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Abstract: Human motion analysis and assessment are important in determiningdeak disease and stroke, or in measuring skill
quality in basic motions. Reduced space is useful in representing mogoreses and finding basic behavioral patterns for humanoid
robot control using the modularized approach. In the current pagerepresent motion-captured data of human action in a reduced
space of nonlinear degrees of freedom in which the original motion imctaized. First, we represent high-dimensional data, such as
motion sequence of the position of joints in Cartesian space, in a reduaeel sping the locality preserving projection (LPP) method.
Second, we find a similarity measure between the actions. Finally, wesdsgaan motions using a similarity measure to find the most
similar one. The LPP is a linear dimensionality reduction algorithm that buildahgor neighborhood information and maps data
points to a reduced space. The reason for using LPP in our study isithdefined globally, and any new data element can be mapped
in the reduced space. Our method includes the generation of symbogcseoggience corresponding to complex, high-dimensional
motion. Interdisciplinary synergy combined with information technology wearable sensor systems can broaden the possible future
applications in rehabilitation engineering.

Keywords. Motion Analysis, Locality Preserving Projection (LPP), Motion Capture PRtmension Reduction

1 Introduction find the weights and firing timings of extracted synergies,

] ) ) . ~ decomposing basic  motions. Low-dimensional
Dimension reduction creates a meaningful representatioRmpeddings were used to represent muscle activations
within low-dimensional space for high'dimensional data, and motion primitives from e|ectr0myographic Signa's’
such as large pixel data of an image scene or the humaghich were recorded by upper limb motiofi|[ He and
bodys joint data for a specific tas&][2]. Local metric  Njyogi introduced a new linear dimensionality reduction
information and optimization technique can determine thealgorithm called LPP, which has a transformation matrix
underlying manifold of a data set. The intrinsic dimension that maps data points into a subspa8f The LPP has
of a data set is obtained by empirical deduction or byseveral interesting features, such as locality presemvati
maximum likelihood estimation. Sanger studied humanyth objective functions to find linear approximation
arm movements and found that low dimensionality might ather than nonlinear manifold similar to Locally Linear
be an efficient way to describe a large class of armgmpedding. Moreover, input space is globally defined,
movements 3|. Allen defined a low-dimensional and LPP can locate new data in the reduced dimension.
subspace called eigengrasps to approximate the hangtatistically, LPP is linear mapping that preserves the
motion required for a given grasping task and designedstructure of the underlying distribution best in thé
control algorithms to operate in the reduced dimensionsense, Human motions are sets of time-trajectories for
[4]. Explicit representations for dynamic shape manifold hody joints. The complexity of spatiotemporal motion
were studied on moving humans to recognize actiongrajectories makes using dimensional reduction methods
using low-dimensional embedding by locality preserving necessary for further analysis and assessment of the
projections (LPP) §]. Mao proposed the concept of ynderlying information. Human motion assessment in
kinematic synergies to address the dimensionalitygait rehabilitation can be found in literatur@][ The

reduction problem for hand movement control andrepresentation of movement primitives for the joint
coordination §]. Optimization technique was applied to
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trajectories was conducted via a principal component and we want to find a transformation matvk ¢ R"<'
analysis of motion captured data. The method isconnecting the data points to a new set of points in the
computationally efficient by representing an arbitrary reduced dimension< n, where

motion as a linearly combined basis functiods3][ To

derive sets of human motion primitive as atomic-level and yi = WTx 2
meta-level behavior primitives, a spatio-temporal irgiin
dimension reduction technique was applied using . . : : .
manually segmented human motion capture das. [ aE|ge_nmap @1' First, using e-ne|ghbo_rhood in_the
The extraction of trajectories through sensor systems haEUCI'dean distance sense knearest neighborhood, we

been well studied by a number of researchers. Howeverconstruct the adjacency gra_lph. In this graph, ”“'!‘m‘i
re connected by an edgexifandx; are close neighbors.

investigations and further anal n th mring : : :
estigations and further analyses on the comparison o econd, we determine sparse symmeirix m weight

given trajectories are rar& (). In the field of surveillance : . . . .
systems, research has focused mainly on the classificatiof 21X S W.'th N representing the vye|ght connecting
of motion trajectories generally represented in nodes_l andj. The I.<ernel of radial basis function can be
two-dimensional (2D) 11]. Using the obtained used InS as follows:

trajectories, path modeling can recognize activity or I 12

detect anomaly. Numerous methods can measure Sj=e ¢ 3)
similarity between trajectories in low-dimensional space .
The simplest method is to use the Euclidean distance whe_re o Is a constant. We then compute the
between two trajectories having the same length. Othepgnerallzed eigenvector p“’b'?m to determine the
advanced measures for trajectory distance include Spatiglgenvectors and eigenvalues using

similarity by Hausdorff distancelp], fitting by Hidden
Markov Model (HMM), and the degree of alignment XLXTw =AXDXTw )
between two trajectory sequences by Longest Common where D is a diagonal matrix with elements in
Subsequence distance or Dynamic Time Warping. Manycolumn-wise (or row-wise) sums &, i.e.,Dj; = YiSi-
algorithms on analyzing trajectories on the 2D or The Laplacian matrix is defined ds = D —S . The
three-dimensional plane have been reported. The currerfymbolX is a matrix thej-th column of which ij . The
paper uses low-dimensional  embeddings  of column vectorswg, w1, ---,w,_1 are the solutions of Eq.
high-dimensional human motions to obtain meaningful(4) ordered as corresponding eigenvalues in a
comparisons between two time trajectories of the motionnon-decreasing manner, which can be denoted as
to be assessed. The approach focuses on thg < )\g < A; < --- < A_; . The cost function to be
representation and abstraction of highly complex jointminimized for the solution is the same as the following
motions in the reduced space using motion capture datgorm with similarity matrix:

by CMU Graphics Lab Motion Capture Databade3][

This paper is organized as follows. One of useful Z(yi—YJ)ZSj (5)
nonlinear dimension reduction algorithm, LPP, will be 5

described in the next section. Using the low-dimensional . . .
mapping, we describe the symbolization process to 1heSj is used to preserve locality, which attempts to
represent the original high-dimensional data as aSNSure that if two points are in one neighborhood, then the

sequence of symbols. The experimental results on th&€Sulting points in the reduced dimension are also close.
comparison of human actions in daily life will be given in | N€ OPtimization of the EqS) can be rewritten as

the following section with discussions on the popular 1 1

trajectory analysis methods. We finally conclude our EZ(yi—yj)zsij :EZ(WTXi—WTXJ‘)ZSj,

works with further research directions. 1] 1]

The LPP is a linear approximation of the Laplacian

which is solved by standard graph theory to find the
. . . eigenvectors by imposing a constraint, likeDy = 1.
2 Low Dimensional Representation and The LPP is derived by preserving local information
Abstraction and is thus less sensitive to noises like outliers. LPP also
has more discriminating ability than the conventional
. . . Principal Component Analysis since it maintains the
2.1 Dimension Reduction by LPP embedded structure of training samples unlike the PCA.

The generic problem of low-dimensional embedding is as

follows. Assume a data set of m-elements exists in2 2 Apstraction by Symbolization
n-dimensional space, which can be written as

Let the high-dimensional trajectory data be represented
X1,X2,- -+, Xm € R" Q) on ther-dimensional space. We rewrite the vector-valued
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sequence at instark as the combined sequence by a
weighted Euclidean norm as

yie=[ya(k) y2(k) -+ yr(K)]T (6)

00
K) = +/yTA 7
Vres(K) = /Y AV @ 10 11 10]01 11 01 00 10 10 11

whereA € R"™" is a diagonal matrix whose elements
are the weights for each axis of representation. The
weights are determined by the user. The magnitude of the B 101110 100111 110100 001010
combined signalyres(k) at a specific instantk is ®) 111001 011101 010010 101011
partitioned intopg(k)-regions. Each region is assigned a
value between zero anpp(k) — 1. If we use theg-step

._.._.
o =
1
s e B —_
[ ]
®
[ ]
[ ]
[ ]
[ ]
[ ]

template, we have partitions in a time order as (©) 46 57 39 29 52 18 10 43
po(K), p1(K),- - -, Pq-1(K). The total number of symbolN :
IS o Fig. 1: Process of symbolization: the horizontal axis is related to
N = DX Dr X - X . g . ®) time; the vertical axis is the value of data points marked as black
=Poxp1 Pg-1= ill Pi dots. (A) Partition of data points into four possible codes for each

time instant. (B) Usind-step template (e.g., 3 step, in this case),
We can make the sequence of symbols on the combinegords are formed by moving the template along the time axis. (C)
signal, i.e., Eq. ), using the partition template, i.e., Eq. The decimal codes are generated as the final sequence of symbols
(8). Fig. 1 shows a brief illustration of the symbolization for the given series.
procedure.

2.3 The Sze of Reduced Dimension motion data using a self-organizing map (SOM) called a
Motion Map [15]. Li presented an efficient motion data
The question on the size of dimension is a fundamentaindexing and retrieval method based on SOM and the
one and it plays an important role on the accuracy andSmith-Waterman string similarity metricl§]. Motion
robustness of the result. The dimension of the reducediata were obtained from the mocap database by CMU.
space is a key parameter determined by the user or by alhe categories are human interaction, interaction with
estimator. If the dimension is smaller than the intrinsic environment, locomotion, physical activity and sports,
one, some important information or features can besituation and scenarios, and test motions. The physical
missed. Otherwise, a too large dimension produces activities and sports category includes motions from
noise-laden output. No explicit agreement exists tobasketball, dance, gymnastics, acrobatics, martial arts,
determine the intrinsic dimension. Bickel proposed a newracquet sports, soccer, boxing, golf, Frisbee, and general
method to estimate the intrinsic dimension of a data seexercise and stretching.
using the principle of maximum likelihood estimation The upper body arm motions, including those of the
(MLE) on the distances between close neighbd.[In shoulder, elbow, and wrist joints, are characterized by
the current paper, MLE-based determination of intrinsicseyen degrees of freedom (DOF). Using the kinematic
dimension was used before the dimension reduction wage|ation of the body structure, the arm posture can also be
conducted by LPP. The basic idea to find the size Ofrepresented using positions for each joint. MLE
low-dimensional space is to treat the observations of &stimation of the intrinsic dimension for the upper body
fixed point as a homogeneous Poisson process in a smadrm produces two or three dimensions of the arm postures
sphere. The MLE-based algorithm requires also thefrom the CMU database. As shown in FR).the physical
choice of the number of neighbors in the calculation. Thejntuition on the intrinsic dimensions is that arm posture
negative bias problem also can be considered as a minor §an  be characterized by folding/stretching and
the intrinsic dimension of the real data is small. lowering/holding up. To obtain the linear transformation
matrix of Eq. @), the motion capture data by subject no. 2
in the CMU database were used. The data consist of 10

3 Experiments motion clips for various expressions and human behaviors
like walking, running, jogging, punching, bending, liftin
3.1 Representation of Activity in Daily Life washing, and the combination of similar activities.

Fig. 3 shows the result of mapping eight sample upper
Motion capture data has played a significant role inarm motions projected on the reduced dimension. The
character animation in the multimedia industry. Kanekomotion sequence of drinking water is mapped as a
proposed an image-based user interface for retrievindrajectory consisting of elements coinciding with the
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Fig. 3: Typical results of the mapping sample motion sequences
5 0 5 10

: on the reduced dimension. The eight motions plotted are
X x 107 chopping wood, swimming, digging, hand shaking, playing
drums, drinking water, weight lifting, and rowing.

s " Table 1. Similarity analysis between the sample motion
sequences on the reduced dimension. Eight motions are denoted
0 e by alphabet characters as A (chopping wood), B (swimming),

N AT s S C (digging), D (hand shaking), E (playing drums), F (drinking

- e water), G (weight lifting), and H (rowing)1[3]. Values are in
percent (%).
A B C D E F G H
- 63.7 | 66.5| 31.6 | 79.4 | 64.4| 67.6 | 76.2

0.01

%10 “001 0005 0 0.005 63.7 - 86.2 | 58.1| 60.0| 74.4 | 66.4 | 73.2
. . 66.5| 86.2 | - 4551 61.8| 71.7 | 66.4 | 75.4
Fig. 22 Upper arm motion is represented on the reduced 316 581 455 - 33116371 5911 507
dimension of two. The intrinsic dimension was determined by 7941 600 61.8 | 331 590 8111 83.6

MLE, and the dimension reduction technique used was LPP. Th
dots represent the corresponding arm posture drawn in lines.

P

I O Mmoo o0 m>

64.4 | 744 | 71.7 | 63.7 | 59.0 - 64.4 | 72.8
67.6 | 66.4| 66.4 | 59.1 | 81.1| 64.4 - 88.2
76.2 | 73.2| 754 | 50.7 | 83.6 | 72.8 | 88.2 -

- .. similarity index is as follows:
training data. However, the sequence of a swimming

stroke is represented as a trajectory with a few new 5 [ha(i) — he(i)]
elements not used in the training process of obtaining the S=1- m 9
transformation matrix. That is, new posture can be oA B

mapped onto a point, which is an interpolated onewhereh,, hg are histograms of the abstracted sequence A
between the postures close to it. and B, respectively. Tabld shows the result of the

similarity analysis between two of the eight motions.
These trajectories on the reduced dimension

characterize specific activities. Further analysis on the
trajectory will provide useful information on the activity 3 2 Discussion
and the characteristic properties, such as the similarity

between two limbs, can be assessed. Trajectories ifg analyze a time series trajectory represented on the

high-dimensional ~ space mapped on the  reducedeqyced dimension, we assume the following notation:
dimension of the intrinsic DOF can be classified and

recognized  efficiently  through  abstraction and Ta: {(Yai,t1), (Yaz,t2), -+, (Yan,tn) } (10)
representation. A similarity check was conducted for each

pair of activity motion by applying histogram analysis on where N is the duration of trajectory. A number of
the abstracted trajectory, which is a coded sequence. Thmeasures can compare two trajectories. The simplest
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L-norm distance between two trajectori€sandTy, is trajectories. The motion capture database of human action
1 N was used to illustrate the technique. High-dimensional
Di(Ta, Tp) = — d}- (11) data are not appropriate for trajectory analysis; thus, the
N =1 dimension reduction approach was adopted to obtain
) 1L tractable simplified data while preserving important
dt — (yai (i) —y -(i)}L features of the original data. Among the dimension
J i; al o] reduction algorithms, the locality preserving projection

. . method was used because of its linearity and interpolation
whereys;(i) is thei-th component of the vector; . Eq.  property on the reduced space. The motions of human
(11) is the average distance between the twoactivities are represented in the intrinsic dimension epac
corresponding points on the trajectories. Distancegng are characterized by the sequence of symbols. The
measureD; is limited to the equal duration trajectories. comparison of trajectories requires a technique imitating
The spatial similarity between two trajectories can bepymans intuitive reasoning. Previous methods suffer from
obtained by the Hausdorff distance. constraints or limitations on the duration, ambiguity in

D2(Ta, o) = max{D3(Ta, Tv), D3(Th, Ta) } (12) direction, or outliers, whereas our method is based on the
D _ ; B spatiotemporal features of the trajectory; therefore it is
3(A,B) = maxmin|la—b|| ; ; : ' , ;
acA beB easily applied to compare trajectories with different
Hausdorff distanc®, cannot distinguish the direction 1e€ngths. The proposed method can also be used for
of the trajectories and suffers from peak noise data. Usingnotion retrieval system in computer graphics.
a probabilistic model, a trajectory expressed as E6) ( The control of robot system with redundant degree of
can be projected into parametric space, which is a set off€édom can utilize the method of low-dimensional

HMM parameters. Thus, the shortcomings of metrics suctembedding to find feasible solutions in complex
as Eq. (1) or (12) can be overcomelf. environment. Human arm has an extra degree of freedom

to follow the given trajectory in three-dimensional space

D4(Ta, To) = |L(Ta,Aa) + L(Tp, Ap) — L(Ta, Ap) — L(Tp, Aa)| without colliding with obstacles. An investigation on the

(13) property and the generalization of the method to various
whereL (T, A;) is the likelihood of the trajectory; to the ~ human motions will be pursued. The application to the
HMM model Aj. The modelA; is fitted to the given intelligent control algorithm in the humanoid robot
trajectory T; by defining the structure of topology, the system is another area of interest. We focus on the
number of states, and the probability model using a prioriassessment and evaluation of control performance for the
knowledge. These numerous free parameters makenovement evolution during the rehabilitation training
applying the HMM difficult in the analysis. using the proposed method of representing complex and

The objectives of comparing the trajectories arehigh dimensional data.

mainly within the following categories: (1) classification
(2) recognition, and (3) assessment. We focused on the
assessment of trajectory by comparing similarity with Acknowledgement
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