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Abstract—This paper discusses a tracking method allowing method uses a 3-D wireframe head model, a 2-D feature-based
real-time recovery of the three-dimensional (3-D) position and matching algorithm, and an extended Kalman filter (EKF)
orientation of a moving head. The described method uses a ggtimator. Our global motion tracking system is meant to work

wireframe model of the head, a feature-based matching algorithm, . . . ) .
and an extended Kalman filter estimator. The resulting motion in a realistic CVE without makeup on the speaker’s face, with

tracking system works in a realistic environment without makeup uncalibrated camera, and unknown lighting conditions and
on the face, with uncalibrated camera, and unknown lighting background.
conditions and background.

Index Terms—3-D head, avatar, real-time tracking, virtual Il. TRACKING HEAD MOTION

reality. The general problem of recovering 3-D position parameters
from 2-D images could be solved using different 2-D views of
|. INTRODUCTION the 3-D objects. If these images are taken at the same time, the

ODEL-BASED video coding (MBVC) has recentlyproblem is solved bgtereovisiori2], [3] or trifocal tensor[4].

emerged as a very low bit rate video compressio’?ﬁnmher approach using monocular 2-D images of moving ob-

. . . . ects is known astructure-from-motio{SFM) [5].

method suitable for collaborative virtual environment (CV . N .

S . . . Given 2-D-object images, the SFM problem aims to recover
applications [1]. The MBVC increases coding efficiency by i i _
using knowledge about the scene content and describing the ) the 3-D object coordinates; -
real-world geometry by three-dimensional (3-D) model objects. ) the relative 3-D camera-object motion;
The principle of this compression is to generate a parametricill) c@mera geometry (camera calibration).
model of the image seen at the emission end and to transmiiljhe SFM_ framework (F.'g' :.L) consists of two main modules
only the characteristic parameters describing how the modeli) Tracking moduledelivering the 2-D point measurements

changes in time. These differential parameters are then used to  Pi(ui,v;) of the tracked features, whefe= 1,...,m,
animate the model of the image recovered at the reception end. andm is the number of measurement points.

The first step in a full automatic MBVC system is thece 1) Estimator modulgfor the estimation of 3-D geometry
detectionallowing the identification and location of the face in and motion), delivering a state vector

the first image frames. The next stepnmtion estimatioren-
compassing global 3-D-motion recovery, local motion estima-
tion, expression and emotion analysis, etc. The problem is not where(t,,t,,t.,a,3,\) are the six 3-D camera/object
trivial, as 3-D motion parameters have to be extracted from a  relative motions, namely translation and rotatigris the
sequence of two-dimensional (2-D) images of the performer's  camera focal length, anB;(X;,Y;, Z;) is the object ge-
head-and-shoulders. ometry, wherei = 1,...,m andm is the number of
This paper discusses3aD tracking methodor the real-time tracked features.
measurement of six head motion parameters, namely 3-D poTo detect and locate a human face, the system will process the
sition and orientation, and the focal length of the camera. Thifiage, identifying relevant features, and then use these features
to recognize and determine the location of the face. Tracking
finds and locates the relevant facial features in a sequence of
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The EKF is applied to nonlinear systems and consists of two
stages: time updates (or prediction) and measurement updates
(or correction). At each iteration, the filter provides an optimal
estimate of the current state using the current input measurement
and produces an estimate of the future state using the underlying
state model. The values, which we want to smooth and predict
independently, are the tracker state parameters.

The EKF state and measurement equations can be expressed

SFM

Fig. 1. The structure-from-motion (SFM) framework.

of eyes, mouth endpoints, and tips of eyebrows are iﬁ—s
creasingly used in computer vision applications [8], [9].
However, in a scene where objects move erratically, the
noisy image data and spatial and temporal sub-sampling m(k) =Hs(k)
can make motion and acceleration estimation difficult.

ii) Optical-flow methods use spatial and temporal partidfn€res is the state vectory is the measurement vectot,is
derivatives to estimate the image flow at each locatidh© State transition matrix/ is the Jacobian that relates state
in the image. Algorithms for recovering optical flow [6]t0 Measurement, aridk) andr(k) are error terms modeled as
are based on a set of assumptions about the world that,%?russ'an white noise. .
necessity, are simplifications and hence may be violated The observations are the 2-D feature coordingtesy),
in practice, resulting in gross measurement errors. Moféhich are concatenated into a measurement veoiok)
over, the extraction of the optical flow from an imagé‘t e_:ach time step. The observatlon_ \_/ector is the _back-pro-
sequence is a highly computational task. jection of the s stqte vector containing the relative 3-D

iii) Correlation-basednethods are popular for tracking ob-C@mera-scene motion, and the camera internal geometry,
jects [10], [11]. They use the sum of the absolute diffef1amely the foca! Iength.. In our case, the state. vector is
ences between template and search area pixel intensiigganslation,rotation,velocity,focal_lengtithat contains the
as a difference measure. On the negative side, the corrd@lative 3-D camera-object translation, rotation and their
tion tracking methods are sensitive to changes in over¥glocities, and camera focal length. _
illumination changes between frames of the sequence. 1he EKF requires a physical dynamic model of the motion

We employ deature-basetracking technique to obtain the 2_Dand.a measurement mo.d.el relating image feqture Iocatlons to

observations, which SFM can use to infer the 3-D informatiofotion parameters. Additionally, a representation of the object
The SFM problem can be formulated as a parameter eéH-Ser’s head) is required.

mation problem: “Given a number of noisy measurements of .

2-D-tracker positions, we have to optimally recover the SFK- Motion Model

components of (1).” The dynamic model is a discrete-time Newtonian physical
We have adapted the SFM approach of Azarbayejani antbdel of a rigid body motion, moving with constant velocity.

Pentland [5] to recursively recover the 3-D motion and persperhe state vector

tive camera geometry from feature correspondences over a se-

guence of 2-D images. To speed up the calculationswe areusing ¢ (Las tys toy oy Wy, oy frbay by, bsy Gy Wy, @)

a motion model that simplifies the Jacobian. The EKF is used

to solve the SFM problem, resulting in an accurate, stable agghsists of 13 elements grouped as the relative camera-ob-

real-time solution. The EKF takes into consideration the no‘bct translation (tz_/ty_/tz)’ the small inter-frame rotation

linear aspect of mapping. We use a perspective camera model ., w.), the camera focal lengtly, the translational

to reflect the mapping between the 3-D world and its projege|ocity (2, 1y,i-), and the rotational velocit§t, , &, . ).
tion. In Section I, we present an EKF-based technique, usedrhe state (1) could be written as

to recover 3-D motion parameters and camera focal length.

s(k +1) =As(k) + £(k) @)

+
+n(k) ®3)

ti I 00 IAT 0O ti
I1l. EXTENDED KALMAN FILTER FOR 3-D TRACKING w; 0 I 0 0 IAT w;
The continuous imaging process is sampled at discrete time =100 17 0O 0 [l +&k)
intervals by grabbing images at a constant time interval. These ™ 00 0 I 0 ft
000 0 I wi/

images are then sequentially analyzed using an EKF to deter®i/ k41

mine the motion trajectory of the face within a determined error, ) . . . )
range wherei = z,y,z is the index of the coordinate axes of the

The EKF converts the 2-D feature position measuremenf& "> & reference framé;js the identity matrix, andir is the

using a perspective camera model, into 3-D estimates of the Bg_er-frame time.

sition and orientation of the head [5], [12], [13]. The EKF recur-

sive approach captures both the cause-effect and the dynamcl\/leasurement Model

nature of the tracking, offering also a probabilistic framework The measurement model relates the state vedimthe 2-D-
for uncertainty representation. image location(ug, vx) of each image feature pointy. The
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pointp (X%, Yk, Z) of the object reference frame becomes the
pointp.r(Xek, Yer, Zex) Of the camera reference frame, where

Xek Xk t
Yor | =T (ts,ty,t.) + R(a, B,7) | Yk %
Zek, Zy, :
k=1,...,N 5) )
v
whereT andR represent the object (or camera) translation and ¢
rotation matrices, and’ is Fhe nur_nbe_r of_p0|_nts. Fig. 2. ldentical point selection process on Marius’ image and the
The observed perspective projection is given by corresponding 3-D model projection.
up\ _ [ Xk _ . I . .
w ) =7\ y , k=1,....,N (6) identification process, we are using an augmented reality tech-
k ck “ nigue by projecting in the 2-D live image the 3-D mesh used to
wheref is the camera focal length. model the head.

At each filter cycle, we have to calculate the partial deriva- At this development stage, it is still up to the user to ar-
tives of u andv with respect to each of the unknown parameange the scale matching between the live face image and the
ters. Lowe [14] proposed a re-parameterization of the projectiBfiected mesh. The steps of the EKF initialization algorithm
equations, to simplify the calculation of ti# Jacobian, by ex- for the multiple “point identification” procedure using this aug-
pressing the translations in the camera coordinate system rafhgpted reality technique are as follows.
than model coordinates. In this case, the measurement equatiotep 1) The user positions his/her face at the center of the

will take the following form: screen. Adjust the matching of the live image and the
projected mesh, so that the projected mesh covers the
Xek Xk entire facial region.
Yer | =R(e,8,7) | Ya (7)  sStep2) Left mouse click on every rigid feature point of
Zck Zk interest on the live image. An automatic program
up\ #Xck + ity ®) fynction takes. care to properly align .the selected
T f v t ] live feature point to a vertex of the projected mesh.
k Zogt Lok Tty . . ; )
e Step 3) Right mouse click anywhere on the active Windows
WhenN points are tracked, there &&/ measurements (coor- “live” image. This triggers the tracking process (by
dinates of point projections) at each frame and seven parame- “booting” the EKF module).

ters to be recovered (six motion parameters plus camera focal

length). Both motion and focal length are over-determined Bt EKF Update

each frame wheaN > 7, which happens wheiV > 4, 1., the EKF update stage is illustrated in Fig. 3. At each

when tracking four or more pomts.Wh_en camera parameters RE2ation, the EKF computes an estimate of the rigid 3-D

known beforehand, we need > 3 points to recover the 3-D gtion that must probably correspond to the motion of the

motion. ) . 2-D live image. We employ the Kanade—Lucas—Tomasi (KLT)
We employ a three-parameter incremental rotatigg) >.p-gradient feature tracking method, which robustly

(we, wy,w:), similar to that used in [5] to estimate inter-frame, e torms the tracking reinforced by the EKF estimation output.

rotation. The incremental rotation computed at each frame stgR ostimate of motion and camera focal length is found at

is combined into a global quaternion vectgy, g1, 42, ¢3) Used gach step. After the 3-D-motion and focal length are recovered,
in the EKF linearization process and rotation of the 3-D-mode| perspective transformation will project feature points back

[15]. onto the image to determine an estimated position of the 2-D
feature trackers. At the next frame in the sequence, a 2-D

IV. IMPLEMENTATION AND EXPERIMENTAL RESULTS tracking is performed starting at this 2-D estimated position.
A. EKEF Initialization The current matching coordinates of tracked features are fed

The 3-D model brovides the initial structure arametebaCk into the Kalman filter as the observation vector, and the
provi Ne it ucture p . |I’Sop continues. The feedback from the EKF is used to update
(Xi:,Y;, Z;) of the Kalman filter. Each 2-D-feature point . - .
. the 3-D-model pose parameters, i.e., it provides the 3-D head
(u;,v;) corresponds to a structure poipt(X;,Y:, Z;). As L :
shown in Fig. 2, theséu;,v;) points are obtained by inter- tracking information.
9. < €us, vi) P y ,_The recovered 3-D position and orientation are propagated to

secting the 2.'D image plane W'.th.a ray rooted in the camer.:%qse head modelindlock of the CVE system, which renders a
center of projection COP and aiming to the 3-D structure poin . I
new posture of the 3-D-model as illustrated in Fig. 4.

on the head model.

The typical point identification problem of the 3-D pose re-
covery from 2-D images is solved in our case by identifying
corresponding points in both the 2-D live image of the subjectIn order to validate the accuracy of our 3-D-head tracking
and the 3-D model of the subject’s head. In order to aid the posystem, we developed a rapid calibration technique. A previ-

V. CALIBRATION
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Fig. 5. True and recovered rotation angles: EKF-4 points.

when tracking four points. These statistics are comparable to
the Polhemus sensor accuracy [5] indicating that the vision es-
timate is at least as accurate as the Polhemus sensor.

Translate and
rotate the model

Calibrate

camera.

(modify pose):
VI. CONCLUSION
é E Tracking 3-D pose parameters of a moving target (head) from
a sequence of 2-D-images motion is not a trivial task. The effects
Fig. 3. Continuous 3-D pose recovery using EKF. of head motion and facial expressions are combined in these

images, so it is crucial to successfully separate the rigid from
the nonrigid motion of the head (“pose/expression separation”).
The head pose has to be accurately computed before attempting
to recover the expressions.

The 3-D tracking model-based algorithm discussed in this
paper allows automatic recovery of six head-parameters: the
3-D position and orientation.

Our system was implemented on the 800 MHz PC-platform
processing images provided by a commercial USB web camera
at 30 fps. Experimental results show that this tracking system
works well in a realistic videoconferencing environment,
ously recorded sequence of 2-D images representing 3-D heathout makeup highlighting the speaker’'s facial features,
model poses is played as the “live” image and tracked with ounknown lighting conditions, and unknown scene background.
EKF framework. From a computational point of view, this tracking system is

The estimated motion values (t;,t;,t;,ﬂ;,ﬁ;,ﬁ;) based on the inversion ofAV-by-2/N matrix, wherelN is the
are compared with the measured motion valugsimber of points that are tracked. Both motion and focal length
(tﬁtﬁt?ﬁ?ﬁf,&?) of the synthetic image sequenceare over-determined at each frame fa¥ > 7, which hap-

In the above representatiaft,,t,,t,) is the 3-D position, pens whenNV > 4. Good results are routinely obtained even
and (0,,6,,0,) is the 3-D orientation of the head. Thewhen tracking fewer than ten points. The computational effort
resulting errors show the effect of both human-aided 3-D/2-4eeded for such a small size matrix inversion is easily handled in
point-identification and 3-D tracking. real-time even by a mid-level PC-platform. Our software-imple-

We minimized the errors by fine-tuning the initializationrmented SFM recovery system has successfully tracked a human
process of the EKF. face for minutes. If the head motions were relatively slow, our

Fig. 5 shows theecoveredversusreal 3-D-orientation for a system was also able to deal effectively with occasional out-of-
calibrated sequence. plane rotations and short occlusions. It is reasonable to expect

We have found experimentally in one case that the RMS difat this limitation will be less restrictive as the speed of the
ference between true and recovered rotation angles is 3.0B&-platform is increasing.

Fig. 4. Tracking the head motion.
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