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In this paper, we propose (1) a method of similar-
ity retrieval of motion capture data in which a new
feature extraction technique is introduced for the im-
provement of similarity search precision, as well as
(2) a method to reduce the search time on a large
database by using lower bound Dynamic Time Wrap-
ping (DTW). For similarity search, joint speed has
been mainly used as features of a particular motion.
Our method differs from others in that we use not
only the magnitude of speed but also the pattern of
speed change. We measure the pattern of chang-
ing joint speed in a short period of time with the
derivative of joint speed. In our experiments, we
found that our proposed feature extraction can im-
prove search precision and time. The average preci-
sion was greater than 90% and its computation time
was 10 seconds on a dataset of 225 motion clips with
a total of 81,851 frames from CMU’s database. The
experiments showed that we can improve search pre-
cision using our proposed feature extraction technique
compared to the retrieval method without using this
method. For search time, our experiment shows that
our retrieval method using the lower bound DTW can
efficiently reduce the amount of search data.

Keywords: motion capture, content based retrieval, dy-
namic time wrapping, derivative feature

1. Introduction

Nowadays, Motion Capture (MoCap) data has been
widely used for producing animations in a variety of ap-
plications such as animated movies, video games, simu-
lations, and in the research field of human body analysis.
A large number of movies use a MoCap system for CG
effects to replace traditional hand-drawn animation. With
advanced computer graphics, most video games often use
MoCap data to animate in-game characters such as collec-
tors, crafters, historians, and other human-like characters
in Guild Wars. The production of 3D animated content
requires very precise data because MoCap provides accu-
rate and semantically rich data.
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Similarity retrieval of MoCap data has received sub-
stantial and increasing attention for several years. One of
the large MoCap databases provided by Carnegie Mellon
University (CMU) [1] has a collection of 2,605 motion
clips in 6 categories and 23 sub-categories. This database
has been provided on the Internet and is free for use in re-
search projects. On the website, a user needs to know key-
words for searching motion clips annotated in advance.
Because of the lack of a searching tool with an example
motion clip, most users are weary to search motions sim-
ilar to their queries. For applications, such as film pro-
duction, creators make an effort to select appropriate mo-
tions to generate high quality animation. Therefore, an ef-
ficient similarity retrieval system is very important for the
effective reuse of MoCap data because the more similar
motions matching a motion query, the more realistically
animated characters can be produced.

Searching a large database for similar motions is not
an easy task due to a tradeoff between search time and
similarity retrieval accuracy. Similar motions may not be
numerically similar due to the following factors: (1) clips
in a database vary in length, (2) personal styles, and (3)
movement styles.

Firstly, a MoCap database commonly consists of mo-
tion clips of highly varying length in motion categories
such as walking, running, and jumping. Secondly, people
usually develop their own movement habit as their per-
sonal style. Thirdly, movement styles are types of move-
ment such as slow walk, normal walk, and fast walk.

Dynamic Time Warping (DTW) is a popular method
for dissimilarity measure between two sequences which
may vary in length such as MoCap data [2, 3]. Although,
DTW can measure the similarity between two time se-
ries which may vary in time and space, the main draw-
back of the DTW method is its quadratic computational
complexity, especially in long query motions. To allevi-
ate its time complexity, an entire MoCap sequence will
be segmented into small motion clips. However, the ac-
curacy of similarity retrieval will be affected by the accu-
racy of the segmentation techniques used. Alternatively,
the lower bound DTW proposed in [4] successfully re-
duces the number of candidates by filtering out unrelated
motions.
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This paper proposes a feature extraction algorithm for
searching a MoCap database for all similar motions to a
query motion based on joint speed and the pattern of the
change of joint speed over a short interval. The proposed
algorithm aims for high accuracy retrieval of similar Mo-
Cap data. We compare the proposed features with geo-
metric features which were introduced by Miiller et al. [5].
Our experimental results demonstrate that our features are
more effective for retrieving motions within the same mo-
tion category of a query motion.

In Section 2, we describe some related approaches of
feature selection and extraction of MoCap data as well as
indexing and retrieval of time series data. We also discuss
the advantages and disadvantages of these methods be-
fore introducing a novel content-based retrieval method.
In Section 3, we describe in detail our proposed similarity
retrieval method using a framework consisting of feature
extraction, candidate selection and search result ranking.

To facilitate retrieval from a large motion database, we
implement a graphical user interface for allowing users to
set up query parameters as well as a motion viewer for
displaying resulting motions, described in Section 4. In
Section 5, for evaluating our proposed content-based re-
trieval method, we compare our method by using average
precision over the list of search results. Our conclusion
and future work are presented in Section 6.

2. Related Work

There are a number of different approaches for the sim-
ilarity retrieval of MoCap data as found in [5-11]. The
motion map approach clusters and shows key frames in
a 2D grid map [11]. Sakamoto et al. introduced the
method of motion map by using Self-Organizing Maps
(SOMs) for the indexing and retrieval of motion data.
The SOMs was trained with the motion data. After train-
ing, the SOMs is used as the motion indexing map of
the motions on which the similarity metric and retrieval
are based. This method can perform only retrieval on the
query examples that have exact node-to-node matching in
the indexed motions.

Kovar and Gleicher [8] aimed at reusing and process-
ing motion capture material for synthesis of new, realistic
motions from example motions. To accomplish the goal,
they solve the fundamental problem of identifying and ex-
tracting suitable motion clips from the database on hand.
For a short query motion, the task is to retrieve all clips
in the database containing parts or aspects similar to the
query. Base on their work, the criterion point of similarity
is that corresponding frames should have similar skele-
ton poses. As a result, two motions may be regarded as
similar if they represent variations of the same action or
sequence of actions. This concept was also used in the
development of “Geometric Feature” by Miiller et al. [5].

2.1. Features of Motion Sequences

A human motion can be represented as a sequence
of joint angles, e.g., whether quaternion-based or Euler
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angle-based representations. Due to the high dimension-
ality of MoCap data, PCA-based compression of pose-
base features set was chosen for alleviating this problem
as discussed in the next sub-section.

Recent works [12—14] have exploited not only the prop-
erties of a pose but also the kinematic properties of a mo-
tion. This allows a wide range of properties to serve as the
basis for the parameterization. Some of their works also
included the position of the end effectors (the head, the
legs, and the arms), the average, minimum, or maximum
angular speed of a joint, or features of aggregate quanti-
ties such as the center of mass. Lee et al. [13] and Kovar
et al. [12] used root positions and orientations for select-
ing appropriate transition points among poses or intervals
of motions. Wang and Bodenheimer [14] proposed the
use of the linear combination between joint angles and ve-
locities as a feature set for synthesis as well as evaluation
of motion transitions. However, they obtained coefficients
for the feature set through a cross-validation of user stud-
ies and these coefficients might depend on the particular
motion database they used.

For geometric features, Miiller et al. [5, 6] presented a
method for the feature extraction and matching of motion
data by using geometric relations between the body points
of a pose. As an example of this kind of feature, consider
the pose whether the right foot lies in front of or behind
the plane spanned by the left foot, the left hip joint and the
center of the hip (the root). Although this method showed
good results for some types of motion data, it did not
consider quantitative properties such as velocity. More-
over, this method requires users to select different fea-
tures according to the characteristics of the motion types.
Such features are right/left foot in front, right/left foot
raised, legs crossed and so on. These features must be
pre-defined for distinguishing between movements.

Kriiger et al. [9] showed a comparison among the fol-
lowing feature sets: (1) joint angles encoded in either
quaternion-based or Euler angle based representation; (2)
a combination of joint angles and joint velocity; and
(3) features based on kinematic properties as addressed
in [12,13]. The feature sets of Kriiger et al. consist of
varying parameters such as (1) the number of considered
joints and (2) including/excluding temporal information.
The temporal information can be encoded with a win-
dow of frames, e.g., the authors extended their feature
set of three frames and five frames. Their findings are
as follows. First, the lower number of joints allows the
fastest searches. Second, there are no significant differ-
ences on searching results with an increasing number of
joints. Lastly, some applications need to include temporal
information. In their experiments, they pay attention to
the close numerical similarity of motions while our paper
focused on motions that share the same action category
while having different variations. For example, walking
motions may have several variants such as turn-right walk
and turn-left walk.
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Fig. 1. Overall framework.

2.2. Dimensionality Reduction Approach

Due to high dimensional human motion sequences,
principal component analysis and singular value decom-
position, widely used dimensionality reduction and fea-
ture extraction methods, are also used in the preprocess-
ing of MoCap data. Some search algorithms were based
on a weighted PCA-based pose representation that allows
flexible and efficient pose-to-pose distance calculations.
For example, Forbes et al. [7] used a weighted PCA in
the searching of motion data, and Barbic et al. [15] used
PCA techniques to cut a long motion data stream into seg-
ments of a single behavior. PCA, therefore, has presented
a method for quickly searching long, unsegmented mo-
tion clips for a sub-instance that most closely matches a
short query clip.

Onuma et al. proposed FMDistance [10] which is
a distance function for similarity retrieval with a low-
dimensionality feature set. The feature set consists of the
average kinetic energy of each joint angle in logarithms.
The total approximate kinetic energy is expanded by each
of the approximately 70 angles in the data. Retrieval with
a low number of features yields a fast search time but it is
not able to search a subsequence in a motion.

3. Similarity Retrieval of MoCap Data

In this section, we describe our method for content-
based retrieval of MoCap data. Its framework is shown in
Fig. 1. There are three main procedures, namely, feature
extraction, candidate selection, and search result ranking.
Basically, a database of the features extracted from a col-
lection of motion data is done offline. We also update the
database with new motion data in an offline process.

3.1. Feature Extraction

A motion is a frame sequence, with each frame defining
a posture. The most commonly used formats of motion
capture data are C3D, TRC, ASF/AMC and BVH. The
ASF/AMC and BVH formats store hierarchical skeleton
data, while the C3D and TRC format store 3D coordi-
nates. For each format, the number of recorded joints can
be varied to meet specific objectives and applications, and
sometimes depends on the type of motion capture system.
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Fig. 2. Nine joints for feature extraction consisting of
RANK: right ankle, LANK: left ankle, RKNE: right knee,
LKNE: left knee, RELB: right elbow, LELB: left elbow,
RFIN: right hand, LFIN: left hand, and ROOT.
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Fig. 3. A flowchart of feature extraction.

For capturing full human body motion, 24—40 mark-
ers are commonly used. In our method, we selected nine
joints of the TRC format at the frame rate of 120 Hz.
The human model of nine joints is shown in Fig. 2. As
found in Johansson’s research [16], these joints of human
limbs and one root are sufficient for identification of hu-
man movement.

Figure 3 shows the processes of our feature extraction
approach. We divide a whole motion capture sequence
into a number of overlapping windows. The motion se-
quence in a window is called a sub-motion. Let w be
the number of frames in a sub-motion. The overlapped
area between two adjacent sub-motions equals to w/2 as
shown in Fig. 4. From each sub-motion, we extract two
features: one is the average of joint speed and the other is
a pattern of change of joint speed named as a derivative
feature.
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Fig. 4. Sub-motions with size of w and its overlapped area
equal to w/2.

3.1.1. Average Joint Speed

We use the average speed, /,ij , at j-th joint of s-th sub-
motion as shown below:

L
= L (1)

where w is the window size and V!, is the magnitude of
velocity at frame i in s-th sub-motion of j-th joint. We
use the average speed because the magnitude of speed is
invariant to movement directions and the average value of
joint speed from a window can reduce data size and noise.
For example, a motion of running straight in one direction
is regarded as being similar to a motion running in another
direction.

3.1.2. Derivative Feature

In the previous sub-section, we explained how to ex-
tract a feature representing the magnitude of velocity.
However, we focused not only on the magnitude but also
on the pattern of change of joint speed. In this sub-section,
we describe how to extract a derivative feature from a
small overlapping window. Derivative features reflect a
pattern of change of joint speed and it is invariant to the
magnitude of joint speed.

First, we apply a third-order polynomial fitting method
to approximate joint speed in a window as follows:

Fit)=cst + et +ert+eo. o o oo (2)

We then calculate its derivative at the center of the win-
dow. The derivative feature is defined below:

of =3c3t? 2ot +ci . . . ... (3

where t = w/2.

The derivative ¢ represents the slope of the joint speed
at w/2. With the use of third-order polynomial, the es-
timation value is sufficient for discovering the shape of
the considering curve in a window because the objective
of such a shape is to improve the search accuracy when
combining with the joint speed. Fig. 5 illustrates how
a derivative feature reflects a pattern of change of joint
speed where the leftmost pattern is more similar with the
rightmost than the center. The arrow lines represent the
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Fig. 5. Derivative feature representing a pattern of change
of joint speed.
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Fig. 6. Derivative feature showing the pattern of joint speed
of the right ankle for various kinds of motions.

derivative feature, which is actually a slope at the mid-
point of the curve in a window.

We explain the derivative feature by giving an exam-
ple; Fig. 6 illustrates how walking, running and kicking a
ball are all different actions. The patterns in Fig. 6 are ex-
tracted from the motion clips from CMU where their file-
name identifies, for example, their movement Slow walk,
actor ID 45, and motion ID 01. We can easily distinguish
kicking a ball from walking and running. However, it is
difficult to distinguish between walking and running mo-
tions by using only their derivative feature. This can be
solved by using both the average magnitude of joint speed
and the derivative feature. Fig. 7 shows the two dimen-
sional time series of both the average of joint speed and
the derivative feature.

In summary, for a motion sequence M composed of N
sub-motions and J joints, we can define a feature set of a
motion .% (M) as follows:

Po={(,of):jell:Jse[l:N} . 4
FM)={P;sc[l:N]} . . ... ... (0O

where P is the feature of the s-th sub-motion of which
u? and of are the average speed and the corresponding
derivative of j-th joint, respectively.

Vol.16 No.1, 2012

and Intelligent Informatics



Similarity Retrieval of Motion Capture Data Based on Derivative Features

1 Slow walk (45_01)

0z
08
04
0z
o
'
Nurmallzedus

Normalizedes
average speed 5"57555 SPEE"

Normal walk (07_07)

Normalized
derivative feature
Normalized

derivative feature

“Window number
Run and kick a ball (10_03)

mm

Wlnduw numher

Wlndnw numher
Run (104_04)

..W

Normalizedos
average speed

=
&

s
4

Normalized
derivative feature
s &

Normalized
derlvatlve feature

Nurmallzedu
average speed

Wlnduw number

Fig. 7. Two dimensional time series of the average joint
speed and the derivative feature of the right ankle for various
kinds of motions.

3.1.3. Feature Normalization

In the previous sub-sections, we described how to ex-
tract features from a motion. A set of motion features
consists of the average of joint speed and the derivative
of that speed. The features of motions do not distribute
uniformly in the database and have different scale ranges.

The goal of feature normalization is to represent all mo-
tion features in the same range of scale and in normal dis-
tribution. For this purposed, we used the Cumulative Dis-
tribution Function (CDF) of the Gaussian distribution fea-
ture normalization. The CDF of each feature at each joint
will be in the range of 0 to 1. For the computation of CDF,
the mean and standard deviation of each feature at each
joint are obtained from all motion data in the database.
After that, we will compute the CDF of all features by
using the algorithm in [17].

3.2. Candidate Selection

We employ the DTW algorithm to measure the dissim-
ilarity distance between a query motion and the motions
in a database. DTW is a robust distance measure for time
series because it can compensate for motion with varying
lengths and preserves ordering.

Due to the computation time complexity of DTW, we
need to discard non-relevant motion clips as early as pos-
sible. We adopt the lower bound DTW proposed in [4],
referred to as DTW_LB, to filter out non-relevant motion
clips since this technique satisfies the triangular inequal-
ity and guarantees no false dismissals. DTW_LB extracts
a 4-tuple feature vector from each feature as indexing at-
tributes. The distance function D;,, j, is a lower bound dis-
tance function that consistently returns a distance smaller
than or equal to Dy, the time warping distance.

th > D[W_]b e e e e e e e e e e e e (6)

From a time series S in Fig. 8, we get Feature(S)
which is a 4-tuple and defined as follows: Feature(S) =<
First(m),Last(M), Greatest(M),Smallest(M) > where
First(S) and Last(S) are the values at the first and last
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Fig. 8. Lower bound DTW.

positions in sequence S, respectively. Greatest(M) and
Smallest(M) are defined as the values at the highest and
the lowest positions in sequence S, respectively.

Given two sequences S and @, the lower-bound dis-
tance function Dy, ;5 (S, Q) is defined by a uniform norm,
L. as follows:

Dy ip(S,Q) = Lo (Feature(S), Feature(Q))
|First(S) — First(Q)|
B |Last(S) — Last(Q)|
=~ XY | Greatest(S) — Greatest(Q)| )
|Smallest(S) — Smallest(Q))|

For any two sequences S and Q and tolerance &, the fol-
lowing equation always holds

Dyw<e=Dnp<e . ... ... .. (¥

From Eq. (8), by defining a tolerance &, we can filter out
non-relevant motions whose D,,, j;, exceeds the tolerance
value €.

3.3. Search Result Ranking

After applying DTW_LB to a candidate selection, we
finally measure the dissimilarity between a query motion
and motion data in the candidate set for sorting them. This
procedure is called search result ranking. The motion dis-
similarity measure Dy,,_op (S, Q) is defined as the average
of the local distance metric in the optimal path and is ob-
tained by DTW [18].

1
th_opt<S,Q):thw(S,Q) Coe e e e e e (9)

where L is the length of an optimal path of DTW. An ad-
vantage of Dy, ., is for the case of any two similar mo-
tions of much different length [8]. We use the average
value rather than the total in order to measure distance
regardless of path length.

We define the dissimilarity of two sub-motions, P, and
P,, by summing the Manhattan distance of all joints:

J
=Y (d(u, 1)) +d(e, o)) . . . (10)

J

D(P,,P,)

where J is the number of considered joints and {( i, ol ):
J € [1:J]} are the features of P,. The search result ranking
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Fig. 9. GUI of our MoCap retrieval system (a) main win-
dow, (b) motion viewer: motion display window.

is then a sort of all motions in ascending order of dissim-
ilarity from the query motion.

4. Implementation of Retrieval System

We implemented a retrieval system with a GUI that pro-
vides functions to help users in adjusting search parame-
ters optimizing between search time and search accuracy,
as well as in displaying motion clips. Fig. 9 is a screen-
shot of the system. In the main window of the system
shown in Fig. 9(a), users begin with selecting a motion
query by using a file browser dialog. When users click
the play button, the selected motion query will be played
back in a motion viewer as shown in Fig. 9(b). Users can
display the movement trajectories of any joints from the
first till last poses; for example, the movement of both
legs is shown by the two lines. This function helps users
to confirm whether they selected the correct file.

18 Journal of Advanced Computational Intelligence

Before starting the search, users can set up query pa-
rameters concerning the body parts, the search type, and
the filtering value.

i. For a body part search, users can emphasize either a
lower/upper body part or the whole body.

ii. For the search type, this function adjusts the precision
of search results and corresponds to the window size
defined in Section 3.1.

iii. For the filtering value, this function applies the
DTW_LB to select a set of candidates by setting a
threshold as described in Section 3.2.

After completing a query search, the system shows the
resulting motions in ascending order of the dissimilarity
distance to the query motion. Fig. 9(a) shows the at-
tributes of resulting motions consisting of rank number,
file name, dissimilarity measure, and category as defined
by its movement type (such as walking, jumping, running,
etc.). Users can select the number of resulting data and se-
lect resulting motion clips for displaying data on the mo-
tion viewer.

We implemented the system on the following hardware
and software platform: The hardware platform for the ex-
periments is an Intel Core 17 2.8 GHz laptop equipped
with 8 GB of DDR3 RAM. The application was im-
plemented in JAVA (JVM by using the option “-Xmx
1024m,” which sets the application to use a maximum of
up to 1024 MB of memory), and we used MySql as the
DBMS.

5. Evaluation

We evaluated the following aspects of our method:

i. Accuracy of the search tool and its computational
time.

ii. Effectiveness of the derivative feature.

iii. Effectiveness of candidate
DTW_LB.

iv. User satisfaction.

selection by using

We used 225 motions selected from the well-known
CMU database [1] as a data set. Since segmentation is not
in the scope of this paper, we selected MoCap clips that
contain only one kind of movement. The data set consists
of five categories which are common motions in our daily
life, such are walking, running, kicking a ball, swinging a
golf club, and jumping, as shown in Table 1.

5.1. System Evaluation

We used the leave-one-out validation method for the
evaluation where one motion is extracted from the
database and used as query data. The effectiveness of the
proposed method was measured using precision evalua-
tion. In general precision is defined as:

. No. of relevant data retrieved
precision = - .
No. of data motions
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Table 1. Data set of motion clips from the CMU database.

All Walk Run Jump Kick Golf

No. of clips 225 113 52 44 6 10
No. of actors 25 19 5 5 2 1

Avg. frames 362 425 186 400 333 446
Min. frames 127 243 127 210 289 363
Max. frames 923 894 761 923 382 561

We use P(Ng), a measure for similarity retrieval [19],
which is a measure of the ratio of relevant data in the top
Np retrieval results.

No. of relevant data in the top Ng rank
Ng

P(Ng) =

For our evaluation, we used the average P(Ng) , P(Ng),
as a measure of the leave-one-out method choosing a
query data one by one from the database.

Figure 10 shows the top 10 ranked results for a ‘run-
ning’ query (a), a ‘slow stride walking’ query (b), and a
‘jump’ query (c). Fig. 11 shows the comparison of aver-
age P(Ng) tested against window sizes of 8, 16, 32, and
48 frames per clip, where window size of 16 yields the
highest accuracy of 91.38%. By using window size of 16
frames, the proposed feature extraction can improve the
overall search accuracy of P(Ng) by 5.58% (p = 0.001 by
paired ¢-test). Fig. 12 shows the mean and standard error
of the retrieval accuracy of five categories.

For the effectiveness of our feature selection, we com-
pared our proposed features with the geometric fea-
tures [5] as previously mentioned in Section 2. Geometric
features are a class of Boolean features expressing geo-
metric relations between specified body parts of a pose.
We employ five geometric features which are adequate for
walk and run motions. The selected geometric features
consist of 1) left foot in front, 2) left knee bent, 3) right
knee bent, 4) left elbow bent, and 5) right elbow bent. For
‘left foot in front,” we identify whether the left foot lies
in front or behind the plane spanned by the right foot, the
right hip and the center hip (root). We also used an an-
gel of 120° to classify the respective body part as bent or
stretched. Then, we measured motion dissimilarity by us-
ing Dyy_opr as described in Section 3.3. Fig. 13 shows the
comparison of motion dissimilarity measures of examples
between our proposed features and geometric features.

As shown in Fig. 13, motion dissimilarity measures in
the same category are considerably small in our method
regardless of how variant the motion pairs are. In con-
trast, it is larger between different categories of motions
such as walking and running, which shows the greatest
dissimilarity measure. On the other hand, using geomet-
ric features for queries failed to distinguish the differences
derived from different categories of motion. This is be-
cause the poses in walking and running may be similar
despite their motion speeds being rather different, which
demonstrates that it is insufficient to consider only pose
difference in motion retrieval.
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Fig. 10. The resulting top 10 motions retrieved by our
method. The motion paths are represented by three trajec-
tory lines for the ROOT, LANK, and RANK joints.

We also measure a candidate ratio of DTW_LB in order
to evaluate the filtering effects of DTW_LB by examining
the trend of false alarms. Candidate ratio is defined as
follows:

Number of candidate motions

candidate ratio = -
Number of total motions
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Fig. 11. Comparison of average P(Ng) tested against win-
dow sizes of 8, 16, 32, and 48 frames using our proposed
method.
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Fig. 12. Comparison of average P(Ng) between using only
the average speed feature and our proposed derivative fea-
tures based on a window size of 16 frames per window.

Query motion 07_05 (Slow walk)

Normalized Motion Dissimilarity

M Our proposed features Geometric features

Fig. 13. Comparison of motion dissimilarity measures using
our proposed features (window size of 16 frames) and geo-
metric features in [5]. The dissimilarity measures are nor-
malized to the same range of scale between 0-1.

Applying DTW_LB to motion retrieval, we can reduce
the number of search data as shown in Fig. 13. For all
types of movements, the average candidate ratio with the
tolerance of one unit increasing from 5 to 11 will range
from 0.10 to 0.98. For example, with tolerance set at 7
for a ‘running’ query we can reduce the number of search
data by 57% as shown in Fig. 14.

Using this filtering technique, Fig. 15 shows that the
overall accuracy measured by P(5) with a tolerance of 5
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Fig. 14. Candidate ratio using different tolerances between
S5to 11.
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Fig. 15. Comparison of average P(5) tested against the tol-
erance between 5 to 11 for the same window size, w = 16.

was 95.0%, and that with a tolerance > 6 accuracy was
99.5%. However, the candidate ratio of running motions
is below 10% with tolerance set at 5 and 6. We found
that a tolerance of > 7 yields the candidate ratio greater
than 20% for all categories. For the kicking motions, the
experiment showed that a tolerance of 5 yields the best
result.

We evaluated the computational time comparison be-
tween a baseline method and our, the proposed method
with/without DTW_LB filtering. By using DTW_LB fil-
tering, we set the tolerance € = 7. For the baseline
method, we extracted only joint speed of every frame
without the derivative feature. Table 2 shows the run-
ning time using query motion 06_06, a walking motion
with 402 frames in length. The quantity ‘execution time’
is the total of the following processing times: 1) database
query time, 2) feature extraction, 3) candidate selection,
and 4) search ranking result. We calculate the average
joint speed and the derivative feature of joint positions
proposed in Section 3.

5.2. User Evaluation

The purpose of this user evaluation was to investigate
user satisfaction of our retrieval system as described in
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Table 2. Comparison of the execution time between the
baseline method and our system with different window sizes.

Table 3. Means, standard deviations, and T-scores for the
post-task questionnaire.

Our proposed method
without filtering / (with filtering, € = 7)

Baseli
aseline Window size

8 16 3 48

Exe.time (sec) 5 305y 19014) 108)  86)

per query

Section 4. This evaluation was conducted on usefulness,
accuracy and response time of the system. The evalua-
tion was conducted on 20 subjects from the Department
of Media Technology, Ritsumeikan University. Fifty per-
cent of the subjects have experience in using MoCap data.
Subjects were asked to complete tasks by finding the
top three most similar motion clips to given query clips.
Before starting the evaluation, subjects were presented
with a video demonstration of the system that they would
use to complete their given tasks. After subjects com-
pleted their tasks, they were asked to complete a post-
task questionnaire. The post-task questionnaire consists
of 12 questions assessed with five-point scales, where 1 =
strongly disagree and 5 = strongly agree. This post-task
questionnaire is the focus of this study. Each subject took
approximately 45 minutes to complete the evaluation.
The results of the evaluation are shown in Table 3 and
Fig. 16. Table 3 shows the questions used in our ques-
tionnaire, their means and standard deviations, and their
t-scores in each subject group. On average, all users
agreed with the query results by using the three different
window sizes, and the user-rated scores correspond well
to that of accuracy shown in Fig. 11, where a window
size of 16 frames had the both highest accuracy and satis-
faction score. There were no significant score differences
between the two groups of subjects except for the satisfac-
tion of system response time. Experienced subjects were
more satisfied with the system response time than inexpe-
rienced subjects. This could be because, from a post-task
interview, experienced subjects were more aware of the
complexity of content-based MoCap retrieval systems.

6. Conclusion and Future Work

We have presented a similarity retrieval approach for
querying a MoCap database by using the average joint
speed and a derivative feature over a small time interval.
These features can discriminate between various move-
ments extracted from a MoCap database. We apply an
overlapping window technique to emphasize the impor-
tant movements, discard noises, and also utilize a third-
order polynomial curve fitting to illustrate the pattern of
the joint speed of a sub-motion.

One merit of the derivative of join speed of a sub-
motion is that it is continuous and numeric as time se-
ries data, so that existing dissimilarity measures can be
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Question Experienced  Inexperience t
M (SD) M (SD)

1. This software is easy to 4.50 (0.53) 4.80 (0.42) 0.10

use.

2. It was easy to post queries 4.80 (0.42) 4.89 (0.33) 0.30

to the system.

3. This system help me to 4.40 (0.70) 4.56 (0.73) 0.28

complete the given task.

4. Tt was easy to navigate the 4.60 (0.70) 4.44 (1.01) 0.35

search results.

5. The system has a good re- 4.10 (0.88) 3.20 (0.79) 0.02%

sponse time.

6. The search results satisfied 4.10 (0.70) 4.00 (0.94) 0.17

my needs.

7. Tt was easy to determine 4.30 (0.67) 4.00 (0.67) 0.17

if results were relevant to a

task.

8. I was satisfied with the ac- 4.50 (0.71) 4.30 (0.67) 0.30

curacy of search results using

window size = 16.

9. I was satisfied with the ac- 4.20 (0.63) 4.00 (0.67) 0.25

curacy of search results using

window size = 32.

10. T was satisfied with the 4.10 (0.74) 3.80 (0.92) 0.21

accuracy of search results us-

ing window size = 48.

11. Increasing the window 3.90 (0.88) 4.20 (0.92) 0.25

size can improve the search

time significantly.

12. Overall the software was 4.40 (0.70) 4.00 (1.05) 0.19

satisfying to use.

*represents significant differences between experienced user
and inexperience user (*p < 0.05)
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Fig. 16. Retrieval system user satisfaction.

applied. We emphasize that our method requires none of
the heuristic dissimilarity distance metrics as addressed
in [20]. For example, we can apply both a conventional
DTW and DTW_LB to measure the distance similarity
among derivative features.

The proposed retrieval system considerably increases
the query speed by filtering a number of motions dissimi-
lar to a query motion. Our filtering technique is the lower
bound DTW, named DTW_LB. This filtering technique
can discard non-relevant motion data without false dis-
missal. The performance of DTW_LB is measured by the
candidate ratio. Our experiments showed a fast and effec-
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tive motion search.

In experiments, we also conducted a feature-selection
comparison between our proposed method and other ex-
isting methods. First, we have proved that by using both
the derivative feature and the average joint speed the mean
search accuracy is higher than that of using only joint
speed (by about 5%). Secondly, the use of our proposed
features outperformed the use of geometric features in
terms of considerably different speed between varying
walk styles and running.

From a user’s point of view, the user satisfaction of our
retrieval system shows 1) their strong agreement that the
system is easy to use, 2) their agreement that the resulting
clips by using our system are similar to the queries, and 3)
the agreement of the experienced users that the response
time of querying is acceptable. Despite the rather slow
response time of the system rated by inexperience users,
the overall results of the evaluation are satisfactory. Inex-
perience users also rated the overall mean accuracy above
4 (out of 5) where searches with the window sizes of 16
and 48 frames are highest and lowest, respectively.

For our future work, our goals include the extension to
a combination of motion portions by using Boolean oper-
ators for motion queries as used in SQL queries. This can
be described in a Boolean expression as in a sequence of
frames composing of portions of different motion clips,
for example, “kicking a ball followed by jumping.” An-
other example of a combination of two or more query mo-
tions is the movement of the lower body part like walking
and the upper part like waving a hand. Hence, it will in-
crease our system’s usability for iterative retrieval.
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