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ABSTRACT
A novel real-time algorithm for head and hand tracking is proposed
in this paper. This approach is based on 2.5D data from a range camera, which is exploited to resolve ambiguities and overlaps. Experimental results show high robustness against partial occlusions and
fast movements. The estimated positions are fairly stable, allowing
the extraction of accurate trajectories which may be used for gesture
classification purposes.
Index Terms— head tracking, hand tracking, time-of-flight
camera, gesture recognition, body tracking
1. INTRODUCTION
Gesture recognition technologies are being widely applied to countless applications. One may notice a global tendency to replace traditional control devices with device-less vision-based solutions. In a
first step towards this goal, tactile interfaces are already in the market
and allow the suppression of traditional input devices such as keypads, mouse, etc. Indeed, the mid-term objective is to obtain deviceless, but also marker-less, gesture recognition systems which allow
users to interact as naturally as possible, providing a truly immersive
experience.
Tracking of body parts is a key aspect for many recognition systems. For example, being able to track the head and hands of a person, may help navigating through menus in a TV set. Indeed, a visual
feed-back may be provided to the user showing how gestures are being interpreted by the system. Furthermore, body tracking provides
spatio-temporal information, such as trajectories of points of interest
or joint angles of a body model. Such features may be exploited in a
gesture classification step, delivering a more robust recognition than
classification based on raw image features.
Classically, vision-based tracking solutions are separated in 2D
and 3D based. Proposals based on 2D images can hardly track complex movements involving motion in the three axes. On the other
hand, 3D based systems offer a very precise tracking, but costly and
non-portable setups are required, as the SmartRoom presented by
Neumann et al. [1].
Recently, new families of sensors have appeared as suitable
trade-off solutions between 2D and 3D approaches. As an example, cameras which are based on the time-of-flight (TOF) principle,
as explained by Kolb et al. [2], are able to deliver a depth estimation
of the recorded scene. Since such information contains depth, but
restricted to a given viewpoint, we call it 2.5D information. Thus,
2.5D is a simplified 3D (x, y, z) surface representation that contains
at most one depth value (z direction) for every point in the (x, y)
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Fig. 1. Snapshot of the proposed head+hand tracking system output. In this sequence, the head (blue cross) and both hands (green
and red blobs) are being tracked. Movement is restricted to the hand
workspace (green box), which is attached to the estimated head position. Results are presented on a lateral view for visualization purposes.

plane. The main advantage of TOF cameras is that complex multiview setups are no longer needed to obtain depth information.
In the literature, Lehment et al. [3] propose a model-based annealing particle filter approach on data coming from a TOF camera.
Bevilacqua et al. [4] track multiple persons in a crowded scene with
a TOF zenital camera. Bleiweiss and Werman [5] propose to combine color and 2.5D depth to improve image segmentation, which is
consequently used for tracking.
Focusing on head tracking, Haker et al. [6] compute principal
curvatures on 2.5D data as features to estimate the position of the
head. Bohme et al. [7] improve Haker’s proposal. Nichau and Blanz
[8] present an algorithm to detect the tip of the nose in 2.5D data by
comparing the extracted silhouette to an average head profile template. Malassiotis et al. [9] estimate head pose by fitting an ellipse
to the 2.5D data and detecting the nose tip, which helps determining
head orientation.
In this paper we propose a novel approach based on 2.5D data
(an SR4000 TOF camera is used), which concatenates head tracking
and hand tracking (see a final result in Figure 1). Head position is estimated depending on the distance between the user and the camera.
Such estimation is robust against partial occlusions and fast movements, and helps in defining a region where hands are likely to be
found. Hands are detected and tracked in such region.
The remaining of this paper explains the main parts of the tracking algorithm, summarized in the block diagram in Figure 2. The
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Fig. 2. Synthetized block diagram of the proposed head+hand tracking system, from the capture with the SR4000 TOF camera to the final
visualization on a TV set.
head tracking algorithm is explained in Section 3, followed by the
hand tracking proposal in Section 4. Experimantal results on accuracy and speed are shown in Section 5. Conclusions are drawn in the
final Section, as well as some future ideas to improve the proposed
approach.
2. PRELIMINARY STEPS
Before starting the head+hand tracking strictly speaking, some preliminary processing is required (blocks F and P in Figure 2).
2.1. (F) Foreground extraction
A foreground mask F is extracted from the 2.5D depth estimation
images. In this paper, a simple and fast F extractor is used, modelling each pixel’s value with a gaussian distribution [10]. The results may be appreciated in Figures 3 (third column), 4 and 7.
2.2. (P) Person detection
Some morphological operators are applied to F in order to detect
when a person enters or exits the scene. More precisely, a morphological open-close is applied to F, obtaining F̃ = (F ◦ B) • B.
Consequently, the extracted foreground mask F results filtered in F̃
with a certain size threshold. If one or more areas remain in F̃, the
largest one is selected as a person. The centroid of this area is computed and used for tracking initialization, as explained in Section 3.
3. HEAD TRACKING
Many persons at different distances from the camera may coincide
in the same scene. Such persons may enter, exit and freely move
around the camera field-of-view. Therefore, some aspects have to be
taken into account when undertaking the head tracking problem.
Occlusions Partial and total occlusions are a common problem of
(single viewpoint) visual analysis systems, since moving objects may overlap.
Apparent head size User’s heads may be placed at different depth
levels, resulting in different head sizes when projected onto
the image plane.
In order to overcome such problems, we propose to firstly estimate the size of the head on the image (E), then estimate its position
(M), which corresponds to the head tracking step H1 in Figure 2.

3.1. (E) Head size estimation
Depth-invariant elliptical shape of heads is exploited thanks to depth
estimations from the TOF camera. Heads may present many different sizes on the recorded images depending on the depth level where
they are placed. Nevertheless, most of people’s heads are likely to
have an elliptical shape, no matter the distance they are away from
the camera.
Indeed, we assume that people will stand-up or be seated, but
not laying down or other poses. Therefore, the depth of the whole
body is likely to be similar to the depth of the head. By applying the
morphological operators explained in Section 2.2 to the foreground
mask of the image, we are able to detect the number of persons in
the scene, as well as their centroids Ci . Thus, we assume that head’s
depth dHi ≈ dCi .
An elliptical mask of the size of a regular adult head (about 17 ×
23 cm) is placed at the calculated dHi depth level and projected onto
the camera image plane, obtaining an ellipse of the apparent head
size (Hx , Hy ) in pixels (see Figure 4). Such ellipse, which is called
template or (E) is then used to find a head position estimate.
3.2. (M) Head position estimation
With the aim of finding the image zone which better matches the elliptical shape, a matching score between the template ellipse (E) and
the global foreground mask (F) is calculated at every pixel position
(m, n) of the image. Such matching is performed within a rectangular search zone (see Section 3.3), by shifting the template ellipse
across the image plane. The matching score is calculated according to conditions C k presented in (1), where b = background and
w = f oreground. Conditions are checked at every pixel position
(u, v) ∈ E of the template, which is itself centered at (m, n). When
a condition C k is satisfied, C k = 1, otherwise C k = 0. The final
matching score for the pixel (m, n) is calculated as the sum of all
the scores obtained on the template pixels, as shown in Equation (1).
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The pixel (m, n) with a higher score MH = max{Mm,n } is
selected, by simple max-pulling, as the best head position estimation

Fig. 3. Head position estimation in two video frames (each row). From left column to right: IR amplitude, TOF 2.5D depth estimation, raw
foreground mask and the obtained head matching score. The whitest zone is chosen as the most likely head position.

p̂H in a given search zone. Two examples of the proposed solution
are presented in Figure 3.
Conditions C 2 and C 3 provide robustness against partial occlusions. Indeed, the elliptical shape of the head would be very polluted
by occlusions, since we are working on a foreground mask F which
does not take depth into account. By means of conditions C 2 and
C 3 , depth is incorporated to the matching score, not taking into account those pixels which are not consistent with the calculated head
depth dHi . Remark that a depth threshold dmax is used to decide
whether a depth value is consistent or not. The way dmax is defined
and updated is explained in Section 3.3.
Furthermore, such approach is robust against horizontal head rotation and slight lateral head tilt, since the elliptical shape is still
recognizable.
3.3. Search zone resizing
In order to increase the robustness of the presented head estimation
algorithm we propose to resize the search zone where the matching
score Mm,n is calculated.
The position and size of such search zone is adapted to the
head position variance, and also to the confidence on the estimation.
More precisely, the new search zone size is calculated as a function
of last matching score MH , the head size estimation (Hx , Hy ), and
the spatial variance of the estimation σ. The latter is calculated over
the previous L frames, obtaining σx and σy for each axis. As for
the matching score, it is normalized by the best achievable score for
MH
the current template Mmax such that M̄ = M
max ∈ [0, 1].
The new rectangular search zone is centered at the last head position estimation, while the rectangle sides Rx and Ry are resized
according to Equation (2).

Fig. 4. Head tracking snapshots from our experiments . Head position is estimated by shape matching with an ellipse which is continuously resized depending on the distance between the camera and the
person. Ellipses being currently used are presented at the upper-left
corner of the image. The rectangles in the image correspond to the
current search zones.

example, horizontal movements will enlarge the search zone along
the horizontal axis, as shown in Figure 7.(c).
Furthermore, including the matching score in Equation (2)
makes the system robust against bad estimations, making the search
zone slightly larger in case a better match appears close to the previous zone.
Note that when the head estimation is stable and confident, the
search zone is about the size of the head (Hx , Hy ).
4. HAND TRACKING

Rx = σx + (1 + µ) · Hx
Ry = σy + (1 + µ) · Hy

with

µ=e

−M̄
1−M̄

(2)

Such resizing is effective against fast head movements, since the
search zone will be adapted to the variance of the estimations. For

Hands are probably one of the most difficult parts of the body to
track, but also one of the most important targets for many applications. Gesture recognition is tightly related to hand tracking, most of
the information being obtained from hand movement. An accurate
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Fig. 5. Example of cluster merging and filtering for hand detection.
Color represents candidate clusters obtained with a kd-tree structure.
The red cluster is too small. The blue and yellow clusters are merged
since the Hausdorff distance between them is small enough. Three
clusters remain, but the green one is filtered since it is placed further
in depth (represented with smaller squares). Thus, the remaining two
clusters are labeled as R and L hands.

and robust hand tracking system is desirable to face complex gesture
recognition.
The hand tracking system proposed in this section (block H2 in
Figure 2) relies on the robust head estimation presented in Section
3. Hands are supposed to be active (performing gestures) in a zone
placed in front of the body. Following this basic assumption, a hand
workspace Ω is defined as a 3D box of size 140 × 70 × 60 cm, hands
being supposed to lay within it when moving. Ω is attached to the
head position p̂H so that Ω follows the user’s head at every time
instant, as shown in Figure 1.
Hands are to be detected among the 2.5D points in Ω. Dense
clusters are searched by means of a kd-tree structure, which allows
fast neighbor queries among 3D point clouds [11, 12]. A list of
candidate clusters is obtained and filtered according to the following
sequential criteria:
Merging Two clusters are merged as a single cluster if the Hausdorff distance between them is smaller than a given distance
threshold δmin .
Size filtering The resulting merged clusters are filtered by size
(number of points in cluster), keeping the largest ones. A size
threshold smin is set to determine what clusters are accepted
as hand candidates.
Depth filtering Clusters that fulfill the previous criteria are sorted
by depth. Those clusters placed closer to the camera are selected, knowing that a maximum of two clusters may be chosen.
Thresholds δmin and smin should be tuned depending on the
type of camera and scene. A graphical illustration of these criteria
is shown in Figure 5. The number of detected hands depends on the
number of clusters that pass the merging and filtering steps, resulting
in two, one or no hands being detected in Ω. For example, two hands
are being detected in Figure 1 .
In addition, spatio-temporal coherence is included in the hand
tracking scheme, which increases its robustness. New hand estimations are compared to the previous ones by means of Hausdorff distance measurements, in order to provide coherence to tracking and
avoid right-left hand shifting. Furthermore, when only one hand is
being detected, it is labeled (right / left) depending on the previous
estimations and its relative position in Ω. For example, a cluster
placed further right in Ω probably corresponds to the right hand.
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Fig. 6. Error between the obtained head estimations and the groundtruth. C 1 + C 2 + C 3 error does not go above 10 pixels, which is
about the head radius. The C 1 version loses target twice, a reset of
the algorithm being needed (frames 74 and 398). The labeled arrows
in Figure 6 correspond to the frames shown in Figure 7.

5. EXPERIMENTAL RESULTS
5.1. Head tracking results
Given the recent interest in 2.5D cameras and the variety of environments and scenes where they may be used, there does not exist a
common dataset to which compare our results.
Therefore, in order to evaluate the performance of the proposed
head tracking, we analyze the convenience of conditions C 2 and
C 3 in Equation (1), and how robustness is increased by exploiting
2.5D data. We compare the proposed algorithm with a reduced version which only verifies condition C 1 . This way, the contribution of
C 2 and C 3 is shown. The estimation error between a ground-truth
(marked by hand) head position g H and the estimated head position
is calculated as ε = |g H − p̂H |, and presented in Figure 6 for the
two versions of the algorithm. Note that, even if C 1 plays the role
of 2D method, 2.5D data is used for the initial head size estimation.
Both methods run on the same foreground extraction, obtained from
the 2.5D depth images as explained in Section 2.1.
Figure 6 shows the estimation error of a sequence which contains two persons and three main events. Around frame 50, a single
person waves hands before his head, hiding it. At frame 135, he performs a gesture with both hands which partially cover the head zone.
At frame 300 the second person enters the scene and walks behind
the first person. These events are illustrated in Figure 7.
The proposed C 1 + C 2 + C 3 algorithm is able to track the first
user’s head despite these three polluting events, while the C 1 versions loses the target when the shape of the head is changed (hands
moving, persons walking, etc.).
5.2. Head+Hands tracking results
As stated in Section 4, hand tracking depends on the robustness of
head tracking. A set of gestures have been considered to analyze the
performance of hand tracking, including gestures with one or two
hands such as waving, pointing or separating hands apart (see Table
1). Marked hand positions have been extracted by hand from the
2.5D images. Thanks to the depth estimation, these 3D ground-truth
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Fig. 9. Hand estimation error, calculated as the Euclidean distance
between the estimated and ground-truth 3D positions. The maximum error is about 10 cm for this sequence.
(c)

(d)

Fig. 7. Head tracking snapshots of the sequence presented in Figure
6. In red, the C 1 version, in green the C 1 + C 2 + C 3 and in blue the
ground-truth position. Note how the C 1 + C 2 + C 3 is more robust
in these adverse situations.

Gesture
push
circle
roll
hand up-down
separate hands

# frames
30
30
35
115
75

error R hand
2.62 cm
6.61 cm
2.86 cm
5.87 cm
2.36 cm

error L hand
3.80 cm

110

Table 1. Hand estimation error for different one-handed and twohanded gestures, computed as the average error during the performance of the gestures. For example, the errors for separate hands
gesture are calculated from the errors in Figure 9.

Y position [cm]

100

90

80

70
R hand tracked
R hand groundtruth
L hand tracked
L hand groundtruth

60

50
160

180

200

220

240

260

280

300

5.3. Execution speed
320

X position [cm]

Fig. 8. Ground-truth and estimated trajectories of the (R)ight and
(L)eft hands. The estimated hand positions are fairly close to the
reference ground-truth positions. Only the XY projection of these
3D trajectories is shown.

trajectories may be extracted from the 2D marked points. Such 3D
trajectories are used for comparison hereafter.
In Figure 8 the marked and estimated trajectories of both hands
are presented corresponding to a gesture where each hand moves
horizontally, like a slow hand clap (only the frontal projection of
these 3D trajectories is shown for visual clarity). The error between
the estimated and ground-truth trajectories is shown in Figure 9.
Hands are detected from the moment that they enter Ω (frame
7). During the first 10 frames, both hands are touching each other,
misleading the tracker which only sees one hand. However, once
they are separated for a few cm, the tracker is able to detect and
track both hands. It should be emphasized that both ground-truth
and estimated trajectories are polluted by noise from the depth estimation. In addition, ground-truth trajectories have been extracted
by hand, selecting a reasonable hand center which may vary in some
cm along frames. Despite these adverse noisy conditions, the hand
estimation error rarely goes above 10 cm.
Table 1 summarizes the average error for different gestures,
some of them performed with one hand. The average error is higher
for fast movements such as the circle and the up-down gestures, resulting in about 6 cm of error. For the other gestures, the error is of
about 3 cm, which is fairly adequate given the size of a hand.

The main applications of the proposed head+hand tracking algorithm require real-time processing. In order to evaluate the realtime performance of our proposal, execution speed experiments have
been carried out on a Intel Xeon 3GHz CPU. Two magnitudes are
studied:
• T P Processing time composed of the head + hand tracking
algorithms stand-alone.
• T O Overall processing time including 2.5D data reading
from disk. Such data, which has been captured with the TOF
camera, consists of a QCIF 16-bit depth image, a QCIF foreground mask and a QCIF×3 64-bit matrix containing the realworld 3D positions delivered by the camera software.
Experiments are run in sequences where the head and both hands
are detected, which is the worst case in terms of computational load.
After several experiments with different two-handed gestures we obtain a processing frame rate f P = T1P ≈ 68 f ps, which is fast
enough for real-time applications. As for the overall time including
reading from disk, an overall frame rate f O = T1O ≈ 25 f ps is
obtained. These frame rates very encouraging and open the door to
further improvements and refinements of the algorithm, since a high
percentage of CPU resources is not currently used.
When dividing the overall processing time into tasks, it may be
noticed that the head tracking task takes 34.7% of the total while
hand tracking is much faster (2.65%) and reading from disk occupies
a 62.65% of CPU time (Figure 10. It may be taken into account that
the reading task does not affect CPU when the system works live,
with the camera delivering 2.5D information at about 20 − 30 f ps.

Head Tracking
Hand tracking
Read disk
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technologies in a smart room,” Personal and Ubiquitous Computing, vol. 13, no. 1, pp. 15–23, 2007.
[2] A Kolb, E Barth, R Koch, and R Larsen, “Time-of-Flight Cameras in Computer Graphics,” Computer Graphics Forum, vol.
29, no. 1, pp. 141–159, 2010.

62.65%
2.65%

Fig. 10. Percentage of CPU occupancy for the main three processing
tasks.
6. CONCLUSION
Real-time head and hands tracking is a crucial issue for many gesture
recognition systems. In this paper we have proposed a fast algorithm
for head and hands tracking based on 2.5D data coming from a range
camera.
The proposed algorithm performs head tracking in a first step.
With this aim, an elliptical head template is adapted to the depth
level where the person is placed. Such template is projected onto the
camera image plane where a matching score is calculated, in order to
find the best head position estimation by simple max-pulling. Tracking robustness is increased with an adaptive resizing of the search
zone where the matching score is computed.
The hand tracking algorithm fully relies on the head position
estimation. A box-shaped 3D zone where hands are likely to be
placed is attached to this head estimation, allowing the user to freely
move in the scene. Hands are detected and tracked as 2.5D data
blobs, which are filtered and merged in order to increase robustness
and trajectory accuracy.
Experimental results show that the contribution of 2.5D data
makes head tracking more robust than using only 2D data. Indeed,
situations with partial occlusions and clutter are resolved with an error smaller than the head radius. Therefore, tracking does not lose
target thanks to the inclusion of 2.5D data.
As for hand tracking, results show that hands are tracked with
an average error of between 2 cm and 6 cm depending on the gesture being performed. Fast gestures are tracked worse than slow and
smooth ones. Two-handed gestures are also tracked, with an average
error smaller than 4 cm per hand.
The presented system executes at 68 f ps on a standard CPU,
which is fast enough for real-time, since current range cameras have
a frame rate of about 20 − 30 f ps.
Many improvements to this proposal are foreseen. Exploiting
hand estimation to improve head estimation and vice-versa (cross
feedback) is currently under study. Other setup proposals are considered, such as including a color camera, which will contribute with
color and disparity information. Finally, fitting an upper-body model
to these estimates is also considered. Such approach will help increasing the temporal consistency of the tracking, and also including
inverse kinematics techniques to be able to perform a more complete and accurate tracking, as well as to recognize more complex
gestures.
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