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Abstract—Vision-based 3-D head detection and tracking sys-
tems have been studied in several applications like video sur-
veillance, face-detection systems, and occupant posture analysis.
In this paper, we present the development of a topology-based
framework using a 3-D skeletal model for the robust detection and
tracking of a vehicle occupant’s head position from low-resolution
range image data for a passive safety system. Unlike previous
approaches to head detection, the proposed approach explores
the topology information of a scene to detect the position of the
head. Among the different available topology representations, the
Reeb graph technique is chosen and is adapted to low-resolution
3-D range images. Invariance of the graph under rotations is
achieved by using a Morse radial distance function. To cope with
the particular challenges such as the noise and the large variations
in the density of the data, a voxel neighborhood connectivity
notion is proposed. A multiple-hypothesis tracker (MHT) with
nearest-neighbor data association and Kalman filter prediction
is applied on the endpoints of the Reeb graph to select and
filter the correct head candidate out of Reeb graph endpoints. A
systematic evaluation of the head detection framework is carried
out on full-scale experimental 3-D range images and compared
with the ground truth. It is shown that the Reeb graph topology
algorithm developed herein allows the correct detection of the
head of the occupant with only two head candidates as input to the
MHT. Results of the experiments demonstrate that the proposed
framework is robust under the large variations of the scene. The
processing requirements of the proposed approach are discussed.
It is shown that the number of operations is rather low and that
real-time processing requirements can be met with the proposed
method.

Index Terms—Airbags, automotive safety, multiple-hypothesis
tracking (MHT), Reeb graph, 3-D head detection and tracking,
3-D skeleton.
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Fig. 1. In-position and out-of-position zones of the passenger seat. By moni-
toring the passenger’s head, the 3-D vision system detects the critical passenger
position. The airbag should not be triggered if the passenger’s head is located
in the out-of-position area at the instant of the crash.

I. INTRODUCTION

V ISION-BASED 3-D head detection and tracking systems
have been studied in many applications, for example,

video surveillance, face-detection systems, and occupant pos-
ture analysis systems and tracking [1]–[4]. In these applica-
tions, the challenge is mainly to cope with the large variations
of the scene, viewing perspectives, and illumination conditions
and to provide real-time performance. In the field of automotive
safety, a 3-D vision system based on a novel range sensor
was recently investigated to solve the occupant classification
problem for the optimal deployment of airbags. [5]. This range
sensor is based on the time-of-flight principle with an active
illumination source using near-infrared light. Compared with
the other 3-D vision systems proposed in the past for the same
application (see, for example, [3], [6], and [7]), this system has
an advantage of directly providing a dense range image that is
independent of illumination conditions and object textures.

This system can also be used to detect the size, position, and
posture of the occupant. In particular, the head position of the
occupant gives valuable input to the airbag’s control unit to
deploy the airbag at an optimal level based on the occupant
position, that is, to provide optimal protection while reducing
the risk of injury due to an airbag deployment.

For this purpose, the passenger’s head should be localized
with respect to the vehicle coordinate system. In case of a so-
called out-of-position situation where the head is too close to
the airbag module, the airbag should be depowered or should
not be triggered at all (see Fig. 1).

Robust head detection in this situation is a challenging prob-
lem due to the constraints of the application. Face-recognition
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methods for head detection are not applicable as the face may
not always be visible since the camera is mounted in the
overhead module of the car, giving a side view of the passenger
rather than a frontal view. Moreover, a low-resolution camera
like the one studied in [5] does not resolve the details needed for
face detection. Typically, the head detection is therefore based
on analyzing the local shape of headlike objects in the data. The
typical model of a head with an elliptical shape (e.g., finding
ellipselike shapes in the scene in case of monocular cameras
or finding the ellipsoidlike 3-D shapes in the scene in case of
3-D cameras) is often considered for this purpose [3], [8]–[10].
The classification is then based on the shape features extracted
from each headlike shape detected in the data. However, the
robustness of such head detection methods can be an issue due
to the following reasons. On one hand, the shape of a human
head varies a lot due to hairstyles, hats, etc. On the other hand,
there are many regions in a scene, such as the shoulder and the
elbow of the occupant, that locally have the shape of the head
model. In addition, there may be other objects that occupants
can carry, for example, a balloon, that fit even better to the head
model than the occupant’s head itself. Moreover, the number
of candidates detected by a geometrical approach cannot be
limited a priori.

The only chance to overcome these situations where possible
false detection may occur is to take into account not only
the local shape features but also the topology of the whole
scene. The basic idea is that an occupant of a vehicle has a
typical topology that is independent of the occupant size and
other variations like hairstyles that change the geometry of the
occupant. The topology can mathematically be represented in
terms of a skeleton or a graph. The important parts of the
scene can be represented by the branches of the skeleton. For
instance, the skeleton of the scene where the passenger seat is
normally occupied by a person is represented by three branches:
one corresponding to the backrest, the second corresponding
to the upper torso of the person, and the third corresponding
to the person’s legs. This way, the possible head candidates
can be identified as the endpoints of the skeleton, and their
positions can be determined from the coordinates of the data
points associated to the endpoints. The topology information is
very attractive since it does not require any geometrical model
to be assumed or any local feature analysis. This paper presents
a general topology-based framework for low-resolution range
images that offers a systematic way to detect the vehicle occu-
pant’s head.

A. Topology Coding of 3-D Objects

The topology of an object represented in a skeletal structure
has proven to be very useful in various applications of computer
vision, for instance, 3-D indexing [11], classification [12], and
3-D object reconstruction [13]. The Reeb graph is one method
for representing the topology as a skeleton that shows how dif-
ferent parts of an object are connected to each other [14]–[16].
The goal of this paper is not to show that the Reeb graph
method is superior to other alternative skeletonization methods
but to show how topology information is useful to localize
the position of the occupant’s head in this automotive safety

application. Topological representations other than the Reeb
graph can also be used under similar conditions.

Reeb graphs are based on the Morse theory [14], which says
that the change of topology of a manifold can be detected
by identifying the critical points of a smooth function defined
on the manifold. A point is a critical point if and only if the
derivative of the smooth function with respect to the local
parameterization of the manifold vanishes. The Reeb graph
graphically shows the configuration of all identified critical
points and their topological connectivity. It is initially proposed
to represent the skeleton of a compact manifold, and it is
therefore useful to understand the intrinsic topological structure
of the shape of a manifold [15]. Using the knowledge of critical
points, the way a manifold is embedded in a 3-D space can be
coded in terms of the Reeb graph.

One of the main concerns in the Reeb graph extraction is its
invariance. The extracted Reeb graph should be invariant under
translation, rotation, and scaling based on the application. For
example, in object recognition applications, one prefers to have
a Reeb graph invariant under different realistic variations that
may occur on the object. By defining a proper Morse function,
this can be achieved. There are several functions studied in the
literature. Each function has different properties and suitability
to the type of application. The height function introduced in
[13] is suitable for models spread along the vertical axis, such
as a human being representation. The function returns the value
of the z-coordinate if it is defined on a 2-D manifold. The height
function is easy to compute, but it is variant to object rotations.
In [17], a Morse distance function was proposed, and it was
shown therein that it is invariant to translation, scale, and rota-
tion. Due to its simplicity and invariant properties, we consider
the distance function in our method as a Morse function.

The traditional Reeb graph approach requires a dense 3-D
representation of the closed object surface, e.g., a triangulated
mesh representation. However, this is not the case for the 3-D
representation extracted from a range image. There, one obtains
a cloud of 3-D points representing the part of an object surface
that is visible from the camera point of view. This kind of data
does not have the same connectivity as dense volumetric data
and can rather be seen as 2.5-D data. A second property of these
data is that the density of data points is not constant but varies
with the distance of the object surface points to the camera, as is
the case for a wide-angle camera surveilling the passenger seat
inside a car. Moreover, data drawn from real images are subject
to noise in the range measurements. Therefore, the traditional
methods for extracting the Reeb graph must be refined and
adapted to the current application and specific characteristics
of the 3-D data at hand.

B. Contributions and Organization of the Paper

The contributions of this paper can be summarized as
follows:

1) detection of the occupant’s 3-D head position using a
novel 3-D range camera technology;

2) novel topology-based framework for head detection and
tracking;
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3) extraction of a Reeb graph from range image data, thereby
handling the variations in the data density by establishing
a voxel connectivity;

4) reduction of the number of head candidates to a maxi-
mum of two by combining the topological approach with
application-specific geometrical constraints;

5) evaluation of a multiple-hypothesis tracking (MHT) algo-
rithm to locate the correct head location for each frame in
a sequence.

As a first task, we propose here an adaptation of the Reeb
graph method to our 2.5-D data, which is motivated by the work
of Xiao et al. [18], who proposed a discrete Reeb graph (DRG)
approach to 3-D point-cloud data obtained by a full scan of
the object to segment different parts of the human body. They
explored the connectivity based on a pairwise distance between
the 3-D data points. For our data, we propose to rather use
the neighborhood connectivity of voxels for building a Reeb
graph. The benefit of using a voxel representation of the 2.5-D
data is that by choosing an appropriate activation level for each
voxel, depending on its distance to the camera, one can cope
with the large variation of the density of data and eliminate
outliers that can occur due to noise in the data. Moreover, voxel
connectivity is computationally more efficient than calculating
pairwise distance, which is important for the development of an
automotive application that is also subject to cost constraints.

For the tracking task, to track the multiple head candidates
given by the Reeb graph, the MHT algorithm is considered
[19]. The aim of the MHT algorithm is to generate multiple
trajectories for the instantaneously detected head candidates
and to select out of them the most likely head position in every
frame of the sequence. It is, however, known that one of the
key issues in the MHT algorithm is the combinatorial explosion
of hypothesis over the time. As a result of the above fact, the
MHT algorithm is computationally exponential in both time
and memory. One of the strengths of the proposed topolog-
ical approach is that it yields an a priori limited number of
candidates, thus limiting the potential combinatorial explosion
of hypothesis in the MHT. To solve the candidate association
ambiguity, a nearest-neighbor data association algorithm with
a Mahalanobis distance test is considered. Based on the asso-
ciation matrix, tracks are updated using a linear Kalman filter
with a nearly constant velocity model. Accelerations of vehicle
occupants are thereby treated as model noise. For initially
selecting the right head candidate that is close to the true head
position, a simple rule has been derived based on the evaluation
of the topology and geometrical constraints of the situation in
the car.

This paper is organized as follows. We first briefly describe
the experimental setup with a range data acquisition inside a
vehicle in Section II. The proposed modified Reeb graph con-
cept for the head detection is described in detail in Section III.
Section IV describes the MHT algorithm proposed to handle
multiple head candidates given by the Reeb graph. The ex-
perimental evaluation of the proposed method and results are
presented in Section V. A detailed discussion on the process-
ing requirements of the proposed approach is presented in
Section VI. This paper finishes with conclusions in Section VII.

II. DATA ACQUISITION AND EXPERIMENTAL SETUP

A novel 3-D low-resolution range camera that is based on
the time-of-flight principle is used [20]. The advantage of this
camera is that it directly provides a dense range image, indepen-
dent of the ambient illumination conditions and object textures.
The scene is broadly illuminated by a modulated infrared light
beam, at a frequency of 20 MHz; then, the modulated beam
is reflected by an object and is detected by the receiver. Due
to the time of flight of light to and from the target, the detected
beam has a phase shift compared to the phase of the modulation
signal in the illumination. This phase difference Δφ can be
calculated by sampling the received light intensities a0, . . . , a3

at four temporal positions corresponding to a phase shift of 0,
π/2, π, and 3π/4, respectively. The amplitude and phase shift
are then given by

A =

√
(a3 − a1)2 + (a0 − a2)2

2

Δϕ = atan

[
a3 − a1

a0 − a2

]
. (1)

The measured phase delay can directly be converted into the
distance between the target and the camera, which is denoted
as L, according to

L = Lmax
Δϕ

2π
(2)

where the parameter Lmax is called the nonambiguity range of
the sensor (Lmax = c/2fmod, with fmod being the modulation
frequency of illumination) [21]. For the sample used in this
paper, the modulation frequency has been 20 MHz, yielding a
nonambiguity range of 750 cm.

By independently performing this phase measurement but in
parallel for each pixel of the image, a range image (also called a
distance image) is acquired, i.e., a 2-D image where each pixel
value represents the radial distance from the camera center to a
point in the scene at which the corresponding pixel is looking.

The accuracy of the distance measurement is mainly deter-
mined by the amplitude A of the received light (1), which is
dependent on the object remission coefficient and the distance
of the object to the camera (see also [22]). Consequently, an
amplitude threshold has been introduced, such that the standard
deviation of the distance measurement noise is below 5 cm if
A is above this threshold. For amplitudes below this threshold,
the distance in (2) is not computed, and the corresponding pixel
is marked with black. The resolution of the system, that is, the
accuracy that can be obtained under ideal conditions, is around
1.0 cm.

The camera has been equipped with a wide-angle lens,
providing a field of view of 120◦ × 90◦ and has been installed
in the overhead module of a car, as shown in Fig. 2. The lens
maps the scene in the car onto an imager with 52 × 50 pixels
where each pixel provides the radial distance of the camera
lens to the point in the scene that is optically mapped onto the
corresponding pixel. For the given field of view, this number of
pixels provides a lateral resolution of 3 cm × 2 cm at a distance
of 50 cm, which corresponds to the average distance of an
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Fig. 2. Test vehicle equipped with a prototype camera mounted in the over-
head module; the camera is able to survey the complete passenger seat.

occupant from the camera. The frame rate of the camera Tcam

is 14 frames/s. The size of the camera is 13.9 cm × 4.2 cm ×
6 cm. See [22] for more details on the camera technology.

Fig. 3(a) shows an example of a range image in false-color
representation, and Fig. 3(c) shows an intensity image of the
same scene that was taken with a high-resolution 2-D camera
to provide a reference. The segmentation of the occupant from
the background can easily be realized by comparing the range
image with a reference range image of the car interior. As
the position of the headrest and seat may vary, they cannot
be removed by this so-called background clipping and are
therefore considered to be a part of the occupant scene instead.
Fig. 3(b) shows the same image as in Fig. 3(a) after background
clipping and filtering. Note that for the dark brown (black) pixel
in Fig. 3(a), the corresponding distances are not computed as
the respective amplitude of the received light for that pixel is
smaller than a certain threshold value.

III. METHOD FOR HEAD DETECTION FROM

THE REEB GRAPH

A. Reeb Graph Extraction on Range Data

In the past, the Reeb graph extraction has been studied for
2-D and 3-D images (see, for instance, [13], [15], and [17]). A
study of the Reeb graph extraction from range data was reported
in [11] and was used for the task of 3-D indexing. These studies
are based on the assumption that 3-D objects that are modeled
as explicit surfaces such as triangulated meshes or parametric
surfaces are readily available at hand, which are otherwise time
consuming to compute. In addition, the possible definitions
of critical points generally suffer from instability since small
perturbations of the vertex coordinates (in case of a triangulated
mesh representation) may result in rather different configura-
tions. In [12], an extended Reeb graph approach to a discrete
surface is proposed, where the data are described with polyg-
onal contours. These representations, however, are not ideal
for potentially noisy and incomplete data such as 3-D points
produced by a range sensor. Moreover, the direct application of
the Reeb graph on range images is not possible as the data does
not comply with the assumption of a smooth manifold.

The construction of a Reeb graph for dense range data
obtained by a full scan around the object was proposed in [18].
The authors explored the use of Reeb graphs to segment human

Fig. 3. Example of a range image taken from a person on the passenger seat.
(a) Raw range image in false-color representation. Blue (dark gray) represents
the closest points to the camera, and red (light gray) presents the farthest points
from the camera. (b) Same range image clipping the background and filtering.
The remaining object shows the person and the vehicle seat. (c) High-resolution
image of the same scene is shown.

body scans. The extracted Reeb graph was referred therein as
DRG. The connectivity between any two points is defined based
on a threshold on the value of the absolute difference between
them. Our method is motivated by the approach in [18]; we
have, however, chosen the concept of voxel neighborhood to
establish connectivity in the graph. The voxel representation
of the dense range data is particularly advantageous as the
variations of density of the data can be taken into account
by assigning to each voxel an activation level depending on
the distance to the camera (see below). Moreover, the voxel
representation allows the removal of outliers that may occur due
to noise in the range measurement.

B. Voxel Neighborhood

For all experiments, the range image that is represented
in Cartesian coordinates is used. That is, the range image is
transformed to Cartesian coordinates in the vehicle coordinate
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Fig. 4. (a) Example of a clipped range image. (b) Scatter plot of Cartesian
coordinates extracted from the range image in the vehicle coordinate system
(only (x, z) shown). (c) Corresponding voxel representation of the 3-D-scatter
plot. The arrow in (b) indicates the starting point for the Reeb graph extraction
algorithm.

system, where a triple (x, y, z) is assigned to each pixel, and
this is realized as follows.

• On system initialization, a set of unit vectors is calculated
from the internal and external camera parameters. Each
pixel is associated with a unit vector pointing to the
direction from where it receives light. These unit vectors
are kept in memory during the runtime of the system.

• The transformation to vehicle coordinates is achieved by
multiplying the range image point with the unit vectors
and by adding a constant translation that represents the
offset between the origin of the camera and the vehicle
coordinate system.

Fig. 4(a) shows an example of a range image, and a scat-
ter plot of the corresponding coordinate points is shown in
Fig. 4(b).

The first step of our method consists of transforming these
3-D data points into a volume representation. For this purpose,
3-D grids of equally sized cube volume elements (voxels) are
used. That is, the 3-D coordinate space is sampled using a
regularly spaced array of voxel elements, and each voxel can

be seen as a box in the Cartesian space. The size of the voxel
is thereby a parameter that is adapted to the data and to the
application. That is, the voxel size is chosen to be larger than the
minimum resolution of the camera but small enough to resolve
the details of the occupant scene topology we are interested
in. We have chosen an equal voxel size of 100 mm, which
corresponds to the average radius of a human’s head. Fig. 4(c)
shows the voxel representation of the scene shown in Fig. 4(b)
as an example.

Each pixel in the image is uniquely assigned to one voxel,
but each voxel can contain several pixels. A voxel is said to
be activated only if it contains a number of pixels larger than
a so-called activation level. As the density of 3-D data locally
depends on the distance of the object to the camera, we have
chosen the activation level as C/d2, where d2 is the mean
square distance of all pixels the voxel element contains, and
the constant C is chosen such that the activation level varies
from 1 pixel at the largest possible distance to 10 pixels at the
mean distance of the camera to the occupant. This way, a single
outlier will not lead to an activated voxel.

The extraction of the Reeb graph is now based on the notion
of connectivity described in the following definitions.

Definition 1 (Concept of Voxel Neighborhood): Two voxel
elements are said to be 6-adjacent if they share a face, 18-
adjacent if they share a face or an edge, and 26-adjacent if they
share a face, an edge, or a vertex [23].

Definition 2 (Connectivity of Points): Let p1 = (x1, y1, z1)
and p2 = (x2, y2, z2) be two data points in the range image.
Two points are defined as connected if their corresponding
voxel elements are 6-adjacent.

Definition 3 (Connected Point Sets): A point set P = {pi},
i = 1, . . . ,m is connected if ∀ i, j (i �= j), pi and pj are defined
as connected.

Definition 4 (Connectivity of Connected Point Sets): Two
connected point sets P = {pi}, i = 1, . . . ,m, and Q = {qj},
j = 1, . . . , n, are defined as connected if ∃pi ∈ P and qj ∈ Q
such that pi and qj are connected.

C. Reeb Graph Extraction Algorithm

The aim of the algorithm is to first describe the topology of
a scene corresponding to a vehicle occupant using the Reeb
graph extraction. For this purpose, one needs to first identify
and extract the critical points of the Reeb graph where the
change in topology occurs. Branches connecting the critical
points represent different parts of the scene. The goal is that
the resulting Reeb graph will have few branches, of which one
corresponds to the upper torso of the person including the neck
and head. Thus, the endpoints of the Reeb graph are used to
identify potential head candidates.

The algorithm works as follows. As a Morse function, we
choose the radial distance function that was proposed in [17].
This function is advantageous over other functions since it is
rotationally invariant. It was also shown in [17] that this way,
a Reeb graph can be obtained that is also invariant under scale
and translation.

The flow of the Reeb graph extraction algorithm is shown
in Fig. 5. It starts with the identification of an origin o of the
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Fig. 5. Flow diagram of the Reeb-graph-based head-detection algorithm.

scene from where the distance function gradually grows in K
steps rk = k · Δr, k = 1, . . . ,K, of fixed step size Δr until all
data are covered. The step size plays the role of resolution of
the Reeb graph and has been chosen to be equal to the voxel
size of 100 mm, which corresponds to the typical radius of a
human’s head.

In [17], the centroid of the object is considered as a starting
point. Since our goal is to obtain a graph invariant under
rotation of the upper torso of the person, we have chosen the
point close to the hip of the passenger [see Fig. 4(b)] as the
origin. This point is localized as follows. We first determine
the range [xmin, xmax] of values in which voxels are activated
and choose the central x-coordinate (xc = (xmin + xmax)/2).
Among all voxels with this x-value, the one with the minimum
z-value is chosen as a starting point.

The level sets of the distance function are concentric spheres
of radius rk (see Fig. 6). In each of the K steps, we select
the data points lying between spheres k and k + 1, that is, the
points having a distance r ∈ [rk, rk+1[ to the origin o. The
voxel connectivity between these points is then determined
as described in the previous section (see Definition 2), and
then accordingly, the corresponding connected point sets are
identified. Next, each connected point set is assigned with a
cluster node at its centroid. At the end, the connectivity between
the connected point sets at level i to those at level i − 1 is
established (see Definition 4), and the corresponding cluster
nodes are joined by an edge segment. Along this procedure,
a cluster node will be identified as a saddle critical point if
it has at least two branches attached to it. Similarly, a cluster

Fig. 6. Reeb graph extraction. (a)–(d) Level sets of radial distance function
(plotted as circles) and the corresponding identified connected points in each
level set. The connected point sets are joined by an edge segment. The
shown images are the projection of the 3-D coordinates on the x − z vehicle
coordinate plane. (d) shows also the identified endpoints of the projected Reeb
graph.

node will be identified as one of the extremal critical point
(minimum or maximum) if it is the endpoint of the branch.
Finally, the endpoints of the graph can be identified as potential
head candidates. The position of the head candidate is then
given by the coordinates of the corresponding cluster nodes.

IV. MULTIPLE HYPOTHESIS TRACKER

The proposed Reeb graph extraction gives a list of possible
head candidates for each image frame. Once the possible head
candidates (i.e., the endpoints of the Reeb graph) are identified
and located, the MHT algorithm is applied on these candidates.
The purpose of the MHT algorithm is then to automatically gen-
erate, out of the positions of all head candidates, the trajectory
of the occupant’s head.

The task of the MHT algorithm consists of three parts: 1) A
data association part associates the head candidates in the
instantaneous image frame to existing tracks; 2) a track filtering
task updates a track by combining the predicted position of
the tracked candidate with the associated instantaneous mea-
surement and predicts the position in the next time step; and
3) finally, based on the topology information of the scene, the
algorithm should automatically find, out of all tracked head
candidates, the most likely head candidate, which is an estimate
of the true head position.

The problem of handling multiple head candidates is, in
general, difficult due to the following reasons: 1) Measurements
given by the head detector contain noise; 2) the targets may not
be detected in successive frames; and 3) some targets may move
out of the image frame. The MHT algorithm is particularly
useful in these cases as it is capable of dealing with missing
detections, spurious measurements, and track initialization for
new targets (see [19] and [24] for more details). In the following



4070 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 58, NO. 8, OCTOBER 2009

sections, we briefly describe the data association approach and
the tracking algorithm considered in this paper.

A. Data Association

In the MHT algorithm, each hypothesis represents a track,
and it predicts the location of the head candidate in the next
image frame. These predictions are compared with the actual
head candidates detected in the next image frame on the basis
of their Mahalanobis distance, and accordingly, a distance
ambiguity matrix is calculated. The candidates are associated
to the existing tracks based on this distance ambiguity matrix.
Refer to [24] for more details.

The track initialization and termination issues of the MHT
algorithm are solved as follows.

1) Track initialization: If a candidate could not be assigned
to an existing track for more than one frame, a new track
is started.

2) Track termination: A track is terminated if no candidate
is associated with it for several frames. This number of
frames has been chosen to be seven, which corresponds
to half a second in time. The termination of the tracks
guarantees that the maximum number of tracks stays
limited over time.

B. Linear Kalman Filter

The tracker uses a Kalman filter with a nearly constant
velocity model [25] to provide the filtering and the prediction
of the tracks. Let x = [x, y, z] be the 3-D location of a head
candidate and V = [Vx, Vy, Vz] be the corresponding velocity.
The constant velocity model maps the (corrected) state s(k) =
[x(k),V(k))]T of a track at the kth time step to the (predicted)
state at the next time step by the equation

s(k + 1) = As(k) + v(k) (3)
x(k) = [I 0]s(k) + w(k) (4)

with the state transition matrix A given by

A =

⎛
⎜⎜⎜⎜⎜⎝

1 0 0 Tcam 0 0
0 1 0 0 Tcam 0
0 0 1 0 0 Tcam

0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1

⎞
⎟⎟⎟⎟⎟⎠

(5)

where Tcam is the acquisition time of the camera. In this nearly
constant velocity model, the acceleration of the head is treated
as process noise v, where the variance of the process noise
has been chosen to cover the maximum acceleration to be
expected in a car (prior to a crash), which is assumed to be
1 g. This choice for the variance of process noise will ensure
that person movements like the one occurring due to precrash
braking will be covered by the model. Our motivation for
choosing this simple model was that accelerations like precrash
braking suddenly occur and are therefore difficult to incorporate
into a deterministic movement model. Other tracking models
(for example, the interacting multimodels proposed in [4],
which capture all the motions that may be experienced) would

probably improve the performance. However, we show that the
considered model is sufficient to get adequate performance.

The measurement noise w is determined by the noise in
the range measurement and has accordingly been chosen. The
Kalman filter corrects the predicted position of a head candidate
by updating it with the current measured position, thus filtering
the trajectory of the head candidate.

C. Head Candidate Selection

The multiple-hypothesis tracker provides the trajectory of
several head candidates. The last step in the head detection
algorithm is to select, out of all the head candidates, the most
likely estimate corresponding to the true head of the person.
This task is accomplished by initially selecting a candidate
according to a rule derived in Section V-D from the analysis
of the topology of the scene by considering the geometrical
constraints of the situation. This candidate is subsequently
tracked. In case the track is terminated, a new candidate is
selected. For details about the selection rule, see Section V-D.

V. EXPERIMENTS AND RESULTS

The evaluation methodology includes the performance of the
two subcomponents of the head detection system: the head can-
didate detection using the Reeb graph technique and the MHT.
Several experiments have been conducted to test the validity of
the proposed approach. The following situations have been con-
sidered for the evaluation: 1) A passenger sits in a normal po-
sition; 2) a passenger bends forward i.e., the sequence consists
of an occupant moving from in position to out of position (see
Fig. 1); and 3) a passenger carrying headlike objects, for exam-
ple, a balloon. A database of several sequences was recorded
with two different passengers of different sizes, and they were
asked to perform several tasks to take into account the move-
ments described above. The database consists of 11 sequences
with a total of 3300 images. To acquire the data, the camera was
installed in the overhead module of a car (see Fig. 2) equipped
with a computer and data-acquisition software. The capturing
and the processing of images are simultaneously done, whereas
the evaluation of performance of the algorithm is done offline.

The evaluation of the head detection system is organized as
follows. First, the Reeb graph extraction is applied on all low-
resolution range images, and we discuss what kind of different
topologies can occur and to which occupancy situations they
are related. In the second step, we evaluate if the head is
always successfully detected by the Reeb graph. Therefore, the
positions of the detected head candidates are compared with
ground-truth measurements. Third, the MHT with a nearest
neighbor data association and a linear Kalman tracker is applied
on the possible head locations detected by the Reeb graph, and
the resulting position is compared with the ground-truth data.

A. Topology of Extracted Reeb Graphs

The following possible situations of the scene that introduce
variations in the Reeb graph were identified: the passenger head
lies close to the headrest, the passenger bends forward, and
the passenger carries any headlike objects. As examples, Fig. 7
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Fig. 7. (a)–(c) Snapshots of range images for different situations of the scene. (a) Passenger head lies close to the headrest; (b) passenger bends forward; and (c)
passenger holding a balloon. The range images are shown in false-color representation. (d)–(f) Scatter plots of the coordinate points of the same situations shown
in (a)–(c). The shown images are the projection of the 3-D coordinates on the x − z vehicle coordinate plane. (g)–(i) Projected Reeb graphs at a resolution level,
Δr = 100 mm.

shows three examples of range images of different situations of
the scene. Fig. 7(a) depicts the situation where the passenger
head lies close to the headrest, Fig. 7(b) shows the situation of
a passenger bending forward, and Fig. 7(c) shows the situation
where a passenger carries a balloon. Note that the shown images
are range images where each pixel value represents the radial
distance from the camera center to a point in the scene where
the corresponding pixel is focused. The (x, z)-scatter plots of
the corresponding coordinate points are shown in Fig. 7(d)–(f).

The Reeb graph of the situation in Fig. 7(a) is shown in
Fig. 7(g), and the corresponding endpoints are marked with a
square symbol. In this particular situation, the Reeb graph pro-
duces only two endpoints. Since the passenger head lies close
to the headrest, they are considered as topologically connected
and thus represented with only one branch. The other branch
corresponds to the legs of the passenger. Fig. 7(h) shows the
Reeb graph of the situation where the passenger bends forward
as in Fig. 7(b). As expected, the Reeb graph produces three
endpoints: one corresponds to the headrest, one corresponds to
the head of the passenger, and the third one corresponds to the
legs of the passenger. In the situation where the passenger bends
more forward and is looking for something under the seat, the
Reeb graph produces only one branch corresponding to the legs
and head of the passenger.

For the case when the passenger is holding a ball, as in
Fig. 7(c), an additional branch can be generated, as shown in
Fig. 7(i). The Reeb graph has, in this case, four endpoints,
representing the headrest, the passenger’s head, the ball, and
the lower torso of the passenger, respectively. In the situation
where the balloon is on the lap, the Reeb graph has only one
branch corresponding to the combined region of the balloon
and the legs of the passenger since they are considered as
topologically connected. Clearly, in all three situations, the
Reeb graph always produces a branch leading to the passenger’s
head. Furthermore, the number of Reeb graph branches (and,
subsequently, the number of head candidates) varies between
two and four, as can be seen in Fig. 8, showing a histogram of
the number of head candidates. The effect of varying the step
size of the Reeb graph (see Section III-C) was already inves-
tigated in a previous paper [26], and it was observed therein
that the chosen value of the step size is sufficient to capture the
topology changes to successfully detect the head location.

B. Ground-Truth Information

To show that the Reeb graph can be used to localize the
head position, the results of the head-detection algorithm are
compared against the ground-truth data, which are acquired
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Fig. 8. Histogram of the number of Reeb graph endpoints (subsequently, the
number of head candidates) over all images.

by 3-D string sensors. The 3-D string sensor consists of three
variable-length cables that are attached to the potentiometers
placed on distinct locations on the dashboard and in the ceiling
of a car. The free extremities of the cables are linked on to each
other with a belt. During the recordings, the occupants were
asked to wear this belt on their forehead. The 3-D string sensor
directly gives a measure of coordinates of the crossing point,
i.e., the (x, y, z)-coordinate values of the crossing point at the
forehead where three sensor cables were linked. This measure is
then taken as the ground truth to compare with the coordinates
of possible head locations given by the Reeb graph approach.
Note that the string sensors do not have any influence on the
range image as the cables are very thin and the potentiometers
are not in the field of view of the camera. The calibration of the
string sensor system showed that the accuracy in measuring the
x-coordinate is (depending on the position) about 1 cm.

C. Evaluation of the Head-Detection Method

The head-detection algorithm is evaluated on all sequences,
and results are then compared with the ground-truth measure-
ments. A total of ten sequences consisting of 3225 frames of
images were acquired for the evaluation. The sequences where
the passenger was holding headlike objects were not included in
the evaluation as in these cases, ground-truth information could
not be obtained; objects would obstruct the string sensors. To
verify if there is always a head candidate close to the ground-
truth position, the notion of successful detection is considered
as follows: if the Reeb graph of a particular scene produces n
endpoints, i.e., E1, E2, . . . , En, respectively, and Ek (1 ≤ k ≤
n) is the closest endpoint to the ground-truth measurement, then
the point Ek is said to be successfully detected only if it is
within 150 mm from the ground-truth measurement. The value
of 150 mm has been chosen as it corresponds to the average
head radius of a person plus the maximum measurement noise.
Since the ground truth gives the measure of a forehead point,
it has been compared with the most forward point of the
connected point sets instead of its centroid. This most forward
point is calculated by computing the most forward point of an
ellipsoid fitted to the connected point sets associated with the
endpoints of the Reeb graph.

The successful detection results of the head detection algo-
rithm are listed in Table I (column 3), and the corresponding
histogram of difference error between the ground truth and the
closest endpoint of the Reeb graph calculated over all sequences
is shown in Fig. 9. Results show that the Reeb graph gives a
branch leading to the occupant’s head in most of the frames.
This shows that the topology information of the scene is indeed
very successful in detecting the position of the occupant’s head
while the number of possible head candidates is small.

There are, however, situations where the Reeb graph fails to
give an endpoint closer than 150 mm to the occupant’s head.
Out of all situations, it is observed that 70% of the errors
are due to the situation when the head is connected to the
headrest leading to a common branch of the Reeb graph and the
corresponding endpoint of this branch lies either on the head or
on the headrest. In the latter case, the distances of the head to
the endpoint of the graph may be larger than 150 mm.

However, this situation occurred not for the entire sequence
but only for few frames. Moreover, this situation is not critical
since the head is far from the airbag module in these cases and
thus need not precisely be located.

Furthermore, from the geometrical constraints of the situa-
tion in a car, the following rule has been derived that allows a
further reduction in the number of candidates.

Rule 1 (Reduction of the Head Candidates): Assuming that
the only endpoint that can be higher (in z) than the head can
be the headrest implies that it is sufficient to consider only two
candidates with the largest z-position.

D. Evaluation of the Multiple-Hypothesis
Head-Tracking Algorithm

The aim of the MHT algorithm is to generate the trajectories
of head candidates from the instantaneous head candidates and
to select the most likely estimate of the true candidate. The
MHT algorithm was tested on all sequences considered in the
previous section. Note that in these sequences, the passenger
was mainly asked to move from in position to out of position
and return back to in position. For each sequence, possible head
locations were automatically extracted for each image frame
using the head detection algorithm based on the Reeb graph
technique. This method provides the most forward point of the
ellipsoid fitted to the connected point sets that correspond to
the region of endpoints of the Reeb graph. The MHT is applied
on these measurements to handle the ambiguities in associating
the measurements with predictions. The Kalman filter states
of the valid tracks are the final output of the head-tracking
algorithm.

To select the correct head candidate, the following rule has
been applied on the valid hypothesis.

Rule 2 (Correct Candidate Selection): In case of only two
candidates, as in Fig. 7(g), the algorithm chooses the candidate
that has the largest z-value as the correct head candidate, dis-
carding the candidate corresponding to the legs of the person. If
there are three or more candidates, as in Fig. 7(h), the algorithm
first selects the two candidates with the largest z-value (based
on rule 1), and among these two, it chooses the one that is most
forward in the x-direction.
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TABLE I
HEAD DETECTION AND MHT RESULTS

Fig. 9. Head detection results. Histogram of the difference between the
ground-truth measurement and its closest endpoint of the Reeb graph over all
frames.

This way, the candidates corresponding to the legs of the
passenger are completely discarded. Note that it would not be
sufficient to always simply select the candidate with the largest
z-value, as for small persons and children, the headrest may
result in a candidate with a larger z-value. Rule 2 also handles
this situation and selects only the candidate corresponding to
the occupant’s head as the head is always located more forward
in the x-direction than the head rest.

Rule 2 will be applied for the first frame to initialize the cor-
rect head candidate; subsequently, the track of the selected can-
didate will be considered as the final head candidate. In case the
selected track is terminated, rule 2 will be applied to reinitialize
the selection of the correct head candidate. In this process, rule 1
will be applied only if there are more than two candidates; rule 1
selects in that case the two candidates highest in z-position,
and rule 2 will select the one that is most forward in the
x-position. However, note that these rules will be used only for
the first frame to initialize the correct head candidate location.

The MHT algorithm has the ability to create new tracks
for objects entering the image frame and terminate tracks for
objects exiting the image frame. It can also handle occlusions,
that is, continuation of a track for few defined numbers of
frames even if it does not find any measurements associated
to it. We show one such situation where the MHT algorithm
successfully handles the creation and termination of tracks
when there is a topology change occurring in the scene. In
Fig. 10, a few frames from one of the test sequences are shown,
together with the tracking results. The ellipse symbols denote
the identified tracks. Note that the identified tracks are the
output of the MHT algorithm before applying rules 1 and 2.
First, the application of rule 1 reduces the number of head

candidates to be considered for the tracking, and then, rule 2
will further ensure that the Reeb graph endpoint corresponding
to the head will be selected.

Fig. 11 shows the x-coordinate of the resulting trajectories
(plotted in solid lines) when the MHT data association filter
is applied on the entire sequence shown in Fig. 10. Fig. 11
also shows the raw output of the head candidates (plotted in
points) before filtering is applied. Note that the tracking of
each hypothesis is done in the 3-D coordinate space, although
it shows only the x-coordinate that is relevant for the out-
of-position detection. The algorithm initially starts with two
tracks when the occupant leans on the backrest with the head
close to the headrest [as shown in Fig. 10(a)]. The algorithm
then splits the existing track corresponding to the region of the
headrest and the occupant’s head into two different tracks as
soon as the occupant’s head and the headrest of the seat are
clearly separable. Of these two new tracks, one corresponds to
the occupant’s head, and the other corresponds to the headrest.
From that moment on, the candidate corresponding to the legs
could be discarded according to rule 1, which is derived in
Section V-C.

In a special case when the passenger bends extremely for-
ward, the Reeb graph assigns only one branch to the region
corresponding to the upper torso and legs of the passenger.
In this situation, the track corresponding to the legs of the
occupant was terminated by the MHT algorithm [as the legs
and upper torso of the passenger are topologically connected in
this case; see Fig. 10(c)], and a new track was started as soon
as an additional branch becomes available [see Fig. 10(d)]. It is
apparent from these figures that there is always a tracker that
follows the true occupant’s head position.

To evaluate the performance of the MHT algorithm, the
results are compared with the ground-truth measurement. The
final head candidate estimated by the MHT algorithm after
rule 2 has been applied on all the identified tracks is said
to be correct if it is within 150 mm from the ground-truth
measurement. The x-values of the final head candidate (shown
in solid line) and ground-truth data (shown in dotted line)
are plotted in Fig. 12. It can be observed that the x-values
are decreasing as the occupant is moving close to the airbag
control unit. Clearly, the final head candidate closely follows
the ground-truth data. The correct detection results of the MHT
algorithm after rule 2 has been applied are listed in Table I
(column 5), and the corresponding histogram of difference
error between the final head candidate and the ground truth is
shown in Fig. 13. With an overall detection rate of 99.96%,
the MHT tracking algorithm is very successful. Clearly, the
MHT algorithm not only automatically follows the correct head
location but also alleviates the detection errors that occur due to
noise and occlusions.
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Fig. 10. (a) First, (b) 50th, (c) 120th, (d) 192th, and (e) 221st frames of the sequence considered for the evaluation. The MHT results are denoted by ellipses.
Note that the shown ellipses are the identified tracks before applying rule 2.

Fig. 11. Trajectories of the MHT data association filter applied on one
sequence. The points are the raw output of the head candidate positions, and
the lines are the corresponding filtered positions.

Fig. 12. Tracking results. The final correct head candidate estimated by the
MHT algorithm (shown in a solid line) is compared with the ground-truth
measurement (shown as a dotted line). The points shown in red correspond
to the raw measurements before filtering is applied.

VI. PROCESSING REQUIREMENTS

A. General Remarks

In this section, we present an estimate of the processing
requirements of the proposed topology-based head detection
and tracking algorithm. In particular, the processing time re-
quirements for the addressed real-time application could be
rather hard, as the frame rate of the system has to be 40 Hz
[4]. In addition, the economical constraints of the automotive

Fig. 13. Multiple-hypothesis tracker results. Histogram of the difference
between the ground-truth measurement and the correct head candidate given
by the MHT filter.

TABLE II
PARAMETER DETERMINING THE PROCESSING REQUIREMENTS

OF THE REEB GRAPH EXTRACTION

industry have to be considered in the choice of the processing
unit.

Most of the processing power for the proposed algorithm
is needed for the Reeb graph extraction. Therefore, we will,
in the following, concentrate on evaluating this part. As the
number of pixels of the proposed camera is only Npix =
52 × 50 = 2600, the preprocessing, consisting of a filtering and
coordinate calculation, is relatively negligible. Furthermore,
the track processing takes only few resources, where the most
time-consuming operation is the inversion of matrices that
are of dimension 6 × 6 as the state vector has the length 6
(compare Section IV-B). The other parameters that determine
the processing requirements of the tracking are the number of
measurements and the number of tracked states. However, it has
been demonstrated in Section V-D that the maximum number
of tracks can be limited to four without loss of performance.
Therefore, the computational effort for the tracking is negligible
compared with that of the Reeb graph extraction.
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TABLE III
NUMBER OF OPERATIONS FOR THE INDIVIDUAL STEPS OF THE REEB GRAPH EXTRACTION

B. Processing Requirements of the Reeb Graph Extraction

The parameters determining the processing requirement of
the Reeb graph extraction are listed in Table II. The most im-
portant parameter in the Reeb graph extraction is the number of
voxels Nvox, which is determined by the compartment volume
on the passenger side (assumed to be 1500 mm × 800 mm ×
1000 mm) and the resolution, which was chosen to be 100 mm
in either direction.

Table III gives an estimate of the number of operations for
each step of the Reeb graph extraction. One recognizes that
the most time-consuming task is clearly the determination of
connected point sets in each individual level set. The number
of operations in this step is mainly determined by the number
of voxels in each level set, which is on the order of Nvox/Nlevel,
the ratio of the total number of voxels to the number of levels
considered. The number of operations for this step is 0.18 MOP/
frame if the parameters are chosen according to Table II, while
the other operations account in sum for less than 0.02 MOP/
frame. Assuming a frame rate of 40 Hz, the processing power
would be less than 8 MOPs.

These rather small numbers mainly result from the low reso-
lution on which the Reeb graph is extracted. Both the number of
pixels and the number of voxels are on the order of 100 smaller
than the number of pixels in a video graphics array image.
Consequently, the computation requirements for the proposed
Reeb graph extraction are two orders of magnitude lower than
the performance modern embedded controllers can offer, which
are specially designed for real-time video processing (see the
discussion in [4]).

VII. CONCLUSION

This paper has presented a general topology-based frame-
work for low-resolution range images that offers a systematic
way to detect and track a vehicle occupant’s head. The proposed

approach explores the topology information of a scene repre-
sented in a 3-D skeleton to detect the position of the occupant’s
head. The Reeb graph technique is considered for this purpose.
However, any topology representation, other than the Reeb
graph, could also be useful. Previous approaches to Reeb graph
extraction are applied to a dense 3-D representation of a closed
object surface, e.g., a triangulated mesh representation. Here,
we have adapted the Reeb graph concept to low-resolution
range images. This paper has been motivated by the work of
Xiao et al. [18], who proposed a DRG approach to unorganized
clouds of 3-D points. To cope with the particular challenges
here, such as the noise and the large variations in the density of
the data, we have proposed a voxel neighborhood connectivity
notion for building the Reeb graph. Invariance of the graph
under rotations has been achieved by using a Morse radial
distance function.

The approach for head detection has been applied on several
sequences, which were recorded taking into account the dif-
ferent possible variations of the scene. The performance of the
head detection algorithm using the Reeb graph technique has
been compared with the ground-truth data, which are acquired
with string sensors. Results have shown that the Reeb-graph-
based head detection can successfully locate the occupant’s
head in a wide range of applications. It has been shown that
on average, only 2.5 head candidates result from each image,
with the maximum being four candidates. In addition, we have
shown that it is possible to derive from the topological situation
and geometrical constraints of the situation a simple rule that
reduces the number of candidates that must be considered in
the tracking to a maximum of two.

To filter the noise in measurements from head candidates, to
associate measurements to tracks, and to select the right head
candidate out of all the head candidates given by the Reeb
graph, an MHT algorithm has been applied. One of the main
strengths of the proposed topological approach is that it yields
a maximum of four candidates, of which only two need to
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be considered for the tracking. Therefore, the common issue
of combinatorial explosion in MHT will not be a problem.
Results of the MHT algorithm have shown that close to 100%
performance could be achieved in detecting the correct head
candidate position.

The proposed method has been implemented in MATLAB,
and the tests presented herein have been evaluated offline.
Therefore, a next step in the development and evaluation of our
method would be a real-time implementation of our proposed
approach allowing online testing. Clearly, more comprehensive
tests have to be performed, as well as a comparison with other
approaches based on geometrical shapes, before concluding
that our method is superior to others under all conditions.
Furthermore, to comment on the technical feasibility of the pre-
sented approach, we have evaluated the computational require-
ments of our approach and shown that they are far below what
can be achieved with (automotive qualified) embedded con-
trollers that are specially design for real-time video processing.
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