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ABSTRACT
Providing better representation methods for motion capture
data can lead to improved performance in terms of classiﬁcation, recognition, synthesis and dimensionality reduction. In
this paper, we propose a novel representation method inspired
by algebraic and spectral graph theoretic concepts. Our proposed method represents motion data in a space constructed
with bases for skeleton-like graphs. We introduce two criteria and as well as its inﬂuences on the generated bases. With
experiments on CMU MoCap database, we will also discuss
how this method may act as a good preprocessing tool in order
to enhance the further analysis steps on MoCap data.

into consideration. We focus on a new representation for
motion data that leads to an interpretation of observed characteristics, such as rigidity and coordination of the body parts
within captured motions. It is also worth mentioning that the
set of features proposed possesses a skeleton-like structure
that can help understanding motions as well.

1.1. Related work

MoCap data can be used to construct a PCA space in some
applications such as motion synthesis [5][6][7]. However, in
these cases, the construction of PCA space does not take into
Index Terms— Human motion, motion capture, graphaccount the nature of human motion or the natural constraints
based approach, gait analysis, dimensionality reduction
induced by human skeleton [3]. Skocaj and Leonardis present
a weighted PCA scheme for cognitive vision system, wherein
different weights may be applied to the subareas of an im1. INTRODUCTION
age [8][9]. Inspired by Skocaj and Leonardis’s work, Forbes
and Fiume apply weighted PCA to motion data [3]. They
For human motion capture data, as well as for many other
use weights derived from the relative amount of body mass
real-world data, dimensionality reduction is a useful preprothat is inﬂuenced by the movement of each joint, and manipcessing tool that leads to more robust analysis. Dimensionalulate speciﬁc weights to change the properties of the resulting
ity reduction should be a transformation of high-dimensional
space. As an extension of PCA, Tournier et al. [15] proposed
data space into a lower-dimensional space constructed with
a method based on principal geodesics analysis (PGA) which
meaningful representations for the data. An ideal reduced diexploits spatial and temporal redundancy from motion data.
mensionality should be the intrinsic dimensionality of the data
Li et al. [16] models the motion data as a sparse linear combii.e., the minimum number of parameters needed for explainnation of a set of learned basis functions activated at different
ing properties of the data [1].
time. Hou et al. [17] represents the motion data as 3rd-order
Dimensionality reduction methods can be divided into
tensors which are generated by stacking mocap sequence lotwo major types, linear and non-linear. Traditionally, princically. To sum up, the feature space construction in all of the
pal component analysis (PCA) is considered to be the best,
above methods is learned from the motion data itself.
in the mean-square sense, linear dimensionality reduction
technique [2]. Dimensionality reduction with PCA and its
What we propose here is to construct the space without
variants perform well in many applications using motion
applying motion data but applying natural structure in hucapture (MoCap) data, such as motion classiﬁcation, similar
man skeleton and motions. The motion data is regarded as
motion search [3] and segmentation [4]. However, PCA does
the graph signal carried by the human skeleton (graph). This
not perform as well in some other kinds of applications, such
method constructs the reduced feature space in a completely
as synthesis of motion sequences [5].
non data-driven manner. Thus, a noisy dataset will not affect
Our proposed method is a novel linear approach to perthe construction of the reduced feature space. Its advantage
form dimensionality reduction for human MoCap datasets.
will be lower computational cost because no updates are reOur goal is to construct a transformation from high-dimensional quired when the input motion dataset changes. It is also addata space to lower-dimensional feature space. We speciﬁvantageous for analyzing the interactions between body parts
cally take the nature of human skeleton and human motion
in some speciﬁc motions.
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Fig. 1. (a) The skeletal structure used. (b) Graph construction.
Numbers are indices of vertices. A black line between s and t
means that an edge exists between the corresponding vertices.
2. PROPOSED METHOD
To state the problem mathematically, assume a given motion
sequence represented as a sequence of frames. Each frame is
represented by specifying the three-dimensional coordinates
for all the selected joints in the body. In the following sections, each frame Mi (i = 1, 2, ..., n) is represented as a 15by-3 matrix because the coordinates of 15 joints, as marked in
Fig.1, are measured and collected. Mi,j , the j th row of Mi ,
is the three-dimensional coordinates of the j th joint at that
particular time i. This is our current approach and dataset,
but this could be extended to a larger number of points, e.g.,
some not representing joints.
2.1. Graph construction and spectrum
The motion sequence described is a multi-dimensional dataset
that naturally resides on the vertices (joints) of the skeletal
structure (graph). Inspired by [10], we model the human
skeletal structure shown in Fig.1 as a ﬁxed undirected graph
G = (V, E). The vertex set is V = {v1 , v2 , ..., v15 } because
the coordinates of 15 joints are speciﬁed in each frame. As
for the set of edges, we can make various choices in order to
select an appropriate formulation for G. Here we assume that
the appropriate set of edges E has been selected. We will discuss the selection for an appropriate edge set with the criteria
stated in Section 2.2. After G is decided, the adjacency matrix A and the degree matrix D of G can be computed. The
normalized Laplacian matrix L can be computed as well with
L = I − D−1/2 AD−1/2 .
The spectral domain of graph G can be described by
its spectral basis and corresponding spectral frequencies.
The spectral basis is the eigenvectors of L denoted by U =
{uk }, k = 1, ..., 15. The spectral frequency is the eigenvalues
of L associated with U denoted by σ(G) = {λ1 , λ2 , ..., λ15 }
where 0 = λ1 ≤ λ2 ≤ ... ≤ λ15 . The eigen-pair system
{(λk , μk )} provides Fourier interpretation for graph signals
on G.

Fig. 2. Sign value of eigenvectors on the constructed graph G
: blue-square (+), red-dot (-). Top row: graph formulation as
shown in Fig.1. Bottom row: graph formulation as shown in
Fig.5(a). Notice that zero-crossings between neighboring vertices increase as the eigenvector corresponds to higher eigenvalue (frequency).
to the natural skeleton structure shown in Fig.1. The existence of edge ast between vertex s and t in G corresponds
to the connection between joint s and t in the human skeletal
structure. For instance, there is a natural connection between
left shoulder and left elbow, so that an edge exists between v4
and v5 , i.e., a45 = a54 = 1. It is worth mentioning that the
constructed graph is unweighted.
Alternatively, we can use prior knowledge about the motion of interest, we can choose the edge set according to it. For
example, bilateral symmetry is regarded to be common in normal human gait [13]. To better take advantage of this, we add
more symmetric connectivity between body parts. Speciﬁcally take walking motion as an example, given the bilateral
symmetry existing between the left and right part of the body,
we can construct the edge set as shown in Fig. 5, which makes
vertices more connected in either left or right body part.
This alternative fomulation for G can lead to change in
basis structure. It will encourage more sign changes symmetrically accross the center.It The bases also have better symmetry, which will be shown with experiments in Section3.3.
2.3. Proposed features
The spectral basis {uk }, k = 1, ..., 15 forms a basis for any
graph signal residing on G. That is, any graph signal can be
represented as a unique linear combination of {uk } as in (1).
Mi =

15


αk,i μk

where
2.2. Criteria for choices of edge set

αk,i = Mi · μk =

First, without prior knowledge about natural structures in speciﬁc motions, we can choose to connect the vertices according

(1)

k=1
15


mi,j μkj

(2)

k=1

μkj is the j th entry in μk while αk,i is a vector with length 3.
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Fig. 5. Two different constructions for G.



3. EXPERIMENTS
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Fig. 3. Energy distribution over Laplacian eigenvectors in
each motion task; walking:cross; jumping:circle.

We use Carnegie Mellon University Graphics Lab Motion
Capture Database [14] to evaluate our representation. We
choose the motions under ”Locomotion” category to use.
Speciﬁcally, we use ”walking” and ”jumping” motions to
examine our method. The following table shows the index of
motion clip and its correspondent motion task.
Walking
Jumping

&XPXODWLYHFXUYHRIH[SODLQHGHQHUJ\RIPRWLRQYHUVXVIUHTXHQFLHV

105 29
105 41

105 31
105 42

The ﬁrst experiment is applying our method to both
”walking” and ”jumping”, to see if the key information embedding under different motions can be reserved. We will
also discuss whether this method can be a good preprocessing method for the possible classiﬁcation steps going next.
The second experiment is discussing how the important step
in our method, the formulation of graph G, may change the
effective basis and interpretations for body correlation within
motions. We will see several different formulations for graph
G and examine the inﬂuence of them on the representation
basis as well as the provided interpretations.
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Fig. 4. Cumulative curve of ratio of explained energy versus
frequencies. a: with formulation in Fig.1; b: with formulation
in Fig.5(a); c: with formulation in Fig.5(b).

Therefore, (α1,i , α2,i , ..., α15,i ) can act as an unique representation for a given frame mi .
The basis vectors {uk } used here will vary with different
choices for E according to either criterion stated in Section
2.2. The sign values of the ﬁrst 4 out of totally 15 eigenvectors
are plotted in Fig. 2. The top row of eigenvectors is associated with graph constructed from natural human skeleton (as
in Fig.1) while the bottom row is associated with graph constructed with prior knowledge in bilateral symmetry in walking (as in Fig.5(a)). We can notice that, by connecting vertices and formulating graph according to prior bilateral symmetry assumption, we change the structure of eigenvectors.
For example, the 2nd eigenvector, related to the min-cut of
graph, changed to be symmetric between left and right body
rather than between upper and lower body, which can capture more bilateral symmetric movements within body during
walking. The experiments with the usage of each criterion are
presented in Sections 3.1 and 3.2, respectively.

3.1. Separation between different tasks
First we construct the graph G as shown in Fig.1. With this
construction, the corresponding Graph Fourier Transform basis is illustrated in Fig.2. In the experiment, we take 8 motion clips from CMU MoCap database, 4 with walking tasks
and another 4 with jumping tasks as indexed in table above.
Within each task, we project each frame Mi onto the basis
{uk }, k = 1, ..., 15 with (1). The projection on each out of
the 15 eigenvectors results in a vector with dimension three.
We take the length square of these projections and measure
the ability of each eigenvector to explain the original motion
data.
The results in Fig.3 shows that all the walking tasks
are separated quite well from all the jumping tasks. It also
worth mentioning that the two different motions can be well
separated by only the ﬁrst several eigenvectors such as the
2nd , 3rd , 4th and 5th one. Notice that as shown in Fig.2,
the 2nd eigenvector can reﬂect the correlation between upper and lower body while the 3rd and 4th eigenvector can
reﬂect the symmetry or bilateral symmetry embedded under
human motions. Take the walking tasks for example. Work in
the literature has shown that natural human walking motion
possesses bilateral symmetry [11][12] while jumping motion
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Fig. 6. Energy distribution over each Laplacian eigenvector
within each motion task with graph formulation as Fig.5(a)

Fig. 7. Energy distribution over each Laplacian eigenvector
within each motion task with graph formulation as Fig.5(b)

does not. This fact corresponds to the results shown in Fig.3
which indicate that walking motions have a larger component
projected on the 3rd and 4th eigenvectors. The method shows
to be able to preserve and reveal the coordination mechanism
underlying natural human motions. At the same time, this
representation method acts as a preprocessing step for further
dimensionality reduction and plausible classifying needs.
Fig.4 shows that almost 90% energy in movements can be
captured by the several low-frequency eigenvectors.

as follows:

3.2. Inﬂuences from various choices of G
In the second experiment, we examine the inﬂuence to the
results from using alternative formulations for G. Follow by
the same experiment as in Section 3.1, we use two alternative
formulations for G as shown in Fig.5. We add more extra
edges symmetrically to both body sides.
Let us take a look at the results of cumulative curve of
explained movement energy versus graph spectrum in Fig.4.
With the same graph signals, i.e. motion data, the result with
graph formulation c contains more components in higher
frequencies. This makes sense because this formulation
(Fig.5(b)) adds more connections within the same side of
the body, between upper and lower limbs. Since these in a
natural walking motion, tend to move oppositely, this leads
to a larger component in higher frequency when representing
motion data in a space constructed by formulation c. Fig.6
and Fig.7 also show that,with modiﬁcation on graph structure,
we can rearrange the distribution of energy over eigenvectors
in a way better for the following analysis steps. For example,
we make energy concentrated more in the 4th eigenvector in
Fig.7 than in Fig.6.
3.3. Comparison with PCA
In order to compare the degree of symmetry within the generated bases between our approach and PCA, we deﬁne a metric
symm to measure the level of symmetry in the basis vectors,

symm =


(i,j)∈pair of
symmetric nodes



 (V (i) − V̄ )(V (j) − V̄ ) 




V ar(V )

(3)

where V is the basis vector. The maximal value of metric
symm would be 6 because there are 6 pairs of symmetric vertices in our setting.
The mean of symm from all 15 basis vectors generated
with our approach with graph formulated respectively as
Fig.1, Fig.5(a) and Fig.5(b) are 5.3236, 5.5245 and 5.4215,
which reveals a highly symmetric bases generated with our
approach. The mean of symm from all basis vectors generated with PCA approach in the use of motion data ”105 29”
from CMU MoCap database is 3.8622, 3.9818 and 4.1016,
corresponding to 3 dimensions in movements respectively.
The results show that our approach can generate a more
symmetric basis to represent MoCap data when taking into
account the nature in human motion.
4. CONCLUSIONS
In this paper, we propose a novel representation for motion
capture data. We apply graph theory and treat the motion data
as graph signals resided on the graph we construct. The basis we use here is the set of Laplacian eigenvectors which can
preserve and reveal the embedding structure in natural human
motions. The preprocessing for the motion data can lead to
a better input for the following processing steps such as dimensionality reduction and classiﬁcation. Furthermore, we
can modify our graph formulation in order to improve the interpretation of the basis in terms of motion and also enhance
performance in the following analysis steps.
This novel representation may be applicable to many scenarios in human motion and gait analysis. It can act as a
good preprocessing tool for the following analysis steps. It
can also help researchers in bio-kinesiology to explore and
demonstrate the embedding structure under speciﬁc motions.
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