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Abstract

In this contribution we apply a new generic 3D @unodel of the head-shoulder contour
in the framework of the Multiocular Contracting ®arDensity (MOCCD) algorithm to
track the human head-shoulder silhouette over tiflee MOCCD is integrated into a
multi-hypothesis tracking system and its suitapifior 3D tracking of the head-shoulder
silhouette in front of cluttered background is ekasd. The generic 3D head-shoulder
model is not adapted to a particular human and antyparse initialisation of the model
parameters is required. We show that the usagéreé tMOCCD algorithms with three
different kinematic models within the tracking systleads to an accurate and temporally
stable tracking. Experimental investigations arefquened on four real-world test se-
quences showing three different test persons astamte of 1.6 — 4.2 m to the camera
in front of cluttered background. We achieve typiqaose estimation accuracies
of 50 — 90 mm for the average deviation from theugd truth. The rotation of the shoulder
and head around the viewing direction are estimaifigid an angular RMSE of 3 — 13 de-
grees.

1 Introduction

Today, industrial production processes in car martufing worldwide are characterised by
either fully automatic production sequences cardatisolely by industrial robots or fully
manual assembly steps where only humans work tegeth the same task. Up to now,
close collaboration between human and machine rig Nmited and usually not possible
due to safety concerns. Industrial production psses can increase efficiency by establish-
ing a close collaboration of humans and machinekimg use of their unique capabilities.
The recognition of interactions between humansiaddstrial robots requires vision meth-
ods for 3D pose estimation and tracking of the arotf both human body parts and parts
of the robot based on 3D scene analysis. In thieipae address the problem of marker-
less 3D pose estimation and tracking of the modibthe human head-shoulder contour in
front of a cluttered background.

BIRCHFIELD (1998) introduces a 2D head tracking approach a®s$ @ simple elliptical
model. To adapt the model he relies on intensiidignts and colour histograms. There are
a lot of related approaches, having in common tigy work in 2D image space and are
robust and fast. Industrial vision-based safetyesys rely on an accurate 3D pose estima-
tion of human body parts, which limits the usagswth approaches in our application.

Similar to (RANKERS & FUA (2003), FoSENHAHNet al.(2005)) we apply a multi-view 3D
pose estimation algorithm which is based on silkieue information.
PLANKERS & FUA (2003) use 3D data generated by a stereo camefatdn a pose estima-
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tion and tracking of the human upper body. The ufgmely is modelled by implicit sur-
faces, and silhouettes are used in addition tal#émh data to fit the surfacesOSENHAHN

et al.(2005)track a 21 DoF 3D upper body model using a foureransetup. The pose
estimation is based on silhouettes which are etedaasing level set functions. A high
metric accuracy is achieved in the absence ofesledt background. Tracking is performed
by using the pose in the previous frame as infiiade in the current frame. A common
limitation of both approaches is the estimatioradadingle pose which is updated at every
time step. To achieve a more robust tracking, wayag multi-hypothesis framework.

HANEK (2004) introduces the Contracting Curve Density D @lgorithm and applies it to
various curve fitting problems. To track the huntead-shoulder silhouette in 2D, he uses
the CCD tracker and a point distribution model withdegrees of freedom. We apply the
Multiocular Contracting Curve Density (MOCCD) algom (KRUEGER 2007,
HAHN et al.2007), a 3D extension of the CCD algorithm, to kriee 3D pose of the human
head-shoulder contour. In contrast toafi#k 2004)we use a simple and generic 3D curve
model and apply the MOCCD algorithm as the measen¢rsystem in a multi-hypothesis
Kalman filter tracking framework.

2 Theoretical Background

2.1 The CCD Algorithm

The real-time CCD algorithm (kNEk 2004) fits a parametric curvg(a, ) to an imagé .
The parametem | [0]1] increases monotonically along the curve, andenotes a vector

containing the curve parameters to be optimisee pitinciple of the CCD algorithm is
depicted in Fig. 1. The input values of the CCD ameimagel and the Gaussian a priori

distribution p( |m ,A ) of the model parameters , defined by the meam and the

covariance . The CCD algorithm estimates a model pose by caoimpuhe maximum
of the a posteriori probability (MAP) according to

p( [ =p(] )xp( ). 1)

InEq. (1) p(l | ) is approximated byp(l |S(m ,S ), with S(m ,S ) representing the
pixel value statistics close to the curve. The mms@tion of Eq. (1) is performed by iterat-

ing the following two steps until the changes af #stimated parameter vector fall below a
threshold or a fixed number of iterations are catgal. The procedure starts from the user

supplied initial density paramete(g , ).

1. Compute the pixel value statisticm ,S ) on both sides of the curve. For grey-
scale images this procedure amounts to computmgan and a standard deviation of
the pixel grey values on either side of the curve.

2. Refine the curve density parametdm ,S ) towards the maximum of Eq. (1) by
performing one step of a Newton-Raphson optimisaimocedure. This step moves
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the segmentation boundary such that the image eb(decy values) conforms better
with the pixel statistics, e.g. towards an edge.

A numerically favourable form of Eq. (1) is obtadhley computing the log-likelihood

X( )=-2In[p(l|S(m ,S Nxp( |m ," )] . ()

In terms of image processing this procedure casel@ as follows: The Gaussian probabil-
ity density p(l | S(m ,S ) is an edge detector along the curve normal,fithei curve is

at the edge, the function value is maximal. In mEBitto classical edge detectors (e.g. So-
bel, Prewitt) the kernel size is adaptive and tlnecfion is spatially differentiable. These
properties are the main reasons for the robustmassiccuracy of the CCD algorithm.

=

Iteration 1 Iteration n

Fig. 1: The principle of the CCD algorithm. Fitting the ssgntation boundary (bold line)
to the image grey values (solid line) by estimatihg mean (dashed line) and standard
deviation (dotted line) on either side of the assdrboundary. The boundary is moved
such that the image grey values have the highedtapility according to the means and
standard deviations.

2.2 The MOCCD Algorithm

The MOCCD algorithm (RUEGER2007,HAHN et al.2007) is an extension of the CCD
algorithm to multiple calibrated cameras by prdjagthe boundary of a 3D contour model
into each image. The intrinsic and extrinsic parangeof the camera model are obtained by
multiocular camera calibration @OGER et al. 2004). An arbitrary number of imagbk

can be used for this projection. We maximise tlirt jorobability

X()=-2In[(O plIS(m S NMxp( h " )] ®3)

with S;(m ,S ) representing the grey value statistics close ¢optfvjected curve in im-
age | .. The underlying assumption is that images arepaddent random variables. The

MOCCD performs an implicit triangulation in thissea For further information about the
MOCCD algorithm we refer to (RUEGER2007,HAHN et al.2007).



M. Hahn, L. Krtiger, and C. Wéhler

3 3D Tracking of the Head-Shoulder Contour

3.1 Modelling the Head-Shoulder Contour

We use a generic 3D curve model with seven paramétedescribe the human head-
shoulder contour. The curve model consists of 13c8bBtrol points (Fig. 2 (left)) defined
by the following parameter vector:

:[F?LX'F?I_y!F?I_z:ayblybz,rél]T . (4)

The 13 control points of the curve lie on a plarf@ch is parallel to the XY plane of the
camera coordinate system, therefore all curve pdiave the same depth. The 3D control
points[C,,C,,C3,C;;,Cy5,Cy5] of the neck are computed based on the centreRRis of

the neck and the radiy = 013m, r, =15>r,, and r; = 09>,. Only the radiusr, is ob-

served (Eq. 4), the dependencies of all other ratéi derived from human anatomy
(Fig. 2 (middle)). The neck axis is defined by @@ point P, (centre of the neck), the

rotation b, around the Z axis, and the predetermined lemgth of the neck. The 3D con-
trol points C, - C;, of the head are computed based on the centreRKis of the head
and the radiir, (estimated)\; =1.3%,, andrg = 115x,. The head axis is defined 13,
the orientationb, and the length,_,. The parametegr is used to approximate the per-

spectivical foreshortening of the human head-sterukdlhouette. The control points are
scaled down in the direction of the neck and heasl lay the factorcos@) . The perspec-

tive view also yields a stretching of the shoulded neck point, - C, andC;,- C;5 in
the directions indicated by arrows in Fig. 2 (righy a factor ofL+ (1- cos@)).

Fig. 2: Left: Head-shoulder curve model. Middle: Projectmfnthe 3D curve model into
an image. Right: Description of the approximatiorhindle the perspectivical foreshorten-
ing of the human head-shoulder silhouette.

As the MOCCD algorithm adapts a smooth model ctoviae image, the 3D control points
of the curve are projected into the image and aocsmourve is computed using Akima
interpolation (AIMA 1970) over the 13 projected control points. Exam@Esmooth pro-
jected curves are depicted in Fig. 4.
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3.2 System Overview

The system model is depicted in Fig. 3, the inpuades are acquired with a trinocular
camera system (horizontal and vertical baselinert&0Q 6 mm focal length). The cameras
are synchronised and capture images with a reealofi 516x389 pixels in 14 fps.
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Fig. 3: The system model.

To start tracking, a coarse initialisation of thedal parameters at the first time step is
required, since the MOCCD algorithm refines a gigepriori 3D pose. At all other time
steps the MOCCD algorithm uses as an initialisatlon predicted pose of the associated
Kalman filter (KF). In the tracking system (Fig. 8§ apply three instances of the MOCCD
algorithm in a multi-hypothesis Kalman filter framerk (HAHN et al. 2007). Each
MOCCD instance is associated with a Kalman filied @ach Kalman filter implements a
different kinematic model, assuming a differentembjmotion. The idea behind this kine-
matic modelling is to provide a sufficient amourit flexibility for fast changing head-
shoulder motion. The used kinematic models aretaot®cceleration, constant-velocity,
and constant-position. After the computation oftatee MOCCD measurements, the best-
fitting model of the parameter vector at time stejs selected based on a Winner-Takes-
All (WTA) approach. As criteria for the measurementlity, we utilize (i) the confirma-
tion measurement of the MOCCD, (ii) the qualitytleé prediction, and (iii) the difference
of the grey value statistics along the model cuiMee confirmation measurement intro-
duced by KNEK (2004) is an indicator of the convergence of the@®ED algorithm. The
second criterion describes how similar the predictf the tracker and the measurement of
the MOCCD are. With the third criterion it is ensdrthat the MOCCD separates grey
value statistics along the projected curve. A messent that is better than all others in at
least two criteria is deemed the winner.
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4  Experimental Results

The system is evaluated on four test sequenceshvdigplay three different test persons
performing complex movements. Each sequence canttifeast 200 image triples. The
distance of the test persons to the camera sys&imsvfrom 1.6 m to 4 m. The ground
truth consists of the centre point of the neckhia world coordinate system, which corre-
spond to the estimated poi® and the rotation angleg, and 6, . To extract the ground

truth we attach markers on the forehead and shojdis of the test person (see Fig. 4
(first row, middle column)). These markers wereoauatically detected in the three images
of the camera system, and the 3D coordinates wargueted by bundle adjustment. The
ground truth for the centre of the neck is deteadiwith the mean of the 3D points on the
shoulder joints. The rotation of the shoulder impated with the 3D points on the shoulder
joints and the orientation of the head is deterchinith the centre of the neck and the 3D
point on the forehead.

The experimental results are computed with a coaisalisation of the test person in the
first frame and the approximate and fixed lengthtteé neck (., =70mm) and head

(I,... = 220mm). The experimental results listed in Table 1 stibat the accuracy of the

pose estimation is 50 — 90 mm for the average 8eafi distance to the ground truth point,
where the corresponding standard deviations am@uB0 — 75 mm. The rotation of the
head and shoulder around the viewing directioneatémated with an angular root-mean-
square error (RMSE) of 3 — 13 degrees. The estmaif the shoulder angle can be af-
fected by the clothing of the test person, e.¢s jtossible that the curve model is fitted to
the collar and rather than the shoulder silhouéiig. 5 (right) depicts that the general be-
haviour of the rotation angle of the head can hiEnesed, but an error remains since the
used model is too coarse. Fig. 5 (left) shows thatsystem is able to track the 3D pose in
an accurate and robust manner. Compared to the lprfROSENHAHN et al. (2005) we
achieve lower accuracies but they require detgiledson-specific modelling, more cam-
eras, wide baselines, and less complex backgrounds.

Table 1: Experimental results. “RMSE” denotes the root-mesquare error.
Name Average Euclidean RMSE RMSE
deviation in mm shoulder angle in degrees head angle in degrees
Seq01 74 +75 8.13 4.04
Seq02 67+ 73 3.36 5.39
Seq03 47 + 27 3.83 8.94
Seq04 87 + 66 13.91 no ground truth
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beginning middle end

Fig. 4: Tracking results: The estimated smooth curve m@ddépicted in image sections
from camera 1. The rows correspond to (i) Seq@1S@g02, (iii) Seq03, and (iv) Seq04.
The columns show the results at the beginning, ljdhd end of the sequence.
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Fig. 5: Left: Pose estimation results for Seq01 for X (honital position) and Z (depth)
compared to the ground truth. Right: Estimated haadle in Seq03 compared to the
ground truth.
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