 2000, Non-¢,q1aqe has the movement of large rotation including pan-
faces : 1000) for training. 2000 face images are collectedning and tilting. Table 2 shows the accuracy of experiment

from FERET face database[18]. We have separately built¢,, gingle person. In the case of a large rotation, the algo-

ICA kernels for the face and non-face images set. Figure iim fajled more frequently than any other cases. We de-
(1) shows the basis images obtained by the ICA algorithm. fineq the metrics to quantify the performance of our system.

24 x 24 resolution of images are gathered into one matriX The getection rate (DR) and the false alarm rate (FAR) are
as a one image vectors. We make a matrix including 64 p.<ad on the following scalars:1

eigenvectors from the gathered matrix and apply ICA on
this eigenvector matrix. The training the SVM classifier e True Positive (TP) : number of detected regions that




correspond to faces, visualization of absolute position and orientation from the
monitor on which the camera is attached. Whenever face
pose are estimated, the visualization results represent which
points of the monitor the person are looking at. In many

o False Negative (FN) : number of faces not detected. ©€XPeriments, we verify the system is working properly.

e False Positive (FP) : number of detected regions that
do not correspond to faces,

These numbers are used for generating rates uSiRg=
TP _ FP 7 7
TPLFN andFAR = 75 5p- Tr_le other metrics, the esti-
mation rate and the corresponding false alarm rate, are gen-J
erated with similar scalars for the estimation results.

Normal SmallR BigR Fast | Total

Estimation| ER | 93.94% 91.17 % 80.42% 89.47 §81.40 %
FAR| 242% 515% 9.06% 4.28% 3.77%
Detection| DR | 85.66 % 85.98% 73.15% 88.26 P81.26 %

FAR| 434% 3.68% 16.15% 3.29% 7.58%
(ER : Estimation Rate, DR : Detection Rate, FAR: False Alarming Rate)

Table 1. Performance result for single person

We also get the accuracy for the multiple person situa-
tion. We recorded videos with 3 different types of move- |
ments. As you can see in table 3, We classify the video
data into overlapped movements between two persons, fast
movement, and rotation movement. Complex situations be-
tween two people cause lower estimation rate and detection
rate.

Overlap  Rotation Fast Total

Estimation | ER | 33.32% 84.80% 85.12% 85.57%
FAR 2.10% 4.38 % 532%| 3.74%
Detection | DR | 23.73% 39.81% 78.549% 65.21%

FAR 7.24% 5.62 % 452%| 551%
(ER : Estimation Rate, DR : Detection Rate, FAR: False Alarm Rate)

Fig. 3. Pose estimation and visualization

Table 2. Performance result for multiple persons 7. CONCLUSIONS AND FUTURE WORKS

In this paper, we have described an automatic head pose
We apply the head motion recovery algorithm to the estimation system working at the interactive rate (10Hz).
detected face region obtained by real-time detection algo-Real-time face detection algorithm using statistical learn-
rithm. The average processing speed from video data acquiing method and estimation technique of head candidate con-
sition to visualization of approximate position and direction tribute to make the system fully automatic. Moreover, face
of head is 10Hz. region tracking method for the detected region compensates
The varied speed of the system depends on iterationweakness of the system when abrupt changes of face’s po-
number of the head motion recovery algorithm and whether sition and orientation. The modified head-pose estimation
the detection algorithm is executed or not during whole sys- algorithm, provides accurate head motion parameter infor-
tem are executed. mation. The proposed approach for face detection and 3D
The calibration process enable the system to obtain thehead pose estimation are well integrated allowing an auto-
absolute position and orientation from the installed cam- matic and robust head-pose estimation for user interface.
era. Figure 3 shows that 3D cylinder model are perspec- The system presented in this paper can be used for the
tively projected onto the face region in the captured image extension of many applications related to face processing.
and the model is appropriately transformed and fitted to the First of all, facial expression analysis can be added to this
changes of face’s position and orientation. Three images offace detection system and online facial expression analy-
right columns in the figure 3 shows the simple 3D model sis and recognition system can be an important application.



Also, face feature detection and tracking is strongly related [8] Stan Z. Li, Long Zhu, ZhenQiu Zhang, Andrew Blake,
to this system. We can use the detected region as a impor-
tant input to facial expression analysis.
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