











root mean square (r.m.s) and maximum. The r.m.s was
found to give fewer false minima than others. The smaller
the matching is, the higher the similarity is. A perfect fit will
result in zero.

In order to measure the similarity between two
images, e.g. a candidate image A and a template hand image
B (the distance transformation of the template, DTg, is
already obtained in advance), first, the candidate image is
normalized and extracted to a binary edge image I, then a
matching score is calculated by equation 5; second, the
distance transformation of the normalized candidate image
DT, is derived as well as the binary edge image of the
template Ig, then another matching score is calculated by
equation 5. These two scores are added together as the final
similarity measurement between the candidate images A and
the template B. The similarity measurements between the
candidate and all the templates in the database are calculated
and the smallest score indicates the recognized gesture.

5.2 3D hand trajectory recognition

A hand trajectory is also expressive in an interaction. Some
intentions are naturally expressed by movement rather than
static hand shapes.

The hand trajectory in 3D space is captured by the
method in section 4. Since the hand normally has an
obvious pause between a new gesture and previous one, we
take it as the starting point of a gesture. The subsequent
hand 3D position is relative to the starting position. In this
way, the gesturer does not need to start from a particular
fixed position every time.

The trajectories are recognized by a Finite State
Machine (FSM) method. Each gesture is defined to be a
sequence of state transitions in the spatial-temporal space.

A state S is defined as a simple vector <u,d>, where
u is the center of the state’s space, d is the distance threshold
in the x, y, z directions. The 3D space is divided into several
cells representing different states. Note that each FSM
recognizer has its own way of splitting the spatial space. A
3D position p(x,y,z) may be in the ith state of gesture one,
while in the jth state of gesture two.

When a new hand position arrives, each FSM
recognizer determines whether to stay at the current state or
enters the next state based on the spatial parameters. A
gesture is recognized if a recognizer reaches its final state
[Hong et al., 2000]. Each FSM recognizer may have
different number of total states, thus this method allows
simple movements to be represented by fewer states and
complicated gestures by more states.

This online recognition method determines a state
transition when a new hand position is provided. It is
different from the approaches that require complete gesture
data before a recognition procedure begins.
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6 Experiment and result

The hand gestures are performed at a distance of about 1.5
meters from the range camera in an indoor environment.

6.1 Hand shape recognition

We tested the ability of the system to recognize the hand
shapes shown in figure 7. The hand shape templates were
captured and stored in advance, and the test was performed
in another day. To further test the robustness of the method,
it will be tested with different people in the near future.

We noticed that the rotation of the hand both
around horizontal and vertical axes may make the
appearances of the hand different, which would affect
chamfer distance matching result. Furthermore, in some
cases, the angular separation (the fingers are sharply or
narrowly separated) may also influence the matching score.
Although it is difficult to achieve viewpoint independent
performance because of self-occlusion from a single view,
the slight rotation in space should not affect the recognition
output. Therefore, in the training stage, we collected 10~18
hand shape templates for each gesture to make the
recognition more robust. Each gesture is conducted with
horizontal rotations of -10° -5° 0° 5° and 10° vertical
rotation of -10, 10, and several angular separations if
multiple fingers are involved. Figure 9 gives a rough idea of
the various appearances of the same gesture.

ANE

Figure 9 Examples of difference appearances of the same gesture

During the period when the hand is changing from
one gesture to another, the shape is not recognizable, so for
testing purpose, we extracted images from videos, and
manually delete the hand images which can not be
recognized even by human. The offline recognition
confusion matrix is shown in table 1. The gestures from 1 to
11 in the table are shown in figure 7 in the same order. The
overall recognition error rate is under 3%.

For the real time, online recognition, we use a
stability counter. Only when the same recognition result
repeats several times it will be confirmed as a recognized
gesture. The online recognition rate is 98%, because of the
stability counter.

Like other training-test methods, the selection of
the training set is vital to recognition results. If the training
set covers most of the gestures which appear in the test set,
then the error rate is relatively low.

6.2 Hand trajectory recognition

Five types of hand trajectories are trained and tested using
the FSM method in section 5.2, including “wave hand”,

” ”

“draw a triangle”, “pick up”, “put down” and “come here”.



Several key frames of the movement from the
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video are shown in figure 10. The person waved his hand gestures States | States
from left to right and then from right to left. Table 2 shows finished | left
the states transition of each gesture according to the 3D Wave hand 1 4
hand position in figure 10. Only “wave hand” went through Draw triangle 1 3
all its states, so it is recognized. Come here 3 5 5 0
Pick up 1 2
1 2 3 4 5 6 7 8 9 10 11 total Put down l 2

1 82 0 1 0 2 2 0 0 0 0 0 87

2 76 3 2 81

3 3 64 3 70

4 57 3 60

Table 3 states transition of each gesture in figure 11

The overall recognition rate of the hand trajectories is about
88%. Details for each gesture are shown in table 4.

5 59 59

7 51 51

10 2 68 70

Gestures’ Performed | Recognized | Recognition
names times times Rate

Wave hand 10 9 90%

Draw triangle | 10 8 80%

Come here 10 10 100%

Pick up 10 7 70%

Put down 10 10 100%

11 70 70

Table 1 hand shape recognition confusion matrix

Figure 10 example of waving hand

gestures States States
finished | left

Wave hand 3(3|4|5 5 0

Draw triangle 2 2

Come here 1 4

Pick up 1 2

Put down 1 2

o

Table 2 states transition of each gesture in figure 1

Figure 11 shows some frames of the video in which a
person moved his hand forwards and backwards to express a
“come here” gesture. The states transitions of each gesture
are shown in table 3. Only the third gesture went through all
its states and it is recognized as “come here”.

Figure 11 example of “come here”

Table 4 hand trajectory recognition result

Using the method in section 5.2, simple and complicated
movements can have different numbers of state transitions.
It can detect the start and end point of a gesture
automatically, and a gesture is not required to start at a
particular position. However, the scale of the movement
may affect the result.

7 Discussion and Conclusion

A real time hand gesture recognition system has been
described. Taking advantage of a range camera, hand
segmentation and 3D tracking becomes easy and invariant
to the changes in the environment. Experiments show that
the chamfer matching measurement for hand shape analysis
and the FSM method for recognizing the hand trajectory
achieve high recognition rates.

The main drawback of the method using only depth
data in section 4 is that, when the hand and forearm are in
the same depth range, the segmentation using only depth
data is not able to further distinguish hand from forearm
simply. In this situation, the hand positions in the images
which are calculated by finding the central points of the
segmented region will also be erroneous.

An ordinary web camera can be used in
conjunction with the range camera to provide useful color
information and higher resolution, which is also potentially
useful for face detection and recognition.

First, image coordinates of the web camera and the
range camera is aligned. Second, the objects in the
background whose depth values are over a specified
threshold is removed in the range camera. Third, the
corresponding regions of the background in the web camera
are removed. Last, the hand is tracked by color information
from the web camera using a Particle Filter method.



We then find the corresponding hand position in
the range camera in order to find its depth value. The hand
is segmented from a cube whose center is the 3D hand
position.

This extra web camera helps to improve the
accuracy of the 3D hand position, especially in the
situations mentioned above. However, it also imposes extra
burden of alignment between the web camera and the range
camera. Furthermore, when the person is wearing a short
sleeve clothes, the color based method may locate the hand
position incorrectly.

In the future, the recognition of more types of hand
shapes will be included. For testing robustness, the
templates will be created by one person, while hand images
from several persons will be used in the test stage. The hand
trajectory recognition method should be improved so that it
is invariant to the scale of the movements. Gestures
performed in an outdoor environment will also be tested to
evaluate the capability of the range camera and the
robustness of the proposed methods.
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