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Abstract 
Gesture recognition is important, because it is a use-
ful communication medium between humans and com-
puters. One of the difficulties in gesture recognition is 
how to deal with a sequence of body postures or hand-
shapes. Since a hand-shape here is represented by a 10-
dimensional vector measured by a DataGiove, a hand-
gesture is described by a sequence of 1 0-dimensional 
vectors. 

We propose the following procedure to recognize 
hand-gestures based on self-organization. Firstly, an-
gles of finger joints are measured by a DataGlove at 
some time interval. Secondly, each gesture is segmented 
from a sequence of hand-shapes. Thirdly, data length, 

-i.e., the number of snapshots in each gesture, is ad-
justed to obtain data of standard length. Fourthly, an 
input vector for self-organization is generated by con-
necting a sequence of 1 0-dimensional hand-shape vec-
tors. Lastly, clustering of ha and-gestures is carried out 
by self-organization according to their similarities. 

The proposed method using a DataGlove is applied 
to the recognition of 6 kinds of hand-gestures using 
4 types of data with different degrees of difficulties. 
Recognition rates range from 88.9% to 100% for train-
ing data and 86.7% to 95.0% for test data in real situ-
ation. 

1 Introduction 
Gesture recognition is important, because it is a 
useful communication medium between humans and 
computers[5][6][8][12]. It has, however, inherent diffi-
culties in determining the start and the end of a ges-
ture, and in dealing with a sequence of body postures 
or hand-shapes. 

Methods for recognition of gestures or sign lan-
guages are roughly classified into three categories. In 
the first category a mouse or a stylus is used[6][11]. 
They are practical media for human computer interac-
tion, but, with the exception of a 3-D mouse, they are 
too restrictive, because gestures are limited to be 2-D. 

In the second category users wear sensors such as 
a DataGlove[l][5], DataSuit and LED. They have diffi-

culty in wearing them in real situation, but computa-
tional cost for recognition is much smaller than that of 
the third category. 

In the third category image processing techniques 
reconstruct 3-D body postures from 2-D images[7]. It 
has such difficulties as feature extraction, occlusion and 
ill-posedness. To overcome these difficulties, it requires 
background knowledge. Computational cost for recog-
nition is the largest among the three categories. There-
fore, high speed computers and efficienct algorithms are 
required to recognize gestures in real time. 

We have succeeded in recognizing 32 kinds of hand-
shapes based on self-organization by measuring the an-
gles of 10 joints of a hand using a DataGlove[1]. Recog-
nition of hand-gestures, however, is far more difficult 
than that of hand-shapes, because the former must rec-
ognize a sequence of hand-shapes instead of its snap-
shot. 

Two essential difficulties in gesture recognition is 
how to deal with a sequence of body postures or hand-
shapes , and feature extraction from 2-D images. The 
present paper focuses on the former difficulty, disre-
garding the latter one. Since a hand-shape is rep-
resented by a 10-dimensional vector measured by a 
DataGlove, a hand-gesture is described by a sequence 
of 10-dimensional vectors. We propose the following 
procedure to recognize hand-gestures based on self-
organization[2]. 

Firstly, angles of finger joints are measured by a 
DataGlove at some time interval. Secondly, each ges-
ture is segmented from a sequence of hand-shapes. 
Thirdly, data length, i.e., the number of snapshots in 
each gesture, is adjusted to obtain data of standard 
length. Fourthly, an input vector for self-organization 
is generated by connecting a sequence of 10-dimensional 
hand-shape vectors. Lastly, clustering of hand-gestures 
is carried out by self-organization according to their 
similarities. Since self-organization is not directly ap-
plicable to time series data, the fourth step is the key 
idea for recognition. 

The major reasons for adopting self-organization in 
clustering are the followings. Firstly, clustering can be 
done without supervised signal, i.e., class labels. Sec-
ondly, it is applicable to data with arbitrary number of 

Australian Journal of Intelligent Information Processing Systems Volume 6, No. 2 



66 

Figure 1: DataGlove, Super Glove Jr., by Nissho Elec-
tronics 

classes. Thirdly, resulting self-organizing maps are es-
sential in understanding the structure of hand-gesture 
data. 

Section 2 describes the proposed recognition 
method. Section 3 presents hand-gesture data obtained 
by a DataGlove. Section 4 provides results of recogni-
tion experiments. This is followed by discussions and 
conclusions. 

2 Method for hand-gesture 
recognition 

This paper uses the following procedure to recognize 
hand-gestures: measurement of angles of finger joints 
by a DataGlove, segmentation of each gesture from a 
sequence of hand-shapes , adjustment of data length, 
generation of an input vector for self-organization, and 
clustering of hand-gestures by self-organization. These 
steps are described in some detail in the following. 

2.1 Measurement of finger joints 

Angles of finger joints are measured by a DataGlove in 
Figure 1 at the interval of 33 msec. It has two sensors 
for the first and the second joints of each finger; in total 
it has 10 angle sensors. A hand-shape is represented by 
a resulting 10-dimensional vector. 

2.2 Segmentation of gestures 

Segmentation here means to cut out each gesture from 
a sequence of hand-shapes. We first calculate temporal 
difference vectors from a sequence of 10-dimensional 
vectors. An underlying assumption is that there exists 
a brief pause between hand-gestures. Based on this 
assumption we try to segment a hand-gesture, i.e., a 
sequence of hand-shapes, by locating stationary points 
at which the norm of temporal difference vectors are 
close to zero. 

There are two ways for segmentation. The for-
mer locates a pause between hand-gestures by using a 
threshold for the sum of squared temporal differences. 
The computation is simple. The latter is to apply self-
organization to temporal difference vectors. Temporal 
difference vectors whose norm are close to zero tend 
to be in the same cluster on a resulting self-organizing 
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Figure 2: The sum of squared temporal differences of 
hand-shape vectors in a hand-gesture of the transition 
from scissors to stone. The horizontal axis indicates the 
sampling number and the vertical axis shows the sum 
of squared temporal differences of hand-shape vectors. 
The sampling interval is 33msec. 

map. Since the former turns out to have better classifi-
cation performance than the latter in this example and 
is more suitable for real time processing, we adopt the 
former in this paper. 

Figure 2 illustrates the sum of squared temporal 
differences of hand-shape vectors in a hand-gesture of 
the transition from scissors to stone. An element of 
a hand-shape vector is the angle( degree) of the corre-
sponding finger joint multiplied by 10. Suppose we use 
the threshold of 5 x 104 . This threshold shows that the 
average temporal difference smaller than 7 degrees is 
regarded as stationary. Since the sum of squared tem-
poral differences is not unimodal in this case, there are 
two possibilities of segmentation as shown in Figure 2: 
the wider one and the narrower one. The performance 
of classification by the wider segmentation is superior 
to that by the narrower one in this case, hence we adopt 
the wider segmentation in this paper. 

2.3 Adjustment of data length 

Different gestures have, in general, varying periods of 
time. Moreover, even the same gesture by the same 
subject may have different periods of time. Since the di-
mension of input vectors for self-organization is the di-
mension of a vector of a snapshot (10 in this case) mul-
tiplied by the number of snapshots in a hand-gesture, 
it is necessary to adjust the gesture period to generate 
input data of standard length. In this paper , the aver-
age data length of segmented hand-gestures is used as 
the standard data length. Hence an original sequence 
is transformed into one with the standard data length 
by the following linear interpolation. 

Suppose the standard number of snapshots be N, 
and the actual number of snapshots be M as shown in 
Figure 3. In Figure 3, X;(i = 0, 1, ···,M -1) are data 
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Figure 3: Adjustment of hand-gesture period. (a) Be-
fore adjustment. (b) After adjustment. 

before adjustment and Yj (j = 0, 1, · · ·, N - 1) are data 
after adjustment. 

In the adjustment of time axis, Yi is calculated by 
a linear interpolation of Xi-1 and X; satisfying 

i- 1 j i --<--<--
M-1- N-1- M-1 

(1) 

For example, Y1 is located between Xo and X1 in Figure 
3. Hence Y1 is linearly interpolated as, 

A B 
Y1 = --X1 + --Xo A+B A+B 

(2) 

where A and B are 

j i-1 B=-z_· ___ J_·_ 
A=N-1-M-1' M-1 N-1 

(3) 

Generally, Yj is given by X;_ 1 and X;, and is lin-
early interpolated as, 

j(M -1)- (i- 1)(N- 1) 
}j = N -1 X; 

i(N - 1)- j(M- 1) 
+ N -1 X;-1 (4) 

2.4 Self-organization 
Figure 4 illustrates a basic mechanism of self-
organization by Kohonen[4]. The network is composed 
of two layers: the input layer and the competitive layer. 
The competitive layer in Figure 4 has m competitive 
neurons. The weight vector or the reference vector of 
neuron i is w; = (w1,w2,wa,···,wn)· The input vec-
tor is a:= (x 1,x2,xa,···,xn) · Given an input vector 
a:, the distance between a: and all the weight vectors 
of competitive neurons are calculated, and the winner, 
We, having the minimum distance is determined . 

(5) 

where the norm, ll:ll- w;jj, is defined by the Euclidean 
distance between a: and w;. 

Competitive 
Layer 

Input 
Layer 

Data 

c 

• : Best-Matching Node 
• , Q : Neigbborhood Nodes 

Figure 4: Basic mechanism of self-organization . 
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An input vector for self-organization is generated 
by connecting a sequence of 10-dimensional hand-shape 
vectors. Although this idea might seem simple, it is 
the key idea of dealing with hand-gestures by self-
organization in the present paper. 

Weight vectors corresponding to the winner neuron 
and its neighborhood neurons are modified according to 
the following learning rule. 

w;(t·+ 1) = w;(t) + he;(t)[:ll(t)- w;(t)] (6) 

where t is the iteration number, and he;(t) is either 
the step function in Eq.(7) or the Gaussian function in 
Eq.(8). 

hci(t) = { ~(t) 

a(t)exp (-lire- rdl2) 
2u2(t) 

(7) 

(8) 

where a learning rate a(t) and a radius u(t) are both 
monotonically decreasing function of time, r; is the lo-
cation vector of the competitive neuron i, and Ne is the 
set of neighborhood neurons of the winner neuron c. 

The above algorithm generates a self-organizing 
map based on the similarities between input vectors . 
Once a self-organizing map using training samples is 
obtained, some of the competitive neurons are labeled 
with class names, but many other neurons are not . By 
determining the nearest input vector for each compet-
itive neuron, all the competitive neurons are labeled 
with class names[lO] . In this way class boundaries can 
be determined. When a novel hand-gesture is given to 
a self-organizing map, one of the competitive neuron is 
selected as the winner neuron. The accompanying label 
indicates the corresponding classification. This makes 
possible the classification of gestures. 
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Table 1: Average data length of hand-gestures obtained 
from a subject with varying values of thresholds, 6 
(X 104). 

data average average data length 
interval 6=2 ()=3 ()=4 8=5 

A 1.5 sec. 8 
B 1.1 sec. 5 
c 0.6 sec. 5 
D 0.7 sec. 7 

7 
5 
5 
6 

7 
4 
4 
6 
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Figure 5: Frequency distribution of data length for data 
Bin Table 1. 

3 Hand-gesture data 

In this paper we use 6 kinds of hand-gestures: transi-
tion from stone to scissors (st-sc), stone to paper (st-pa), 
scissors to paper (sc-pa), scissors to stone (sc-st), paper 
to stone (pa-st), and paper to scissors (pa-sc). The num-
ber of samples in each gesture is 20, of which 10 samples 
are used for training and the rest are used for test. 

Table 1 indicates four types of data, A, B, C and 
D. Data A, B and C are acquired for each hand-gesture 
separately. Data C is acquired at natural speed and 
is the fastest among A, B and C . Data D are acquired 
continuously at natural speed using a metronome for 
pace keeping. Table 1 indicates that the average data 
length for data A for the threshold 2 X 104 is 8. It means 
that a hand-gesture of the average length is represented 
by an SO-dimensional vector . Its average time period 
is about 0.23(=7 x 0.033) sec. They are used as input 
vectors for self-organization. 

Figures 5 and 6 illustrate frequency distributions 
of data length of hand-gestures for data B and D, re-
spectively. It well indicates that period of time or data 
length of hand-gestures vary considerably from sample 
to sample. Hence, adjustment of data length is required 
in the next step. 

4 Recognition experiments 

In recognition experiments using self-organization, the 
size of a competitive layer is 10 x 10, competitive neu-
rons are arrayed in hexagonal lattice, and a Gaussian 
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Figure 6: Frequency distribution of data length for data 
Din Table 1. 

Table 2: Parameters in self-organization 

100,000 

initial learn-
ing rate 

0.5 
0.02 

function is used as a neighborhood kernel. Table 2 
presents parameters used in self-organization. 

Due to space limitation, only the results for data B 
and D with the threshold 4 x 104 are presented here . 
This threshold corresponds to the one with the largest 
average recognition rate for test data as will be shown 
later. 

4.1 Results for data B 

Figures 7 and 8 illustrate the resulting self-organizing 
maps for training data B and test data B, respectively. 
They show that the cluster corresponding to the hand-
gesture pa-st, i.e., from paper to stone, is split into two: 
south-east corner and south-west corner. This is due 
either to the existence of two types of hand-shapes of 
stone, or to the effect of initial weights of reference vec-
tors. Table 3 indicates that the recognition rates for 
both training and test data B are 100%. 

Table 3: Recognition rates for data B. The threshold is 
4 X 104 . 

11 training I test I 

correct recognition 60 60 
wrong recognition 0 0 

total samples 60 60 
.. 

I recogmtwn rate(%) 11 100 100 
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Figure 7: Resulting self-organizing map for training 
data B. The threshold is 4 x 104 . Black dots indicate 
competitive neurons. Gray levels between adjacent dots 
represent the distance between two adjacent competi-
tive neurons, i.e., the darker the gray level is, the larger 
the distance is . 

Figure 8: Resulting self-organizing map for test data 
B. The threshold is 4 x 104 • Gray level texture is the 
same as Figure 7, but labels are different. 
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Table 4: Recognition rates for training data D. The 
threshold is 4 x 104 . 

11 training test 
correct recognition 57 57 
wrong recognition 3 3 
total 60 60 

.. 
I recogmt10n rate(%) 11 95.0 95.0 

Table 5: Contingency table of recognition of each ges-
ture for training data D. The threshold is 4 x 104 . It 
reads that a gesture label in the leftmost column is 
recognized as a gesture label in the uppermost row . 
Diagonal cells correspond to correct recognition. 

I gesture IJ st-sc I st-p I sc-st I sc-p I p-st I p-sc I 
st-sc 10 0 0 0 0 0 
st-p 0 10 0 0 0 0 
sc-st 0 0 9 1 0 0 
sc-p 0 0 0 9 0 1 
p-st 0 0 0 0 10 0 
p-sc 0 0 0 1 0 9 

4.2 Results for data D 
Figures 9 and 10 illustrate the resulting self-organizing 
maps for t·raining data and test data D, respectively. 
Figure 9 illustrates that the boundaries-between ages-
ture of the transition from scissors to stone and a ges-
ture, stone to paper, are clear , but boundaries between 
a gesture, scissors to paper, and a gesture, paper to scis-
sors, are ambiguous. 

Table 4 presents the recognition rates for training 
and test data D. Due to the difference of data acquisi-
tion as mentioned previously, data D is more difficult to 
recognize than data B. Tables 5 and 6 indicate contin-
gency tables of recognition of hand-gestures for training 
data D and test data D, respectively. 

4.3 Summary of recognition rates 
Tables 7 and 8 present the summary of recognition rates 
for data A, B, C and D. They indicate that the average 
recognition rate for data B is the best among 4 types 

Table 6: Contingency table of recognition of each ges-
ture for test data D. The threshold is 4 x 104 • 

I gesture 11 st-sc I st-p I sc-st I sc-p I p-st I p-sc I 

st-sc 10 0 0 0 0 0 
st-p 0 10 0 0 0 0 
sc-st 0 0 10 0 0 0 
sc-p 0 0 0 10 0 0 
p-st 0 0 0 0 10 0 
p-sc 0 0 0 3 0 7 
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Figure 9: Resulting self-organizing map for training 
data D. The threshold is 4 x 104 • 

Table 7: Summary of recognition rates(%) for training 
data A, B, C and D. 

threshold 2 X 3 X 4 X 5 X average 
(} 104 104 104 104 

A 98.3 100 98.3 96.7 97.7 
B 100 98.3 100 100 99.4 
c 100 95.0 96.7 90.0 91.5 
D 100 98.3 95.0 88.3 93.8 

average I 99.6 I 97.9 I 97;5 I 93.8 11 97.2 

of data. The average recognition rate for training data 
becomes largest at the threshold of 2 x 104 , and that for 
test data becomes largest at the threshold of 4 x 104 . 

In case of data D, i.e., continuous gesture at natural 
speed, the recognition rate becomes the largest at the 
threshold of 2 x 104 both for training and test data. 

5 Discussions and conclusions 

In this paper we have proposed a method for recog-
nizing hand-gestures based on self-organization using a 
DataGlove. This can be done in five steps: measure-
ment of joint angles, segmentation, adjustment of data 
length, generation of input vectors for self-organization, 
and clustering of hand-gestures. The key idea is how 
to generate input vectors for self-organization. 

The proposed method using a DataGlove has been 
applied to the recognition of hand-gestures at natural 
speed. It has been demonstrated that recognition rates 
range from 88 .3% to lOO% for training data and 86.7% 
to 95.0% for test data in real situation( data D). 

In adjustment of data length of hand-gestures, lin-
ear interpolation of sample data is adopted here. So far 
it is working well, but in case of complex hand-gestures 
nonlinear interpolation using DP matching might be-

IAM9.1140_lcod. Dm:W,Sial: 10"1Q~mb,; ... llnnelghborhood 

Figure 10: Resulting self-organizing map for test data 
D. The threshold is 4 x 104 . 

Table 8: Summary of recognition rates(%) for test data 
A, B, C and D. 

threshold 2 X 3 X 4 X 5 X average 
(} 104 104 104 104 

A 96.7 100 96.7 95.0 97.7 
B 98.3 98.3 100 100 99.4 
c 90.0 86.7 90.0 83.3 91.5 
D 95.0 91.7 95.0 86.7 93.8 

average 95.0 94.2 95.4 91.25 11 94.0 

Volume 6, No. 2 Australian Journal of Intelligent Information Processing Systems 



come necessary. 
In cases where period of time of gestures vary much 

more considerably or a pause is not included between 
hand-gestures, segmentation becomes extremely diffi-
cult. Prior knowledge would become necessary for seg-
mentation. This is currently being studied. 

To extend the present study using a DataGlove, we 
are using LED to measure body postures in addition to 
hand-shapes. Increasing the number of hand-gestures 
is also left for further study. 

To realize real time recognition of hand-gestures, 
segmentation, adjustment of data length of hand-
gestures, and clustering based on self-organization 
should be done in real time. On the other hand, a 
threshold can be determined prior to real time experi-
ments. Once the threshold is determined, the segmen-
tation can be carried out in real time. The adjustment 
of data length can also be carried out in real time. The 
most difficult part is the determination of the winner 
neuron from among competitive neurons. Calculation 
of distances must be carried out for all the competitive 
neurons. If this could be done in real time, real time 
hand-gesture recognition would become possible. 

An alternative approach to gesture recognition is 
the recognition from 2-D scene images. We have done 
some preliminary study(3] by extracting features from 
scene images using local autocorrelation functions by 
Otsu et al.[9). 

The research has been done as a part of Goal 
. Achievement Type Brain Research by Special Coordi-
nation Funds for Promoting Science and Technology. I 
would like express my thanks to a former student of my 
laboratory, Hiroko Matsumura, for her contributions to 
this study. 
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