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Primitive Motion Extraction
for Motion Recognition by using DTW

RYUTA OsAKIt and KUNIAKI UEHARAT

We can easily recognize human motion like walk, run, jump, and so on. On the other hand,
computers cannot recognize them because human motion has many patterns and consists of
X-Y-Z position, time series data. Nevertheless, it is important to deal with human motion on
computers in many fields. In this paper, we will propose the method to extract basic motion
for a motion database system which allows search by content—based approach. The extracted
basic motions are used to index motion data automatically so that the given index represents

a part of motion, that is to say, contents.
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Fig. 2 Breakpoint detection based on speed
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bp[i] : candidate breakpoint set
V[i] : velocity at time i
1. set number_of_breakpoint =1,
and the given'data is represented by
A=(X:,Yi,2:), 1 <i<m),
and B = (X;,¥;, %), (1< < n).
D(A, B) is given by the formulas (2).
Formula (2) is explained
in more detail in Section 2.2.
2. do 2.1 and 2.2
with x, y and z axis respectively.
2.1 calculate the V[i] (1 <i < n).
2.2 if ((V[i — 1] < 0) && (V[i] > 0)) or
(Vi —1] > 0) && (V[z] < 0)) or
((V[i = 1] = 0) && (V[i] < 0)) or
((V[i —1] = 0) && (V[i] > 0)) or
((V[i —1] < 0) && (V[i] = 0)) or
((V[i—1] > 0) && (V[i] =0))
then bp[num_of _breakpoint] =i
and increment number_of_breakpoint.
8. calculate the variance
between bp[i] and bp[i + 1],
then if the variance is small
then remove bp[i + 1] from bp[ ]
and decrement number_of_breakpoint
(1 £ % < number_of breakpoint — 1).
4.set i =1.
5. set start = bp[i] and end = bp[i + 2].
calculate Dj(start,i) and Da3(i, end)
in (start < i < end),
and then if max) < Dy then pmaz; =1,
and if mazy < D3
then pmaxg = D3 in (start < i < end).
8. if (pmazy # bp[i + 1]) && (pmaza # bp[i + 1])
then remove bp[i + 1] from the bp[ ]
and decrement number_of breakpoint
and go to step 5,
else if 1 == num_of_breakpoint — 2 then end.
else increment : and go to step 5.
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Fig. 4 . The segmentation algorithm
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2.2 Dynamic Time Warping
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Fig. 5 A result of algorithms: Time—Position graph
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1. If there is no cluster,
then create new cluster
and classify the given data to it.
Otherwise go to 2
2. calculate the distance between given data
and existent data.
The distance function is given
by the DTW.
And check whether the distance
exceeds the threshold or not.
If there are data which distance
does not exceed the threshold,
then go to step 3,
otherwise go to step 5.
8. Search the cluster
which gives minimum distance,
and if all data in the cluster
does not exceed the threshold,
classify the given data to this cluster.
Otherwise go to step 4.
4. Create new cluster,
and classify the given data to it.
And then check which is smaller

dist sctant cluat.

or new cluster about all the data
which distance does not
exceed the threshold.
5. Create new cluster,
and classify the given data to it.
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Fig. 6 The clustering algorithm
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Fig. 7 An example of clustering result
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Fig. 8 Modification using transition graph
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Table 1 Clustering results

Segment name Ns N¢ Ng R

Left wrist 466 | 203 27 86.7
Right wrist 469 | 187 23 87.7
Left elbow 395 100 19 81.0
Right elbow 397 | 107 18 82.4
Left knee 206 30 12 60.0
Right knee 195 25 9 64.0
Left foot 258 50 20 60.0
Right foot 248 50 17 64.0

Ns : the number of segments
N¢ : the number of clusters
Npg : the number of error

R =100 x (N¢c — Ng)/Nc
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Table 2 The result of automatic indexing

Segment name | Nseg | Na R4 Ngp Rp
Left wrist 107 86 80.4 93 86.9
Left elbow 92 73 79.3 80 87.0
Right elbow 90 67 74.4 79 87.8

Ngeg : the number of segments

N4 : the number of symbols without “unknown” after
simply giving symbols

Ra =100 x N_A/ngg

Ng : the number of symbols without “unknown” after
automatic indexing

Rp =100 x NB/ngg
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