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Abstract. This paper introduces use of range information acquired by a CSEM
SwissRanger SR-2 camera for one and two arms gesture recognition. The range
data enables motion detection and 3D representation of gestures. Motion is de-
tected by double difference range images and filtered by a hysteresis bandpass
filter. Gestures are represented by shape contexts in the form of spherical his-
tograms. This representation allows a simple matching by binary comparison of
the histogram bins. Although this approach is still on a early state, results indicate
successful recognition of a set of commonly used gestures.

1 Introduction

Most gesture recognition approaches use intensity images to extract necessary motion
information. However, recently 3D motion information has been introduced to over-
come the inherent problem of recognizing 3D gestures in 2D images, e.g., [4] obtain 3D
data to produce motion history volumes by use of multiple calibrated, and background-
subtracted cameras. Our approach aims at recognition of one and two arm gestures by
use of a single range camera (CSEM SwissRanger SR-2). This type of camera has prior
been used for obstacle detection [1] and environment reconstruction [2].

1.1 System overview

An overview of the range based gesture recognition system can be seen in figure 1 and
is described in the following sections.
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Fig. 1. An overview of the range based gesture recognition system.



(a) Range image. (b) Difference range image. (c) Detected motion.

Fig. 2. (a) shows a range image, where the pixel values correspond to a distance. (b) shows the
difference range image used for motion detection. (c) is the resulting motion detected in 2D after
hysteresis bandpass filtering and creation of a double difference image.

2 CSEM SwissRanger SR-2 Range Camera

The CSEM SwissRanger SR-2 range camera [3] is based on the Time-Of-Flight (TOF)
principle. The camera emits radio-frequency modulated light in the near-infrared spec-
trum, which is backscattered by the scene and detected by a CMOS CCD. The camera
can deliver range and intensity images of 160 x 124 pixels with an active range of 7.5
m. We have achieved a frame rate of around 13 frames per second. The depth accu-
racy is typically in the order of a few centimeters, depending of the distance range and
illumination. Figure 2(a) shows a range image of a “point right” action.

3 Motion Detection

Motion is detected by use of image subtraction. Specifically, double difference images
are used. These images are created in 2D image coordinates with the range/depth rep-
resented as pixel values. However, to extract the relevant motion data from the arm
movements, the data needs to be filtered properly. The range data captured by the Swis-
sRanger camera includes a high degree of noise, resulting in jitter and errors causing
pixels with extremely high range values. To handle the noise effects, each of the two
difference images (figure 2(b)) are filtered with a hysteresis bandpass filter before they
are ANDed together to create a double difference image.

3.1 Hysteresis Bandpass Filter

The hysteresis bandpass filter operates in 2D and use four threshold values 77,75, T3
and T}. The values that falls within the motion range [T%, T5] are most suited for arm
movements. By introducing a hysteresis which adds pixels in the range [T7, T4] if they
are connected with pixels from [T, T3], the extracted motion becomes less fragmented
and includes more pixels of the full motion, while excluding noisy image regions. To
avoid smaller motion regions caused by noise or unwanted motion along the body, the
regions that have been classified within the range [T, T5] are filtered by size and con-
nected component analysis.



(a) Radial bin = 1. (b) Radial bin = 2. (c) Radial bin = 3.

Fig. 3. Shape context for a “point right” gesture represented by the spherical histogram.

When the relevant motion has been extracted, the data is mapped to a 3D world co-
ordinate system, resulting in a 3D motion point cloud representing the arm movements.

4 Gesture Representation

A 3D motion point cloud is represented efficiently by use of shape contexts. A shape
context is based on a spherical histogram. This histogram is centered in a reference
point, currently selected manually as the center of the upper body. The histogram is
divided linearly into 12 azimuthal (east-west) bins and 12 colatitudinal (north-south)
bins, while the radial direction is divided into 3 bins. A bin is either on (’1”) or off
(’0”) depending on the number of 3D points in a particular bin. This results in an n
(= 12 x 12 x 3) dimensional binary feature vector for each frame, see figure 3. A
gesture is now represented by ANDing the shape contexts calculated for the temporal
duration of the gesture.

It should be noted that this kind of representation requires known start and end
points of a particular gesture.

5 Recognition of Gestures

A gesture is recognized by matching the current shape contexts histogram with a known
set of histograms for each possible gesture. The matching is performed by a binary
comparison of the histogram bins, resulting in a distance for each gesture. The distance
measure is computed using XOR.

The gesture with the shortest distance (nearest neighbor) is selected as the best
match.

6 Results

The purpose of this test is to give an indication of the system’s performance and not
to produce final results. Six gestures have been used to make a small scale test of the
current system: Point right, Move left, Move closer, Raise arm, Wave, and Clap.



We have recorded data of these six gestures performed by two different persons and
matched each of the gestures captured of one of the persons with the six gestures from
the other. All the matches are correct and have the distances shown in figure 4.

1. Point right
2. Move left
3. Move closer |37
4. Raise arm |28
5. Wave 20
6. Clap 77

Fig. 4. Matching results for the six actions.

7 Conclusion

In this paper we have presented a gesture recognition approach operating on range data
acquired with a CSEM SwissRanger SR-2 camera. This allows 3D representation of
gestures based on shape contexts and a simple binary matching. By introducing a hys-
teresis bandpass filter, it is possible to extract useful motion information by double
difference range images, although the noisy nature of the range data. A small scale test
indicates promising results.

7.1 Future Work

The range based gesture recognition system is still in a preliminary phase and some fur-
ther work are required. Some basic parts of the approach need to be investigated further.
First of all an automatic method to estimate the reference point for histogram centering
is required. Furthermore, an intelligent pre-selection of the range data of interest would
be an advantage.

The current hysteresis bandpass filter operates in 2D difference images. It would be
interesting to extend the filter to operate directly in the 3D range data if possible.

A more sophisticated matching strategy might improve the performance, e.g., Edit
distance. Finally, we need to conduct a large scale test of the system.
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