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Abstract niques.

In surveillance applications, in addition to the face model
In this paper, we propose a joint face orientation estima- reconstruction, capturing the frontal face view of the in-
tion in smart camera networks without having to localize truder is often of paramount importance. Most face recog-
the cameras in advance. The system is composed of in-nodgition algorithms require face images with approximately
coarse estimation and joint re ned estimation between cam- frontal view to operate ef ciently. Examples are princi-
eras. In-node signal processing algorithms are designed ple component analysis (PCA) [7], linear discriminant anal
intentionally simple and general to reduce computation re- ysis (LDA) [5], and hidden markov model (HMM) tech-
quired, yielding coarse estimates which may be erroneous.niques [3]. In order to be robust, the PCA and LDA tech-
The proposed model-based technique determines the orienniques require a large number of training samples in differ-
tation and the angular motion of the face using two fea- ent face orientation angles. A recent approach is to collect
tures, namely the hair-face ratio and the head optical ow. and classify face data in a higher-dimensional space Hie t
These features yield an estimate of the face orientation and3D space. However, current robust methods of recognition
the angular velocity through Least Squares (LS) analysis. by stereo vision [8] require large amounts of computation
In the joint re ned estimation, a discrete-time linear dy- in the 3D reconstruction of the face. The 3D morphable
namical system is rst modeled. The spatiotemporal con- model algorithm [1] [2] highly reduces the computational
sistency between cameras is measured by a cost functiongomplexity in reconstructing a 3D model; however, it re-
a weighted quadratic sum of spatial inconsistency, input quires a frontal view image of the face in the training stage.
energy, and in-node estimation error. Minimizing the cost |y 3 networked camera setting, the desire for a fontal
function through Linear Quadratic Regulation (LQR) pro- yjew to pursue an effective face analysis is relaxed due to
vides a robust close-loop feedback system that successfullthe distributed nature of the camera views. The framework
estimate the face orientation, angular motion, and reativ  of spatiotemporal feature fusion for face analysis is shown
angular difference to the face between cameras. The pro-j, Fig. 1. Due to the limited computation power assumed
posed technique does not require camera location to befor each camera, in-node signal processing algorithms are
known in prior, and hence is applicable to vision networks intentionally designed to be lightweight, accepting thet fa

deployed casually without localization. that the resulting feature estimates in each camera might
be erroneous. On the other hand, the camera nodes ex-
1. Introduction change their information with each other, allowing for the

network to enhance its detection accuracy, and produce ac-
Advent ofimage sensor and embedded processing technolocurate results describing the orientation of each facelvi
gies has enabled novel approaches to the design of security he proposed Linear Quadratic Regulation (LQR) approach
and surveillance networks as well as new application ctasse employs selective features and spatiotemporal relatipnsh
such as smart environments. When multiple image sensordetween the features in order to offer a low-complexity and
view a freely moving (i.e. non-cooperative) person, only robust solution.
a few selective snapshots captured during the observation In Section 2, in-node feature extraction in each camera
period may provide an adequate view of the person's facenode consists of low-level vision methods to detect feature
for face recognition and model reconstruction application for estimation of face orientation or the angular velocity.
Detection, matching, and recording of those frames would These include the hair-face ratio and optical ow, which
hence be the key to enabling effective facial analysis tech-are obtained through Least Squares (LS). In Section 3, a
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Figure 2: Procedure for the hair-face ratio estimatiomgHI
tration of how the head ellipsoid (left) is transformed into
a sequence of hair-face categorized image slices (middle),
and into a ratio sequence(right)).
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markers is applied to nalize the clustering.

Based on the hair-face classi cation, face orientation is
i . _analyzed in the following procedure as shown in Fig. 2.
Figure 1: Framework of the spatiotemporal feature fusion consider the head as an ellipsoid ball in 3D space, and cut
for face orientation analysis utilizing LQR formulation. the surface of the ball inthl equally spaced strips along its
longest axis direction. In each camera frame, we can only

spatiotemporal feature fusion is implemented via LQR. We seem of the_ N. strips of t_he_ ellipsoid. Assumlng_that the
hair-face ratio is symmetric in the frontal face and is agpro

model and integrate local estimates into a linear dynamical imatelv a sinusoidal curve alona the surface of the ellidsoi
system. With a designed quadratic constraint, we aim to h'chys enerally true. we ar?t 10 ta sinusoidal f n?fon
minimize spatial inconsistency, penalize the error betwee which1s g y lrue, we w Inusol uncti

system state and the desired state obtained by in-node estI|60 tthhe ha;r—facenraltlo Ic:urrve ar;]d (??rt:ma;[)e tk;\e/ fgcetr?rllegatl
mates, and smooth temporal transition. y the phase angle. F-or each of the observed strip;

the ratio of thex; th strip.
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Local data processing algorithms in each camera node con- = cog M)COS(A) + sin(M)Sin (A
sist of low-level vision methods to detect features for-esti h N i -
mation of face orientation, including optical ow and hair- = coy 2YAxi i %)) sin(zl/‘(x” %)) C_OS(A)
face ratio as introduced in the following subsections. €hes N N sin(A)
techniques are developed to be of low computational com-
X X X . Therefore,
plexity, allowing them to be adopted for in-node processing
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To estimate the hair-face ratio, we rst detect and classify |_{'£_} | cos(—x—=) ‘ sin(—x—%") }
the head region into face and hair regions by color. Aftera A

statistical background subtraction and thresholdingahe-f i

ground is obtained. Instead of detecting skin pixels using aWhereA is the face orientation. By least squares,=

skin color model and then applying a morphological method (ATA)' *ATr. Notice that thekzk may not equal one,

to nd skin regions, we cluster the foreground pixelsinte re Which can be a measurement of the con dence of the esti-
gions rst by app|y|ng K-means a|gorithms according to the mation, and requires to be normalizeltoThe Correspond—
chrominance of the pixels. A following likelihood measure- ing face orientation estimate will b&= arctan( %)-

ment based on ordinary skin color model and some other Although we assume the detected face should not be
geometry condition is applied to each region to measure thebald, the model based estimation with con dence measure-
likelihood of each region to be face and hair region. Finally ment can also act as a detection algorithm. If the detected
a watershed algorithm which taking the chosen regions asface is considered to be bald, a secondary algorithm should
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Figure 3: Optical ow estimate with high and low con -
dence. Each with image(x,y,t), image(x,y,t+1), imagetx,y
with the motion vectors, and least squares estimates.

be activated to handle such a condition. Our future work in-
cludes making estimation based on multi-attributes to make

the system to be robust.

2.2 Optical Flow Estimation

The underlying idea of this analysis is to project the motion

from the point of the motion vector to the longitudinal axis
of the head in the 2D image plane, ams(};2) represents
the vertical distance from the point of the motion vector to
the bottom of the head in the 2D image plane.

Minimizing the mean square error of the motion vectors
under the model yields the least squares solutior ab:
zs = (ATA) 1ATv where the rst element of is the
translational velocity, the second element is the angwdar v
locity of the head in y axis, and the third element is the
angular velocity of the head in z axis. The residue of the
least squares analysis yields a measurement of the con -
dence of the estimate. Experimental results are shown in
Fig. 3, where the slope indicates the angular velocity, and
the intersection on y axis indicates the translational a,elo
ity.

3 Joint Estimation in the Smart

Camera Networks

In the following subsections, a discrete-time linear dynam
ical system (LDS), based on kinematics of the head, de-
nes the relations between in-node estimation attributets a
further measures the spatiotemporal inconsistencies by a
guadratic cost function. Minimizing the cost function by
LQR, a stable close-loop feedback system that gives robust
estimates is obtained.

3.1 Discrete-time Linear Dynamical System
Model

of the head into several independent dimensions and esti-

mate the projected vector by least squares estimation. weVe can model the face analysis problem as a linear dynamic

can decompose the head motion into translation, rotation in

system. Letu be the face orientation orientation,be the

y axis (turn of the head) and in z axis (tilt of the head). The face angular motion, an®@ be the angular acceleration. Let

decomposition model is as follows:
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wherey; is the norm and direction of the motion vector in

the sample period bk and suppose the angular accelera-
tion is piecewise linear between samples. Then we we the
following continuous-time relations,

W+ )= WO+ L Oh+ 260N
L (t+ h)= 1 (t)+ ®t)h

and the corresponding discrete-time relations,

WE+1)= WD+ 1)+ 80
F(t+1)= ! (t)+ &)

the direction orthogonal to the head's vertical axis (where The relative angular difference to the face between cameras

positive sign indicates the direction is to the right, and-ne
ative sign to the left)t is the translation facton;; is the
transversal radius of the head, is the distance to the bot-
tom of the head, ; is the angular motion in y axi$,; is the

angular motion in z axig,cos(y;1) represents the distance Ap(t+1) =

is de ned and updated as follows,
Aa(t) = () i pe(t)
Ao+ SO+ 101 1) 12(0)



The spatial relation between cameras is exploit by the fol-

lowing constraints. Since image captured between cameras
and their estimates may differ, they should refer to the same

3D structure of the head. Ideally, the estimated angular ve-
locity should be the same, and the relative angular differ-
ence top the face between camera should not change muc
between consecutive frames. We may de ne the egror

as,

errlz;l(t) =1 1(t) i ! z(t)
errzo(t) = () + o) i )i '1(1) i Aw(t)

The temporal smoothing can be achieved by minimizing the
input force. Physically, the orientation and angular nmmtio

of a face should be continuous, supposing that the sample

period is short enough. Minimizing the force applied to the
system is helpful for detecting and removing abnormal esti-
mates, which is rare in reality, and averaging out the gaus-
sian noise over time.

The resulting linear dynamical system in camera 1 is as
follows, with the statex(t) being the true orientation, angu-
lar velocity and relative angular differences between cam-
eras, the outpwy(t) being the spatial error, and the input
u(t) being the force, and hence the angular velocity, applied
to the head.

x(t+1) = Ax(t)+ Bu(t)

_ (1)
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3.2 Joint Estimation by LQR

We want to minimize the cost, which is a weighted sum of
the input force, spatial error, and the differences between
the estimated true statgt) and the observed staig (t)
from the noisy in-node estimates.

X h i i 1
J= ky()k? + 11 kx(t) i Xq(k®> + 1,  ku(t)k?
k=0 k=0
=y QM+ (x(t) i xa(t)T Qa(x(t) i xa(t))
k=0 k=0
i 1
+ u(t)" Ru(t)
k=0
where
Qi=1; Q2= 14l; R =1,

By Hamilton-Jacobian equation, let

[y(t)T Quy(t) + u(t)" Ru(t)

+(X(1) i Xa(1) " Qa(x(t) i Xa(t))]
+(X(N) i xa(N))TQ2(x(N) i xq(N))
+ y(N)TQuy(N)
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Therefore, the nal state,

(X(N) i xa(N)TQ2(x(N) i xq(N))
+ Y(N)"Q1y(N)
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By de nition in Eq 2 orientation estimates
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Given some observatiorg(0) ::: xq(N), we rst do the Figure 5: From top to bottom, each are the estimated face

backward iteration to calculat®,, g, K, and L, by orientation, face angular motion and relative angular dif-
Eq.( 8)( 9)( 6)( 7), and boundar,y condition Eq.( 3)( 4). ference to the face between camera by in-node algorithms,

Next, we do the forward iteration to calculate the optimal '€SPectively.
inputw(t) by Eq.( 5), and the corresponding statés) by
Eq.( 1), which is the result of the joint estimation.
In addition, even if the boundary condition or initial condi
4. Experiment tion is incorrect, due to measurement error or fail of a cer-
tain in-node algorithm at a certain time, the system remains
The setting of our experiment is as follows: Three camerasconverge to the true value as the time being. In Fig. 7, the
are placed approximately on the same horizon. One cameraystem is erroneous start with zero-state but still coreverg
(camera 3) is placed in frontal direction to the seat, and theto the true state in a long run.
other two are with about42°(camera 2) ang 37°(camera
1) deviations from the frontal direction, these relativgan

Further research based on the current framework incor-

i L g porate con dence measurements of each coarse estimate is
lar difference to the object is location dependent, and éenc required. Although our current system is stable and will

may vary over time. The experiment is conducted with @ ¢ qverge to the true value no matter what the initial condi-
person sitting still on a chair with the head turning without tion is, the converge rate is still slow. Given the con dence

LnUCh tilting and tr_ans;atlonal _moverrr:ent. The tlrr?elflapse measurement of each estimate, we believe that it can con-
etween consecutive frames in each camera is half a secye g much faster.

ond, and the resolution of the cameras is 320x240 pixels
Fig. 5 shows the estimates given by in-node signal pro-

cessing algorithm. The orientation and angular estimates i .

three cameras are roughly consistent to each other, along?- Conclusions

with some noise causing the estimate to deviate randomly.

In the bottom row, the relative angular difference to theefac In this paper, a LQR-based joint estimation is proposed and

between camera given by subtracting the orientation esti-successfully estimates the face orientation, angularangti

mates between cameras can only tell the relative direction,and relative angular difference to the face between cameras

but is hard to tell the relative angle values. from the erroneous in-node coarse estimates. Two simple,
Fig. 6 shows the estimates after joint estimation by LQR. but general, model-based in-node algorithms using LS give

The joint orientation estimates in three cameras are nowcoarse face orientation and angular motion estimates. A

much more consistent to each other without much noise.discrete-time linear dynamical system, based on kinemat-

The angular motion estimates given by three cameras ardcs, de nes the relations between these attributes antdurt

on top of each other. In the bottom row, the relative angular measures the spatiotemporal inconsistencies by a quadrati

difference to the face between camera successfully predicicost function. Minimizing the cost function by LQR, a sta-

the angle. Notice that the LQR algorithm is a close loop ble close-loop feedback system successfully estimates the

system with feedback loop. Even if the original open loop face orientation without knowing camera locations in ad-

system is unstable, the close loop will stablize the system.vance.
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Figure 6: From top to bottom, each are the joint estima- Figure 7: From top to bottom, each are the joint estimation
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respectively. zero initial condition, respectively.
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