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Summary . As a relativ ely new type of multimedia, captured motion has its speci�c
properties. The data of motions has multiple attributes to capture movements of
multiple joints of a subject, and has di�eren t lengths for even similar motions.
There are no row-to-row correspondencesbetween data matrices of two motions.
To be classi�ed and recognized,multi-attribute motion data of di�eren t lengths are
reduced to feature vectors by using the properties of Singular Value Decomposition
(SVD) of motion data in this Chapter. Di�eren t feature selection approaches are
explored, and by applying Support Vector Machines (SVM) to the feature vectors,
we can e�cien tly classify and recognize real world multi-attribute motion data.
With our datasets of hundreds of 3D motions with di�eren t lengths and variations,
classi�cation by SVM is compared with classi�cation by related similarit y measures,
in terms of accuracy and CPU time.

7.1 Introduction

Captured motion stream is a relatively new type of multimedia, and can have
a variety of applications: gait analysis (physical medicine and rehabilitation),
virtual reality, aswell as in entertainment �elds such as animations and video
gaming industry. The motions recorded by gesture sensingdevices(such as
the data glove CyberGlove) and 3D human motion capture cameras(such
as the Vicon cameras)have multiple attributes and multiple dimensions.For
instance, a gesture sensingdevice such as CyberGlove has multiple sensors
that transmit values to indicate motions of a hand, and a motion capture
systemgeneratesmultiple degreesof freedom(DOF) data for human motions.
As a result, a multi-attribute motion yields a matrix over the motion duration,
rather than a multidimensional vector as for a time seriessequence.

Motion classi�cation identi�es a motion classto which an unknown motion
most likely belongs,and posesseveral challenges:

�

This chapter is extended from our previous work [1]
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� Each of the motion dataset has dozensof attributes rather than one at-
tribute asfor a time seriessequence.Motion data of multiple attributes are
aggregatedata, and should be consideredtogether to make the motions
meaningful.

� The matrices of motion data can be of variable lengths, even for similar
motions. Motions are carried out with di�eren t speedsat di�eren t time.
They can have di�eren t durations, and motion sampling rates may also
be di�eren t. There are no contin uousrow-to-row correspondencesbetween
data of similar motions as shown in Figure 7.1.
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Fig. 7.1. Data for two similar motions. Similar motions can have di�eren t lengths,
and di�eren t corresponding attribute pairs can have di�eren t variations at di�er-
ent time, hence there are no row-to-row correspondencesbetween data of similar
motions.

High accuracy classi�cation makes the e�ectiv e applications of new mo-
tions possible, and requires the extraction of highly representativ e feature
vectors of motions. Instead of considering motion data rows/frames for mo-
tion identi�cation, we considerthe geometricstructures of motion matrices in
a high dimensional space.If a motion frame has dimension n, then a motion
sequenceof length m can be taken to be m vectorsin an nD space.The distri-
butions of the nD vectors are explored for feature extraction in this chapter.
We obtain feature vectors for motion patterns using the Singular Vector De-
composition (SVD) properties of the motion matrices since SVD optimally
exposesthe geometric structure of a matrix. Di�eren t approaches to extract-
ing feature vectors are explored basedon how information is to be extracted
from SVD. We then classify the vectors for all the motions. The learning ma-
chines can be trained for classi�cation by using a training set of vectors each
of which has a unique classlabel. After training, the machines can determine
the class label of a new motion and thus classify the new motion during a
testing phase.
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There are many classi�cation techniques for di�eren t applications. Classi-
�cation by Support Vector Machines (SVM) has been proven to be compu-
tationally e�cien t especially when dealing with relatively large datasets [2]
and has been successfullyapplied to solve many real world problems [3{5].
This chapter explores the feasibility of SVM in motion classi�cation and ex-
periments with di�eren t criteria for class decision. Experiments with hand
gesturesand human motions achieve 95-100%classi�cation accuracy.

In comparison with classi�cation by using SVM, we also computed the
similarities of motion data in the testing datasets with motion data in the
training datasets.The similarit y measuresusedare the weighted-sum SVD [6],
Eros [7], MAS [8] and kWAS [9], similarit y measuresproposed recently for
capturing similarities of variable-length multi-attribute motion patterns.

This Chapter extendsour previous work in [1] in the following ways:

� Di�eren t feature vectors are explored. The new feature vectors try to con-
sider more information from SVD.

� SVM with probabilit y estimate is explored. This option provides the pos-
sibilit y of segmenting streamsby SVM for further work.

� Various human motions captured by infrared camerasare experimented in
addition to hand gestures.

� Comparison with new similarit y measuresis made.

The rest of the chapter is organized as follows. Section 7.2 gives a brief
review of related work. Section 7.3 contains the background knowledge of
SVM, SVD and dynamic time warping (DTW). Section 7.5 proposesa new
approach to classifyingmulti-attribute motion data using SVD and SVM, and
the classi�cation is further veri�ed by using DTW for motion directions. Sec-
tion 7.6 experimentally evaluatesthe accuracyand CPU time of our proposed
approach, followed by Section 7.7 which concludesthis chapter.

7.2 Related Work

Recognition of multi-attribute sequenceshas obtained increasing attentions
in recent years.Mostly distancemeasuresare de�ned for multi-attribute data
to re
ect the similarities of multi-attribute data. In [10], multi-attribute se-
quencesof equal lengths are considered.Scaling and shifting transformations
areconsideredwhende�ning sequencedistancesand an index structure is pro-
posedfor shift and scaletransformations. Similarit y search of multi-attribute
sequenceswith di�eren t lengths cannot be solved by the distance de�nitions
and the index as proposedin [10].

Multi-attribute sequencesarepartitioned into subsequencesin [11].Each of
the partitioned subsequencesis contained in a Minim um Bounding Rectangle
(MBR). Every MBR is indexed and stored into a database by using an R-
tree or any of its variants. Estimated MBR distancesare used to speed up
the searching of similar motions. If two sequencesare of di�eren t lengths, the
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shorter sequenceis compared with the other by sliding from the beginning
to the end of the longer sequence.When two similar sequenceswith di�eren t
durations or with local accelerationsand decelerationsare considered,other
approacheswould be needed.

Dynamic time warping (DTW) and longest common subsequence(LCSS)
are extendedfor similarit y measuresof multi-attribute data in [12]. Beforethe
exact LCSSor DTW is performed, sequencesare segmented into MBRs to be
stored in an R-tree. Based on the MBR intersections, similarit y estimates
are computed to prune irrelevant sequences.Both DTW and LCSS have a
computational complexity of O(wd(m + n)), where w is a matching window
size, d is the number of attributes, and m; n are the lengths of two data
sequences.When w is a signi�can t portion of m or n, the computation can
be even quadratic in the length of the sequences,making it non-scalableto
large databaseswith long multi-attribute sequences.It hasbeenshown in [12]
that the index performance signi�can tly degradeswhen the warping length
increases.Even for a small number of 20 MBRs per long sequence,the index
spacerequirements can be about a quarter of the dataset size.

Hidden Markov models (HMMs) have been used to addressspeech and
handwriting recognition [13,14] as well as American Sign Language (ASL)
recognition problems [15]. Di�eren t states should be speci�ed for each sign
or motion unit when HMMs are involved, the number of words in a sen-
tence is required to be known beforehand, and grammar constraints should
also be known beforehand for using HMMs. When the speci�ed states are
not followed, or motion variations are relatively large, recognition accuracy
would decreasedramatically . This is true even when legitimate or meaningful
motions are generatedfor HMM-based recognitions. This chapter addresses
the classi�cation of individual motions, no states or grammar constraints are
involved for individual motions. Thus HMMs are not suitable for our classi�-
cation purpose.

Shahabi et al. [16] applied learning techniques such as Decision Trees,
Bayesian classi�ers and Neural Networks to recognizestatic signs for a 10-
sign vocabulary, and achieved 84.66%accuracy. In [6], a weighted-sum SVD is
de�ned for measuringthe similarit y of two multi-attribute motion sequences.
The similarit y de�nition takes the minimum of two weighted sums of the
inner products of right singular vectors. Eros as proposed in [7] computes
the similarit y of two motion patterns by using angular similarities of right
singular vectors. The angular similarities are weighted by a di�eren t weights
obtained from singular valuesof all available motion patterns in the database.
The singular value weight vector is the samefor similarit y computation of all
motion patterns.

Li et al. de�ne a similarit y measurefor multi-attribute motion data in [8]
as follows.

	 (Q; P) = ju1 � v1j � (� � � � � )=(1 � � )
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where u1 and v1 are the �rst singular vectors of Q and P, respectively, � =
� =j� j, � = �= j� j, and � and � are the vectors of the singular valuesof QT Q
and P T P, respectively. Weight parameter � is to ensurethat the normalized
singular value vectors � and � and the �rst right singular vectors u1 and
v1 have similar contributions to the similarit y measureand is determined by
experiments. � can be set to 0.9 for the multi-attribute motion data. This
similarit y measurecaptures the most important information revealed by the
�rst right singular vectors and the singular values, and can be applied to
prune most of the irrelevant motion data, and inner products of equal-length
re-interpolated �rst left singular vectors have been used as the �rst attempt
to considermotions with di�eren t directions or with repetitions.

Werefer to the similarit y measureasde�ned in [8] which capturesthe main
angular similarit y of two motions as MAS hereafter. Furthermore, kWAS as
proposedin [9] considersthe angular similarities of the �rst k right singular
pairs weighted by the associated singular values.

In contrast, this chapter addressesmotion classi�cation by utilizing SVD,
SVM, and DTW. Di�eren t feature extraction approaches are explored, and
di�eren t classdecisioncriteria are experimented with motion data generated
for both hand gesturesand human motions.

7.3 Background

This sectiongivessomebackground knowledgeof singular valuedecomposition
and support vector machines for feature extraction and motion classi�cation.

7.3.1 Supp ort Vector Mac hines

Support Vector Machines are a classof learning machines that aim at �nding
optimal hyperplanes,the boundarieswith the maximal margin of separation
between every two classes,among di�eren t classesof input data or training
data in a high dimensionalfeature spaceF , and new test data can be classi�ed
using the separating hyperplanes.The optimal hyperplanes,obtained during
a training phase, make the smallest number of training errors. Figure 7.2
illustrates an optimal hyperplane for two classesof training data.

Let f x i ; yi g, i = 1; 2; : : : ; L be L training data vectors x i with classlabels
yi , and yi 2 f� 1; +1g for binary classi�cation. Given an input vector x, an
SVM constructs a classi�er of the form

g(x) = sign(
LX

i =1

� i yi K (x i ; x) + b)

where f � i g are non-negative Lagrangemultipliers each of which corresponds
to an example from the training data, b is a bias constant, and K (�; �) is a
kernelsatisfying the conditions of Mercer's theorem[4]. Frequently usedkernel
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Fig. 7.2. Optimal hyperplane illustration

functions are the polynomial kernel K (x i ; x j ) = (x i � x j + 1)d and Gaussian
Radial Basis Function (RBF) K (x i ; x j ) = e�j x i � x j j 2 =2� 2

.
The above decision function doesnot produce a probabilit y. In many ap-

plications, a posterior probabilit y, rather than an un-calibrated decisionvalue,
is neededfor capturing the classi�cation uncertainty. E�orts of mapping SVM
outputs to posterior probabilities have beenmade in [4,17]. Platt [17] usesa
sigmoid function to estimate the binary classprobabilit y which is monotonic
in g:

p(y = +1 jg) =
1

1 + exp(Ag + B)

The parametersA and B can be �tted by using maximum likelihood estima-
tion.

For multi-class classi�cation, classprobabilities can be estimated from bi-
nary classprobabilities by pairwise coupling. Wu et al. [18] proposea multi-
classprobabilit y approach which is more stable than other popular existing
methods by using the following optimization:
Optimization:

min
p

kX

i =1

X

j :j 6= i

(r ij pj � r j i pi )2

under the constraints:
kX

i =1

pi = 1; pi � 0; 8i

where r ij are the binary classprobabilit y estimatesof � ij � P (y = i jy = i or
j; x) as obtained in [17].

The above optimization problem can be solved using Gaussianelimination
after somealgebra as shown in [18]. The vectors for which � i > 0 after opti-
mization are called support vectors. Support vectors lie closestto the optimal
hyperplane. After training, only the support vectors of the training data are
usedto represent the classi�ers, and other training vectorshave no in
uences.

For multi-class classi�cation, two commonly usedmethods are one-versus-
rest and one-versus-oneapproaches.The one-versus-restmethod constructs k
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classi�ers for k classes,each of which separatesthat classfrom the rest of the
data, and a test data point will be classi�ed in the classwith the highest prob-
abilit y estimate. The one-versus-onemethod constructs a classi�er for each
pair of classes.The probabilit y of a test data vector belongs to one class is
estimated from binary classprobabilities, and the classwith the largest pos-
terior is the winning classfor the test vector: argmaxi [pi ]. The one-versus-one
method will be usedfor this work due to its simplicit y and high classi�cation
accuracy[19].

SVM basically applies to classi�cation of vectors, or uni-attribute time
seriesdata. To classify multi-attribute data, which are matrices rather than
vectors,we needto transform or reducemulti-attribute matrices into vectors.
We propose to use SVD to reduce multi-attribute motion data to feature
vectors. Before showing how to extracting feature vectors, we present a brief
introduction of SVD in the following subsection.

7.3.2 Singular Value Decomp osition

As proven in [20], for any real m � n matrix A, there exist orthogonal matrices

U = [u1; u2; : : : ; um ] 2 Rm � m ; V = [v1; v2; : : : ; vn ] 2 Rn � n

such that

A = U� V T

where � = diag(� 1; � 2; : : : ; � min( m;n ) ) 2 Rm � n , � 1 � � 2 � : : : � � min( m;n ) �
0. The � i is the i th singular value of A in non-increasingorder and the vectors
ui and vi are the i th left and right singular vectors of A for i = min(m; n),
respectively. The singular valuesof a matrix A are unique, and the singular
vectors corresponding to distinct singular valuesare uniquely determined up
to the sign [21]. Figure 7.3 shows an SVD example for a 6 � 4 matrix A.

The i th largest singular value � i of A is actually the 2-norm or Euclidean
length of the i th largest projected vector Ax which is orthogonal to all the
i � 1 larger orthogonal vectors as shown by

� i = max
U

min
x 2 U;kx k2=1

k Ax k2

where the maximum is taken over all i -dimensional subspacesU � < n [20].
Note that � 1 is the largest 2-norm of A projections onto any x directions:

� 1 = max
kx k2 =1

k Ax k2

Hencethe right singular vectors are the corresponding projection directions
of the associated singular values,and the singular valuesaccount for the Eu-
clidean lengths of di�eren t vectors projected by the row vectors in A onto
di�eren t right singular vectors.
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1.1     2.2    3.3    4.4    5.5
1.5     2.6    3.7    4.8    5.9
2.3     3.4    4.5    5.6    6.7
3.6     4.7    5.8    6.9    7.1
4.5     5.7    6.9    7.2    8.3
5.8     7.3    9.2  11.6  13.8

-0.2388   -0.5360   -0.3535    0.1605   -0.4683   -0.5345
-0.2642   -0.4301   -0.2866    0.1400   -0.0238    0.8018
-0.3151   -0.2184   -0.1529    0.0990    0.8651   -0.2673
-0.3817    0.3366   -0.4920   -0.7038   -0.0604    0.0000
-0.4386    0.5938   -0.1623    0.6450   -0.1124    0.0000
-0.6602   -0.1188    0.7079   -0.1830   -0.1244    0.0000

33.7448  0         0         0         0
0        2.3277     0         0         0
0             0    0.6587     0         0
0             0         0    0.4985     0
0             0         0         0    0.0207
0             0         0         0         0

-0.2537    0.6262    0.6581   -0.1571   -0.2928
-0.3377    0.4551   -0.1716    0.1735    0.7869
-0.4296    0.2635   -0.5715    0.3573   -0.5402
-0.5196   -0.1832   -0.2122   -0.8070    0.0146
-0.6058   -0.5457    0.4073    0.4078    0.0545

=

A =

T

Fig. 7.3. SVD of a 6 � 5 example matrix A.

When A is subtracted by the its respective column meansas for the co-
variance matrix usedfor principal component analysis (PCA), the �rst right
singular vector v1 givesthe direction along which the multi-dimensional row
vectors or points contained in A have the largest variance, and the second
right singular vector v2 is the direction with the secondlargest variance, and
so on. The singular values � i re
ect the variance along the corresponding i th

singular vectors. Figure 7.4 shows the data in an 18 � 2 matrix and its �rst
singular vector v1 and its secondsingular vector v2. Along the �rst singular
vector v1, data points have the largest variation as shown in Figure 7.4. If
A has non-zeromeans,column meanscontribute to both singular valuesand
right singular vectors.

y

x

v1

v2

Fig. 7.4. Geometric structure of a matrix exposedby its SVD

The right singular vectors of a matrix A can be proven to be actually the
corresponding eigenvectorsof M = AT A, and the singular valuesof A are the
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squareroots of the corresponding eigenvaluesof M . Hencethe computations
of right singular vectors and singular values can be done by computing the
eigenvectorsand eigenvaluesof the symmetric matrix M = AT A. For symbolic
convenience,we will use u1 and � to represent the respective �rst singular
vector and singular value vector of M = AT A, and usev1 and � to represent
those of another motion B with corresponding M 0 = B T B.

7.4 Feature Vector Extraction Based on SVD

7.4.1 SVD Prop erties of Motion Data

When two motions are similar, the row vectors in the motion matrices should
cover similar tra jectories in the n-dimensional space, hence the geometric
structures of the motion data matrices are similar. Identically , for two similar
motions, all corresponding singular vectors should be close to each other,
and the corresponding singular values should also be proportional to each
other. For realistic motions with variations, singular vectors associated with
di�eren t singular valueshave di�eren t sensitivities to the motion variations. If
a singular value is large and well separatedfrom its neighbors, the associated
singular vector would be relatively insensitive to small motion variations. On
the other hand, if a singular value is among a poorly separatedcluster, its
associated singular vector would be highly sensitive to motion variations.
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Fig. 7.5. Accumulated singular value percentages in singular value sums for two
data sources:CyberGlove data and captured human body motion data. There are 22
singular values for one CyberGlove motion, and 54 singular values for one captured
motion.

Figure 7.5 shows the accumulativ e singular valuesfor hand gesturescap-
tured by a data glove CyberGlove and human body motions captured by
multiple digital camerasas described in section 7.6. It shows that the �rst
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Fig. 7.6. First singular vectors u1 and v1 for two similar motions
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Fig. 7.7. Second singular vectors u2 and v2 for two similar motions. The large
di�erences in the second singular vectors show that second singular vectors might
not be close to each other due to the variations in the similar motions.

two singular valuesaccount for more than 95% of the sum of singular values,
while the others might be very small. If the column meansare small, the vari-
ancealong the �rst singular vector would be the largest and the �rst singular
value accounts for most of the variances.The �rst singular vectors of similar
motions would be close to each other as shown in Figure 7.6 while others
might not be closeto each other as shown in Figure 7.7. If the column means
are large, the �rst singular value would mainly account for column meansand
the associated variancemight not be the largest. In this casethe �rst singular
vector would be close to the column mean vector if the direction of largest
variance is di�eren t from the direction of the large column mean vector, and
the secondsingular vector would be close to the direction with the largest
varianceas illustrated in Figure 7.8.



Feature Selection for Motion Classi�cation 135

0 5 10 15 20 25 30 35 40 45 50 55
0

2

4

6

8

10

12

14

16
x 10

4

Number i of Right Singular Vector u
i

V
ar

ia
nc

es
 in

 D
ire

ct
io

n 
u i

1 2 3 4 5 6 7 8
0

5

10

15

x 10
4

Fig. 7.8. Variances in the directions of di�eren t singular vectors. Due to large
column means,variance in the direction of the �rst singular vector might not be the
largest.

7.4.2 Feature Vector Extraction

We can extract the feature vectors from the singular vectors and singular
valuesaccording to how they can capture the similarit y of motions. The �rst
singular vectorsare the most dominating factors contributing to the similarit y
of two motions due to their associated large singular values. Other singular
vectors are less reliable in capturing the similarities due to their associated
singular values which might be small and approach zero. Hence we can use
singular valuesas weights to re
ect the reliabilit y of the associated singular
vectors.On the other hand, sincethe singular valuesare the Euclidean lengths
or 2-normsof projections of the motion matricesA on their associated singular
vectors, they re
ect the shapes of the hyper-ellipsoids Ax with x being a
unit 2-norm vector. The hyper-ellipsoid shapes should be similar for similar
motions, hencethe normalized singular valuesshouldbe proportional. In other
words, if the normalized singular value vectors � = � =j� j is for one motion
and � = �= j� j is for another, then � should be closeto � if the two motions
are similar to each other. Two di�eren t feature vectors can thus be extracted
as follows by using only dominating information from singular vectors and
singular values.

1. The �rst singular vector u1 concatenatedby the normalized singular value
vector � , or

2. The weighted �rst singular vector w1u1 followed by the weighted second
singular vector w2u2, with wi = � i =

P n
i =1 � i .

Since the right singular vector u1 can have opposite signs, the following
stepscan be taken to obtain consistent signs for u1 of similar patterns.
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1. Generatea matrix S with rows being the �rst right singular vectors u1 of
all known patterns.

2. Subtract the elements of S by their corresponding column means, and
update S to be the resulting matrix with zero column means.

3. Compute the SVD of S and let its �rst right singular vector be s1.
4. Project the �rst right singular vector u1 of patterns (or pattern candi-

dates) onto s1 by computing u1 � s1 .
5. Negate all components of any u1 if the corresponding the inner product

u1 � s1 < 0, and let u1 be the negatedvector.

As ju1j = 1 and js1 j = 1, the inner product u1 � s1 = ju1jj s1j cos(� ) ranges
over [-1, 1], where� is the anglebetweenthe two vectors.Sincethe projections
of u1 onto s1 havethe largest variancesamongprojections on any unit vectors,
we can expect that u1 � s1 will not cluster around zero. Our experiments with
hundreds of patterns of di�eren t sourcesshow that no pattern has ju1 � s1 j <
0:3. Becausesimilar patterns should have closeprojections ju1 � s1 j, reasonable
variations in similar patterns would not result in u1 � s1 projections of opposite
signs if their u1 signs are the same. That is, only if the u1 signs of similar
motions are opposite can their u1 � s1 projections have di�eren t signs.Hence,
u1 of similar motions would have the samesign by requesting u1 � s1 > 0.

Similarly , the above steps can be repeated for u2 with all u1 replaced
by u2, resulting in consistent signs for the secondsingular vectors of similar
motions. We refer to any of the above extracted feature vectors as f if not
stated otherwise.

7.5 Classification of Feature Vectors Using SVM

After a feature vector is extracted from SVD of a motion matrix, it can be
classi�ed by SVM classi�ers. Before classi�cation, the SVM classi�ers need
to be trained in order to have support vectors and optimal hyperplanes.All
the feature vectors of training motion datasets are used as inputs to SVM
classi�ers for training. This training phasecan be done o�ine (See the top
portion of Figure 7.9). Similarly , we generatetesting datasetsand thesetesting
data can be classi�ed by the SVMs that have already beentrained o�ine with
training datasets.

Classi�cation by SVM classi�ers with decisionvaluesand by SVM classi-
�ers with probabilit y estimatesin the SVM software package[19] are done for
accuracy comparison,and the RBF kernel function is used for training. The
type of kernel utilized by the SVM is inconsequential as long as the capacity
is appropriate for the amount of training data and complexity of the classi-
�cation boundary [4]. Both the training vectors and the testing vectors have
the following format:

c 1:f 1 2:f k 2 : : : 2n:f 2n
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Fig. 7.9. Multi-attribute motion data classi�cation 
o wchart

where c is an integer label identifying the classof the training vector f , and
f i is the i th component of f .

Feature vectors for similar motions are given the sameclasslabel c, and
one-versus-onemulti-class SVM is employed for classi�cation. The classlabel
c in the testing data is used just for the purpose of obtaining classi�cation
accuracy.

For motions following similar tra jectories but in di�eren t directions, it
can be proved that the extracted feature vectorswould be similar [1]. Further
recognition of motions in di�eren t directions can be doneby applying dynamic
time warping distance to motion data projections on the associated �rst right
singular vectors as shown in [1].

7.6 Performance Evaluation

This section evaluates the extracted feature vectors by classifying them with
SVM classi�ers with both decision values and probabilit y estimates. Hand
gesturesand various danceswere generated for classi�cation. Classi�cation
accuracyand CPU time are comparedwith thoseobtained by similarit y com-
putation using the weighted-sum SVD similarit y measure [6], Eros [7], the
MAS [8] and kWAS [9].

7.6.1 Hand Gesture Data Generation

We generatedmotion data for di�eren t hand motions using a data glove Cy-
berGlove. Motions of a hand are captured by 22 sensorslocated at di�eren t
positions of the glove,and onesensorgeneratesoneangular valueat about 120
times/second.One hundred and ten di�eren t motions were carried out, and 3
similar motions were generatedfor each of them. Each motion has a di�eren t
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duration from all the others, and all the resultant motion data matrices have
di�eren t lengths ranging from about 200to about 1500rows. The data matrix
of one motion can have more than two times the length of the data matrix
of a similar motion. Each data matrix of di�eren t motions is given a unique
classlabel, and similar motions have the sameclasslabel.

7.6.2 Motion Capture Data Generation

The motion capture data come from various motions captured collectively
by using 16 Vicon camerasand the Vicon iQ Workstation software. A dancer
wearsa suit of non-re
ectiv e material and 44markersare attachedto the body
suit. After systemcalibration and subject calibration, global coordinates and
rotation anglesof 19 joints/segments can be obtained at about 120 frames
per secondfor any motion. Patterns with global 3D positional data can be
disguisedby di�eren t locations, orientations or di�eren t paths of motion ex-
ecution as illustrated in Figure 10(a). Since two patterns are similar to each
other becauseof similar relative positions of corresponding body segments at
corresponding time, and the relative positions of di�eren t segments are inde-
pendent of locations or orientations of the body, we can transform the global
position data into local position data.
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Fig. 7.10. 3D motion capture data for similar motions executed at di�eren t lo-
cations and in di�eren t orientations: (a) before transformation; (b) after trans-
formation.

The transformed local data are positions of di�eren t segments relative
to a moving coordinate system with the origin at some �xed point of the
body, for examplethe pelvis. The moving coordinate systemis not necessarily
aligned with the global system, and it can rotate with the body. So data
transformation includes both translation and rotation, and the transformed
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data would be translation and rotation invariant as shown in Figure 10(b).
The coordinates of the origin pelvis are not included, thus the transformed
matrices have 54 columns.

Sixty di�eren t motions including Taiqi, Indian dances,and westerndances
were performed for generatingmotion capture data, and each motion was re-
peated5 times, yielding 60classesof 300total human motions. Every repeated
motion has a di�eren t location and di�eren t durations, and can facedi�eren t
orientations.

7.6.3 Performance Evaluation

For hand gesturedata, we divide the motions into three datasets.Each dataset
hasdata for 110di�eren t motions, and includesdata of oneof the three similar
motions. Sequentially , we usetwo datasets for training, and the third dataset
for testing. Three test caseshave beenrun, with onedi�eren t dataset usedfor
testing in each test case.For motion capture data, �v e datasetsare obtained
by having each datasetsto include 60 di�eren t motions, onefor each class.All
the experiments were performed on a 3.0 GHz Intel processorof a Genuine
Intel Linux box, and the code was implemented in C/C++.

The performancehas beenvalidated using K -fold validation (with K = 3
for hand gesturemotions and K = 5 for the captured motions). Figure 7.11
illustrates the partitioning of the hand gesturedatasetsfor the K -fold valida-
tion (with K =3) and (a), (b) and (c) correspond to the caseswith the datasets
1, 2 and 3 being the respective testing datasets. We de�ne the accuracy as
the percentage of motions classi�ed or recognizedcorrectly.

(b)

(c)

1 2 3
Testing dataset Training dataset

(a)

1 2 3
Training dataset Testing dataset

1 2 3
Training datasetTesting datasetTraining dataset

Fig. 7.11. K -fold crossvalidation datasets for hand gesture data, where K = 3.

Figures 7.12and 7.13show that classi�ers with decisionvaluesoutperform
classi�ers with probabilit y estimates,while classi�cation of the two di�eren t
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feature vectors can give 95-100%accuracy using both classi�ers. This obser-
vation implies that although classi�ers with probabilit y estimates are more
suitable than classi�ers with decisionvaluesfor someother applications, such
asmotion stream segmentation, the accuracymight decreasedue to probabil-
it y estimation. Classi�ers with decisionvaluesare consideredbelow for further
comparisonwith similarit y measures.
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Fig. 7.12. Hand gestureclassi�cation accuracy. SVM classi�ers with decision values
and with probabilit y estimates are compared, and two di�eren t feature vectors are
also compared.
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Fig. 7.13. Motion capture pattern classi�cation accuracy.
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Figure 7.14 shows that SVM outperforms all similarit y measuresexcept
kWAS which includesmore information than the feature vectorsextracted for
classi�cation. Nevertheless,SVM classi�ers still give more than 97%accuracy.
In comparison, the two similar motions in each training class are used as
patterns for computation of similarit y with motions in the testing dataset
using similarit y measures.Motions in the testing datasetswere recognizedas
the corresponding patterns with the highest similarities.
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Fig. 7.14. Hand gesture classi�cation accuracy of di�eren t approaches when two
training patterns in each classare used for similarit y testing. k is 5 for kWAS. The
�rst singular vectors v1 followed by normalized singular value vectors � are used as
the features for SVM (v1 � ), and the concatenated �rst two singular vectors v1 and
v2 weighted by their corresponding singular value portions are used as the features
for SVM (weighted-v1v2).

Only onepattern for each di�eren t motion is usually assumedfor similarit y
computation using similarit y measures,while multiple similar motions are
assumedfor each class in the training of the SVMs. Figure 7.15 shows the
recognition accuraciesusing similarit y measureswhen only one pattern is
used for each di�eren t motion. The proposed SVM classi�cation approach
obviously outperforms all the similarit y measuresin �nding the most similar
patterns or correctly classifying new motion patterns for all testing datasets.

Similar observations can be made for motion capture data as shown in
Figures 7.16 and 7.17.

The CPU times taken by SVM classi�cation and similarit y measuresare
shown in Figure 7.18.For motion capture patterns, the proposedSVM classi-
�cation takesCPU time comparableto that neededby MAS and kWAS, and
takes lesstime than weighted-sum SVD and Eros. For CyberGlove patterns,
classi�cation by SVM takesa little more time than all the similarit y measure
approaches.We observed that after feature vectors have beenextracted, clas-
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Fig. 7.15. Hand gesture classi�cation accuracy of di�eren t approaches when only
one training pattern in each class is used for similarit y testing.
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Fig. 7.16. Motion capture pattern classi�cation accuracy of di�eren t approaches
when four training patterns in each classare used for similarit y testing.

sifying a CyberGlove pattern takes about 3.4 ms while classifying a motion
capture takes only 1.1 ms. This is true although the feature vectors of Cy-
berGlove patterns have only 44 attributes while the feature vectorsof motion
capture patterns have 108 attributes.

7.6.4 Discussion

After classi�cation, DTW distance can be used to further determine motion
directions if any class has motions following similar tra jectories in di�eren t
directions as discussedin [1]. The motions experimented with in this chap-
ter, including hand gesturesand captured human motions, were generated
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Fig. 7.17. Motion capture pattern classi�cation accuracy of di�eren t approaches
when only one training pattern in each class is used for similarit y testing.
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Fig. 7.18. Comparison of averageCPU time taken by di�eren t approaches to clas-
sifying one motion pattern.

with di�eren t durations and di�eren t motion components can have di�eren t
generation rates, showing that motions with di�eren t lengths and temporal
dis-alignments can be e�ectiv ely classi�ed.

The weighted-sum SVD similarit y measurecomputes the inner products
of all the corresponding singular vectors weighted by their singular values,
and takes the minimum of two sums of the inner products as the similarit y
measureof two matrices. Since the inner products of singular vectors can be
both positive and negative, and the weights can be the singular valuesof ei-
ther matrix, it's very likely that the weighted sum can drop or jump sharply
even if a testing matrix approximately matchessometraining motion. In con-
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trast, MAS doesnot considerall singular vectors for the similarit y de�nition.
It considersonly the dominating �rst singular vectorsand the singular values.
By generating a new vector from the normalized singular values,MAS takes
into consideration both the dominating direction and the shape of the mo-
tion data hyper-ellipsoid, while noisescausedby variations of similar motions
are reduced by not considering other singular vectors. Eros and kWAS both
consider angular similarities of corresponding singular vector pairs, yet they
di�er in weighting the angular similarities. Eros usesthe sameweight vector
for all patterns, while kWAS usessingular values of corresponding patterns
as angular similarit y weights, and the weights are di�eren t for di�eren t pat-
terns. In contrast, the feature vectors we proposed in this chapter consider
the dominating singular vectors, and similar to kWAS, the singular vectors
are weighted by their associated singular values. The feature vectors do not
consider as much information as kWAS, hence SVM classi�ers cannot out-
perform kWAS if all motion patterns are consideredfor comparison. More
singular vectors have beenexperimented for feature vector extracted, yet no
obvious performanceincreasescan be observed.

7.7 Conclusion

We have shown that by reducing multi-attribute motion data into feature
vectors by di�eren t approaches, SVM classi�ers can be used to e�cien tly
classify multi-attribute motion data. Feature vectors are closeto each other
for similar motions, and are di�eren t for di�eren t motions as shown by the
high accuraciesof SVM classi�cation wehaveachieved.RBF function hasbeen
used as the kernel function in this chapter, although other kernel functions
can also be provided to the SVMs during the training process,which selects
a small number of support vectors for the hyperplanes. The high accuracy
and low CPU testing time make SVMs a feasible technique to classify and
recognizemulti-attribute data in real time.

Using only a single motion pattern in the database to recognizesimilar
motions allows for lessvariations in similar motion as shown in Figure 7.15
and Figure 7.17.By reducingmulti-attribute motion data into feature vectors,
and using a group of feature vectors for a class, a new motion has higher
expectedprobabilit y of being recognizedby SVMs asoptimal hyperplanesare
obtained during the training phase.

Two di�eren t approaches are explored to extracting feature vectors. The
�rst approach considersthe �rst singular vectors and the normalized singular
values,while the secondapproach takesinto account the �rst two dominating
singular vectors weighted by their associated singular values. Motions are
classi�ed irrespective of their directions at �rst, and taking into consideration
the �rst left singular vectors by using DTW can further distinguish motions
following similar tra jectories in di�eren t directions [1].
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Our experiments with hand gesturesand various captured dancesfurther
show that SVM classi�ers with decision values outperform SVM classi�ers
with probabilit y estimates.We have addressedthe problem of real time recog-
nition of individual isolated motions accurately and e�cien tly . Further work
needsto bedoneto explorethe feasibilities of the two feature vector extraction
approachesfor segmenting and recognizingmotion streams.
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