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Abstract

This research project is concerned with the
analysis and re-use of 3D human performance motion
data. We will use the vision-based motion capture
system we developed in the previous NSC research

project to collect human motion data. An input
motion stream consists of a sequence of frames. Each
motion data represents a sequence of 3D stick figure
in various body postures. We need to decompose the
whole sequence into several motion subsequences
called motion segments. In order to derive these
segments from the input stream we shall further break
the whole body into four substructures (i.e. left/right
arms and left/right legs.) and then consider the
motion sequence of each individual substructure. In
this way, we can reduce the motion space dimension
significantly. We apply some segmentation technique
to separate the entire motion sequence into several
motion segments. To discover the motion primitives
in the motion segments, we will propose to use both
dimension reduction technique and multi-resolution
analysis to facilitate the task. After the motion
primitives are extracted, we will model each motion
primitive as a linear dynamic system (LDS) to get the
meaningful motion parameters. This motion
parameter set of the LDS model for the motion
primitive will serves as a generic procedure or
module for the latter reuse purpose. We proceed to
coordinate all substructures in a coordinated and
synchronized manner to derive the whole-body action
units. We can pursuit to the next higher level units of
temporal organization of a number of action units
called behavior units. Up to this stage, we have
analyzed the motion stream and come up with some
sort of motion descriptions or annotations for the
further use in animation creation.

Keywords: Motion Segmentation, Stick Figure,
Dimension Reduction, Motion Similarity, Motion
Primitive, Action and Behavior Discovery, Motion

Constraints
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3.2 Motion Segmentation
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o WRE- BT e aX+bY+cZ+d=0 > & {7
D=Y"lax(t)+by(t)+cz(t)+d| ]

CERRESN A - SER A U T Sl T
FEH- BT e EH o FP E P Greedy
Approach i pF B dih £ A& (time resolution) ik f 7
B e d ek Bl AT g P R A T G Ed
RB ) WIHT T g R RET- BEFE
KOVRPEY S SN FALG - TG w AR
NRFEFE S BB IFRE

b BZRE BIS BTG H TR Smooth
Transition 7> # Frame~ %] & & ¥4 k|5 4 - >
HELB Db - TG R A € ) 3N PR T
K EARAR S B ITH A TREL @
Hder P - BEHBLG P R EF|HIEFL - BPF
Fig iz b - BEHT G R 3 FFEPF
1 gEFPE Aot - k> TS REEHEF
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Plane Segmentation Algorithm

Input: a set of points § = [Pl»Pz,Psa---L and distance
threshold d,

Output: a segmented sets of
points S, =[p,, p,...., 2,15,
Method:

= [pz,+1’pz,+2 ""]’ et

1. Form the initial planes £ =[E,E,,...,E, ]

(1)  For the input set S, assume that the first m
points to form a initial plane EI'.

And initiate S, = {p,, p,,...P,} -
(2)  Checkifapoint p, e {p, .., Ppirr}
belongs to E]',
ie., if d(p“El') <d,thenadd p to Sl' R
and refit £, with SI' )
Until d(p,, El') > d,, - Let this point be P,
(3)  Then remove the last k points,

S, = S; _{pt,—k o Pua
, and refit E = EI' with S,
(4)  For the remaining points of the input set

S=5-5,,

repeat part (1)~(3) to obtain E,,..., E .

n

2. Refine F =] E,E,,..E,] toremove outlier points.

(1) Choose | outlier points whose distances E,

are above the threshold. i=1~n.
(2) By removing them, refine E, with the

remaining points.

3.2.1.2 Plane Merge
J~éﬁﬁviﬁ;€;ﬂasb #ex oG gz B
gt = fAE RIS i & 4r ¢ A7
= 5 BTG (over-segmentat1on) o F]pL o5 2 iR
FEHE AT G R THR A A A2 R Rl R
b m(merge) BNEE D GuEh TG o
(IR TR el I o) L - SN N g
ot dr Rk T M AT FY B - BT T
BEETEEORN T B EI PR R
Z i L(degenerate)f' S o X FAABN cniE R
7 R P ARER B S BB T G Bl ]
&@rqé\ifg’*wrmwm—é&b PR
- Tm o ”‘r'lﬁ‘a‘.)ifwﬂ—\g LIz fo —5{%@,
RIS R AR § R 2 e iE
EYV AT I TR BAROT G EE L - B
oo FE AT

Plane Merge Algorithm
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Input: A series of segmented sets of points
815855y €2D, each one with sorted
eigenvalues 1, 1,,A,,and A, > 4, > A,. Anda

threshold of eigenvalue, ¢, .

Output: A merged sets of points §,S,,....,S, ,m <k
Method:
i=j
L. Initial i points to 5 (i =1).
2.

For the set s; and § ;1 » Merge them, and

recalculate its dimension.
ie.,
<i> Find out the eigenvalues Ay Ay Ao

<ii> Normalize Ais s Ay such that

D, }= AD1s Dasees Py it}



A A

A=14,=220,=22
? 1 ’ /11

<iii> Compare if A <e,-
1 If A <ey,s then the dimension of the merged

set is 2.
j setto j+1, and repeat part 2..
(2)  Else, the dimension of the merged set is 3.
then split s and § ;. » Merge the sets
5, ~5, into the larger one.

€y S, =188, )

isettoj+1, ] set to i, m set to m+1, and repeat
part 2..
Until S, =5,-

322 T FH VY mﬁfn‘_)i@k 7 &
B FPEFEHFOT G 2 (8 ’”T}” 1 % 3DOF

SR s H - (T G i e B) k4
s ¥43%#E hendd & B F % quaternion i B E B K
o F A b EREF DER(TEFET DL
)’ )I‘DF’”%E**&’“%%&& Fo it B R £ i

Ay —h

%
o

1245 [19][20][21] » # *# 12 * 2nd-order AR
(Auto-Regression) Model % #7 it & & e i+ » 1}%
d R S HcAE I kiR 7B T 2] o AR
model £_* %y it - mFALY o H LR A () &
Lown PR AR B x(r—1),x(t = 2),-- F AR B - fA P f
#-73] (Dynamic Model) » = Ff AR HA| 7 % 57 %
x()=cx(t - +c,x(t=2)+e(t) > = 7~ i
o4 X(t):{xﬂ—lq Xk

x(t)

N g U A

‘__ »b AR -f“"“']'l«'?_‘?_'

X(t)=A-X(t-1)+B-e(t)> B ¥ vA{O 1}
® % A o7 RA av;#a;,]vi;jcgc,B{O} ok 4

TR ¢ S S8 0 o & zero mean f1F B2
o
PLEREE L B R () ALt

f; g}'ﬁ?‘l;"i’ £ 5 E’-ﬁrﬁg ;{“ i‘- }i s R x(t):|:esholuder(t):| o
He/bow(t)

3.2.2.1 AR Model Segmentation
- BAERAER Y M S LR RZE
T e R R e st - R fﬁﬁﬁit’ :
H AR 03] ¢ BB A i A R o S
EER BB IEFARE fEL AL T
VLR E ATERSE IR o et — ko B 12 2] p

\'\

WS R SR A R PR £ RS
BB A F A RIZIRES U] o etk
B AL > ¥ Mg * recursive system estimation 7 2
% ffz[22]

FI* W) * & on SBAEL g D Sl
A A % it % State Space Model ¥ % 51 40

A(t"rl):A(f)'f‘W(t) (31)
X ()= At)- Xt -1)+E(®)

BB P ERE X),k=1~t B IR E
X()y=A-X(k=1),k=1~¢ L > 7 035 0 $dkc

B A1)
V(A@) =X, BUR|X (k)= A@)- X (k-1
A0.8) = 11 2, Aisa constant (32)

HE.DN e A L ikcs > TILER G E o

e 4 (r)

\\\?{r

A= SEOXKR=D-X"(k=1)" Y, FRXE=1)-X" (1)

(3.3)
P N et A B
d(n)= v d(f) Rt ) F opr e AR R

EBARRE L AN KRR o dopt
- Ko FUB-g(r) ¥ % B+ £ (local maxima)
¥ ede (v ehir BB o B 2 B AT

AR Model Segmentation Algorithm

Step 1. ey~ ERTA X (@), =1~n ¥
low pass filter 3 #4323 > I g3 T35
B BY@),t=1~n

Step 2. BERFHYOE > 258G D)7 B
FREL A T3 B ARTRAF L L B
B D(t) = A(t)- At -1)

Step 3. B 53Ry
norm(z) = || D(¢))| = HIZI(Z) —At-
i#42 4] * MSE (mean square error) k
3+ & matrix norm *
A:(a ),,,xn H ;]Z; i

Step 4. #-d(r) * »~ 1D RLS

Step 5. € _Step.d ¥ ek & > B B AP dhk
B R A7 BB

Step 6. #err Bl AR e R B AR B

& (Dynamic Model Fitting) > & €_#-4]
FE TR ERRI DT REL
AZiE A FEPF o w F] Step.5 0 #Ht
PEREAT R AR

g b T m 27 AR Model #4 B8 0 S i iF

I - & 7| ehds i 5 B (motion segment) » @ & — &
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3.3 Motion Primitive Discovery

Motion Segmentation % = 15 » L #4978 B 3| e
B TR E LE AR - Ta b A 4
(Clustering) » I # Labeling ; @ ffr - T g } ad
£ Pl * = ¢ AR 3] # { =% & Motion
Primitives 37 2] 28 £ 3 > ¥ @ { ‘w0 Labeling o

fm &Aoo

331 £ 4:FHF T G U A

(1) #-T 5 j& World Coordinate System # 4% 3
Local Coordinate System : | * L g #-§ i¥ &

BRI A ) A B (S o o g i g R

feett World Coordinate System > izt € i =

A - fRead T FIL A H G » £ ARG

o AR A BRI

BAleE S o L fRAGER A AP R

% L % ¢ World Coordinate System # % 3%

Substructure 7 Root *: & Bk 1 Local
Coordinate System >
LShoulder 7 Local Coordinate System » 2 (]
2) -

(2) Clustering : & B T & ¥ 4 7 7 % #& i
aX +bY+cZ+d =0 N7 T 5 484
(a,b,c,d)% 5 5 — feature vector > * K-mean
clustering ;& & ;* #f* & BiF & T 5 ¢ feature

vector g™ ) & F o

3.3.2 %}%*’:‘F-— T F B B A IR A
- Tahd@dd T gREF S8

3l chds it T LR FnA BRI N R L b
FHRNAJe o 970> AP iRYE - FF AR B HTE R
SR SBT A HEIEA 4 N ke £ 2 R
Jgcens # %2 Labeling -
(1) 4 it Motion Segment 1% HcAE'E :

Yo 473 > & B motion segment F8F L ¥ — i
=g AR #3141 5
X(t)=A-X(t=1)+B-e(t)
AT AR L PR RSE RS
oo AT R EL A2
NEHBY .

W

eigenvalues * %

(2) #- Motion Segment #7 it 7= Damped Harmonic

Motion :

A AR b

A g ends (T35 5% Damped Harmonic
Motion > ¥ = F¥ AR 42 A #_f& 4% % v Gaussian
Markov = FEA2R o @ P AR K 4 1D izt ek

PLARSIEIR fé Damped Harmonic Oscillation > 7= ¥ :

x(t)=aexp cos(27z ft+o)+T

a :amplitude, p : damping _rate, f : frequency,@ : phase,T :

MBI ERESLBERTS B LGP E o
a,¢,T ¥ ¢ minimize &3 ke FRE R & FH
SRELa EE o e APA g T

B APKRAEL A P EEA B eigenvalues,

Ay, R F L 0 o PIFRIR[19] 7 & ¢
ot
N
1
=——argl,
In =528,
2_ {6 3+ 5& 1B Motion Segment > i ¥ {F 3|3
pefe-

(3) Clustering & Labeling :
4 * K-Means algorithm & % Clustering e #_
b e ’ﬁs?l » % & 1§ Motion Segment #7 & & ¢ 2
fo % 7 3 > LT P s B
B fi B fol.i=l.n.. cCluster = &5 » #-5
- B Label > % b Label & 4 —

Primitive

i# Motion

3.4 Body Action Unit / Behavior Unit Discovery
3.4.1 3% > £ |4 ¢ Motion Primitive # Labeling
3.3 &4 |« Labeling * 2 - N 44 H - %
& (Substructure) eh#+ ¥ 2 i Motion Primitive &
Labeling - @ 2 # #rF & eh&_> £ 4 (Body Unit)jrh
Motion Primitive &7 Label ¥+ /& o 2 P 3% 11 &9 2 4
-
(1) #w % &7 Motion Primitive *7 % & 2.
Label 14 % 3% & (03 enpr F > (2 45 b
LR anRf R 5] 4o(B S) -
(2) #-pFRF BhET TE B Bk o
SRR
(3) tk- | EEFERL > Fr ik
EABR BRSNS - R Go(R 52
Left Hand(2), Right Hand(5), Left Leg(5),
Right Leg(2)) » B #-:% pF B BLARL 5 —
Body Action Unit #h% & pFRF -
(4) #-— Body Action Unit i& BB B 4% ¥ 53
B2RPEFB > #3740 Body Action
Unit 0B 45 P X € % - Body Action

A 4| S

7 Primitive



Unit % & p5RF o
(5) WI|IHTF FAHIBRILR A o
2150 PV AT IE 17 20 Body Action Units
. Label ¥t -

Left Hand

. 3 5
Left Leg 9 ‘° 5

\-¥ Body Action Uuitu——//
(B 5) = %2 Motion Primitives % P& P& B B 1% #7
2 W7

342 THIBERE

TR S g5 1 deie 8D R e AL A B
,fﬁd T AR H
(motion primitives) en¥ ¥ 27 1) > L f (T H

77 segment {fr cluster >

i

~vm!

7 (body action unit)fé > %% & Jf it T

ARG AFRETE o d BREA D MEF L

Fienis § o 45 0 T

frame #c) > & [§ A $tw %
S

<ok

Afpxr- FRAEE:

iE# B < 1F sampling -

By L *5*%355”? Bos AP o R
E o kA2 NS EEBERES 7 (multiple feature

streams) » 14 } i e body action unit % &) > T Bl &

i gt R AT

|| 2| ﬁ)(x
\\_/ L I
Right Hand /3“ 1 | T
N | S I N I B
e || ></:\ T | s )
k M~ —_— ~
Right Leg / /4—_\\ | ) I
P

w W

3 3 0
5 5 5
3 3 0

©
[CER-NVNCY
[SRRV VAR

4 4 2

(R 6) # 'FE TR PR ER T LW

> EFER H AT dhmultiple feature streams ¢
;‘;.
Left Hand 3 3 3 0 0 2 2
Right Hand 3 5 5 5 5 5 5
Left Leg 9 3 3 0 0 5 5
Right Leg 4 4 4 2 2 2 2

ARG BT K hE S e e A 45 R 15 4

343 2 L v H Reh ) BEBRREAFIFELS

e RREL dﬁtrwa—tﬁ\p A ch > L E s H
AR PR ER N T R
ik A A TH s ko H PN F
EFARE PRER(FILEE A et > 3 chpE
B e d ks (TR R g0k 5 A ) @ il P
Fr H BRI R Ao S Ra AR R
- R ARSI NP R ARG T R
Al oA 2 P AEPE T HMM 3 £ 425 TS
AR A F T A S g ks g
B BRGS0 s B E A
:k:!’_o

344 £ 43 HMM 4 &

£ 5 ¥ % 27| (Hidden Markov Model, HMM)
i— BE¥AERAPFR R 7

A[23][24] - P AFET ~ E B F o~ S Hayr
éé%éi PRI ch2i R A[24][25][26] 5 @ fds iF
AT A F F AR £ Kié T [27][28]
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(3) HMM with Multiple Feature Streams
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3.5 Motion Editing

P N EE2 2 PR ITE BT R
#-ig 1t L #307) 4 motion representation parameters
fie & retargeting % cloning % & * W ig &> M I{ A
A AT e - 2 i R £FF Y 03D
Motion Animation # #8 (4w MAYA) » (% F pF ~ x
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FEZ AP mE k> P g (TH Ak
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4. FH%R*

PaEkiFER&HKY LAV REF X EHIT
Az a3 Mo ¢ 298 92 > T
HTAzl g s R PR R A F
- fEE TR o R Rk ok AP s (T
e B Ed A RA kA E - B
FRBENFEFL G oo (B 6)~(B 13)5 #73 #
(EnEARR > (£ DR Afcp 54 o

(% 1) & ad (vdg 3 etk Al P
b i LA 1 & e p
e 43

§ Az I 43

BT 40
BT A 40
B 41
=lE-3 66
R 42
R 50
e 365

S gE s FE A B BB AR EA

etk A (18 * w3 primitives 4 Hfcs W 5 Left

Hand: 10> Right Hand : 10 > Left leg - 7 > Right Leg :
2tk H)

(% 2) #iF- 15V 5 BERE

9,9,3,0,0,
4,4,4,2,2,
3,3,3,0,0,
3,5,5,5,5,
9,9,4,3,0,
4,3,4,2,2,
4,4,4,3,0,
6,1,5,5,5,
9,9,9,9,3,
4,3,3,5,4,
1,1,1,4,4,
4,6,6,6,6,
9,9,9,3,0,
4,4,4,3,0,
1,4,4,3,0,
4,6,6,5,5,

7| % 5] 71 £

5,2
2,2
2,2
55
0,5
3,2
2,2
55
3,0,5,5,1
2,2,2,5,2
3,0,0,2,2
5,5,5,5,5
5,1
5,2
2,2
55

Samplel

Sample2

Sample3

Sample4




(% 3) & iz

353;”5 ’?g.ﬁ.i ¥
B 7] 4

S RHRRE A

Samplel

1,5,0,3,9,9
2,5,0,3,3,9
2,2,0,3,3,3
5,5,5,5,5,3

Sample2

5,0,3,3,9,9,9,9
2,2,3,3,9,9,9,9
2,2,0,3,4,1,1,1
5,5,5,2,6,6,6,6

Sample3

1,5,0,0,3,3,9,9,9,9,9
2,5,0,0,3,3,4,4,4,4,1
2,2,0,0,3,3,4,4,1,4,1
5,5,5,3,6,2,2,4,4,4,4

Sample4

5,0,3,3,9,9
2,0,5,9,7,6
2,0,3,4,1,1
5,5,5,6,2,6

(% 4) $oir=:

BT SRR A 7] 72

Samplel

9,9,9,7,7
1,9,9,3,7
1,1,4,3,0
6,4,6,2,2

Sample2

9,9,9,9,9,7,7
9,9,3,9,3,2,7
1,1,4,3,3,0,2
6,3,6,5,2,2,2

Sample3

9,9,9,3,3,3,3,7
8,4,9,3,3,0,3,1
1,1,4,4,3,0,0,0
6,4,5,6,2,2,1,1

Sample4

9,9,9,7,7,7
9,1,4,7,3,7
1,1,4,3,3,0
6,4,4,5,2,2

(% S)fs e

DHET AL 5 LR R 7L )7

Samplel

7,7,9,9,9,9
6,3,9,5,1,5
0,3,4,4,1,1
2,1,1,4,1,6

Sample2

7,7,7,3,9,9,9
6,7,7,3,9,1,5
2,0,0,3,4,4,1
2,2,1,1,2,6,1

Sample3

7,7,7,9,9,9,9
7,7,3,9,9,1,5
0,3,4,4,4,1,1
1,1,1,1,4,4,6

Sample4

7,3,3,3,3,9,9
6,3,3,7,9, 1,1
3,3,3,4,4,1,1

11

1,1,4,5,4,1,1

(% 6) # 1%

\4.\

LR RS XN S TR

Samplel

9,9,9,9,4,4,9,9,9,9,9
7,9,9,0,4,4,9,5,9,1,2
1,1,4,3,0,2,0,3,4,1, 1
5,6,3,0,0,0,0,5,5,1,6

Sample2

9,9,4,4,4,9,9,9
9,4,4,4,3,9,9,1
1,4,3,0,2,0,3,1
1,3,5,0,0,0,5,3

Sample3

9,9,9,9,4,4,4,4,8,8,8
4,9,1,1,3,4,5,4,8,8,1
4,1,1,4,3,0,2,0,4,4,4
4,4,1,1,5,5,0,5,1,2,1

Sample4

9,9,9,4,4,3,4,4,9,8,8,9
8,9,4,4,4,3,4,4,2,8,8,2
1,1,4,3,2,2,2,0,3,4,1,4
4,3,3,5,0,0,0,5,2,2,4,2

(% 7) #+1F

sl

NE B EBRRER qja’x;n]%]zt

Samplel

8,8,6,6,8,8,8
7,8,3,3,8,8,8
1,4,3,4,4,4,1
1,3,3,3,3,3,1

Sample2

9,8,6,2,6,8,8,9,9
7,8,6,3,3,8,7,9,7
1,4,3,0,3,3,4,1,1
1,3,3,0,3,3,3,1,4

Sample3

8,8,6,6,2,6,6,6,8
7,8,6,5,2,6,7,9,7
1,1,1,4,3,3,4,1,1
1,3,3,3,0,3,3,4, 1

Sample4

9,9,9,8,6,2,2,6,8,8,8,8,8,8,8
9,7,9,3,6,2,2,6,8,9,8,7,8,8,7
1,1,4,4,3,0,0,0,3,4,4,1,1,1, 1
6,1,3,3,3,0,3,3,3,3,2,2,4,3,6

E DR BB A

Jl‘?GIJIJJJ%\»

Samplel

8,8,8,6,2,6,6,8
8,7,3,6,2,3,7,8
1,1,3,3,3,4,4,1
2,1,3,3,3,3,4, 1

Sample2

8,3,3,8,6,6,8,8,8,8,8
6,3,3,3,3,7,8,8,8,9,6
1,4,4,0,0,3,3,3,4,4,1
6,2,3,3,3,3,3,2,1,6,1

Sample3

8,8,8,3,8,6,6,8,06,6,8
8,7,7,3,8,6,6,9,8,7,8
4,1,1,1,4,3,4,4,4,1,1
2,6,1,6,3,3,4,4,4,1,2

Sample4

8,8,8,8999,9,88,6,8,8,8,8,8,8,8, 8,
8
8,7,6,899,9,5,8,8,6,7,8,8,7,8,8,7,8,
8
1,1,4,3,3,3,3,3,3,3,0,0,3,4,3,3,4, 1, 1,
1
6,4,2,3,2,3,5,2,1,2,2,2,2,5,5,2,2,4,2,




(% 9) #iv A SRR R 07 4

9,9,9,9,9,9,8,4,6,8,8,9,9,9,9,9,9
1,9,4,9,9,9,8,4,6,8,0,9,9,4,9,7,9
1,1,4,4,3,0,2,2,2,2,0,0,3,4,1,1, 1
6,1,3,3,5,52,2,2,2,2,2,2,3,3,1,6

Samplel

9,9,9,4,6,8,9,9
4,9,9,2,6,7,9,1
1,4,0,2,2,0,4,1
6,3,5,2,2,2,3,6

Sample2

9,9,9,8,6,6,8,9,9,9
9,1,9,8,2,2,8,4,9,1
1,1,3,0,2,2,0,4,1, 1
6,1,3,5,5,2,2,3,3,6

Sample3

9,9,9,8,8,6,6,8,8,9,9
9,7,7,8,8,2,6,5,8,9,1
1,1,3,0,2,2,0,0,4,1,1
6,1,3,5,2,2,2,5,3,3,6

Sample4

PP AR % TH ;u/,,\%ig,:p

Hem Ren b HFHBRER A HEHE NPT
i S (TH LA HHEP —r»,uzﬁmﬁﬂt %

T i
J?‘FE'
= il

¥ 2 e HMM/MFS» 5 7 & B2 2% i o020 S e )
FER G RS TE A(THZ A
T’F_Ef;u;;j, w4 ), Apr L 1hd Vg4 oL
e FE ) R R T - ma i
I G LT Rk FE A T AT .
P
1 2 3 4 5 6 7 8 9
>15)
NI I I O N -0 I~ T IR I T2
] 2N B BN B T -G Y
p & < %
= £y £
AL 2 | ER | R || T | R | R | | R | R e
gl G I I L R B B "
Al & & @
i =) &y )

BEFOAPLHEPRE - BROITE gy
I AP R ITE AR A D EARRE
B 2| SE 45 40 B~ A2 5 RRFe
synthetic data °

BT kR g4

e kg

1 ¢ synthetic data 1 5 FEas

12

k B REGT R S
HP 4R F iy s 2
(1) woeds (TH = & wens 2P

. synthetic F§ L PF iR BB 7 [p che s iTH &
HEP > G FED EH D
BERER|ENe? R NE LA 4 A 3%
PSP ERPEY B Y AR ERHE AL
# P T Al e HMMs/MFS o
&6 § < e HMM/MFS e300 5 L

H ,é‘bﬁvﬁig?]» L T FEE o

sl

& E -
#p

RO S R f
A4 I HMMs/MFES » 2 A ul g * 7 e &

B T % A 4 3 ¢ HMMs/MFS » i

2)

o
74

(R4

P ounlplEFE R L L LS RRFEIR
TS RO BT
Ao uAES BRI TS AL Sk
* T L o L e synthetic data ¢ g (FH &
TR A SR T S PR D S e
TEAT o (R FFORHAAL EDRFTFEP
AELSE V10 205 T e HEFEHE BT
FERATIEZ BB L AFEE S o & W 5 80.6187.3
93.08%)
FghrETIIRE Ry
E 10% 20 %
% LeftHand : 5 Right Hand : 5 79.41% 84.33% 87.33%
%‘E LeftLeg :3  RightLeg : 3
=
é_/g LeftHand : 7 Right Hand : 7 80.61% 87.39% 90.475%
LeftLeg: 5 RightLeg: 5
H Left Hand : 10 Right Hand : 10 79.22% 85.36% 93.08%
LeftLeg 17  RightLeg: 7
Left Hand * 15 Right Hand : 15 76.89% 83.79% 90.71%
LeftLeg: 10 Right Leg : 10
5. %%
APEERD - B AR ELT LI T BT

PR B (Mo-Cap) i il e A R T30 A L T
BFAF 5w sehfk & 8+ 17 B A (Motion Primitive) » @
woskids (TH LG V- LG 2 v
“(Body Action Unit / Behavior Unit) v ipid T H
S S s o R R e
B .
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