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Abstract In this paper an algorithm to recognize sin-
gle stroke gestures using a Time-of-Flight camera is pre-
sented. To achieve this goal, freehand gesture input is
provided by articulating a single stroke in three-dimen-
sional space using a stretched �nger. The position of the
�ngertip is tracked and gesture input can be deactivated
by forming a �st. In this way, the start and end of a ges-
ture is recognized automatically. The gesture is then rec-
ognized with the $1 gesture recognizer which is adapted
to depth data. The algorithm is applied to recognizing
ten gestures composed of the numbers zero to nine and
evaluation results reveal a �ngertip tracking accuracy of
over 88% and an average gesture recognition rate of 75%.

1 Introduction

Since gestures provide a natural way of communication
between humans, gesture recognition is a major �eld of
research in human-computer interaction. High attention
was paid on computer vision methods which o�er an un-
obtrusive way of gesture input as there is no need for
the user to attach any sensors to his body. Vision based
systems have been introduced that use a single intensity
or color image to recognize gestures. As gestures occur
in three-dimensional (3D) space, recognition based on
two-dimensional (2D) information only can lead to am-
biguities. To overcome this drawback, other approaches
�rst extract 3D information out of one or more images
of the observed scene to achieve a more robust gesture
recognition. Here, sometimes complex image processing
algorithms that either determine distinct features such
as edges or silhouettes have to be applied or correspon-
dences in multiple images have to be found. On the one
hand these algorithms can be error prone and on the
other hand may imply a high computational cost. An
overview on those algorithms can be found in [31].

This paper presents a computer vision based approach
for recognizing dynamic hand gestures in interactive frame-
rates using a Time-of-Flight (TOF) camera. This kind
of sensor captures an image that provides a depth value
for each pixel. Images are provided with approximately
25 frames per second. The provided depth information
obtained with the TOF camera is used directly in each
frame for segmenting the foreground of the observed
scene and for the extraction of the �ngertip, which is
used to perform the gestures. It is assumed that the �n-
ger is pointing in the direction of the camera and thus
the �ngertip has the shortest distance to the camera. In
combination with smoothing on the raw depth image,
straight forward and robust tracking of the �ngertip is
achieved.

The proposed gesture recognition algorithm is a 3D
adaptation of the $1 gesture recognizer that was in-
troduced as an easy and slim algorithm to recognize
2D single stroke gestures on touch displays, e.g. Pocket
PCs [41]. In our approach, gestures are performed in 3D
space by drawing a path in space with the �ngertip. The
tracking of the �ngertip can be activated and deactivated
by the user by switching between a stretched �nger and a
�st. The positions of the tracked �ngertip results in a 3D
polygon which describes the performed gesture. The $1
gesture recognition works by matching a performed ges-
ture with a set of templates. To permit a direct compar-
ison of a gesture polygon and a template polygon both
are preprocessed in the same manner. First, polygons
are resampled to achieve a �xed number of equidistant
points. Then they are transformed to obtain invariant
rotation, scale and translation. In this way, the match-
ing can be accomplished by determining the Euclidean
distance between gesture and template polygons.

The remainder of this paper is organized as follows.
First related work is presented and based on this then
our approach for the recognition of dynamic hand ges-
tures using depth data is described. Afterwards, the al-
gorithm is evaluated with respect to its accuracy using
an exemplary set of gestures composed of the numbers
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zero to nine. Here, the �ngertip tracking and the gesture
recognition are evaluated separately. Finally, an outlook
on future improvements is given.

2 Related Work

As already stated in the introduction, gesture recogni-
tion in general has been a popular �eld of research. Es-
pecially computer vision based approaches have been of
high interest as these o�er an unobtrusive way of gesture
input. Overviews of vision based gesture recognition ap-
proaches are given in [30,33,31,13].

The recognition of hand gestures in particular has
been of high interest as those gestures can provide a
natural and direct way of human-computer interaction.
Currently, the most e�ective technology used for sensing
hand based input is the data glove [40]. One drawback of
this device is that it has to be worn on the user's hand
to capture motion which limits the naturalness of the
interaction. Additionally, user dependent calibration is
also a problem. To overcome these limits, vision based
approaches to capture hand motion have been investi-
gated. Surveys on this topic can be found in [10,22].

Several vision based systems to capture body and
hand motion only use single images [1,38]. Here, oc-
clusions and ambiguities are likely to occur. Multi-view
tracking approaches use multiple cameras to overcome
these drawbacks [5,9,36]. Thoug, in both single and mul-
tiple image based approaches, features have to be ex-
tracted from the images before conclusions about the
three dimensional scene can be made. Stereo vision meth-
ods have been introduced to determine depth informa-
tion of the scene [21]. Some approaches use additional in-
formation like color and texture [35,27]. However, track-
ing algorithms based on the mentioned systems can be
error prone and computational expensive.

Among others, TOF cameras [24] have been intro-
duced to obtain depth information directly from the scene.
This kind of sensor captures a range image in real time
and has been applied to the �eld of human-computer
interaction by a few approaches. These range from full
body tracking over head tracking and face detection to
the recognition of hand gestures and some of them are
discussed in the following paragraphs.

In [18] Haker et al. present an algorithm using self-
organizing maps to �t an upper body model to the 3D
data for pose estimation. The model captures the hu-
man pose robustly and can be used to track the major
body parts. Guðmundsson et al. describe a system for
people tracking in smart rooms where a TOF camera is
used to enhance people segmentation in a multiple cam-
era setup in [15]. A comparison of a color image based
and a range image based people tracking algorithm is
conducted in [37]. Approaches about tracking multiple
people with a TOF camera are presented in [4] and [20].

E�orts to use TOF cameras for the purpose of head
tracking and face recognition have been presented in [29].

This is achieved by a nose tracking and the determina-
tion of a spherical intersection pro�le of the face. Scale-
invariant features in range maps [17] and the Viola-Jones
face detector [7] are also used for face detection with
TOF cameras.

Hand gesture based interaction using TOF cameras
has also been in the scope of many investigations. In [28]
Liu et al. analyse the hand shape and motion to recog-
nize dynamic hand gestures and point out the usefulness
of depth data for the segmentation of hands. Breuer et al.
use a principal component analysis to estimate the hand
pose and �t it into a hand model as a pilot study in the
�eld of TOF data based hand gesture recognition in [8].
In [3] Benko et al. investigate how freehand gestures can
extend multi-touch based interaction on a vertical dis-
play by placing a depth camera behind a transparent dis-
play screen. Ahn et al. realize a spatial touch display by
de�ning two depth zones in which hand gestures are rec-
ognized [2]. Haker et al. present a robust deictic gesture
recognizer based on a TOF camera in [19]. Kollorz et al.
recognize static hand gestures using x- and y-projections
and a nearest neighbour classi�cation in [25]. Static hand
gestures are recognized with a TOF camera and applied
to the navigation in 3D medical images in [39].

In our approach, dynamic hand gesture recognition
mainly is based on the $1 gesture recognizer that �rst
was presented in [41] and adapted to recognizing ges-
tures in 3D acceleration data in [26]. It was introduced
to recognize 2D single stroke gestures on touch displays,
e.g. Pocket PCs and turned out to be an easy and slim
algorithm which is especially useful in real-time applica-
tions due to its low computational time. In addition to
that it achieved a recognition accuracy higher than 97%
which encourages further investigation of that approach.

3 Technology

In this approach a TOF camera is used to obtain depth
data, namely the PMD[vision] R©CamCube 2.01 which is
shown in �gure 1. This sensor works by illuminating the
environment with modulated infrared light and measur-
ing the time the re�ected light needs to arrive at the
sensor chip using the phase shift of the light wave. From
this time a distance can be determined for each pixel. As
a result an depth image with 204x204 pixels is obtained.
In addition, intensity values for every pixel are also re-
trieved. The raw data is quite noisy and high attention
was paid to analysing and reducing this noise in previ-
ous work. This includes systematic error analysis [34,11],
noise reduction by solely investigating the depth data [6]
and sensor fusion approaches [14,16,32,23].

In this work, very simple measures to reduce the
noise in the raw data are taken. First, outlier removal
is achieved by checking the direct neighbourhood of the
depth image for similar depth values. If there are no such
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Figure 1: PMD[vision] R©CamCube 2.0

Figure 2: Single stroke gestures

neighbours, a value is declared as outlier and is removed.
Afterwards the data is smoothed by applying a Gaussian
�lter.

4 Recognition of Dynamic Hand Gestures

The proposed gesture recognition algorithm is composed
of two main parts. First, a �ngertip tracking provides
gesture input which can be activated and deactivated by
the user switching between a stretched �nger and a �st.
Second, gestures are recognized based on the $1 gesture
recognizer that has been adapted to depth data. The
algorithm is applied to single stroke gestures composed
of the numbers zero to nine which are shown in �gure 2.
Next, the �ngertip tracking is presented. Afterwards, the
original $1 gesture recognizer is depicted brie�y before
the adapted algorithm is explained in more detail.

4.1 Fingertip Tracking

The �ngertip is de�ned as the closest point to the cam-
era and thus determined as the measurement with the
shortest distance. In this way, a straight forward track-
ing can be implemented by exploiting the obtained depth
data directly. However, to provide the user the possibil-
ity to control gesture input there has to be found a way
to activate and deactivate the �ngertip tracking. This
is achieved by distinguishing between a stretched �n-
ger and a non-stretched �nger. A convenient solution for

Figure 3: The depth data can be used intuitively to dis-
tinguish between a stretched �nger and a �st.

user input is to switch between a stretched �nger and
a �st as can be seen in �gure 3. In this example, the
tracking is inactive as long as the �st is hold frontally
to the camera. The activation of the �ngertip tracking
can be accomplished by stretching a �nger in direction
of the camera and the �ngertip will be tracked immedi-
ately. Again, the depth information captured with each
frame is used intuitively for the distinction.

4.2 $1 Recognizer for Depth Data

The $1 gesture recognizer [41], on which our approach
mainly is based, passes through four steps which are de-
picted in �gure 4.

First, the captured point path is resampled to achieve
a �xed number of equidistant points. In this way gesture
paths can be compared directly. In the next step the ges-
ture is rotated once by its indicative angle. This angle is
de�ned as the angle formed by the vector of the gestures
centroid and the gesture's �rst point and the vector of
the gestures centroid and a coordinate on the zero axis.
Afterwards, the point path is scaled so that it �ts into
a unit square to avoid di�erences in the aspect ratio
and translated to origin. Now the gesture path is trans-
formation invariant and can be matched with a gesture
template that has also been processed to achieve trans-
formation invariance. The rotation of the point path by
its indicative angle might not be the optimal rotation to
match it with the template, as there exists no closed-
form solution to determine the rotation in such a way
that the path-distance to the template is minimized. Be-
cause of that an iterative optimization of the indicative
rotation is conducted in the template matching step.

For the adapted $1 gesture recognition algorithm a
gesture is de�ned by the tracked �ngertips, i.e. a 3D
polygon. As the coordinates of this polygon tend to be
very noisy, it is smoothed using a corner cutting algo-
rithm [12]. The resampling of the polygon is carried out
the same way as in the original $1 recognition algorithm
except for extending this to 3D.

With real 3D gestures it would make sense to also
extend the remaining steps of the recognition process in
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(a) Resample the raw point path.

(b) Rotate by the indicative angle.

(c) Transform and scale.

d

(d) Match with gesture template.

Figure 4: Steps of the $1 gesture recognizer.

a straight forward manner. But the number set cannot
be considered as a real 3D gesture set as the gestures
are intended to be articulated in a plane. As a result
from a straight forward extension of scaling the gesture
to a cube to achieve invariance in aspect ratio, the ges-
ture will get distorted. This phenomenon is shown in
�gure 5 (a), (c) and (e). To avoid this, the gesture �rst
is projected onto the plane it most likely was intended
to be performed. This is achieved by determining the

(a) Front view of the original
$1 invariant transformed ges-
ture polygon.

(b) Front view of the �rst pro-
jected and then transformed
gesture polygon.

(c) Side view of the original $1
invariant transformed gesture
polygon.

(d) Side view of the �rst pro-
jected and then transformed
gesture polygon.

(e) Flat view of the original $1
invariant transformed gesture
polygon.

(f) Flat view of the �rst pro-
jected and then transformed
gesture polygon.

Figure 5: The gesture polygon is projected to the plane
perpendicular to the polygon's third component to avoid
distortion.

principal components of the gesture polygon and then
projecting it onto the plane that is perpendicular to the
third component. This operation is also illustrated in �g-
ure 5 (b), (d) and (f). Now the gesture can be treated
as two dimensional and the transformation steps of the
original $1 algorithm can be applied. Finally, the ges-
ture is matched with the resampled and transformation
invariant gesture templates in the same manner as with
the $1 recognizer.
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Figure 6: Fingertip tracking accuracy.

5 Evaluation

The evaluation is twofold. First, the activation of the
�ngertip tracking is evaluated with respect to the recog-
nition reliability of the stretched �nger. Afterwards, the
gesture recognition with the $1 recognizer is evaluated
separately.

5.1 Test Setup

A set of ten single stroke gestures composed of the num-
bers zero to nine was de�ned for evaluating the recog-
nition. The gesture set is depicted in �gure 2. Test data
was gathered by asking 14 participants to perform the
gesture set �ve times to obtain 70 data sets in total.
For this purpose they were sitting in front of the ToF-
Camera and facing it. Then they were asked to perform
the ten gestures in a row by stretching the index �nger
while drawing a number in space and separating gestures
by forming a �st with their hand.

5.2 Fingertip Tracking

The ground truth for the evaluation of the �ngertip track-
ing is established by manually marking the frames of the
gathered test data when the �nger is stretched. The pro-
posed �ngertip tracking algorithm is then applied to the
test data and a frame by frame comparison is conducted.
In total approximately 40,000 frames were obtained and
of these 88.16% were tracked correctly, the rates of false
positives and false negatives were 8.50% and 3.34% re-
spectively. These results are also shown in �gure 6. False
results in the tracking are likely to be caused by noisy
raw data which is strengthened by very fast movements
of the �nger.

5.3 Gesture Recognition

To evaluate the accuracy of the gesture recognition al-
gorithm, the ground truth was also established manu-
ally. Gesture polygons were de�ned by the �ngertip co-
ordinates of consecutively stretched �ngers based on the

Figure 7: Recognition rate of single stroke gestures using
�ve sets of gesture templates.

manually marked frames already used in the former eval-
uation. Each gesture then was identi�ed manually and
compared with the algorithm based gesture recognition.
The results are shown in �gure 7. On the one hand, it
can be observed, that the recognition rates of the ges-
tures zero, one, six and seven are quite low. It is as-
sumed, that this is due to the high similarity in shape
of the gestures zero and seven and zero and six respec-
tively. Especially in 3D space it is not easy to perform
a gesture path exactly the way it is supposed to be per-
formed. On the other hand, the recognition rate of the
other six remaining gestures are at least 80%, with three
of them even more than 90%.

6 Conclusion and Future Work

In this paper an algorithm for recognizing 3D single
stroke gestures with TOF cameras was presented. Ges-
ture input is realized by a �ngertip tracking which can
be activated and deactivated by the user by switching
between a stretched �nger and a �st. The recognition
is an adaptation of the $1 gesture recognizer which has
been modi�ed to be used with depth data. An important
extension to the original algorithm is the projection of
the raw 3D gesture polygon onto the plane which �ts
best into the polygon. In this way, gestures do not have
to be articulated in the same camera perspective as the
gesture templates which enhances the robustness of the
algorithm. Results show that the algorithm is feasible
for this aim but gestures need to have a distinctively
di�erent shape than the rest of the gesture set.

Improving the accuracy of the raw distance data would
probably provide a more accurate �ngertip tracking. In
addition, recognizing the stretched �nger will become
more robust. As a result of this, the recognition of false
gestures will likely decrease. So far, analysing the prin-
cipal components of a gesture polygon is only used to
determine a projection plane. An additional bene�t of
the principal components is that they contain informa-
tion about how a polygon is orientated in 3D space. This
can be exploited in using the same gesture polygons and
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distinguishing them only by orientation, e.g. gestures in-
dicating rotation. Moreover, the gesture recognition can
be made more �exible by executing the template match-
ing with a set of templates composed of several possibil-
ities of how a gesture can be performed by the user. Fi-
nally, tracking of multiple �ngertips and the recognition
of multi stroke gestures are considered as a worthwhile
extensions to the current algorithm.
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