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Abstract—This paper proposes a tracking system called ~ The system is able to track a person in realtime at about
VooDoofor 3d tracking of human body movements based on a 3d 10-14 Hz in 3d. Results are shown with different input sensors.
body model and thelterative Closest Poin{ICP) algorithm. The Sec. Il gives a short overview on other works concerning

proposed approach is able to incorporate raw data from different ki fh
input sensors, as well as results from feature trackers in 2d or tracking of humans, and sec. Il presents the framework and

3d. All input data is processed within the same model fitting principles that are used for the presented work. Sec. IV
step by modeling all input measurements in 3d model space. The describes the tracking and fusion algorithm in detail, and

system has been implemented and runs in realtime at appr. 10- sec. V shows experiments and results. Sec. VI and VII discuss
14 Hz. Experiments with complex human movements exhibit the and conclude the presented work.

characteristics and advantages of the proposed approach.
I. INTRODUCTION Il. STATE OF THEART

Robots that are meant to cooperate closely with humansFor observation and tracking of human movements, many
and especially with untrained persons which are not familidifferent sensors and models have been used. This includes
with the domain of robotics, need a deep understandimyasive sensors like magnetic field trackers (see [1], [2]) that
of the intentions, activities, actions and movements of theaire fixed to the human body. Within the context of human robot
interaction partner. interaction in every-day life, this approach is not feasible;

This is on the one hand due to the fact that the robopn-invasive tracking approaches must be applied. Most of
needs the ability to predict the global plan as well as singleese are based on vision systems, or on multi-sensor fusion
movements of the human in order to plan its own actiorisee [3]). Systems which rely on distributed sensors (see [4])
and movements in an efficient way with respect to the overalfe not practicable in the given domain; the tracking system
goal. Even if parts of the goal can be explicitly communicatetust be able to rely only on sensors mounted on the robot.
between human and robot, there are in most cases severdiracking of humans and human body parts using vision is
ways to reach a given goal, especially in a cooperation contexizestigated by a lot of research groups and several surveys
Thus, not only motion prediction, but also activity recognitioexist (see [5], [6], [7], [8]). Hence, there is a big variety of
is an indispensable feature for such a robot. methods ranging from simple 2d approaches such as skin color

On the other hand, a shared workspace between rolsepgmentation (e.g. [9]) or background subtraction techniques
and human puts up high safety demands. This includes ifetg. [10]) up to complex reconstructions of the human body
only collision detection, but also haptic interaction and shargase. [11] shows how to learn the appearance of a human
object and tool manipulation. Therefore, observation and prasing texture and color.
diction of the human’s movements is badly needed in a robotEstimating the 3d pose of a human has become popular
system that is designed to work together with humans. in recent years due to improved and new sensors and also

Many tracking systems for humans have been proposeddune to available computing power Sidenbladh [12] used a
literature, some of which are discussed in sec. Il. Most gfarticle filter to estimate the 3d pose in monocular images.
these are designed for one special input sensor, and all intefaath particle represents a specific configuration of the pose
models are based on this assumption. which is projected into the image and compared with the

This paper introduces a 3d body model based tracking syxtracted features. [13] useshape-from-silhouettapproach
tem calledVooDoq and especially proposes a new approadh estimate the human’s pose.
for fusion of different input sensors and cues for tracking. Another approach using particle filtering is used in [14]. The
This approach is able to incorporate tracking informatiowhole body is tracked based on edge detection, with only one
from 3d sensors likélime-of-Flightcameras (ToF) or stereocamera. The input video stream is captured with 60 Hz, which
reconstruction together with cues from 2d based trackers likénaplies only small changes of the configuration between two
monocular camera. The system is designed to work only witlonsecutive frames. As it is a 2d approach, ambiguities of the
sensors on-board the robot. 3d posture can hardly be resolved.



sets have the same size witfi, = N, = N and each point
p; corresponds to point;.

Because the sensor data is always corrupted with noise, no
exact solution exists. Instead, the problem is transformed into
the minimization of a sum of squared distances:

N
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For a complete description of how to compute the optimal
translation and rotation, see [18].
Fig. 1. Sensor head (top left), 2d image (top right), disparity image (bottom The sensor data consists of a list of data points, which
left), 3d image (bottom right) has to be matched to a geometrical description of the body.
To retrieve the ordered list of point pairs needed for the
An ICP-based approached for pose estimation is shown:fﬁﬁjs’sg‘uectce%”esr’ondences between data and model have to be

[15]. The authors use cylinders to model each body part. o :
[16] the same authors show how they model joint constraints-.rhIS is done by calculating for each data pgifithe closest

for their tracking process. However, it seems that the effect geint on the model givingz;. In the second step the optimal

the ICP is partially removed when the constraints are enforcé@nSIat'on_ and rotathn can be est|mateq and applied to the
Nevertheless, parts of the work described in this paper del. This process is then repeated until the absolute value
based on the, work of Demirdjian et al. (see [16], [15]) of the transformation is below some threshold. Ttezative

Closest Poinfsteps are:
[1l. U SED FRAMEWORK 1) For the given model and the data points calculate the
This section describes the framework which is used for the  closest points givingC' P,
presented work: Used sensors, the ICP algorithm which forms2) Calculate the sum of squared distances between data
the basis, the articulated 3d human model and the joint model  points and model points givind, (M, C'P,)
within the body model. 3) Estimate rotation and translation and apply to the model
4) Calculate new set of closest point with the new position
A. Sensor Data of the model givingC'P;
In the described framework, two different sensors are useds) Calculate the sum of squared distances between data
to demonstrate the capabilities of the algorithm: A time-of- points and model points giving; (M, CP;)
flight (ToF) camera and a standard stereo camera head witls) If d; {(M,CP;_1)—d;(M,CP;) < e the iteration stops,
depth data reconstruction generate 3d point clouds, and the otherwise go to step 3.
color information of the camera is used to track face and hands\ote that computation aflosest point relations by far the

with a simple skin color model in 2d. most time consuming step in the ICP process, since it includes

The SwissrangeiToF camera uses a resolutionisi) x 124 3 set of geometric calculations for each data point in the point
pixels. The output consists of a dense depth image and @gud.

intensity image. The depth range is configureddtd m <
range < 7.5 m, the accuracy lies within a few centimeters.c' Human Body Model
Intensity data is not used within the current context, as theFor the tracking system a 3d body model is used. Each
intensity image has very low resolution and high noise due g®dy part is represented withdegenerated cylindefhe top
the sensor concept. and the bottom of each cylinder is described by an ellipse.
The stereo cameranga-dfrom videre desighis used at The ellipses are not rotated to each other and the planes are
a resolution 0f320 x 240. The disparity image is computedparallel. In total such a body is described by five parameters:
based on a calibration obtained offline. major and minor axis of each ellipse, plus the length of the
The sensors and the raw data can be seen in fig. 1. cylinder.
_ _ ) The overall body model is built in a tree-like hierarchy
B. lterative Closest Point Algorithm starting with the torso as root body part. Each child is
This section gives a short introduction to thterative described with a degenerated cylinder and the corresponding
Closest Point (ICP)algorithm. The goal of the ICP is to transformation from its parent. Up to now the body model
match two indexed sets of the same points which are giveansists of ten body parts (torso, head, two for each arm and
in different coordinate systems and calculate the translationwo for each leg) which is depicted on the left of fig. 2. It
and rotationR that transform the first coordinate system intgshould be mentioned that this body model is not necessarily
the second. For person tracking, the first set correspondsréstricted to humans, and also other bodies can be modeled
the data points of the sensor and the second set correspozaksly.
to points on the surface of a rigid body. Following [17], the If the fusion algorithm also incorporates data from feature
first set is denoted® = {p;}, the second on& = {z;}. Both trackers (like some vision based algorithms, or magnetic field



trackers that are fixed on the human body), it is required toThe current posture estimation output is given with respect
identify certain feature points on the human body. This is done the hierarchical body model defined in sec. IlI-C. In each
following the H—Anim Specificatiofsee [19]). time step, the whole body model is provided. This allows for
D. Joint Model changes not only in the body pose (joint angle space), but also
' for changes in the model itself (configuration and parameters

The joint model is based on the concept of introducingf the body model). This may concern scaling of the model for
elastic bands into the body model. These elastic bands repiiferent persons with varying body heights, or even addition
sent the jOint constraints. For the ICP algorithm, these elasa'ﬁd deletion of body parts in case of Changing tracking targets
bands can be modeled as artificial correspondences and illother effects. This can be useful e.g. if the tracked person
thus be considered automatically in each computation step (§¢folding and handling a big object, which then can be added
sec. IV-B.6). easily to the tracked configuration.

The VooDoo tracking algorithm is depicted in fig. 3. The
next section describes possible input data, while sec. IV-B
depicts the processing steps within the tracking loop.

A. Input data

The proposed tracking algorithm is able to include, process
and fuse different kinds of sensor data (see also fig. 3):

o Free 3d pointsfrom ToF-sensors or from pure stereo
Fig. 2. Different joint type models. Universal Joint 3 DoF a), Hinge Joint 1 depth images. The system has to decide whether to use
DoF + 2 restricted DoF b), Elliptic Joint 3 restricted DoF c) these points as measurements of the tracked model. For
a point that is not discarded, the corresponding point on
For each junction of model parts, a set of elastic bands the model surface is computed.
is defined (see fig. 2). These relations set up corresponding 3d points on the human bodyat are e.g. generated
points on both model parts. The corresponding points can then by a stereo vision system that tracks a person in image
be used within the model fitting process to adjust the model space and generates the corresponding 3d points by stereo
configuration according to all sensor data input and to the reconstruction.
defingd constraints. . . . « 3d points assigned to a single body panay also be
This approach allows for modeling of different joint types.  generated by a stereo vision system tracking special body
Within the described tracking system, three types are used:  parts like the face or the hands.

« Universal Joints have 3 full degrees of freedom (e.g. « 3d point-to-point relationsare 3d points that can be

human shoulder). assigned to a given point on the tracked human body.

Universal joints are modeled by one point-to-point cor-  Thus, tracking of special features or points (e.g. with

respondence (one elastic band), see fig. 2 a). markers, or magnetic field trackers attached to the human
« Hinge Joints have one real degree of freedom, the others body) can be integrated.

being almost fixed (e.g. elbow or knee). « 2d point-to-line relationscan e.g. be derived from a 2d

Hinge joints are modeled by a set of correspondences image space based tracker. The pixel in the image plane
which are distributed along a straight line, see fig. 2 b).  together with the focal point define a straight line in 3d,

« Elliptic Joints have all degrees of freedom highly re-  which corresponds to the point on the human body that
stricted. An example on the human body is the neck: has been detected in the image.
Motion is possible in all 3 degrees of freedom, but veryhis data can originate from any sensor that gives data in

limited in range. the described format. Of course, all input data has to be
Elliptic joints are modeled by a set of correspondencegnsformed into the tracker coordinate system before it is used
distributed along an ellipse, see fig. 2 c). within the system.

For details of the joint model, see also [20]. B. Processing

IV. SENSORFUSION ALGORITHM FOR TRACKING The algorithm uses the sensor data input, the configuration
The goal of theVooDoo tracking system is to track the parameters and the model configuration from the last time step.
posture of a human body in 3d by matching the internal 3d For the ICP matching algorithm, a list of corresponding
body model with the current input sensor data. Thus, tlp®int pairs has to be set up for each limb (see also sec. llI-
tracking system offers three interfaces: sensor data streBjn Therefore, all “free” 3d points have to be analyzed in
(input), parameter configuration (input), and current postuceder to decide whether they correspond to points on the
estimation (output). All sensor data formats that can be exacked model. Otherwise, they are discarded. Additionally, all
ploited are described in section IV-A. The configuration valuegven correspondences from other tracking procedures and the
we have identified will be described in sec. IV-B along witbackground knowledge on joint constraints have to be added
the processing steps. to the correspondences list. Then, the optimal resulting model



Closest
point on
line

2d bound points )

Initialization
posture

» BB Check
. whole + BB Check + Dowp- Closest
3d free points . body body parts sampling point ?
n
ICP iteration
Configuration of desired accuracy,
body part focus etc.
3d points on body
d points on b art
3d point to point relations

Fig. 3. The complete VooDoo algorithm (“BB” = Bounding Box)

configuration has to be computed. These steps are perforndedicated limbs of the tracked body (see sec. IV-A). The

iteratively until an optimum of the configuration is reached.resulting point list contains candidates for measurements of
Before the input data of one time step is processed, itasch limb.

possible to adjust internal model parameters. This can be e.g3) Point Number reduction:The resulting point list can

the model scale factor, or particular cylinder sizes. Even limlbe downsampled before the calculation of the closest points

can be added to or removed from the model. to reduce the overall number of points (see fig. 3, step
The tracking algorithm and the sensor fusion approach @ewnsampliny This step is controlled by three parameters:
now described step by step. the sampling factor, and minimum and maximum number of

1) Prefiltering free 3d points:The whole point cloud of points per limb. Thus, it is possible to reduce the number of
free 3d points from used depth sensors is processed in orgeints for limbs with many measurements, but maintain all
to remove all points that are not contained within the boundimmints for limbs which have been measured with only a few
box of the body model (see fig. 3, stBB Check whole body points.

This is done on the assumption that the body configuration4) Closest point computationthe closest point calculation

changes only locally between two time frames. A parametisrthe most time-consuming step in the whole loop. For each
defines an additional enlargement of the bounding box pricgmaining data point, the corresponding model point on the
to this filtering step. assigned limb model has to be computed for the ICP matching

The resulting point list is concatenated with any sensor daggep (see fig. 3, steflosest Point This involves several
input that has already assigned its measured 3d points with geometric operations. Depending on the resulting distance
tracked body (see sec. IV-A). This results in a list of 3d pointsetween data and model point, all points within a given
which are close to the body model and thus are candidates fi@aximum distance are kept and the correspondence pair is
measurements of the tracked body. stored in the output list. All other points are deleted.

2) Assigning points to limb modelsthe point list is now  3d point-to-point relations from input data (see sec. IV-
processed in order to assign measured points to dedicafgdcan now be added to the resulting list, which holds now
limb models based on the bounding box of each limb modebrresponding point pairs between data set and model.

(see fig. 3, ste@BB Check body parjs Again, the bounding 5) Addition of 2d measurement€ach 2d measure (e.qg.
boxes can be enlarged by a parameter to take the maximtratked features in 2d image plane of a camera) of a feature
possible displacement into account. Points that do not fall am the human body defines a straight line in 3d which contains
any bounding box are again removed. Several behaviors ¢ha tracked feature. This fact is used to add the 2d tracking
be selected for points that belong to more than one boundiimformation to the 3d point correspondences (see fig. 3, step
box (overlap): These points are either shared between lir@tosest point on ling For each reference point on the body
models, exclusively assigned to one limb or shared only in cas@del, the closest point on the straight line can be computed
of adjacent limbs. This last method avoids collisions betweamd added to the list.

limbs that are not directly connected. 6) Joint model integration:The joint model for each junc-

The resulting point list can be joined with any sensor dateon is added as artificial point correspondences for each
input that has already assigned its measured 3d points withb, depending on the limb type (see fig. 3, stédpint



mode). According to sec. llI-D, the correspondences can be Different conclusions can be drawn from the results:

interpreted as elastic bands which apply dedicated forces tq Huge movements are easily detected by the 3d data based
the limbs to maintain the model constraints. Thus, artificial  racking: The “bow” movement is tracked quite well. On
correspondences will keep up the joint constraints in the fitting  the other hand, fast movements with the extremities may

step. o ) _ cause failures when only 3d data is used, as with the
7) Model fitting: When the complete list of corresponding  «yave” movement.

point pairs has been set up, the optimal transformation between Tracking only with a 2d feature tracker works quite well

mo<_jel and data point set can be computed apcording tosec. lll- for the tracked body parts. Nevertheless, the body config-
B (fig. 3, stepLeast squargs The transformation is computed  ration can not be determined only from 3d features (see
seperately for each limb. frame 81). To do this, a lot more background information

When all transformations have been computed, they can be
applied to the model. The quality measure defined in sec. IlI-B |
is used for the fitting. Steps IV-B.1 to IV-B.7 are repeated until
the quality measure is below a given threshold or a maximum
number of steps have been performed.

When the fitting has obtained an optimal solution, it is

on the human body would be needed.

Fusion of both input sensors in 3d shows very good
results: Huge body movements as well as fine and fast
movements of the extremities can be recognized, and the
algorithm is able to reliably track the body configuration.

possible to check the plausibility of the resulting model. Tl%% second evaIu?]tllo; stetp .cogs;stedd.gl rectordlng a Sft
Thus, collisions and other unreachable configurations c h sequJences W ¢ .C?[n aine hen |Ikc1=:ren m?]vimens
be corrected. This step is currently not implemented in t oM several persons. e.goint somewheravalk, wave shake
handswith somebodybow or clap. The tracking result has
system. o .
then been evaluated and classified manually into one of three
C. Sensor model classes: (ONracking lostsomewhere within the sequence, (1)
Each used data source has its own stochastic paramet&eeptable deviationfike a temporally lost (but recovered)
which have to be taken into account. The described approdorearm within a walking sequence, and (®)od congruence
offers a very simple method for this: each input date iBetween original and resulting model movements. The evalua-
weighted with a measure that describes its accuracy. The 1@ result is depicted in tab. |, the average resulbis- 1.58.
algorithm then incorporates these weights in the model fitting
step. Thus it is possible to weight a 2d face tracker much
higher than a single 3d point from a ToF camera.
I't is important to note th'at an increased weight for a ;lngle Tracking result[ 0 | T | 2
point does not affect the time needed for the computation. # of sequences| 5 | 32 | 63

TABLE |
EVALUATION RESULT WITH 100 SEQUENCES

V. EXPERIMENTS AND RESULTS

The described tracking procedure has been implemented and
tested with the sensors described in sec. IlI-A. The tracking
runs online at a framerate of appr. 10-14 Hz on a Pentium 4The proposed tracking approach does not include any back-
with 3.2 GHz. ground knowledge apart from kinematic constraints, i.e. no

Different test series have been performed to evaluate thgsumptions like “the torso stands always upright” are made.
VooDoo system: First, the same data sequences have bd&is implies on the one hand that all possible configurations
processed using different input sensor configurations to test @& be recognized; on the other hand, the tracking can only
fusion, and second, a set of 100 sequences has been recogdiégeed if the input data contains all necessary information to
and processed. The tracking result has then been evaluatetermine the human posture, and no tracking hypothesis can
manually for consistency with the recorded body movemerf?¢ generated for temporarily invisible body parts or ambiguous
to evaluate the overall system performance. configurations.

Fig. 4 shows example images from a sequence of 15 secThe current framerate is appr. 10-14 Hz. The computation
onds containing a “bow” and a “wave” movement. The firdime depends on several factors: It scales linearly with the
row shows the scene image, which has been also used fomber of measured 3d points on the model; background
segmentation of face and hands. The second and third rpaints are removed in an early stage and do not distinctly
contain the tracking result with 3d data only (row 2) and 2uhfluence the needed time. It also depends on the number
data only (row 3), where the 3d data has been acquired with ICP steps performed in each frame, which is appr. 3-
the ToF camera and the 2d data is derived from skin colbb, depending on the desired accuracy and the speed of the
segmentation in one image of the stereo camera. The straigtitvement.
lines in 3d defined by the skin color features can be seen hereSec. V has shown that tracking based only on the mea-
Row 4 shows the tracking result with both inputs used.  surements of the ToF camera is not sufficient. Especially

For the shown results, the following weights for the inpunovements along the main axis of the body (e.g. sitting down)
data have been used: 3d data points= 1.0, face tracker can hardly be detected, which substantiates again the use of
w = 30.0, hand trackemw = 20.0. different data inputs for a fusion algorithm.

VI. DISCUSSION
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Fig. 4.

Experiments with different sensor inputs, taken from a sequence containing a “bow” and a “wave” movement. The frame number is displayed on

the top. The used 2d and 3d correspondences have been added to the resulting model images.

VIl. CONCLUSION

This paper has proposed a new way for fusion of different
input cues for tracking of a human body. The proposegb]
algorithm is able to process 3d as well as 2d input data
from different sensors like ToF-cameras, stereo or monocular
images. It is based on a 3d body model which consists of a sgj
of degenerated cylinders, which are connected byelastic
bandsjoint model. The proposed approach runs in realtime and
is able to track complex movements like walking or bowing.
It even recognizes postures with the arms outstretched directil
towards the sensor.

The described way of adding 2d measurements to a 3g|
matching process is one of the main innovations. The idea of
adding artificial point correspondences from non-3d sensors or
background knowledge to the 3d matching process can ev
be exploited further: Future works will investigate methods
to include valid ranges for joints via addition of artificial
correspondences. Other unsolved issues are the initializatigA
process, or the computation of an optimal scale factor for the
model to incorporate the ability to track persons of different8l
height without manually resizing the model. [9]
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