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Abstract Inmany creative industries, such as the animation,
movie, and game industries, artists often make good use of
motion data to create their works by retrieving a particular
motion frommotion-capture data and reusing it. A large data-
base of humanmotion is difficult to use unless themotiondata
are organized according to the type ofmotion.Although there
have been many results for clustering motion capture data,
many variations in the motion data complicate the clustering
of data by making one type of motion numerically similar
to other types of motions. To improve the motion clustering
performance, we present a novel physically based motion
normalization method that reduces ambiguous elements of
motions, so that motions that have different semantics can be
differentiated. The normalized motion data generated by our
method can be used as input to existing clustering algorithms
and improves the results.

Keywords Physics-based method · Motion capture and
reuse · Motion clustering

1 Introduction

In many industries such as the animation, movie, and game
industries, technicians and artists often retrieve a particular
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motion from a large database and use it when they ani-
mate characters. However, finding and searching through raw
motion data for a specific motion is difficult and tedious for
users, because the source databases include many different
types of motion and their variations. Our research is moti-
vated by the idea that the users’ working efficiency levels
would greatly improve if the motion data are well organized.

To organize a motion data, it is often divided into many
short motion segments so that each piece contains one primi-
tivemotion, and then the segments are classified intomultiple
groups. For example, one classified group contains walking
segments, while another group contains running segments.
Motion classification is often performed manually to best
suit the intention of users. However, manual classification
is a tedious work, especially when the given motion dataset
is large. To reduce the burden of users, several automatic
motion organization techniques have been developed that
divide a dateset into many motion segments and classify
motion segments. However, those techniques often do not
provide sufficient accuracy due to the variations and ambigu-
ities in the motions. For example, walking with a wide stride
can easily be miscategorized as running by a clustering algo-
rithm, and slow running can be miscategorized as walking.
Also, turning toward the left makes the body lean toward the
left, and the leaning of the upper body produces additional
ambiguitieswhen attempting to distinguishwhether the char-
acter is walking or running while it is turning. In short, there
are often ambiguous cases in which similar motions appear
numerically different and/or differentmotions appear numer-
ically similar.

The ambiguity problem makes the motion sorting prob-
lem challenging. There are some unnecessary variations of
motion parameters, such as the stride, speed, and leaning
angle, and these variations disturb the accurate classifica-
tion of motion segments. For more accurate motion sorting,
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Fig. 1 Our method normalizes
motion data by reducing
unnecessary motion variations.
A locomotion dataset is
normalized in (a), and a
kick-boxing data is normalized
in (b)

each motion segment needs to be refined by reducing unnec-
essary variations and emphasizing the necessary elements
of motion information; we call this process “normaliza-
tion” (Fig. 1). Recently, many studies have attempted to
analyze the features of human motion to determine which
elements are necessary and which are not [9,20,27,31].
However, these previous works commonly are limited in
that the underlying dynamics in human motion data, an
important source of variations, is ignored. To address this
limitation, we suggest a novel physically based normaliza-
tion method.

There are two representative automatic motion classifi-
cation techniques: supervised and unsupervised. Although
our normalization method can be used for both techniques.
In this study, we focus on the case of unsupervised learn-
ing, i.e., clustering. For supervised classification, the user
needs to prepare a labeled dataset in advance. Then, the sys-
tem learns discriminative models from the features of each
motion type and use the models for classifying new unla-
beled datasets. The input of the classification system is a
sequence of unannotated motion segments, and the output is
a sequence of labeledmotion segments. Although supervised
learning techniques can achieve good accuracies relatively
easily, preparing a labeled training dataset is tedious and
inconvenient.

On the other hand, clustering does not require any par-
ticular input except for a sequence of motion segments. The
output of clustering is groups of similar segments with the
same motion type. After clustering, the user can look at the
segments in each cluster to label a cluster with a name and
discard a few outliers in the cluster. Despite the convenience
of clustering, the quality of clustering results highly depends
on the feature extraction method, the distance metric, and
the clustering algorithm that are in use. The main contribu-
tion of this work is a novel normalization method for motion
clustering. When the normalized motion data are input into
clustering algorithms, much higher clustering accuracies are
achieved compared to when the original motion data are
input, as demonstrated in Sect. 7. Further, our normalization
method can be used with any existing methods for feature
extraction and distance measurement.

2 Related works

The temporal segmentation and grouping of motion data
by semantically meaningful behavior have been challeng-
ing research topics in relation to several applications, such
as interactive motion synthesis and content-based motion
retrieval systems.

2.1 Applications

Many statistical motion blending approaches have been
developed due to their efficiency and controllability [5,13,
28–30,35,37,39]. These approaches generated continuous
variations of motion accurately by blending examples. Most
of these require that all motion segments in one group repre-
sent a logically identical action.

Recently, as the handling of large amounts of motion data
has become possible, content-based motion retrieval sys-
tems have also become increasingly popular. Kovar et al.
[20] presented a parameterizing method for extracting logi-
cally related motions from motion data. Kapadia et al. [18]
proposed a flexible and efficient method that searches for
arbitrarily complex motion from a large motion database
using a tree-based data structure. In addition, a sketch-based
retrieval system has been developed [6].

2.2 Motion segmentation and classification

Though there have been many related studies, the seg-
mentation of motion data and the classification of motion
segments remain as challenging topics. Jenkins et al. [16]
suggested a method that automatically derives the vocabular-
ies of parameterized primitive motion segments frommotion
data. Barbic et al. [2] presented a probabilistic approach
that uses principal component analysis with a Gaussian mix-
ture model. Kwon et al. [23] made use of the concept of
the center of mass (COM) to generate natural motion dur-
ing motion segmentation. Müller et al. [31–33] proposed
an efficient indexing method for 3D human motion data.
They designed a query structure to record motion infor-
mation on both a whole body and a sub-body, identifying
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logically similar motions with different appearances. Zhou
et al. [45] proposed a method which segments time-series
data into multiple segments, such that each one belongs to
one of the resulting clusters. This method was efficiently
optimized with a coordinate descent strategy and dynamic
programming. Our method can be used in combination with
any existing segmentation and classification methods. We
aim to complement earlier results by improving the overall
performance of the systems.

2.3 Feature vectors and distance metrics

There are a number of studies which are closely related
to ours in that they tried to improve the underlying pose
comparison metric. López-méndez et al. [27] made use of
a supervised learning scheme in their research, proposing a
method that learns which elements make two humanmotions
different from each other. Deng et al. [9] presented a motion
retrieval method that ranks similar motion sequences when
a query motion is given as input. They conducted compar-
ative user studies to evaluate the accuracy and perceptual
consistency of the proposed metric. Other researchers have
concentrated on discovering parameters to be normalized to
improve the invariance properties. Gao et al. [11] suggested
a very simple and efficient normalization method that nor-
malizes the entire motion data in the database, such that it
has the same skeleton length. Other researchers investigated
video-based human activity recognition using a novel feature
descriptor [3,10,15,43]. Wang et al. represented low-level
features of human motion by means of geometric invariance,
employing an extended random transform, called the R trans-
form [42].

2.4 Motion editing

The proposed normalizationmethod can be seen as amotion-
editing technique in that an original motion data is modified
by controlling some elements of the motion, such as turning
direction and leaning angle.Manymotion-editing techniques
have been suggested that also modifies a motion moving
along a curved path. Kovar et al. [19] proposed a data struc-

ture called registration curves to improve the result quality of
existing motion blending methods. Shin et al. [38] suggested
a method to correct a previously edited motion to improve
the plausibility. Unlike our method, these methods are not
physically based and do not modify the leaning angle of the
character to match the acceleration of the character.

There haven many physically based motion-editing
schemes that generate motions based on footprints. Girard
proposed a method that generates a motion which fits the
given footprint set [12]. Van de Panne proposed a method
that generates animated locomotion based on an explicit foot-
step plan [34]. A single compact optimization problem was
formulated while following the laws of physics. Chung and
Hahn proposed a procedural system that generates walking
animation along the given footprints [7]. Other physics-
based and kinematic controllers that make characters move
very closely to given footprints have also been developed
[4,8,36,40,44].

Our method is different from these schemes, in that we
normalize the given motion data by decreasing the motion
variation caused by different acceleration profiles. These
variations are modeled using a physical model known as an
inverted pendulum on a cart (IPC). This physical model has
been commonlyused togenerate balance feedback inmotion-
control systems [17,41]. The IPC model is also commonly
used for simulating biped motions physically, such as walk-
ing, running, and diverse variations of these types of motions
[1,14,22,24]. To the best of our knowledge, our method is
the first approach to normalize motion data by employing an
IPC model. By normalizing the variations while following
the laws of physics, a reduction in the clustering errors is
realized by our proposed method.

3 System overview

Figure 2 shows the system overview of our normalization
method. Our system takes an original motion dataset as input
and produces the normalized dataset as output. Our nor-
malization system consists of four sub-systems: a pendulum
motion estimator, a normalizer, a footstep location genera-

Fig. 2 Overview of the
normalization process. The
pendulum motion estimator
extracts the pendulum motion
from the original human motion
to compactly represent the route
and the overall leaning angle in
a physically plausible manner
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tor, and an inverse kinematics (IK) solver. First, the pendulum
motion estimator initially defines the route along which the
character moves. In this process, the position of the character
and the overall leaning angle of the character body are mea-
sured. The measured data are provided as output in the form
of a pendulum motion. Second, the output of the pendulum
motion estimator is sent to the normalizer and it normalizes
the given pendulum motion while adhering to the laws of
physics. As the normalizer reduces ambiguous elements, the
output pendulummotion shows more straight moving trajec-
tory than the input pendulum motion. After passing through
the normalizer, the normalized pendulum motion is sent to
both the footstep location generator and the IK solver. After
that, the footstep location generator plans a set of footstep
locations based on the given normalized pendulum motion.
As the input data are already normalized, the output of the
footstep location generator is also normalized. Finally, the
normalized footstep location is sent to the IK solver, and
the IK solver receives it while also receiving the normal-
ized pendulum motion from the normalizer. The IK solver
rebuilds a new normalized human motion based on the two

Fig. 3 Two IPCs for one human character. One IPC represents the
leaning angle along the forward direction, and the other one is for the
lateral direction

inputs as well as the input human motion. After the entire
process, the normalized human motion is used as the input
for existing clustering algorithms to show improved cluster-
ing accuracy.

4 Estimating the pendulum motion

In this section, we describe how our system estimates the
pendulum motion from the given original motion data. The
pendulum motion estimator, the first sub-system of our
method, extracts the necessary elements such as the route and
the overall leaning angle from the original humanmotion. To
extract the necessary information, we adopted an IPC model
and used it to represent the character’s overall movement.

Figure 3 shows the structure of the IPC model adopted
in our method. An IPC model is a simple model that has
only two joints. One of the two joints is a passive rota-
tional joint which is located at the base of the pendulum,
and the other is an active translational joint which moves
backward and forward to balance the pendulum. We used
two IPCs to represent one human character. One IPC con-
trols the leaning angle along the forward direction and
the other one is for the lateral direction. To handle the
IPC model in a way that it moves in accordance with
the input human motion, we utilized a pendulum control
method described in a previous work [22]. As we mod-
ified the previous method slightly for our purpose, we
describe the overall process briefly while focusing on the
differences.

Figure 4 shows how the pendulummotion estimator oper-
ates. Our system initially generates the initial pendulum
motion and extracts its COM trajectory. Then, the opti-
mizer compares the pendulum COM trajectory with the
COM trajectory extracted from the input human motion.
To minimize the difference between the two COM trajecto-
ries, the optimizer modifies some of the control parameters
of the pendulum, and the pendulum motion is modified in

Fig. 4 Pendulum motion
estimation: a pendulum motion
is estimated by minimizing the
difference between the
pendulum COM trajectory and
the COM trajectory extracted
from the input human motion
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Fig. 5 Multi-step optimization
process. For efficient and robust
optimization, the space–time
optimization problem is divided
into multiple overlapping
subproblems

the process. This process marked with red lines in Fig. 4
is repeated until the iteration converges. The resulting pen-
dulum motion well represents the overall movement of the
character observed from theoriginal humanmotion, but using
much less DOFs.

To define the initial pendulum motion, the initial value
of the pendulum’s forward direction and the desired veloc-
ity need to be determined. The forward direction is simply
calculated from the pelvis orientation of the original human
motion. Then, our system sets key frames at a uniform rate
(5 Hz in our experiments) and specifies a desired velocity of
the pendulum at each key frame. The initial value of the pen-
dulum’s desired velocity ˆ̇xs at each key frame is calculated
using the following equation:

ˆ̇xs = ẋCOM + α ẍCOM, (1)

where ẋCOM is the velocity of the human COM, and ẍCOM
is the acceleration of the human COM obtained from the
original data. α is a constant value denoting the weight of
the acceleration. We found that the initial pendulum motion
closely matches the input human motion when α = 10. The
initial pendulummotion based on these initial parameter val-
ues follows the original motion closely at the beginning, but
the error between the initial trajectory and the original human
motion becomes larger as the frame goes on due to the accu-
mulated error.

To minimize the difference between the pendulum COM
trajectory and the COM trajectory from the original human
motion,we employed an optimizationmethod thatminimizes
the horizontal distance between the pendulum COM and
the human COM. The objective function for optimization
is defined as shown below and works in a conjugate gradient
solver,

{ ˆ̇xs} = arg min
∑

i≤N

∥∥∥project(xcCOMi − xpCOMi )

∥∥∥
2
. (2)

In Eq. 2, { ˆ̇xs} is a set of the desired velocity values at each
key frame; xcCOMi is the position of the human COM at

frame i ; and xpCOMi is the position of the pendulum COM
at frame i . As we operate the IPC model considering only
horizontal forces, the vertical components are ignored in our
method. Repeating the optimization process, the initial pen-
dulum motion, which shows an increasing amount of error,
is modified and becomes the final pendulum motion, which
is quite close to the original motion.

In our experiment, however, we found that solving the
optimization problem for the entire pendulummotion at once,
corresponding to all input data (a sequence of many motion
segments), can lead to the local minima, as the dimension
of the search space becomes too high when the motion data
are large in terms of time. To settle this local minima prob-
lem, we employed a bottom-up approach and designed the
optimization process that has multiple steps, as illustrated in
Fig. 5.

During the first step, the pendulum’s state at the first
key frame and the first three continuous key frames K ∈
{K1, K2, K3} are optimized at once. Then, at the n-th step,
three continuous key frames K ∈ {Kn, Kn+1, Kn+2} are
optimized, and the best optimization solution is used as the
initial solution for optimizing the next key frames K ∈
{Kn+1, Kn+2, Kn+3} at the (n+1) step. The pendulum’s ini-
tial state is optimized in the first step while it is not in other
steps, because the error between the generated trajectory
and the original motion strongly depends on the pendulum’s
initial state. At each step of the optimization process, the opti-
mizer calculates the gradient of the objective function (Eq.
2) using a finite difference method numerically.

The pendulum motion estimator computes the pendulum
motion, which includes the necessary elements of motion
information from the original human motion data. As the
pendulum motion is obtained based on the original human
motion data, it is close to the original human motion. To
perform motion sorting well, the pendulum motion is sent to
the normalizer, the second sub-system.
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5 Normalizing pendulum motion

In this section, we describe how our system normalizes the
given pendulum motion. When the original motion data are
given as input to our system, the pendulum motion generator
takes the input and defines the pendulum motion based on it.
The generated pendulummotion is sent to the normalizer, the
second sub-system of our method, and normalizes the given
trajectory by minimizing the ambiguous elements, allowing
important elements to be emphasized.

We found that there are two elements that often make
motions ambiguous: the forward speed and the turning speed.
For example, the computer often misrecognizes fast walking
as running and slow running as walking. However, if we
normalize the forward speed, walking and running become
distinguishable from each other, because the stylistic differ-
ences are emphasized. Similarly, walking along a curved path
is often erroneously classified into the same group as running
along a similar curve. In this case, if we normalize the turn-
ing speed, walking and running become easier to distinguish
regardless of the route.

The normalization process is performed by clamping the
values of the desired velocity and the turning speed parame-
ters.

ˆ̇x f ← clamp( ˆ̇x f , α), ˆ̇xl ← clamp( ˆ̇xl , β), ˆ̇θ ← clamp( ˆ̇θ, γ ).

(3)

In Eq. 3, ˆ̇x f is the desired velocity in the forward direction; ˆ̇xl
is the desired velocity in the lateral direction; ˆ̇θ is the desired
turning speed; and α, β, and γ are the clamping coefficients
as obtained in experiments.

After clamping the parameters, the input pendulum
motion is modified based on the clamped parameters. The
redefined, i.e., normalized, pendulummotion is the output of
the normalizer; it is sent to the footstep location generator
and the IK solver.

6 Generating the footstep location

In this section, we describe how our system calculates the
location of the character’s feet based on the given original
motion data and the normalized pendulum motion. The foot-
step location generator, the third sub-system of our method,
determines where each foot should be located when the char-
acter moves along the normalized route. Our system defines
the footstep location for the left and right foot independently
using the same algorithm.

Before calculating the footstep location, it is necessary to
detect whether each foot is contacting the ground or not at
each frame of the original motion data. To detect the contact

state, we employed the contact state detection method sug-
gested in an earlier work [26]. The basic idea of this method
is that a foot is contacting the ground when it maintains its
position lower than a threshold and its velocity close to zero
for several frames. In our method, we call the duration while
the foot is touching the ground the “support phase” and the
duration while the foot is moving in the air the “swinging
phase.” After tuning the threshold parameters carefully, the
detectionmethod works well in our experiments, except for a
fewmissing footsteps. These missing footsteps can make the
resulting motion appear as though the foot is slightly slip-
ping for a moment, but it rarely affects the motion sorting
accuracy.

To calculate the footstep location based on the normalized
pendulum motion and the contact state of the two feet from
the original data, we employed a footstep planning method
described in a previous work [22]. As we modified the pre-
vious method for our method only slightly, we describe the
overall process briefly while focusing on the differences.

We first encode the captured feet trajectories relative to
the original pendulum motion. For this purpose, we define
a trajectory of the reference coordinate frame for each foot,
and the actual trajectory of the foot is encoded locally to
the trajectory of the reference coordinate frame. The local
feet coordinates are later decoded on top of the normalized
pendulum trajectory for motion normalization.

The trajectory of the reference coordinate frame is
obtained using only a pendulum trajectory and a sequence
of contact states of a foot as follows. During the support
phase, the reference coordinate frame maintains its position
at its desired location. During the swing phase, the coordi-
nate frame follows an arc at ground level between the foot’s
positions at the previous support moment and the next sup-
portmoment. For notational simplicity, we define an operator
denoted as {a, k}, where 0 ≤ a ≤ 1 is the support phase
and k denotes the foot the system is working on, left or
right. This operator converts a phase into a frame number,
as {a, k} = fk + a(lk − fk), where fk and lk are, respec-
tively, the first frame and the last frame of the current support
phase a. Then, the normalized coordinate for the desired
position of the support foot at phase a, L{a,k} is defined as

L{a,k} = shear(xpend{0.5,k},q
pend
{0.5,k}), where x

pend
{0.5,k} is the pendu-

lum’s position and qpend{0.5,k} is the pendulum’s leaning angle
at the middle frame of the current support phase {0.5, k}. In
addition, shear(·) denotes a transformationmatrix that shears
the vertical axis y to the pendulum axis, which is defined
according to qpend{0.5,k}. The position of the coordinate frame

is set to xpend{0.5,k} during the support phase with the pendulum
configuration at {0.5, k}.

In the swinging phases, the position of the foot is
encoded using a coordinate frame that interpolates the
nearby coordinate frames of the support phases. During
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each swinging phase, the foot swings in the air, drawing
an arc that approximates the pendulum’s curved trajectory.
The normalized coordinate for the desired position of the
swinging foot at phase s, L{s,k} is defined as L{s,k} =
shear(arc(s, xpend{−0.5,k}, x

pend
{1.5,k}), slerp(s,qpend{−0.5,k},q

pend
{1.5,k})),

where xpend{−0.5,k} and x
pend
{1.5,k} are, respectively, the pendulum’s

positions at the middle frame of the previous support phase
and at the middle frame of the next support phase. The radius
of the arc is determined by least-square fitting of the arc to the
pendulum COM trajectory projected onto the ground (refer
to [35] for more details).

The footstep location generator determines how two feet
of the character would move along the normalized trajec-
tory. The output—the normalized footstep location—is sent
to the IK solver and is used to rebuild the normalized full-
body motion from the normalized pendulum motion and
the original full-body motion. We employed the analytic IK
solver suggested in earlier research [25]. The final normal-
ized motion data can be used for motion clustering in place
of the original motion data to improve the accuracy ofmotion
clustering.

7 Motion clustering

Todemonstrate the effectiveness of our normalizationmethod
in clustering, we designed our test cases as follows. We used
two motion-capture datasets. The first dataset, termed the
locomotion dataset, was sampled at a rate of 30 Hz. It is
a 5-min-long sequence of motion segments which describe
a human’s basic locomotion. The other dataset, termed the
kickboxing dataset, was sampled at a rate of 60 Hz. It is a
15-min-long sequence of motion segments which describe
Muay Thai motions.

7.1 Preparing ground truth data

These twomotion-capture datasetswere precisely segmented
based on the local minima of the center of the mass height
profile in advance. The segmentswere classified byfirst using
semi-automatic classifiers in [21,23], and then by manu-
ally fixing incorrect segmentations or labels. The locomotion
dataset was classified into eight clusters that define eight dif-
ferent types of locomotion as summarized in Table 1. The
kickboxing segments were grouped into 73 clusters using a
multi-aspect classification scheme.We defined seven aspects
which were moving, jumping, left-kicking, right-kicking,
left-punching, right-punching and reacting. Also, for each
aspect, we defined several categories which describe the
characteristics of each motion according to the aspect. For
example, for both the left- and right-kicking aspects, we
defined up, down, and others classes. Also, for both the left-

Table 1 Eight different types of locomotion and the names of each type
for clustering locomotion dataset

Type name Motion type

LDR Walking, starting with the left foot

RDF Walking, starting with the right foot

FLF Running, starting with the left foot

FRF Running, starting with the right foot

LDRF Transition from walk to run, leaping with the left foot

RDLF Transition from walk to run, leaping with the right
foot

FRDL Transition from run to walk, landing with the left foot

FLDR Transition from run to walk, landing with the right
foot

and right-punching aspects, we defined forward, backward,
and others classes. A cluster is defined by a combination of
the classes of all the aspects. For example, a motion segment
that contains no specific movement is classified as others
with respect to all aspects. Also, there can be a segment
which shows both right-kick-up and left-punch-fwd at the
same time. As this dataset was previously used in [21], the
reader can refer to this work to see the defined motion types
of Muay Thai motion in more detail. Preparing the ground
truth data took more than 10 h even for an experienced user,
because the user had to look through the entire motion using
multiple passes to ensure satisfactory results.

7.2 Clustering algorithms

After creating the ground truth data, we normalized the two
datasets with our method and then segmenting the datasets
into many short motion segments using the same segmen-
tation time instances with the one used for the ground truth
result to make the comparison fair. Several existing auto-
matic segmentation algorithms such as the one in [2,21] can
be used instead. After the segmentation process, we extract
a feature vector for each motion segment using a method
similar to that in [21]. For every motion segment, ten poses
are sampled at equally spaced time instances, including the
start and end timing of the motion segment, and each pose
is represented as a tuple of joint positions. A feature vector
is obtained by concatenating all the joint positions at all the
time instances. To represent the feature vector in a coordi-
nate invariant manner, the joint positions are represented in a
local coordinate frame defined by the forward-facing direc-
tion of the character projected to the ground and the vertical
axis (y axis). The extracted feature vectors are used to run
the clustering algorithms.

We ran several conventional clustering algorithms using
the original and normalized motion segments as inputs. Four
conventional clustering algorithms were adopted: a k-mean
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clustering, a Gaussian mixture model (GMM) clustering,
and agglomerative clustering algorithmswith amean-linkage
(Agglo1) and a max-linkage (Agglo2). K-mean and GMM
clustering algorithms have random characteristics; hence, we
performed 20 trials of clustering with these two algorithms
and averaged all of the clustering accuracies of the trials. In
addition, for the GMM clustering algorithm, we used diag-
onal or tied covariance matrices, as the feature space has
high-dimensional spaces and there are too few segments in

Fig. 6 Comparison of the measured clustering accuracy using the
original and normalized locomotion datasets using four conventional
clustering algorithms

some clusters. Finally, we evaluated the accuracy of each
clustering result by comparing it with the ground truth result.

We measured the clustering accuracy of the two kinds of
original and normalized datasets using the four aforemen-
tioned conventional clustering algorithms and the results are
summarized in Figs. 6 and 7. To measure the accuracy, we
used the ground truth data. Specifically, a cluster is labeled as
the most common motion type of the segments in the cluster.
Then, the accuracy is calculated by counting the number of
motion segments, of which themotion typematches the label
of its cluster and divided this number by the total number of
segments. Figure 6 shows the accuracy using the locomotion
dataset, and Fig. 7 shows the accuracy using the kickboxing
dataset. The solid lines in the graphs represent the clustering
accuracy using the normalized datasets, and the dotted lines
represent the accuracy using the original datasets. Figures 8
and 9 show confusion matrices obtained by clustering with
the Agglo2 clustering algorithm. We calculated the cluster-
ing accuracy by dividing the sum of the diagonal elements
of the matrix, which is equal to the number of correctly clus-
tered segments, by the total number of clustered segments.
Our test was performed with a PC equipped with an Intel i5
processor with 8GB of memory.

Fig. 7 Comparison of the
measured accuracy levels when
clustering the original and
normalized kickboxing datasets
using four conventional
clustering algorithms. a When
clustering the left-punching
motion segments and b when
clustering the left-kicking
motion segments

Fig. 8 Confusion matrices
obtained by clustering the
original (a) and the normalized
(b) locomotion dataset into four
clusters using Agglo2
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Fig. 9 Confusion matrices
obtained by clustering the
original (a) and the normalized
(b) left-kicking motion
segments in the kick-boxing
dataset into ten clusters using
Agglo2

Fig. 10 Scatter plot graphs of
the original (a) and the
normalized (b) motion segments
in the locomotion dataset

7.3 Locomotion dataset

In Fig. 6, all clustering accuracy levels on the normalized
dataset consistently remain higher than 97 % regardless of
the number of cluster changes. Also, the figure shows that
the accuracy levels when clustering the original and the nor-
malized datasets have a general tendency to increase as the
number of clusters increases.

Note that the number of clusters of the ground truth result
is eight, which is equal to the number of predefined motion
types. Thus, if we use fewer number of clusters than eight,
more than two different types need to be grouped into one
cluster. Therefore, it is impossible to achieve 100% accuracy
when the number of clusters is lower than the number of pre-
defined motion types. In contrast, theoretically the accuracy
becomes close to 100 % as the number of clusters increases,
which is why the measure accuracy levels generally increase
as the number of clusters increases. Our normalizing method
achieves much higher accuracy compared to the original
dataset, especially when the number of clusters is low. This
implies that users can browse the motion segments by types
more easily, because small number of clusters can be used
for most practical purposes.

Figure 8 shows 8 × 8 confusion matrices obtained by
clustering the original (Fig. 8a) and the normalized (Fig. 8b)
locomotion dataset into four clusters. We clustered motion
segments into four clusters because it was enough to sepa-
rate all thewalking segments from the running segments. The
figure shows 100 % clustering accuracy for walking and run-
ning motion segments, and 97.8 % accuracy when transition
segments were included. In other words, transition segments
(LDRF, RDLF, FLDR, RFDL) were incorrectly clustered
into either walking or running clusters (LDR, RDL, FLF,
FRF). Not only Agglo2, but also other clustering algorithms
showed similarly high degrees of accuracy when normalized
datasets were used.

To describe why normalized motion leads to better clus-
tering accuracy, we employed scatter plot graphs. To create
the graph, we initially chose the two basis vectors for the
feature space which have the largest degrees of variation
and set those two vectors as two-dimensional principal axes
using the principal component analysis (PCA). Then,we pro-
jected the feature vectors onto the 2D space spanned by
the two principal axes for plotting. Thus, the scatter plot
graphs approximately indicate the distance between seg-
ments, which strongly affect the clustering result. Figure 10
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shows scatter plot graphs of the original (a) and the normal-
ized (b) motion segments in the locomotion dataset, where
each color in the plots represents a motion type. In case of the
original dataset, green and bright green plots are widely scat-
tered and overlapped with other motion types in the graph,
and thus undistinguishable motion types can arise during the
clustering process. However, in the normalized dataset, all
of the plots in the graph are sectioned by color and the over-
lapped area is clearly reduced.

7.4 Kickboxing dataset

In Fig. 7, the measured accuracy levels of the kickboxing
dataset do not show such a high and increasing tendency
akin to that shown in Fig. 6. Figure 7a shows the clustering
accuracy measured using the left-punch aspect, and Fig. 7b
shows the clustering accuracy measured using the left-kick
aspect. In Fig. 7a, the accuracy levels of when clustering
the normalized dataset with k-mean, GMM, and Agglo2 are
higher than when clustering the original dataset, but they do
not maintain a consistently high degree as the number of
clusters increases.

Figure 9 shows 3 × 3 confusion matrices obtained by
clustering the original (9a) and the normalized (9b) motion
segments in the kickboxing dataset into ten clusters. In
both figures, horizontal axes indicate ground truth cluster-
ing result, and vertical axes indicate actual clustering results.
As shown in Fig. 9b, all segments including right kicks,
moves, reacts and punches are labeled as others under the
lkick aspect, and thus the number of segments labeled oth-
ers dominates the number of segments labeled up or down.
Therefore, to calculate a meaningful level of clustering accu-
racy, we measured the clustering accuracy using only the
left-punch segments and left-kicking segments in Fig. 9b. In
other words, we computed the clustering accuracy using the
upper-left 2 × 2 sub-block matrix of the confusion matrix.
As shown in Fig. 7, our normalization method is effective
for the kickboxing dataset, especially when the number of
clusters is low (20).

8 Conclusion

We present a novel physics-based normalization method to
improve the accuracy of various clustering methods. Our
method uses an inverted pendulum on a cart model as a gen-
erative model for the normalization process, and it works for
any footstep-driven motion as long as the contact state of the
two feet is known. Our method complements existing con-
ventional clustering methods by increasing the accuracy in
most test cases, especially when the number of clusters is
small.

We found that there are a few limitations of our method.
Our normalization method dramatically improved the clus-
tering accuracy when the locomotion dataset was used as
input, but there was less of an increase in the accuracy when
unique motions were included in the input, such as kicking
and/or punching. We believe that this is related to the lim-
ited expression capability of the inverted pendulum model.
For example, our method may not work well for motions
involvingmany contacts, such as rolling on the ground. Also,
diving, cartwheel motions, and broad jumping motions are
not well represented by the pendulum model.

In the future, we would like to improve our method by
incorporating more generalized physical models with more
degrees of freedom. In this way, a wider range of variations
that is within the expression capability of the physical model
could be normalized. However, questions of which variables
in the motion data need to be preserved during normalization
andwhich variables need to be normalizedwould require fur-
ther study. Other applications such as physics-based motion
segmentation, annotation and retrieval would also be inter-
esting future works.
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