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Abstract

Gesture is a very intuitive way for human commu-
nication, and it is also very useful as interface for
human-robot interaction. In this report, we propose
a simple gesture recognition method which can be eas-
tly extended to handle multiple inputs. In the method
we proposed here, at first, we caleulate the position
and velocity of the center of gravity of moving region
in video image by using optical-flow field. Then, we
consider that the mazimum/minimum points of such
motion information represent motion pattern well, we
encode them into a 1-dimensional code sequence. Fi-
nally, we distinguish input pattern by comparing with
template patterns which have been prepared in advance
using a method based on string comparison algorithms.
We apply the proposed method to recognition of hand
gestures taken by single or 2 video cameras to show the
estensibility of the method. We also show an ezample
of gesture based mobile robot navigation.

1 Introduction

Gesture is a very intuitive way for human commu-
nication, and it is also useful as interface for human-
robot interaction. Especially, research in vision-based
human motion recognition has greatly increased in
recent years (see [1],[6] for recent surveys), because
vision-based methods can find human-motion contact-
lessly, that is, they do not restrict the user’s motion.

Generally, we may say that visual motion-based
gesture recognition contains the following 3 steps:

1. finding motion information of the target (e.g.,
hand position) from video sequence,

2. extracting and encoding motion pattern,

3. recognizing motion pattern.

For the first point, some proposed methods use corre-
lation based optical-flow[2][3][5], because the methods
using motion field are more robust to noise and/or
illumination changes than color based or subtraction
based methods. Correlation-based optical-flow can be
calculated easily and quickly, which is an important
point for real-time gesture recognition. However, the
accuracy is not so good and is unreliable, especially in
case of the target object moving quickly in the scene.
Therefore, in this study, we do not use the direction
information of optical-low, but we use the center of
gravity of the motion field as motion information of
the target object. Then, we propose a method of
1-dimensional encoding of motion pattern, which is
based on the consideration that motion changes repre-
sent characteristics of the movement pattern very well.
We also propose a pattern recognition method based
on string comparison algorithms. These methods can
be extended to handle multiple inputs easily. In the
following sections, we discuss details of these points,
and finally, we show gesture-based mobile robot navi-
gation as an application.

2 Finding motion of hand gesture

In this study, we consider single-hand gesture recog-
nition. To detect the motion of hand gesture, we use
a correlation-based optical-flow technique!. We calcu-
late the optical-flow using a special hardware with cor-
relation processor chip (Color Tracking Vision TRV-
CPWS5 by Fujitsu Co.,Ltd.) and a PC (CPU: Intel
PentiumlIII 700MHz, OS: Linux 2.0.36[4]) in real-time

1See [5] for details about the selection of local correlation
parameters.
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Figure 1: Assignment of IDs
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(at the rate of 15Hz). However, it is very difficult for
the correlation-based method to calculate the correct
flow of the object moving quickly and/or around the
boundary of the moving object. Hence, we do not use
flow vector itself, but we just use it for finding moving
region in the scene. We use the position and velocity
of the center of gravity of such moving region as the
motion information of the target object.

3 Encoding gesture pattern

Our approach is based on a consideration that the
timing of motion changes is an important factor for
describing motion pattern. Now we refer to the re-
markable motion change as “event”. We consider that
such events occur at the time when the position and/or
velocity of motion field in the image coordinate is
maximal or minimal. Basically we can find the max-
imum/minimum points of the feature values such as
position and velocity by selecting the point where the
first differential is zero. In this paper, in order to avoid
inappropriate results caused by noises, we use not only
the values at the adjacent frames against the current
time T, but also the values obtained a certain frames
before/after T to calculate the first differential.

The event is encoded into 2 bytes code by the fol-
lowing rule. The code is composed of “Device ID
(DID)” (4 bits), “Feature ID (FID)” (4 bits), and
“Pattern ID (PID)” (8 bits). Fig. 1 shows how to
assign each ID to the bit-field (total 2 bytes). DID
indicates the type of input device (e.g., camera), FID
means the type of the input feature (e.g., position, ve-
locity), PID shows the type of event (e.g., max., min.).
The code indicating each event is defined as the fol-
lowing equation: C,,.,s = DID|FID|PID.

We align each event in order of the time of occur-
rence. When more than two events occur simultane-
ously, we align them in reverse order of the magnitude
of the event ID (Ceypen:). By doing this, we can gen-
erate a 1-dimensional code sequence. We refer to this
as the “l-dimensional event code sequence (IDECS)”.

4 Motion pattern recognition

For recognizing motion patterns, the system should
have a kind of knowledge of the target motion pat-
terns. In this study, we prepare the 1DECS of each
motion itself as the motion pattern template, in ad-
vance. Generally, we have to consider temporal changes
of input to recognize time sequential pattern. Most of
the previous methods use the Hidden Markov Mod-
els (HMM) for gesture recognition to cope with this
problem (e.g., [3]).

The 1DECS does not put emphasis on absolute oc-
curring time of the events, but just considers the oc-
curring order of them, that is, the encoding does not
depend on absolute time, so that it is easy to cope with
temporal changes. However, due to noise or motion
difference, there may be variations in the same motion
category. To cope with this, we prepare a number of
1DECSs for the template of each category.

Considering that the 1DECS is similar to simple
string data, we apply the string comparison algorithms
for computing the SED (shortest edit distance) and
LCS (longest common substring). The SED problem
is to find the shortest path of the edit operations from
one string to the other. The edit means the oper-
ation of inserting/deleting letter (code) in/from the
string (code sequence). The LCS problem is almost
equivalent to that of SED. We use a SED algorithm
for finding LCS. We do not discuss the SED and LCS
algorithms for lack of space (See [7], for example).

4.1 Pattern similarity

Now, let us consider how to compare two 1DECSs,
S and T. S is the 1DECS of input pattern, and T is
one of the 1IDECSs in the template. We can say that
if the two sequences are similar, the LCS is almost
the same as the input sequence. But when the length
of two sequences is quite different and the longer one
contains the shorter one in it, the LCS is almost the
same as the shorter one, though these two codes are
different. Considering this point, we define the crite-
rion for evaluating the similarity of two sequences as
follows:

len(LCS(S,T)) (1)
max (len(S),len(T"))
where LCS(S, T') is the LCS of S and T, len(X) is the
length (the number of codes) in the code sequence X.

Psi-m(sn T) =

4.2 Finding best-match pattern

We show the procedure for finding the best match
pattern of input 1IDECS 5 below. Beforehand, we de-
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Figure 2: Experimental system

fine M = {All motion patterns} and A'={1,2,...,Nt}
where Nt is the number of templates for each gesture
type.
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2. Find the pattern m of meaﬁ(Psim(S, T(m))) as
M
the best fit motion pattern.

With this method, input pattern is always judged
as one of the pattern in the template. However, in
practical use, the user might input unknown gestures,
or some input patterns might be unintended motion.
‘We discuss how to judge these inappropriate inputs in
Section 5.1.2.

5 Experiment

The system we use for the experiment consists of
a PC with the color tracking vision (see Section 2),
a 4-video signal multi viewer and 2 CCD cameras
(see Fig. 2: gesture recognition system). One camera
(camera 1) is placed in front of the hand of the oper-
ator (the person who inputs gesture), and the other
one (camera 2) is placed above the hand.

To verify the proposed method, we made two ex-
periments. In the first experiment, we use one camera
placed in front of the user (see Fig. 2: camera 1), and
verify the performance of the methods of motion pat-
tern encoding and recognition. In the second experi-
ment, to see the extensibility of the proposed method,
we use 2 cameras to take the motion of the hand ges-
ture (Fig. 2: camera 1 and 2).

Front view Front view Front view

Start

(a) arch type  (b) circle type  (c) ohm type
Each gesture has two types according to the direction
of the hand motion. Total 3 types, 6 categories.

Figure 3: Gestures for single camera input

5.1 Gesture recognition with 1 camera

In this experiment, we use only one camera placed
in front of the hand of the operator (camera 1). The
gestures we use in this experiment are “arch type”,
“circle type” and “ohm type” as shown in Fig. 3. Each
type of the gesture has two types according to the
direction of the hand motion so that the total number
of the gesture categories is 6.

We recorded all of the input gestures on DV (digital
video) tape so that we could reuse the input motion
when the parameters of the recognition system were
changed. We inputted the gestures by replaying the
tape. The gestures were then spotted by evaluating
the velocity and area of the moving region (we do not
discuss the gesture spotting problem due to lack of
space). The number of subjects was 4, and each ges-
ture category was recorded 30 times respectively. The
first 10 gestures in each gesture type were used for
generating the template data, and the rest were used
as the input of the recognition experiment.

Now we focus on the two experimental results: (D
recognition rate and the relevancy of the gesturing per-
son to the person who generates template (template
generator), and @ the value of pattern similarity and
its relevancy to the reliability of input gestures.

5.1.1 Recognition rate
We prepared the templates for each subject (the
template holding number Nt = 5). We made experi-

ments for each subject’s templates. We calculated the
recognition rate of

e gestures inputted only by the template genera-
tor,

e gestures inputted by all subjects

for the templates of each subject.

The result is shown in Fig. 4. As shown in this
result, in case of gestures inputted by the template
generator, the recognition rate was about 95%, but
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Figure 4: Recognition rate

in case of gestures inputted by all subjects, the rate
was relatively low, especially ohm type was about 60%.
The reason for this low recognition rate is that the pat-
tern of ohm type is relatively complicated so that the
motion patterns tend to be different between the sub-
jects. That is, our motion pattern description method
expresses such motion difference between each person.

5.1.2 Value of pattern similarity, and re-
liability of input

The proposed recognition method classifies input
pattern into the known categories registered as the
template. However, in practical use, it is desirable
that the system can also recognize “unknown gesture”
and “unintended input (or noise)” automatically. To
accomplish this, we calculate the following 4 values:

1. when the input is correctly recognized
- average value of Pg;,, for recognized pattern
- difference between Pi;,, for correct pattern and
P, ;m for the 2nd candidate

2. when the input is wrongly recognized
- average value of Py;,, for recognized pattern
- difference between Pi;,, for correct pattern
(should have been recognized) and P, for
wrongly selected pattern

P indicates the value of pattern similarity defined
by Eq. (1). In this experiment, we used the recogni-
tion results of the gestures inputted by the template
generator.

The results are shown in Fig. 5. From the results,
we can see that the average of Py, for correctly recog-
nized pattern was higher than wrongly recognized pat-
tern (correctly recognized: around 0.8, wrongly recog-
nized: around 0.6). And the more interesting point
is that the difference between Pi;, for correct pat-
tern and Ps;,, for wrongly selected pattern was quite

Correc!l Recognilions Miss Recognitions
O Psim (] Dif, from the 2nd [ Psm B DL, from the 1sl

0.8 = =
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Figure 5: Evaluation of pattern similarity

small (less than 0.01) when the input was wrongly
recognized, on the other hand, when the input was
correctly recognized, the difference between Pi;,, for
correct pattern and the evaluation of the 2nd candi-
date was around 0.2, Hence, we consider we can make
the method for evaluating the reliability of the recog-
nized results by using the difference between P, for
the 1st and the 2nd candidates.

Let my,ms be the patterns evaluated first and sec-
ond for an input S, respectively. The difference be-
tween the evaluation of the 1st and the 2nd candidates
is as follows:

APyim12 = |Poim (5, T(m1)) = Paim (S, T(m2))|  (2)

Then, we judge the reliability of the input by a thresh-
old Thu.mbiguous:

A-Psimlz 2 Thu.mbiguous :
APszmlz < Th‘umbiyuaus :

reliable
ambiguous (3)

The gesture judged “ambiguous” should be rejected as
unreliable. By applying this, we can remove unknown
or undesirable input as “ambiguous” at the gesture
recognition stage, and miss-recognition rate can be
decreased, but the number of rejected inputs tends
to increase. The parameter Thompiguows should be set
depending on applications.

5.2 Gesture recognition with 2 cameras

We made another experiment of gesture recognition
with 2 cameras for discussing the extensibility of the
proposed method for inputs.

In this experiment, we added “mae type”and “yoko
type” (yoko has two types according to the direction
of the hand motion) to the gestures we used in the
previous experiment with single camera (5 types, 9
categories, see Fig. 6).
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the hand motion. Total: 5 types, 9 categories

Figure 6: Added gestures for experiment with 2 cam-
eras

As same as the previous experiment, we made the
templates for each subject in advance (Nt = 5).

5.2.1 Experimental results

Recognition rates of gestures by template genera-
tors and by all subjects are shown in Fig. 7.

We can see that our method also worked when the
number of the camera was extended 1 to 2. On the
whole, the recognition rates were over 90%, however,
in case of the gesturing person and the template gener-
ator were different, the recognition rates of ohm type,
mae type, and yoko type were only about 60%. It
seems that the number of simultaneously occurring
events increased as the input devices increased, so that
the patterns were much complicated. However, the
tendency of Pii,y, for the 1st and 2nd candidates was
similar to that of the single camera experiment.

6 Application: Mobile robot naviga-
tion with gesture

We applied the proposed method to mobile robot
navigation as an example of application.

6.1 Experimental setup

We made a mobile robot using the LEGO Mind-
storms®(see Fig. 8). The robot has two wheels and
it can “go forward”, “go backward”, “turn left”, and
“turn right” as the basic motion, and it is controlled
by infra-red signal through the “IR tower” (IR com-
munication port, belongings of the Mindstorms).

In this experiment, the operator observes the mo-
bile robot at a remote place through the TV monitor

screen indirectly, and navigates it with gestures(Fig. 2).

2Package of the LEGO blocks with programmable unit which
can communicate with PC,

Recognition rate

[ Template Generator
B8 All subjects

arch circle chm mae yoko average
I r | r I r 1 r

Figure 7: Recognition results of the experiment with
2 cameras

Figure 8: Mobile robot for experiment

We use 2 cameras for gesture recognition (the ges-
ture recognition system). The results of gesture
recognition are transmitted to the host computer of
the robot control system through TCP/IP networks.
The robot control system can trace the robot position
and posture by the camera placed above the field.

The scene image for the operator is taken by the
camera which looks down the field diagonally from
a point, and the image is displayed on the monitor
placed in front of the subject (Fig. 2: scene monitor).

The gestures we use for navigating the robot are
the following 4 patterns: swinging the hand forward
and backing to the standard position (front), swinging
the hand backward and backing to the standard posi-
tion (back), and rotating the hand clockwise / coun-
terclockwise 2 times (circle_r and circle_| respectively).
We prepare the template of these motions for each
subject in advance (Nt = 10).

We assigned the gestures to robot actions like a
radio-control car operation, for example, circle_r for
the command “turn right”, front for “go forward”. But
here, the robot does not move continuously, it stops
after moving one step and waits for the next command.
We set the moving step of robot to about 80[mm] for
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Figure 10: Trajectories of the robot (Subject 1)

forward /backward, and 18[deg] for rotation.

In this experiment, we introduced the method de-
scribed in Section 5.1.2, in order to cope with inap-
propriate inputs. In the method, we set the threshold
Th‘u.mbiguous = 0.02,

6.2 Results: Mobile robot navigation

We recorded the trajectory of the mobile robot nav-
igated by each subject and the recognition rate dur-
ing navigation. In this experiment, we prepared two
courses tracing markers on the field as follows: 9 —
3—57—1(course A),and8 -9 -4 -3 —>1—
6 — 7 — 9 (course B) (see Fig. 9). The initial di-
rection of the robot was set to be rightward toward
the operator (camera as human-eye). The operator
navigated the mobile robot along the course observ-
ing the robot position through the scene monitor. The
arrival of the robot at each marker was checked by the
computer of the robot control system using the ceiling
camera. We tested 4 subjects for each course.

We show the trajectories of the robot navigated by
a subject in Fig. 10. The robot was made of LEGO
blocks so that the accuracy was not so high. In this
experiment, our robot tended to shift leftward during
straight motion, so that the operator had to adjust the
way rightward sometimes. In spite of this undesirable
condition, the robot were navigated along the course
almost successfully.

The rejection rate (the rate of rejected gestures
as ambiguous) and miss-recognition rate were about
2% and 3%, respectively. The main reason for miss-
recognition was as follows. Sometimes the shape of
the gesture was effected by the end position or pos-
ture of the previous gesture. In case of front type,
when the starting motion was relatively small, the en-
coding started after the hand was swung forward, and
the input was sometimes miss-judged as back type.

7 Conclusion

In this report, we proposed the method of find-
ing gesturing hand motion from video sequence us-
ing the center of gravity of the optical-flow field, and
the method of encoding motion pattern into the 1-
dimensional event code sequence (1DECS) based on
motion changes. We recognized the pattern based on
string comparison algorithms. The proposed meth-
ods can describe and recognize the motion patterns of
each person by simple rules whose input can be easily
extended. We are now planning to use other recog-
nition methods such as the Hidden Markov Models
toward a gesture recognition which does not depend
on users(8].
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