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Abstract: This paper deals with recursive algorithm
used for the clustering of the stationary states in three-
dimensional thumb motion signal. The thumb motion
is parameterized tracing a special mark on the thumb.
This algorithm is based on computing of distances be-
tween each subsequent positions of the mark. The
pair of positions with the smallest distance are merged
into one centre in each iteration. Thus the length of
the thumb motion signal is reduced by one term. The
recursion is stopped if the number of clusters is ap-
propriate.

The algorithm is used in biomedical engineering for
research on correlations between a finger motions and
a human brain function.

Introduction

Presented clustering algorithm is a part of a procedure
used for parameterization and classification of thumb mo-
tions. This procedure is used for a research of correlation
between human body motions and a human brain activity.

Due to a complexity of human brain function the free
three-dimensional motion of thumb as a sample of a sim-
ple body motion has been chosen. The muscle activ-
ity is represented by the parameters of the thumb tra-
jectory, the brain activity is represented by the electro-
encephalograph (EEG) signals.

The parameters of thumb trajectory are obtained from
3-D parameterization process. The thumb is marked by
special mark. The thumb motion is sensed using the pair
of standard DV camcorders. The outputs of recording are
two video sequences in PAL standard (22526 pixels,

25 frames per second) stored on a tape. The thumb mo-
tion is parameterized tracing the mark [1].

Methods

The aim of the presented algorithm is to find the station-
ary states in the thumb motion record and to substitute
each one with corresponding average value.

The thumb trajectory is represented by the maix
wherei is the dimension index & 1 for one dimensional
data and = {1, 2, 3} for the three dimensional data) and
the k is the frame index [2]. Each column of this ma-
trix represents the thumb position (thumb motion coordi-
nates) in the framk.

The presented clustering algorithm is recursive and it
is described in steps below.

Step 1 Initialization of the variables

The iterative indexn, the mass centres sign@l [k,
the time index signaty[k] and the weights signaiy K]
are initialized firstly.

n=0
tolk] = k
Ciolk] = Ci @
W()[k] =
Step 2 Initializing of the next iteration
Cin+1)[K = Cin[K]
t(n+1)[K] = tn[K] )
Win1)[K] = Wn[K]

Step 3 Computing the mass centres distances

dnlK] = \/ S Cnlk+1-Colk)2 (3

Step 4 Merging the mass centres
The time index<, for whichd[k] is minimal, is found
in this step.

K=arg nllindn[k] 4)

For this K the equations below are computed. It
means, that the closest mass centres are merged and sub-
stituted by one mass centre.

_ Cin[K]Wn[K] +Cin[K + 1]wn[K + 1]
B Wn[K] +Wn[K + 1]

tn 1) (K] tn[K}wr\}\[ll:[]KJ]r mjna-( 1J]rwln} K+1]

W(n-&-l)[K} = Wn[K] +Wn[K + 1]

Cin+1)[K]
(5)
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Figure 1: The input signal

Step 5 Omitting of the merged mass centre

The termsCi ;1) [K + 1], th41[K + 1] andwp 1 [K +1]
are omitted. It means, that the lengths of the sequences
are decreased by one.

Step 6 Repeating the recursive process

The iterative indexn is increased by one and the re-
cursive process continues by the step 2 until the length of
the mass centres signal is not appropriate.

Results

Presented method was used for clustering of the set of
input data. The input signal was acquired during the ex-
periment. The sensed person moves thumb between 4 po-
sitions. Each move is triggered with optical synchroniza-
tion pulse [3] . The period of synchronization pulses is
6+ 1 seconds.

So the input signal includes the 4 stationary states and
the transitions between these states. The period of the
transitions is approximately 300 samples, it corresponds
to 6 seconds (300 half frames in PAL TV standard) in
real motion. The lengths of stationary states are approxi-
mately 280 samples, the lengths of transitions are 20 sam-
ples, directions of the transitions are chosen randomly by
the sensed person.

The section of the input signal — the short segment of
the motion projections to the axgsy andz— is shown in
figure 1. This section has 4000 samples and it was pro-
cessed using the presented algorithm to 18 clusters. The
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Figure 2: The processed signal

computed values(k], y[K], z|K], t[k] andwl[k] are shown
in table 1 and the processed signal is shown in figure 2.

Conclusions

The recursive clustering algorithm has been described in
this paper. Presented algorithm is similar to agglomera-
tive hierarchical clustering method([4], [5], [6], [7]). The

main difference is that the distances between samples in

Table 1: The results of clustering process

LKL XKyl zK tl] wiK |
1(-001 0.01 0.02 275 5
2 -042 022 094 186.0 26
3(-001 019 048 3180 y
4] 054 0.06 -0.42 4445 25
5| 016 0.12 025 5725
6(-034 013 096 711.0 27
71 -0.02 -0.12 0.11 986.0 27
8 -0.39 0.18 0.86 12805 31
9 -0.03 -0.08 0.02 1566.5 26
10 -0.41 0.20 0.82 18545 31
11 -0.04 -0.06 -0.01 2184.0 34
12| 0.35 -0.04 -0.43 2360.0
13| 0.74 0.18 -0.59 2500.5 27
14| 0.20 -0.09 -0.24 2780.5 28
15| 0.72 0.22 -0.60 3059.5 27
16| 0.23 -0.06 -0.28 3364.0 33
17| 0.73 0.21 -0.60 36835 30
18 || 0.20 -0.10 -0.18 3917.0 16
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input signal are computed for subsequent samples using
this algorithm (step 3), but in the standard hierarchical
clustering algorithm the distances are computed for each
by each samples. This modification rapidly decreased
the memory demands, because we have to compute only
N — 1 distances for th&l samples using presented algo-
rithm instead ofN? distances using the standard hierar-
chical clustering algorithm.
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