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Abstract

Keywords:

Contents-based retrieval of multimedia information has been investi-
gated in several research projects. In this paper, we will focus on an
automatic indexing method for human motion data. We convert a mo-
tion data, which is represented as time series of 3-D position, into a
symbol sequence. We call this method as conversion automatic index-
ing. The automatic indexing is performed in a pattern matching ap-
proach. Reference patterns are necessary for pattern matching, so that
we will propose two methods to define primitive motions in order to
make reference patterns. The first method divides motion data into
segmental motion data by detecting the change of motion speed. The
second method classifies segmental motions such that similar segmen-
tal motions are gathered in the same cluster. In order to evaluate the
similarity between two segmental motions, we use the Dynamic Time
Warping (DTW) method because each segmental motion takes differ-
ent time length even if the same person performed the same motions.
Motion data can be converted into a symbol sequence which represents
a sequence of primitive motions. Then, Continuous Dynamic Program-
ming (CDP) method is used to recognize contents of motion. CDP
is one of the extensions of DTW. It makes us possible to recognize a
motion with ease even if it is complex.

primitive motion, motion database, motion recognition, contents-based
retrieval, dynamic time warping

1. INTRODUCTION

The necessity to deal with human motion data on computer is growing
in the field of movies, video-games, animations and so on [Stuart et al.,
1998]. Storing motion data is also important so as to reuse them. Since
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118 VISUAL DATABASE SYSTEMS

motion data is difficult to be described by using key words, it is better
to use motion data itself as query to access the database. This is what
is called contents-based retrieval. A database system for contents-based
retrieval accepts vague queries and it performs a best-match search to
find data that are likely to be most relevant to the queries. Contents-
based retrieval is based on features that contain clues about the content
of data. These features are generated by an automatic indexing process.

In this paper, we will focus on automatic indexing method of motion
data [Osaki et al., 1999]. The method is based on speech recognition
technique, because motion is similar to speech in the sense that they are
time series data. Two major approaches in the research of speech recog-
nition have been proposed, probabilistic model based approach [Kuhn
et al., 1995] and pattern matching approach [Sakoe et al., 1971]. In
both approaches, speech is phonetically transcribed to phonemes, and
phonemes are compared to reference patterns or models. The problem
is that primitive motions have not been studied to employ the speech
recognition methods. Therefore, we have to develop both a method to
extract primitive motions and automatic indexing method.

After primitive motions are extracted, each of them is represented by
a symbol. That is, motion data can be converted from a huge amount
of position data into a small number of symbols. This makes it easy to
analyze a motion data but still leaves two problems: One is a wide variety
of motion patterns and the other is the indexing error due to the noise
that occurs when motion data is converted into a symbol sequence. To
solve these problems, we use Continuous Dynamic Programming (CDP)
[Hayami et al., 1984]. CDP is a method for connected word recognition.
It uses a dynamic programming approach to align the time series and a
specific reference pattern so that some distance measure is minimized.
Since the time axis is stretched (or compressed) to achieve a reasonable
fit, a reference pattern may match a wide variety of actual time series.
By using CDP, connected motion can be recognized and the indexing
error is reduced by compressed time axis.

2. RELATED WORKS

Many researchers focus on the analysis of human motion due to its
variety of applications. For example, Rohr [Rohr, 1994] proposed a
model-based approach for the recognition of walkers. He used a 3D-
model to represent the human body and applied a Kalman filter to
estimate the model parameters. Gavrila et al. [Gavrila et al., 1995
proposed a model-based tracking and recognition system. Their system
contains two components: (1) taking real image sequences acquired from
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Figure 1 An example of motion capture system.

multiple views and recovering the 3D body pose at each time instant,
(2) representing and recognizing of human movement patterns.

Generally speaking, motion recognition method can be divided into
two phases: retrieving an appropriate motion data and recognizing the
content of motion data. Most of researchers stress the former phase and
they try to retrieve 3-D motion information from 2-D images. But, it
is difficult because images are influenced by many conditions such as
background image, person, clothes and so on. In addition, if the move-
ment is more complex, the extraction of motion information becomes
more difficult because of serious occlusion. Thus, motions which can be
recognized by humans are limited to simple motions, like waving hands,
rising one’s hand, walking and so on.

On the contrary, we are interested in the latter phase. We use optical
motion capture system to record time series of 3-D motion data. Figure 1
shows an example of performer wearing 24 markers which reflect infra-
red ray on each joint. Each motion data is represented as 3-D locations
of each joint.

3. EXTRACTION OF PRIMITIVE MOTIONS

First of all, our system divides all the motion data into segmental
motions [Pavlidis et al., 1974][Das et al., 1998] by detecting the change
of motion speed. Next, it classifies similar segmental motion data into
the same cluster by using the nearest neighbor algorithm with DTW
algorithm for distance function. We call each cluster primitive motion.

We have to find breakpoints where primitive motion data are com-
bined. Generally, every motion can be analyzed as follows: start motion,
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(a) before checking speed (b) after checking speed
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Figure 2 An example of checking speed.
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Figure 3 Discernment of breakpoints.

transitional motion, and stop motion. Start motion represents a change
from zero speed to a movement, transitional motion represents a change
in the speed and stop motion represents a change from a movement to
zero speed. Thus, each change in the speed of a body part can be con-
sidered as a breakpoint. However, vibration, such as hand shaking, may
be detected as breakpoints by mistake. For this reason, the algorithm
calculates the variance between all the candidate points. If the vari-
ance is small, it means that vibration occurred between the candidate
points. These points should be neglected, and removed from the candi-
date points. This process is executed in x, y, and z-axis respectively.

Figure 2 shows an example of this process. Figure 2 (a) is an original
data, and (b) is a result of checking speed. In Figure 2 (b), a circle
represents a breakpoint. Almost the breakpoints are proper, but some
of them are not. For example, four breakpoints (white points in Fig-
ure 2(b)) are detected by mistake. They should not be considered as
breakpoints. To remove such breakpoints, the other process is executed
to evaluate the spatial relationship view. Figure 3 shows an example
which represents a motion data in one dimension for simplicity.

The motion data in Figure 3 (a) includes ten points, in which five
of them are candidates to be breakpoints (black points). Figure 3 (b)
represents the breakpoints which were detected by our algorithm. One
of the original candidate (“L” in Figure 3 (a)) was removed in Figure 3

(b).
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The algorithm works as follows: let us consider the sequence of three
candidate breakpoints (i.e. “F,” “M” and “L”). Distances from “F”
to all candidate points are calculated in order to find the most distant
point from “F.” In the same way, the most distant point from “L” is
found. For example, “d;” (1 < i < 4) represent the distances from
“F” to four candidate points, and “dy” is the most distant point from
“F.” If neither of most distant points from “F” and “L” are “M,” this
means slight vibration occurred in the motion data. In other words,
“M” is unsuitable for the boundary of primitive motions. Thus, “M” is
removed from the candidates. And the next three candidate points are
considered until all the candidate points are checked. Finally, we can
obtain Figure 3 (b) as the result.

Dynamic Time Warping. DTW is a method that was developed
in the field of speech recognition. DTW calculates a similarity of the dis-
crete time series. We can recognize whether the discrete time series are
the same or not in accordance with the similarity. There is an example.
Assume two discrete time series A and B are given as follows:

A = AlyeenyQgyee,Qpf
B = by,...,bj,...,bx (1)

where a; and b; are the 7 th and j th points of given A and B. The
similarity between A and B is given the following formulas (2) and (3).

d(i,5) = \/(a:i—b;)’ (2)
S('l:]) = d(la]) +m7'n{5(7‘ - 1aj)75(i - laj - l)aS(iaj - 1)}
DTW(A,B) = S(M,N), S(1,1) =d(1,1) (3)

Although this similarity function is enough for 1 dimensional data, such
as speech recognition, we must extend the function for 3 dimensional
data for motion recognition. Then we introduce formula (4) instead of
formula (2),

d(i,7) = \/(aa, — bs;)? + (ay; — by,)? + (az, — bs;)’ (4)

where a, b, i and j are the same in formula (1). z, y and z represent the
axis for 3-D space. In order to deal with 3-D position data as spatial time
series, it is necessary to evaluate x, y and z position data simultaneously.

4. AUTOMATIC INDEXING

There are two problems that make it difficult to analyze motion data:
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1 Boundary detection of the motion data.

2 Running time of the analysis algorithm on huge data, such as mo-
tion data.

Therefore, we convert a motion data into symbol sequences in terms of
primitive motions. We call this conversion “automatic indexing.”

Automatic indexing is executed with the following procedure. Sup-
pose that we have F' varieties of motion data Mjy,..., My,...,Mp as
references. Each motion M; represents a primitive motion, such as
throwing a ball, jumping and so on. M/ consists of the 3-D time se-
ries data for each body part, msz , where p is the identifier of the body
part.

First of all, we divide each m;: into s;: 1,..., sgn segments and classify
them into C;, ceey sz( sets, where k is the number of clusters for each
body part. For each cluster C’I’f we assign a symbol al’,l, and each m}: will
be over the alphabet )~ = {a},, ey al’;}. The indexed m;: is obtained by

looking for the cluster Cg(i) such that Cg(i) contains the most similar
dgﬁa to s;{:i, and by repl'acing slfi with corresponding symbol a?,(z). Each
a}® is the index of CI*). Then,

ml = adVai® .. g™ (5)
We call af;(l)af;(z) .. .ag;(n) a symbol sequence, then a pair of mzf and the
symbol sequence is stored in the database as reference patterns.

We also divide the input motion data M;,py: into s;',"p”tl, cen s;f,"p“tn
segments. The symbol sequences of mf,"””t are also obtained by:

1 finding S,’:kt which is most similar to s;,"p"tt, such that sszt €

Cg(k‘). The similarity is given by DTW function.
2 using the corresponding symbol ag;(k‘) to Cg(kt).
Thus m;f,”p“t is converted into following sequence,

m;”””t = ag;(kl)a%(’”) . ag;(k”) (6)

Then symbols are assigned to any s;"P“tt, and input motion data is also
converted into the symbol sequence.

5. MOTION RECOGNITION

Motion recognition is carried out by comparing those symbol se-
quences of input with those of the reference patterns. If the sequences
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contains complex motion, it is necessary to find boundaries and to match
segmental patterns with reference patterns. However, there are many
candidates of a boundary and a decision of boundary influences to match-
ing process. To solve this problem, we will introduce continuous DP
(CDP) to analyze symbol sequences.

One of the features of CDP is that three operations of motion bound-
ary detection, nonlinear time alignment, and recognition are performed
simultaneously; thus, recognition errors due to errors in motion bound-
ary detection or due to time alignment errors are not possible. The
algorithm is forced to match complete motions, and as a result of this,
the motion boundaries are determined automatically.

Assume that two discrete time series A and B are given as formula
(1). First of all, CDP calculates similarity S; between any sub-series
ai,...,a; in A and B by the following formula (7):

S(L1) = d1,0) ™)
Si(l—=2,m—-1)+2S;(I-1,m)+d(l,m) (a)

Si(l,m) = mzn{ Si(l —1,m — 1)+ 2d(l,m) (b)
Si(l—-1,m=2)+2S;(I,m-1)+d(l,m) (c)

where d(I,m) is a distance between a; and b,,. S;(i,m), the sum of
d(l,m), is normalized by L;(i,m) to remove the fluctuation caused by

difference of time series length in any ai,...,a;. Finally the similarity
is given as:
CDP(A,B) = 8

L;(i,m) is obtained simultaneously with S; by using the following for-
mula (9):

Li(1,1) = 0
Li(l-2,m~-1)+3 (if (a))
Li(l,m) = { Lil-1,m—-1)+2 (if (b)) (9)
Li(l-1,m—-2)+3 (if (c))
EndPoint = argmin{iz:%]]\\g} (10)

For the symbol sequence, we give the distance between a; and b, as

follows:
dumy={ 7 @i (1)

Figure 4 shows an example of motion recognition with CDP. Assume
that a symbol sequence X of a body part is given as input, and we have
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X=a¥qq}2/a;b1bza‘aabaX=q‘@ﬁﬁv)"§)

n - v L4 L4 L4
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Figure 4 An example of CDP.

Table 1 Clustering results.

Segment name | Number of segments | Number of clusters | Number of errors | percentage
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

two reference symbol sequences A and B for the same body part (Fig-
ure 4 (a)). CDP calculates the similarities CDP(X, A) and CDP(X, B)
(Figure 4 (b) and (c)). Then, it chooses min{CDP(X,A),CDP(X, B)}
= CDP(X,A) as A is the first pattern in X, and detects the mo-
tion boundary between a3 and b; in X. In the next step, it chooses
min{CDP(X,A),CDP(X,B)} = CDP(X, B) as B is the second pat-
tern in X (Figure 4 (d) and (e)). Finally, it gives the recognition result,
that is, X = AB.

6. EXPERIMENTAL RESULTS

Our motion data are based on 24 different aerobic exercise. In this sec-
tion, we show three experiments, clustering results, automatic indexing
results and motion recognition results.

6.1. CLUSTERING RESULTS

Table 1 shows that there are some cases that classification errors oc-
curred, and a large number of clusters are constructed. Assume two
human performers with different length of arms. Even if they try to
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Table 2 Motion recognition results.

Segment name | Correctly recognized segments | Total number of segments | Accuracy

Left wrist 92 106 86.8
Right wrist 83 104 79.8

perform the same motion, their left wrists take different courses. This
is because our system incorrectly speculates that these two motion data
are different since the similarity of the motion is evaluated by the for-
mula (4).

6.2. MOTION RECOGNITION RESULTS

Table 2 shows the result of connected motion recognition of two body
parts. In Table 2, accuracy is the percentage of correctly recognized
segments from total number of segments of the input motion data. CDP
found the boundaries for the most of reference symbol sequences on the
input symbol sequences. The recognition results are as high as almost
80% accuracy although “noise” is included in the input motion data.
That is to say, CDP can reduce the influence of “noise” and works the
recognition process effectively, but more improvements are needed for
higher accuracy.

Recognition errors are classified into two groups. Those errors are
caused by CDP and the reference symbol sequences, the reference mod-
els. The reason is as follows: CDP detects the boundaries step by step.
CDP starts next recognition from just after the end point, which is de-
cided by the previous matching as shown in Figure 4 (d). If the boundary
is not correctly detected, the next matching will be resulted in fail. In
other words, if previous matching is detected wrong, it will affects the
next matching result.

The reference models are also important. In this experiment, the
references are unique symbol sequences for each motion, but widely fit-
able reference models are required for such a broad variety of data,
motion data.

7. CONCLUSION

In this paper, we suggested the method to extract primitive motions
from human motion data, including results by using this method. This
paper proposed that human motions can be decomposed and the system
can extract them as primitive motions. We also suggested a motion
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recognition algorithm in terms of symbol sequences. Those sequences
represents the motions as the sequences of extracted primitive motions.
Our method can easily convert large time series of 3-D motion data into
a small number of strings called symbol sequences. However, results
shown in the Section 6 have to be improved to be applied for practical
contents-based retrieval of motion data.
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