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Abstract

This paper presents a system which rec-
ognizes the Korean Sign Language(KSL)
and translates into normal Korean
speech. A sign language is a method
of communication for the deaf-mute who
uses gestures, especially both hands and
fingers. Since the human hands and fin-
gers are not the same in physical dimen-
sion, the same form of a gesture pro-
duced by two signers with their hands
may not produce the same numerical
values when obtained through electronic
sensors. In this paper, we propose a dy-
namic gesture recognition method based
on feature analysis for efficient classifi-
cation of hand motions, and on a fuzzy
min-max neural network for on-line pat-
tern recognition.

1 Introduction

Human-hand gestures have been used as a means
of coramunication among people for a long time,
being interpreted as streams of tokens for a lan-
guage [1]. They may vary from the stylized lexicon
of a traffic cop to the highly developed syntax of
a natural language such as the sign language.

In this paper are considered static hand pos-
ture and dynamic hand gesture. The static hand
posture is specific value or range of values of the
degrees of freedom or subsets of the degrees of
freedcm of the hand, or specific values of the fea-
tures of the hand. Dynamic hand gesture is de-
rived from motion of the fingers and hand, or from
contiruous features [1].

The sign language which includes many hand
gestures is a method of communication for hear-
ing/speech impaired persons. It is understood by
means of gestures of both hands and fingers [2].

This paper deals with a system which recognizes
the Korean Sign Language(KSL) and translates it
into a normal Korean speech.

According to a standard KSL dictionary [3], the
Korean Sign Language with 45 years of history
contains about 6,000 vocabularies. However, they
are formed by combining a relatively small number
of basic gestures.

The recognition of changing patterns of dy-
namic gestures in the time domain is essential to
understand any KSL-based sentences. This means
that the recognition of the KSL should be con-
ducted in real-time. For our system, an electronic
device, called Data-Glove Model 2+ system[4], is
adopted as an input device in consideration of cost
effectiveness of hardware versus real-time process-
ing capability. It is also known that the pattern
classes of KSL gestures are not linearly separa-
ble and that patterns tend to overlap with each
other. Therefore, it is desirable to design a pat-
tern classifier in such a way that the amount of
mis-classification for those overlapping classes is
minimum. Also, the system needs some form of
learning capability due to the varying nature of
the patterns to handle.

It is remarked that in [5] and [6; 7], neural
network based methods were presented for recog-
nition of the American Sign Language(ASL). In
the work by [5] were used the back-propagation
neural networks for recognition of simple ges-
tures(derived from the ASL), but it seems that
extensive training is required with explicit specifi-
cation of the beginning and end of the gesture.
For abrogating the need for extensive training
in the neural network, a methods of relabeling
a self organizing map(SOM) is proposed in [6].
This method is proposed to avoid the usual heavy
work of retraining when new vocabulary words are
added to the system though this method also re-
quires to train the system for recognition of initial
classes. Also if the number of new vocabularies to
be added gets increased, the system may fail to
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Figure 1: Examples of Korean Sign Languages

show the same success rate.

In this paper, we propose a dynamic gesture
recognition method by employing feature analy-
sis for efficient classification of hand motions, and
applying a fuzzy min-max neural network [8] for
on-line pattern recognition.

2 Overview of the Korean Sign
Language

The Korean Sign Language(KSL) is a method
of communication for hearing impaired persons.
The KSL is understood by means of gestures of
(both) hands and fingers. For example, gesture
‘'man(Nam — Ja in Korean)’ is expressed by
unfolding the thumb and gesture 'human(Sa —
Ram in Korean)’ is expressed by unfolding the
thumb and a little finger with swing motion [9].
Fig. 1 shows examples of the KSL.

2.1 The Korean Sign Language(KSL)

The Korean standard Sign Language is based on
Korean Grammar and systematized by many KSL
researchers in 1991. Based on shape of objects and
association, the KSL is communicated via speci-
fied hand gestures [2].

To express the KSL word or sentence, all of the
two hands and ten fingers may be used. The right
hand performs main motional actions while the
left hand is often employed for auxiliary purpose.
That is, most of the left hand motions are usually

symmetrically the same as those of the right hand
[10].

2.2 Analysis of the KSL

To recognize the KSL, characteristics of the KSL
are investigated in pattern recognition aspects.

The KSL contains about 6,000 gestures {3] but
most of the gestures are formed by combining
some basic gestures. In this paper, we have se-
lected important basic gestures shown in Fig. 1
from the KSL textbook [11] for our pilot study.

It is considered two principles for selecting ges-
tures.

i)} All of gestures are used in x-y/x-z plane.

i1) Compound words and gestures with multiple
motions are not contained in this paper.

In this paper, dynamic hand gesture is ex-
pressed by

Gk = (Ikvykizkytkaki)7 (1)
1<k <K : time step [1/15 sec.](2)
Fy; : flex angles, i=1,---,10

It is noted that the KSL contains two elements,
hand motion and hand posture. Human checks
the change of signer’s hand motion and recognizes
the shape of signer’s hand at that time for recog-
nizing the KSL gesture.

The KSL has globally about 4 direction types,
horizontal, vertical, slant, and circular motion.
After analyzing these gestures, one can easily con-
clude that these gestures contain 14 basic direc-
tion types of hand motion patterns shown in Fig.
2 based on above 4 direction types. And 14 types
of basic hand postures are included as shown in
Fig. 3. In this paper for recognizing gestures, a
static hand posture contains only flex angles of
signer. An orientation values are unnecessary to
classify these gestures.

The FMMN network [8] is applied to classify 14
hand postures.

A classification of 14 basic direction type is done
by feature analysis method. The features are the
direction change in sampled latest 3 points, the
cumulative length in hand motion, difference of
left and right position, current phase, and cumu-
lative direction change in radian.

3 KSL Recognition System

The VPL Data-Glove {4] put on a hand in mo-
tion generates 16 types of data. That is, 10 flex
angles, 3 position data(x, y, z), and 3 orientation
data(roll, pitch, yaw) are obtained from each of
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Figure 3: 14 Postures

the two Data-Gloves. Two sets of the 16 param-
eters from the right and left hand Data-Gloves,
however, are often heavily contaminated by ex-
ternal signals generated during electronic sensing
and/or caused by signer’s unnecessary motions in-
cluding unconscious hand trembling. It is desired
to suppress those irregularly generated external
signals.

For recognition of the KSL, these kinds of raw
data are processed to generate some features of
the hand motion.

In the following, we describe the process of rec-
ognizing the KSL in a more detailed manner.

3.1 Setting of Initial Position

To initiate any dynamic gesture, there should be
some starting point in space. Therefore, it is
needed for the recognition system to be indepen-
dent of the initial position of a gesture. For this,
the initial x and y-axis data are recorded from the
Data-Glove and all the subsequent position data
of the Data-Glove are calibrated by continuously
subtracting the initial position data from the cur-
rent position data( see Eq. 3. )

(:L'(k), y(k)7 Z(k)) - (xs1 Yo, Zs ) (3)
k=1,2,--- : time step [1/15 sec.]
(xs5,¥s,2s) : starting position

It is remarked that our coordinate system is
determined in reference to the mechanism of the
Data-Glove Model 2+ system [4] and, thus, the
vertically up/down hand motion is called an y-
axis motion while the x-axis motion occurs hori-
zontally left /right, and backward/forward motion
is appeared along the z-axis(refer to Fig. 7)

3.2 Classification of Hand Motion by
Feature Analysis Method

As mentioned earlier, the input data obtained by
the gloves are heavily contaminated by distortion
due to ferrous metallic substances in polhemus 3-
D sensor system and signer’s unconscious hand
trembling.

1) Reduction of hand trembling.

An input position within small deviation(1l
inches) of the previous input position is discarded.

k) = Jdz(k)2 + dy(k)? (4)
2(k) = Jdz(R)Z + dz(k)?

: length of path-segment
dz(k) = z(k) — z(k—-1)
dy(k) = y(k) — y(k-1)



dz{k) = 2(k) — 2(k—-1)

if I(k) < Threshold value(§; = 17),
z(k) = z(k - 1), y(k) = y(k - 1),
2(k) = 2(k - 1)

2) Reduction of magnetic interference
An change of direction within small deviation(1
inches) of the previous input position is discarded.

if |[dz(k)] < 6:.(1"), z(k) ==z(k —1) (5)
or, if |dy(k)] < 6:(1"), y(k) =y(k-1)
or, if |dz(k)| < 6:(17), z(k) = 2(k-1)

After these preprocessings, x and y-axis data
are inputted to system every time step(1/15 sec.).
As explained earlier, we extract 5 types main fea-
tures from hand motion in the KSL.

(1) Sampled latest 3 points

For checking of direction change(up, or
down, slant motion), this system has two
registers(Dg y,-(1), Dz,y..(2)) which contain sam-
pled latest 3 points.

D.(1) = dz(m), D;(2) = dz(m — 1)(6)
D,(1) = dy(m), Dy(2) = dy(m —1)
D,(1) = dz(m), D.(2) = dz(m ~1)

, where m is sampled time step which all data
(time step[1/15 sec.]) are preprocessed. An m is
same to 1 time step[1/15 sec.] - no preprocessing
case, or greater than 1 time step.

(2) Cumulative Length

From start of hand gesture, the cumulative
length is increased and recognizable region is de-
cided by this feature. When multiple hand motion
case( Dy, D7, D3 ) is recognized, this value can
be effective.
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(3) Difference of both position(Left & Right)

In Fig. 1, there are some gestures which left
hand’s motion is static or both hand’s motion is
symmetric. This feature can be shown those mo-
tions.

dbz(m) = rz(m) — lz(m)

dby(m)
dbz(m)

ry(m) — ly(m)
rz(m) — lz(m)

rz(m), ry(m) ,rz(m) : right hand
lx(m), ly(m) ,lz(m) : left hand

(4) Current Phase
We can know current phase in 2-D plane(x-y/x-
z plane) from this feature.

CPl(m) = tan2™! (%E%) 9)
CP2(m) = tan2™! (;((Lm”_g)

(5) Cumulative Direction Change in radians

In circular hand motion(D;, Dg,D14), there
are many direction changes and sum of direction
change is very large.

Ly{m) —y(m ~ 1)

#1(m) = tan2” o o S g § (10)
S ym—1) —y(m -2)
fx(m) = tan2‘1w

z(m) —z(m — 1)
12m—=1) = z(m — 2)
z(m — 1) - z{m — 2)

-~ tan2~

Using these 5 features, we can classify 14 di-
rection types on-line. All features are inputted
to system every time step and current hand mo-
tion is checked by some rules. Fig. 4 shows
features which used in the classification method
about 14 direction types and features for each
category. There is some delay in final recogni-
tion of hand motion for differentiating multiple
hand motions (D4, D7, D;3) from single motions
(D3, D5, Ds, Dy, Diy).

3.3 Classification of Hand Posture by
FMMNN classifier

In our gestures(Fig. 1), 14 types of basic hand
postures are included as shown in Fig. 3. It is
proposed in this paper that each hand postures
be recognized by applying the technique of Fuzzy
Min-Max Neural Network [8].

The two flex angles of each finger(linearly scaled
to lie between zero and one) are inputted to
FMMN network shown in Fig. 5. We use the same
function to describe a hyperbox as suggested in

(8) [8]. The membership function of the hyperbox is
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expressed as follows:

10
1
b (Fr, V5, W;) = %Z[max(o, 1-
i=1
max(0, ymin(1l, F; — wy;))) + max(0, 1 —
max(0, ymin(1, vj; — F3)))] (11)

And Fj,7 =1,3,---,9is the flex angle of the in-
ner joints of fingers and Fj,j = 2,4,---,10 is the
flex angle of the outer joints of fingers. If -y in-
creases, the membership function becomes more
crisp. In this system, v of F;,j7 = 1,3,---,9
is smaller than v of Fj,7 = 2,4,---,10 because
F;,j =2,4,---,10 is more sensitive to the change
of flex angles. Given an input posture, the output
of this network is the membership function val-
ues for 14 posture classes and the class with the
maximum value of membership is classified as the
designated posture if the value is above a given
threshold(éd,). If the maximum value is below &,
no decision is made.

3.4 Recognition of KSL

When a signer performs a motion for a gesture,
many data are generated from the Data-Glove and
inputted to the system. Feature analysis method
transforms these raw data set into a set contain-
ing small number of data and this small number of
feature data are used to recognize basic 14 direc-
tion classes. An input gesture is identified as one
of the given direction classes, and then, the hand
shape of that motion is recognized by the posture
recognition method. With these two stages, the
input pattern is recognized as one of the gesture



Figure 7: The Configuration of the KSL Recogni-
tion System

Figure 8: The Picture of the KSL Recognition
System

classes on-line. Fig. 1 shows direction and posture
type of each gesture.

The flow chart of the recognition algorithm is
given in Fig. 6.

4 Experimental Results

Fig. 7 shows the configuration of the KSL recogni-
tion system organized for our experiment and Fig.
8 shows real picture of our the KSL recognition
system. All the functions are run on a INDIGO2
as main computer and the Data-Glove sends 32
data sets to the main computer via RS§232C with
9,600 baud rates.

In this system, we use 10 flex angles and x,
v, z-axis position data of both hand every time-
step(1/15 second].

Fig. 9 shows a recognition result of gesture
'woman’, for which the two hands are moving to
make a right/left motion of hands with unfolded
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Figure 9: Experimental Result: gesture 'woman’

little finger. In Fig. 9(a) is shown the motion tra-
jectory along x and y-axis and some features sam-
pled at every 1/15 second. ’*’ is sampled data
and ’o’ is sampled data after recognition of hand
motion. In this case, the direction class is de-
termined to Dy at the 45th time step by feature
analysis method as described at section 3.2. Af-
ter the direction class is decided, the membership
values about 14 postures are obtained as shown in
Fig. 9(b) by inputting flex angles to the FMMN
network at 45th time step. In this Fig. 9(b), the
number of class(horizontal axis) is assigned to the
corresponding posture numbers in Fig. 3. In the
network, 8 = 0.2, 1 = 4.0, 2 = 8.0, and §, =
0.93 are used. As shown in Fig. 9(b), the 6th pos-
ture has the maximum value of b;(11) which is
greater than 6, and therefore, we conclude that
the result of recognition is the gesture 'woman’.
Many experiments have been conducted with
different sign languages and we have found that
the success rate of our method in classification
reaches up to almost 75 % of the given words.
Taking into account the fact that deaf-mute who
use gestures often misunderstand each other [2],
we may say this success rate seems acceptable as
a pilot study. We find that abnormal motions



in the gestures and postures, and errors of sen-
sors are partly responsible for the observed mis-
classification. ’

5 Conclusion

In this paper, a dynamic gesture recognition
method is proposed, for which a new technique
for efficient classification of motions is employed,
and a fuzzy min-max neural network is applied for
on-line posture recognition. The characteristics of
human’s hand gesture are investigated and on-line
recognition system for Korean sign language ges-
tures are implemented.

This system can be available for communica-
tion between doctors and patients in hospital, or
between a police officer and a suspected person
who impaired one’s hearing in a court of justice.
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