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ABSTRACT

This thesis applies image processing techniques for human action recognition is
surveillance systems for accident event in habitation, or observe disable person when is slip that is
alert to the attendant. This thesis, the recognized human actions are 5 actions: standing, walking,
sitting, bending, laying. Our system using color image, depth images and motion information
from top-view camera. The strong point of top-view camera decrease complexity of human
pattern. The system is established into the following steps. Firsty, the motion object extraction for
obtain position, size, only object area. Secondly, the human structure analysis, the human
structure is created from human structure project via color UV-disparity. The feature is angle of
human structure. Finaly, the human action recognition is divided 4 group: 1.standing or walking,
2.sitting, 3.bending, 4.laying. The neural network is appied as classification method. The dataset
is 400 image that 100 image for each action. The correction rate of human action recognition is
99.3%. Our system can recognize actions accurately in real-time and support different height

camera.
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waounlugluuuamiia Tasazanainghauladie73 background subtraction 414

v A AaA o [ a 4 1 Y] ~ Y] A
UNURNIATWITNTINIUNITUATIEH Iﬂﬂﬂﬁ%iﬂmﬁ'lﬁ'luﬂlﬂﬂﬁﬂfjﬂﬁui‘ﬂﬂﬂﬁuﬂ'lﬁ“l/l (1.2)

if S, (x,y) =l and Z, (x,y) =z

otherwise

O,(x,y,z)= {1 (1.2)
0
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q
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0, (xy.z)= |Ot(x,y,2) -0, (xy,2) (1.3)
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B3I VMT A9 [ FAVDIVDYADIN Gj‘n 1<j<t clmmmmmylammu%gﬂfnumnmﬂu

a Y o 1
M o318 ldaaaunisn (1.4)

Lax if O, (x,y,z)=1

( ) ) ) 1.4)
max (O,VH x.y,z)-NHU,) otherwise
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A I J ~ 9 . @ l ] A a
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o d
1.2.2. msﬁmmﬁmnm@ﬂ (action recognition)
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ANHULAITNUNIT(2.5)

OPEN (I, T) = D(E(])) (2.5)
nnaums (2.5) 1z lanmsihlenlelsdu OPEN Aemsiiidoyanin I Aumsveo
. Y Y 1 o ) = o A 2 o

AN(Erosion) A NAI8NIT80AIN (Dilation) 1aa 1% Template FARBINUAD T FI610819013

1 Tonle1s¥u OPEN aannilsznen 2-1

000O0OO OO 0D
000O0OTOT14
000012465
001 125T%54 1
000O0O0OT12 3 1
000O0OTOT13
000O0O0OT12 3
00001223
(M) (V)
000O0O0OGOTU 0D
000O0OTOT14
000012 44
000012 44
000O0O0OT12 3
000O0OTOT1 3
000O0O0OT12 3
000O0O0OT12 3
(,)

Mwilszned 2- 10 Ared19msi Terois ¥y OPEN (n) MuAURLY (V) template
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(@) waansmailorlerssu OPEN

JorJors¥ums Close

° Y} < ° . Y} 2 A

myiuald CLOSE (I, T) t1umsnseuuy Closing Yvo4n1W I Taald Template T i
ANHULAIANNT (2.6)

CLOSE (I, T) = E(D(I)) (2.6)

Mnaums (2.6) a2 ldmshlenlessu CLOSE Aomsihdoyanin I iumsge
. . 9y Y . Y =) = I [
NN (Dilation) LAINIUAIWNITVYIYN N (Eros1on)T@1th Template YAAYINUAD T FINIDY9

M3y T1e13%1 CLOSE aanmnilsenew 2-11

000O0OOTU 0O
000O0OGOT14
000012465
001 125T%5 4 1
000O0O0OT12 3 1
000O0OTOT1 3
000O0O0OT12 3
00001223
(M) (V)
000O0OO OO 0D
000O0OTO 014
000012465
001125054
000O0O0OT12 3
000O0O0OT12 3
000O0O0OT12 3
00001722 3
(7)

Milszney 2- 11 dred1amsi Tereis¥u CLOSE (7) MWAURLTY (V) template

(@) Wadnsn13vi ooy CLOSE
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2.4. IUUIBIVDINADY (Camera model)

wuuHaesvendesiifienldiulaeia lezflunuusasandesgidy (Pin-hole
Camera Model) Iﬂﬂ“ﬂ’izﬂﬂuﬁ}wﬂﬂﬁut’fﬂm\imimﬂ O (center of projection), FTUIUTUNN
(image plane), 3ANWNA 1 3UA (3D Point) HAZIAVUILUIVTUNIN P A3nwilsznou 2-12 Tag
mstssinaiisavesgauuszuiunn P amnsasinaldnnrdnmavesammaeunde

AIFNMS (2.7) (2.8)

focal length
S

principal

image
5 pomnt

plane

o 9 <
ﬂ']Wﬂigﬂ@‘]J 2-12 HUUADNUVBINABIZLIVY

X, =f~ (2.7)

y =f- (2.8)

I Ao
108 X, v WA VOIAVUTZINUAMWILILINAY X uAZUY v, £ AD A2WEN
@ . a o Aaa I aa ]
Tne Feansodougannaglu 3 Tangnulaailu 26avuszuunin1dlmilusdnuuves

a o v d . =< a v 9 a 9 dy ]
NNALNNUT (homogeneous coordinate) mmmﬂmwﬂﬂmawammﬂmmmumzmﬂ

Y A Ao v o Y W ' Yy o o
LLﬂﬂﬂJuW']ﬂ'li‘Vlﬁg‘U‘UWﬂﬂﬂJ@QTﬁﬂﬂ']f]‘l!'l’)ﬂﬂ‘ﬂ@nﬂﬁ'E)\‘illﬂ]lll?f@ﬂ‘ﬂﬁ@\iﬂuTﬂﬂﬁﬁQﬂQﬁNﬂTﬁ (2.9)

Xeam] [I 0 0 O
[Ycam] =0 1 0 0 (2.9)
f 0 0

1 0

N =~

Jya o 9 1

e lannavesgaUuIZUILANLE D uatipeaInuAuYeIn W2 IR uunuvesing
=\ 1 v o =2 9 =) o A Y g’/
GUfNi]'GﬁJuizuT1Jﬂ1WlIﬂ’J11JLmﬂGINﬂH@QﬂTW“]Ji%ﬂ’EJ‘U 2-13 %QGI’ENMﬂTi‘]J‘i‘ULW’E)Gl,W!LﬂuVN 2

NNATINY AIFUNIT (2.10)
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(%

MW5ENaY 2- 13 ANUUANAINIZHINEWHUIAUYDINIAFAVUTLINUAUNAADUN N

Wl
x=-k x_ +x (2.10)
cam 0
x=-k x_ +x (2.11)
cam 0

Tagmvuald o =k, 1ag O(y= -ﬂ(y FaaUMI (2.10),(2.11) annsoutasiuiidaen

@

us ldasaruns (2.12)

X ., 0 X [Xcam]
1
y] - - [ 0o, v,||[ven 2.12)
L1 o o 14l
[Xcam 1 0 0 01 X,
o oY
Yoo|= [0 1 , (2.13)
L f 0O 0 1 0
1_
X X
v T
Y R -t||Y
= l ] 7 (2.14)
Z of 1
1 1

X I A ) @ Ao
Feaums (2.13)  WuaumstlFdrmsumsminauesgauuszunn Lazauns
I a o aa o o 1 an @ a [
(2.14) Lﬂuﬁi\lﬂ1§ﬂ1iw'ﬂ/‘|ﬂ@ 3 Mmmmﬂé}m Tﬂﬂﬂ'liﬂ'lﬁ“lfﬁﬂ\? 3 HAVDIIAYVINAUNUAINIT
A ~ o " Aaw A 9 A ds@’ ] Y o
WU (R) tagmsiadouivesdudanng (1) oanuadnlafdeluaniododuns lasa

ﬁ’llm‘i“ﬁ' (2.15)(2.16)(2.17)

X a0 xpl 0 0 07, . );

R -t

[y] = [0 o, y,llo 1 0 o0 [ ] 7 (2.15)
1 0 o 14k o 1 ol™0
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X Q. 0 X, X
Y
yl=lo0o o v, [RT|—t] 7 (2.16)
1 0o 0 1 |
x:K[RT|-t]X (2.17)

< A o a v . . . <
NNFUNT (2.17) K RN AFENM TR UNIUNAD (camera calibration matrix) Wuwn

a o Aa o YA [ a 14 g}z @ Y A
SNFUUIA 3x3 NUANUTUHUS laoasainumsmeineluni 4 Avesnaed lagh

(08 0 X,
K=10 (Xy Yo
0 0 1

I 1 AR A 9 @ o 4 = 4
Tﬂﬂ O(X, O(y LﬂuﬂWﬂﬂ‘WﬂNLﬂﬂ’J‘U@ﬂﬂ‘Uﬂﬂlﬁll']J@I‘U@\Hauﬁllagﬂ’ﬂﬂ’d&@ﬂﬂﬂlﬂﬁfgﬂﬂim

v 9 I o [l 4 < A o Aa Y a <
JUINN, x,, youJumgmmﬁ;ﬂg{uﬂﬂmwmmwmﬂa@ﬂmmmmuﬂuanmmw uazgﬂu

3

4 o w J . . [ [
YAAAUVDUAUAYVTIAYUDIUAUT (optical axis) NUITEHUIUTUNNW

T < a J = g ' J
[R |-t] Aumnidmesmeuoniving 3x4 Tasuiuiludiuveansnyuuas diuved
MsAoUN FalornNdasZIMAY 6 (0IFNDATZMIADUMING 3 1AZOIPNDATZNMITHYUNING
a s Y = a F) [ A a J 9 = a v R A
3) WNINFNADY 9UOIANDATLIIN 11 3ZA0AAADINUMINUNTAFNABINANIFA 12 A

Y v 9
1 1o [ (Y I a o aa
ﬂ'l‘ﬁu’ﬂgﬂ'ﬂﬁlﬂﬁ (up to scale) ﬂﬁuu@ﬁﬂﬁ]&ﬁﬁmﬁﬂﬁ 11 911U tag X Wunna 3 Ua
Y

& dy ) Y o o Y Aa =1 Y
mmﬂﬁumiummmumﬂ%ﬁm'i‘Um'iﬂiuﬂgmazuﬂﬂtymmmWmWmeJmﬂam

J v 4 s

{ a v a3 ~ S S,
ﬁlﬂﬂ%']ﬂfni misalignment 51]@\1@]'3!,“]5”!,“]563ﬂﬂﬂl‘lﬂﬂaqqmauauﬁllﬁgﬂ’nuWﬂlﬁﬂum@qg}?lﬁu&

EA A X ] A Y J 3
m“lummaummmiwammzmsﬂizﬂ@mﬁ’m éﬁammmummmwmﬁﬂummmumﬂu 3

@

A &
FUAAIY

Y
a @ a [ d o
1. anuAaiiou Sl (Radial Distortion) (NAINANUUNNT DIV A UFI 1T

[
=1

= A A ¥ A 9 o ' Y = Y 1
YANTNUNITATDUNIVINTIDINNIVINUBNIINAHUINGNADI “BQﬁTNTﬁﬂL!ﬁﬂQiﬁ@ﬂﬂlugﬂ

QU QU

AUMITAIAUNT (2.18) (2.19) (2.20)
X 4= alxdp2+a2xdp4 (2.18)

2 4
yrd: alydp +a2ydp (219)
p=+/ Xp2+tYe) (2.20)

] 9
10 x4, Yoy AvaNuHAeU TuTAlamILIAY x 1Az y
= Y a Q\{ a dy
a,,a, AoduszANTANNHALTEY

X, Y, Aofnavesganmuusznunnluiuiuny x uag y
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a 1 1 4 a d a
2.ﬂ’]13JNﬂLﬁt’JulliJﬁﬁﬂﬂut’JﬂaN (Decentering Distortion) NAMNFUINAWNNIUAULLA

4 n Y A =) [ [
youaud lilaognyaRednu aseauns (2.21)

Xgq=2b, X, Y +b,3X 2 +Y 2) (2.21)

y b (X372 )+2b,X, Y, (222)

4 A a A v J
WD X44) Yad ﬂemmwmwﬂu"lumqgmﬂﬂmﬂuumuﬂu x Uagy
A Y a a( a dy
b, ,b, AOdUITEANTANUHANEY

2.mmﬁmﬁﬂumﬂmmwuwmmuﬁ (Thin Prism Distortion) ﬁﬂﬁuﬂ13(2.23)(2.24)

2
Xpd~C1P (2.23)

Yo a=ep (2.24)

4 a g A
Lﬁ@ Xpds ¥oog ﬁ@mmmLﬁsJufn1ﬂﬂamwmmmmuaimmmﬂu X Uagy
’ A o a £ a dy
c.c, noduilszansANUAANeY

Y
v o

£ o U ~ Y A a dal Y
auumm"lﬂtjﬂizmummammunam LWE]i]gllfslmleU‘]jﬂluﬁ'lﬂ’J'liJWﬂl‘WEJ‘LHJ@\‘Iﬂa@\‘I

1A A 9 2

v °
AMTATHIUNN IMUNTANUYNABININTY

U

MsaoUiigUNAD4 (Camera Calibration)
A Ay A s Y
Tumsaeuiis@iidesmsminemsimoinielutaznisuenvyeindes NMsdol
ieuh 1a1aen15018719 Calibration Chart AanMilsznol 2-14 ilesaingadoutiiounnya
Y 9 1 v
UM Calibration Chart [328zW19NWUIAWAZIUINOUIMINUNNT YA e 1Fndoendons
v Y
AoUNeUN18N W Calibration Chart 9% 18328211952 17199AAOUTEVNWLIUBULAZIUIA
Y A I o A a J 1 1 @ é’ A = 1Ay
InaRsInT oA UNUTNAUAGUINANVDININ HATTANAULINVUILBIAAD UMV B NIAY

g Aa U J = A v a 4
TOUNNYUDN ﬁ?ﬂlﬂ@ﬁﬂ$ﬁhiﬁl1&’)ﬁ$ﬂ$‘I/]Nigﬁ’JNijlﬂﬁ@“Umt’JU‘Vlﬂchﬂélﬂimmf[u&ﬂﬁN

[
A o o

I A o 1 ' = Ao
GU’ENﬂ’]WL“]JUﬂ'WIE]ﬂgﬁl}ﬂﬂlla$u1ﬂ1§$83%105$W31Q@ﬂﬁ@ﬂlﬂﬂﬂ HWINIMUIUTINNAUDIYA
~ A ¥ =R Ao )=} A o ﬁldy I Aa o )=}
ﬁaumﬂuauqul@ G]Ni]lﬂWﬂﬂ"ll@Qﬂ@ﬁﬂﬂlﬂﬂﬂﬂﬂ’lu’)mﬂﬂutﬂuwﬂ@ﬂ1wmﬂﬁi}@ﬁﬂﬂlﬂﬂﬂﬂu

1 9 1
szuunmi ifianuAanaia Anavesgadouiieuriaiiazgnminnlivemuiamn

a o @
element YBDIUNITAFNITHIU element YD Translation Vector tazaNue NN £
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<« d0mm P qameuriiou

X- x+

180 mm

[ 2 - 4 L 2 4 L 2 * : ]

* . - . v

”'_m 'K R

nm

NNU5ENDU 2- 14 Calibration Chart

a

2.5, MIBANINGDINNISUNUAIATWIFN

aAaA

@ v Aa Y o ] Y @ 1 Y .
ﬂ'liL!EJﬂ'WIQﬁ]'lﬂL!W‘L!N\?ﬂfTW'ITI/HJQ uﬁuaagwawﬁ%mﬂﬂu YU mﬂmm Euclidean

[11][12] way V-Disparity[11][13] #%5U Euclidean 1iuilumildaulnssairavestoyalu

D

an

(% é [ o 9 a a o’dy 9 d' v 7
A3 uA m"lummmumﬂ%ﬂismawamwclu’mmuwuﬁu”l@ IHDNITNWNAANTUBIAINY

Y
Y v v A a

A Y . A o I v a aa c’dyd Y
ﬂ‘Vl]’lﬂFﬂ'lﬂﬂaﬁN kinect NaﬂﬂmglﬂuLlWUW\iﬂﬁW'ﬁﬂ muaﬂmuwu‘ﬁumau%mislf’mm V-

0)) S

. . 4 Y [ X ] I
Disparity lﬁ@ﬁ'i'l\“lﬂ'l‘Wﬂig3J1m53831/]’l\°|6]]@\1'3§51i]. Gﬁﬁllﬂ\iﬂﬂﬂlﬂu 2 UnU ﬁ@ Unu U uag unpu v

Y] A Y a A ~ 4
ﬂ\‘lﬂ'l‘Wﬂigﬂﬂll 2-15 L‘W’E]i'ﬂﬂi@'i.lﬂqu“l/lﬁ‘]/l’l\iﬂ'li!ﬂﬁﬂuﬂellﬂﬂulél'ﬂﬂ

U >

T

o
& ey 1
¥ Q\ . ;:(“: - ‘.’5 “

disparity map

v

MNWUENOU 2- 15 1N U uag V amsuaanisn

M3dszanuszarMIveINgININUAIAGWISN (UV-disparity)
. LAy A o 4 v A
V-disparity AoU9yaN1szuranamnnuHURIINILILNY Vv (1uaa9) Taeld 1 Ap

o Aa a { a I o @ o &
prudsaanIs RN lannmslszuananmamesle H Wluilanduvesanls 1paniueg1d

' 4
AuNISN (2.25) A9l

1(1p)=1p, (2.25)
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1A

= ' . . P~ A ° a AdAa A a o A
Ip, (38071 V-disparity 1agi H Apmsazauduiuaanisnnimaanisnineinun
Usingeguuznmundi i 15wAeIny U-disparity AodoyaNlszuianaianunudsaans

~ & 7o v 2 Y = o A
ANLUILNY U naz V 1lulansuved IAﬂQUUﬂzqﬂﬁﬁJﬂﬁ‘ﬂ (2.26) A9U

v(1p)=1p, (2.26)

1A o

e ' . . P~ A o a ad Aa aa A A
IAu 138071 U-disparity Tﬂﬂ‘ﬂ V ADNMTAEANINIUIUATNWITN NUAIATWITNRAYINUN

A o

] v oA : o 4 o Aa a
Usingeguuginmaedauif j Fmsldaulendu Huag v ieudasunudidanisiiag

Mwlsenow 2-16

MniseEney 2- 16 MIE3 19N UV-disparity (N) MNAURTY (V) AN V-Disparity

(A1) NN U-Disparity

2.6. Tasaneszanniien (Artificial Neural network)

] a P
Taseedseannifien  (Artificial Neural network) fe msasleneNNuAeI NN
o o J A o Y a Yo A o = [ ]
Tapsmsnuvesauouybd v ldneuiumeijinansai lunuafedny Inseiie
o 4 ] a J 1 o x
Uszamuesuyud et lineuiumeSlanmuuyudIdidly e1ueen uagdshla Feernee
1 ' . .
Fonlaiuilu “avesna” Taseadaveslasaviedszaniion UYsenoudie input units, output
. o 1 a A A A ) o < . o
units - M3HIMYesIelszaiiion Aol input 1913169 network MO input WIPUNY
weight UPIAAZU1 WaN 1A9IN input NNVIVBY neuron ILLOWITINAULA DM ARG

A o A ' <3 U
threshold Ni¥uA' 13 M uTAIMINAIN threshold 1487 neuron NILES output 000 11/ output
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Iz J @ N { A [ 1 1 I ]
invzgnalilda input Y09 neuron 91 MFouAUIY network 8171081 threshold Nz laj

1NA output AININYTETNOY 2-17

ailszneu 2- 17 Tuaavsavisdszanien

A o o { o J . o o Y Yo
LGN mﬁqﬂumimﬂu ﬁ@ﬂ’lﬁ‘ﬂi’l‘ﬂﬂ’l weight 118 threshold ﬁ’lﬂﬁ'ﬂal(’]fs!L!ﬂ'ligﬁn

a SR d VoA [ 1 [ o Y a Jd (v 1 1 ?zl/ 9
UDNADUNIAINDT G]fﬁlﬂuﬂ'l‘]/lvllllluuﬂu memmmmm114ﬂauwamaiﬂiummmuuvlﬂim

Yo Yo A Ao 9 Yo X A J . = o
ﬂﬁﬁﬁllﬂ‘ﬂhl&‘ii}ﬂ pattern maﬂamuu@mmigm H¥9L38NI1T  back propagation G]NHJ'L!

U

9 @ Yo
NIZUIUNTIBUNAUUDINIT I
v a 9w A Yt a A 7 A as A
NTAINNITLITIUNINTYU neural network LW@iWNﬂUWNﬂ@LﬁN@HNHEﬂ Ua93I5 Ao 1.
. . = = A I = A ° A Y
Supervised learning NITTYULUVVUNTTOU AO Lﬂuﬂ’li!iﬂuLlUUWNﬂWiﬁijﬂﬂW@]ﬂUlWﬂﬁlW

15905 gadoyai ldaonisasvisaziidnen inosasirginesielimasuign

U

P4
aR

A T Y 1 1 v o A I Yo A ~ @ A I
3o 1 dwev lign 2vseszlsuanneln lddaeunaau nfisuieuiuaumilowmiy
15

v A = Y o . . = = A 3
douinizeu TasliagHaounoauzii 2.Unsupervised learning M3FeULULLMIaoU Ao Tu
= =) o (=) ° ] A A ' @ Y Y o
msizeunuy lutiduuzii lulinsasiemaeungnviona 29959109299 105983 19AIEA D

Y 9 o Ay ¥ ' v 9 ¥ A o 1 A
ANANYUZVOIOYA HAANTN 1A 29asveIzEINT0IRtoya Id nfSeueunuau wu M
v A v Jdo o [ 1 9 9 =
FIEIeneE NNy Wugdainuanyazglinvesiuldieslas il lasaou
1 T a3
aolaenssuIngavie tuaily 4 111 Ao Feedforward network, Feedback network,
= a a (dy 9

Network layertta® Perceptrons @4 1uaneniinusiaulvezlogordnonssuiuy  feedforward

network
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Feedforward network

9 d' 1 1 a =~ . 1 1 d’

doyanilszuranalursesiieazgnasliufiemadiornin input nodes denonFo09
= 1 9 o 9 A Y 1 = v IN 1

IUDY output nodes Tﬂﬂ”lmmiaauﬂamawaga NIDUULA nodes °lu layer LﬂEJ’JﬂL!ﬂVliJiJmi

WounonU aanInlsznow 2-18

/ i t

Input nodes Output nodes

MWsEnou 2- 18 uaaaan11lnenssy Feedforward network
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UNN 3

MINUUVLAZNAUITZUY

'
v =

a o dy 9 7q 9 9 a A 9 as
ﬂu’Ji]EJ‘L!vlﬂﬂi%Qﬂﬁi%ﬂig1J’Juﬂ1iﬁi’mﬁ]ﬂll,a3@]ﬂ@nﬂJ’J@]ﬂ‘ﬂLﬂﬁ’E]HVI,W’Jmﬂﬂa’EN’JﬂT@

Q
¥

<3 J . A o a o a A SN Y 1 A
laning (kinect camera) tNOWAILUNATIANMITIUNNOANTTUNUFIMVOINYBE Taun N5ty
MIAU MW M3aN tazmsueu Feawnsni ligmatianmsasiedunganssuralnaves

v vy v . Y ax 3 < =
wyud 18 Tasszuvaz1ddoyanmainyudiuny (top-view) 9Inndesaalelamind  as
4 o ) v A J a 4
Uszneumedeyad anwan uazmsmaouluivesiag dmsulnszinganssuvesybd
A g9 [ an Y S J
nszuaums lagsammaaslunmiszney  3-1  Guduszuusunmialonnndod laming
o o I3 a = Y A = .
dmsulaniuoune $91/52noua180 1M 2 LU AB NINE (Color image) 91N RGB Camera 118y
Y
1 o a J 1%
ANANUAN (Depth image) 910 IR Camera 14 2 Mnazgnih I ams iz lunszuiumsana
[ ' [ ~ . 2 R AW I J
anvazauveIIngNauly (Feature extraction) Tagnmanuandaldnyuziluniwinsgana
A 1 A A 9 1 = ) P [
nimsnevauesaeudsnimsnlasunlaaiosninnmagni )1 lunszuumsasiedu
1 ' v 4
HazARAIUNIINADUNUDITAY (Motion object extraction) FudonlHinalinnsaun WA UNAS
. A a ¥ Y am I~ o =
(Background Subtraction) 1118491052 VVIZANAINGIIA To Iautindummwauu lulinig
4 [ v J a f (2 o 1 a 4
waouliy wawn lawadnsvounatamsaunmiunaz iUz uININTIZHYA
YOINGUAM (Blob Analysis) tiNoNazishmusvesusnuninmsmdouiveding dmsy
o a o J . : L]
Wl 1Flunszuoumsinszd Inseadeuypd  (Human  structure  analysis) Fautiailu 3
) Y ¢y 29 Yo o
Yuaou 1.n13n18 Iaseaiuybdalemsszyalinumsilszinassezniavedingan
UAUARIAENISN (Human structure project via color UV-Disparity) Tﬂ&i’@gﬁﬁu%%gﬂﬁmﬂ%’
I a o o 9 A 9 ’Y ax o
Ausunadimiumsaiamaion InsaasauypdaeIsMIlszinassezn1avedIngan
o Aa a A . . = v J I (% 9 4 @
UHUAIAAWISN (UV-Disparity) Fawaansozitlumsdszanadnyus Inssaiauyudniusea
< A 1 [ [ A 9 AadAa o 1 =3
ANUANAUANANNY dzuLuT Uy UKx) uag V(y) minlduaainin 2 Jansenuainauan

= v 2 o ' 9 ' D o I J =
G]Nﬁ’lll’liflll\?ll@ﬂﬂ\?ﬁﬂl&liﬂ$ﬂ’lﬂ’l\1ﬂlﬂﬂﬂ1{l&lﬁ@ LLG]Fﬂ$l|aﬂHm$LﬂUﬂ1WLLUULﬂ§‘(’Jﬁlﬂﬁcﬁ\iﬂg

o 1 1 [ o o 4 I A o 1 ) o
Fl]'llluﬂﬁ'guﬁ']\‘]’“]Gllf]\ji1\1ﬂ'lfliJHHEJﬁ]']ﬂigﬂUﬂj']iJﬁﬂ Lﬁ’ﬂlfﬂuﬂ1iLWMaﬂHm$Lﬂuﬁ1ﬂiU1%}ﬁlu

A 2

° ' ' Y =2 o 2 9 ' ° o = ]
mimuuﬂmumm"l@mﬂwumﬁwmmmmmﬂumimuuﬂ Iﬂﬂu'lﬂ'lWﬁiJ'lN'luﬂi%’U')uﬂ'li

[ J v W

= ~ A A =) Y o 1 1 1 4 A
%Uﬂﬁﬂﬂ?ﬁi}ﬂﬁuﬁl% (Color match) LW@VI%%LLMT]ﬁGlWﬂ‘Uﬁ’JuGING]"U’éNiNﬂWiJ‘L;l‘]eIEJ LSUUBDIN

9 ' 9
ndesdmsunmmanundesdrriuninanuanasegludumisiannudinalinmnaed]

[

o VoA A v K 1 = Y v Y- [ g’/ 9 Ja
Gﬂl!‘ﬁu\i‘ﬂﬂﬁ1ﬂlﬂaﬂuﬂu%dulilfﬂllﬁﬂl,l,ll‘lfl’c’fﬁl‘ﬁﬂﬂ’lﬂﬂulﬂiﬂﬂﬁid ﬂﬂuu%%@l’ﬁ]ﬁi‘]ﬂ‘ﬁﬂﬁﬁ@ﬂ

Q
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o ' =2 o

P . . A o o 1 Aa A Y
(MeUNIN (Calibration Image) tpUFVFABEFIHUINTMIAAIANTU1HATINUABUTIILIN
g [ o v J { @
AMMnIgesuuniu uarvsiwaawsmsuunan e ll1¥lunsguumsseyalvnums
@ v Aa Aa X ° 9 v A w T oA A 1
YsUILELTNVOIINYNALHURIATNIIN Faozi IHmaanTNaNYULAUNHRULINUUIN
a A g 4 a 4 o = A 1 v o 1 1
@UNAUMWNIIANAAATIENDINTEAVANNANNLANANAUN A IWTDTIUNAIUAII VO
' Yy AaA @ 1 a o Ay = a ¥ a I Y 9 9
M ladrednanu mu sy @eduas manad@ihtu dudu 2.msadlasaain
o o v Jd Y dy o A =
WYBY (Human Structure)  IA8IIHAANTNOUWINNINIIINIUIe1NaN0119ANINA 1Y
1 4 [~ =\ 1 A A 1 o w [ 1 =< 9
sMenyud Taouiuily 7 90 3 6 daufe Asue 1 diu d1aa 3 dau uazan 3 dau 399z 14
¥ o o w 1 Y Ay ¥
Taseadrauypd laglszmnadmsunmluunu Unaz v uannlassad i ldnnamniaes
' o Y A 1 J F) g).: A ~ 91
Tiansahunlfiietsweniimavesuyud lansaosnin Aourensainmluunu U ez ldis
' Yy 9 ~ 9 1 ' Yy ¥ o Y= 0
vonmn lagndes unsainmluuny v azldusuenmmaldgndes auiuveziilil
[ 1 4
Ysuzalunszuaumsae 1 3.mssaulnseadauyud (Structure of human of combination)

4 o Y 7 ¥ Yo [ a J 1 4
Lﬁ'ﬁ]Qi]’lﬂﬂ’lfl’ﬂ’lﬂ’lWTﬂﬁ\?ﬁﬁ’l\anlHfJ‘VNLLﬂ‘L! Uuae v ll’]sl,‘]fﬁ'ﬁ/ﬁllﬂ’]ﬁ')l;ﬂﬁ’]gﬂﬂ']ﬂ'mllklyﬂﬂg

=

o Y9 Y o o a I o = ' o Y 9y o
Tl'lclﬂ"]lﬁ]lla1/]1“])"&7’]1451|ﬂ’lﬁ')lﬂi’lgﬂﬂﬁnuﬂuﬂ'lﬂ GN%E‘Nwa%ﬂwmmgﬂmﬂumimuuﬂ

U

' 9 9 o & o= o 9 J 2 9y A A
1/]’]1/]’]\1%1@1!@8@\1@]’]3JU1‘]J@'38 @Quuﬂﬁﬂga@ﬂ'J'lllclﬂJG]f@uiuﬁ?uuiﬂﬂﬁ?ﬂﬂ’lwclﬂlﬂﬁﬂlwfNﬂTW

o %% o J g‘; o { U v W 1
Laﬂ’) IﬂEJE]Tﬁﬂﬂ’ﬂﬂﬁﬂwu‘ﬁﬂlﬂﬁﬂﬁﬁi’)ﬂﬂTW u,é}ammwﬁ"lﬁ}m%qﬂizmumiﬁﬂﬂaﬂymzmu
% Y] J . o [ < @ 1
(Feature Extraction) ‘%QLL‘UQ'@ﬂ‘lelﬂ!&ﬂﬂﬁi%ﬁ?ﬂﬁﬂﬂ?ﬁ‘ﬂﬂﬁ@\i@@ﬂ!fﬂu 3uuy ﬁ’f) L. anyueay
Ay v ° ¥ ¢ v o 29 Yo
Vl"lﬂﬁ]1ﬂﬂ?iﬂ?ﬂ?ﬂluﬂﬂlﬂﬁiﬂiﬂﬁiﬁﬂulﬂlfJflnﬂNaﬁW‘ﬁﬂli’)ﬂﬂigﬂﬂuﬂ1§3$uﬁi‘ﬂﬂ‘Ufﬂi‘iJSleTm
FLOLNNVDIIAYINUAUAIAANITNIIUI 18 Foya 2. anvuziaui IdanmsmuInyuues
J v d o @ 1 {
Tassardrauyudnnmadnsvesmssn Inssadnuypdsiuau 6 voya 3. anvuzaui laan
° ' { @ o @ '3
ﬂ”liﬂ”ll!’lmljllllﬁ$ﬂ1maﬂﬂ??ﬂgﬁﬂ?ﬂiﬂiﬁﬁ%}NNH‘HfJ%”IﬂNﬁﬁW‘ﬁﬂJ@\?ﬂTii?NTﬂiQﬁ%}NNL‘lHU
o gJJ o w 1 gJJ 1 ) 1 o
NUIU T Gﬁjﬂlluﬁ NNUUUIANHUSIAUNY 3 LLUUH%Q’ﬂﬁw_l'JUﬂﬁj’:fl]'Wl'WlN‘JJHHEJ (Model
.. A o 1 4 I 1 Y A A a <
recognition) LW@%”IL!‘L!ﬂ‘VI”I‘VINiJHHfJ@@ﬂHJH 4 Ny hlﬂllﬂ L. MTYUNTONITIAU 2. NITUN 3. NT

4. Mauou Tagdenldmaiinuednienulszam  (neuron network) AIMSUMIINTU

anYAULIAY



44

v <& d a J v d
| naedlaing | | M3AnsIzHlnssad e
¥ ¥ =
Yy Y = MINMYINIE3 INYHIAIBNMITZY
naesd naedurusA ve o
Ianumsdszanaszezmavesingain
- nna - MAEN pHUAIAaNI3T
v - M3szinmszezneueingain
va o
NITVINMIATIVIUMATAAMN [IHLAIAAIN
manaeufivesiag - mij:uﬁ"lwﬂug1zﬂi$3:mi:a:w10
£ WD IIAIINUHUAIAANIT
| MIAUMNNUHAS | v
<
= — | Tnssa ey
| MIAATIZHNINVDIYANN | 3
1
* v ¢
NIRRT CERT LR RETRNTy
msduga i
= A 4
- mydeuiigunn msafadnuaau
i - IHIYNINMTTEYANUMTUTE NN

528N 9U0IAYIINUNUAIATNIT I

- M3 guanmssan Iassad ey ud
- MITHIYNIAZ AR AIANUFININT
s Inseaauyud

1
w.

h 4

o d
M3 Mg
- Yrgaudseam
- MIBUNT MR
- SIS
k%

-msfu
- MUY

a J a 4
ﬂWWﬂ§$ﬂﬂU 3-1 ﬂ‘i%’U'J‘Llﬂ'l‘iIﬂEJi’)iﬁJ@\?ﬂ'li’JLﬂi'WWWi]ﬁﬂiiiJiJ‘lg‘HEJ

U a

3.1. ﬂﬁxﬂ?ﬂﬂ1§ﬂ§3ﬂ%ﬂ!!ﬁ$ﬂﬂﬂ13~lﬂ1§!ﬂ$ﬂ1—!ﬁﬂlﬂﬁ§lﬂq (Motion Object Extraction)

v
=~ A 4 o

9 o Y] [ a @ A & d'dy
Tunseuaumsuly Tﬁﬁﬂﬁi'ﬁ]%Ullﬁzﬁﬂﬁiﬂﬁﬁgﬂﬁuifﬂ ‘ﬂ)’\‘l{luﬂuﬂﬂﬂl}‘lﬂﬂ NITNNIU
=1

A A I~

A [ [ A 9 9 o (% o Y
Avszasdummzingnaounlunm Taedonlddoyanmanuandmsuilllslums

a

@ A A [ A A =] J = =
Gli’Ji]i]’UﬂTima’EJuVIGlJ’EN’JGIQVI’duGlﬁ] Lu@\jﬂ1ﬂﬂ1Wﬂ31naﬂlﬂ‘Hﬂ’]WLﬂiﬂﬁlﬂacﬁ\jﬂghlllllﬂﬂ]uw']clu

[

d’ d' = d‘ 1 é 1 Y [ d' =
Liﬂﬁﬂl@\illﬁ\‘lﬂ%$ﬂﬂﬁlﬂﬁSullﬂﬁﬁﬂgﬁﬁﬂﬂlﬂa1 G]f\‘ﬁ]$’(?f\‘lwacl?iﬂ1‘iﬁi’ﬁ]i]ﬂ’mqWﬁ‘uﬁlﬁ]iJﬂTi

= { [ Y [ Aaxy =

amandonla oanesiunidenlddmivasindumanaouinglinieny 2 5nan Ao 1. M3

a

dy [ a o 7 R dy A Y v =3 dy [
AUMNMNWNUNAN Lag 2. ’E]’E]WG]ﬂﬁIV\h G]Niui3UUuLﬁ@ﬂi%@aﬂﬁ)iﬂMﬂ'ﬁﬁ“lJﬂWWW‘LlWaQ

3.1.1. MIAUMNNUHA (Background Subtraction)

@ a R & v X @ 2 A Y Hq 9o v @
DANDINUNTIIAUNTINWNUUAN HIVSIHUISNUISUUU Lu@ﬂﬁnﬂﬂa@ﬂﬂ‘l%ﬁ"lﬁiﬂﬂ"ﬁﬁﬂ

v A &‘ wé

ra v a &‘ [ ] ! v
NNICBYUINUN Iﬂﬂ@ﬁﬂ@iﬁuﬂﬁaﬂwuﬁaﬂﬁ]S‘L!"IL@"IﬂWWL‘V\liZJWﬁQ“]ll"laiJﬂ“]J‘WHTiaQ%’\‘ﬁ]%"lﬁ}

Y
mwizdaanaula daae il

Q



45

0O=1-B (3.1

A A .
1o O A9 Object
A &
19D ﬂ’]Wﬂl@\HWﬁNﬁuq
A ti‘ [
B A9 AINAUTIAN
A A A (= A o & A Y A o
Gluﬂﬁﬂ!ﬂﬂ']wWuwaﬂuﬂ'ﬁlﬂaﬂullﬂaqulﬂ%’]ﬂﬂ']wL!ﬁﬂﬂuﬂuﬂﬂzﬂaﬂuﬂWﬁanﬂTﬂﬂTW
v

dy [ é d’d Y~ . . é 91 aa =3 1
Wurad 39 luntez 1995909 mixture of gaussian e lFMAdAN LG sVNEUAIAIN

k4 1 F4
14/5U39UV0INHUNES (background) LAz MNAIUHI (foreground) Fatienu ladese l1il

P(Xt): Zfil wi,t*rl (Xt’“i,t’zht) (3'2)
(oY) —— i) 2 () (33)

emz|Y |2

(% @

1 ] < { ) o
Tao P(x,) Aemanuingduilddmsusmama X analag dfuasnnn

1 =

o s { Y 1D @ o 7o
w,, guiniendu 1 Taed w,, FeduanhminhldlumsdSuanummezauveslendn
' S 7 S 7o 1 = 7 = A o
anuzilumamey vaz 1 dulnduanuinzdluveumdien AA BN
1 A a oA a a o’dy o o
Aundevesinwa (u) tazandssuumasgiy Q) TasluauIneiinusisziimuasiuou

AU K = 5 #adniueanmiasnsuiazaamuminaounvesing sanmilizney 3-2

Stand

Walk

ne




46

it . . --_-J:. ==
£:. B, o x

Bend . ' e
‘.. "'tr' 5 '. :
. -
L4
A .
a. ¥
‘e
L 2
Y
v on Bt e
o e el
Sleep < : e e
w'r
be |
- ‘. =
- |
(M)

o a 4 { o 9 @
AMNU3ZNO 3- 2 NITLIUNITATINIVLAZAAMWNTAADUNVOINYBEY (1) NMWAURLI (V)

v v o a8 A A
NWAAANTUBINITATIVIVIAYNIAADUN

v '
A v K

3 9 @ I v J
sy 3-2 (n) wWunmauniiy (m)LﬂuWﬁﬁW‘ﬁﬂ’]ﬁﬁUﬂWWWHﬁaﬁ SHFIAN

T
(% I

v ¢ ' o = A dAyy o v v da
WﬁﬁW‘ﬁ‘lJ@\m‘ﬂVlTVINfﬂllﬁﬂ@]i’ﬁ]%U’J@]EWIJJﬂﬁlﬂﬁ@u%ulﬂﬂfﬂﬂgﬂﬁﬂﬁ Iﬂﬂ’)@]i‘]ﬂi\lﬂﬁ

A A I 2 [ ' J Y 1 & @ I 2 o
maau‘n%zgﬂugﬂﬁmnmmﬂymmmnwmmﬂgmmuu mumwwuﬁawmﬂu@ﬂﬁm

1 [ v oA 9 = = U A () 2 a Aa
meﬂfﬂiﬁﬂlﬂﬁ]Wﬁfl'W‘ﬁ‘Vlulﬂ%$3Jﬁ]ﬂﬁﬂﬂ’)ﬂNﬁ?MiMﬂ?WV]l‘b\Iﬁﬂﬂﬂﬁ PIUNATINAITUHNANAN

Q

A g @

= A Aa (A Aq VI o
allﬂ\iﬂ']Wﬂ'J'lllﬁﬂ{lu‘]Jinm‘ﬂLﬂ1!%ﬂ@ﬂﬂulﬂaﬂuuﬂaQ@]a@ﬂnﬁT Tﬂﬂﬂzﬁmﬂgﬁiﬁlﬂuﬁﬂjuﬂﬁm

q

9
SUNIU (noise) 1ABENNITOMITATYIUTUNIUMAINAIBINANA open morphology tApN 1
v

v
= 9

kernel nun@masy imsiugl 2 a5 saiumhideniemnz inman ludeans 1nua 1i

aannilsenov 3-3

Stand




47

Walk

Sit

Bend

Sleep

o

o o Y] v J o w
Amsenau 3- 3 n13N1an TUTUNDLILINIAU (D) ﬂﬁ"l@%}uﬂ‘ﬂﬂ (V) MARNAANTUDINITNIIA

FuNaTUNIUY

v @ é

Y] v o o
1nMnlszneu 3-3 (n) MNAURITY (V) HAAWTNITNIATYYIUTUNIU HFIN
v J o W o o Y ~ 9 Y @
waaWﬁmmmﬁmﬂﬂﬁigaunmﬁumummmm"lmmﬂ TaenfSeuien 1dananduniiy
Y] Yo 1 A "9y 13 nm Y 1 a 4
ﬁtytywmmmuﬂzgﬂauhlﬂ"lﬂmmuum T REER Y IGRIIRN uan 1 ldaamanemsdnszH

NN

3.1.2. M5INTZHNGHVDIYAMN (Blob Analysis)

a 4 1 I a 4 1A @ A Y 9
NIZUIUNMTAUATIEUNGUUDIYIANTN nJumiamﬁzwﬂqmmmmqmmﬂmmamﬂu

luuis Tagazuennauuesganniuanaiuud s T LAz YUY IIAY



48

o319 blob vovingnanls dunmilsgney 3-4

AMn1lsEel 3- 4 MIAATIZHIQUUDIIAMN

| v

3.2. n3zUIUMSIUgANUINgNaula (Color Match)

Q

'
v IS

nszuauMsrganuiagiaule eivzmuguanyuzudmiumsilszuiana Taoaz
o [ o’d‘ 9 a [y é Y o [] a [y l-ﬂ' o [y o
raawsn lannnszurumsaaniuiag Fag lddummisessnadagiauladmsmil
A a A . . a1 A ° v Ay
@onuinafiauly (region of interest) WA uAiosand Ui lannnszuIumMs
a Y] ~ A A Y = 2 g o VoA [ v o a o gj./ =
Aemumnzingiadeui lduanamanuan Futluduria liasanununma aaniuda

: o [ v g’/
ﬁﬂﬂﬁﬂ?ﬁﬁﬂﬂlﬂﬂUﬂWW (calibration image) Lﬁ’f)ﬂ"lﬂ?ill“ﬁ?ﬂDWMﬁNWU‘EGU’ENﬂ"IWVNﬁ’fN

3.2.1. M3a@UNEUNN (Calibration Image)

4 o o v a 2 4 a
ﬂ15ﬁ'6°l_ll,‘ﬁfJ“]_IﬂTWLﬁ’OWWﬂ'JHJﬁ'lIW‘L!‘ﬁigW’JNE‘ITW 27N Lﬂﬂ%uLﬁ@ﬂiﬂﬂﬂWW 2 NINLNA

nnnaosaesaInanegludurisianny dwaldusnuvesiagimlounulidummies
9 9

% [

A ] o X = ] I A
M (xy) N lUagaiu Famsaeuieun nzutiaeandy 3 Tunouaail
= aa g o ] = an
1. utasmwanuan 2 4a iWuduriennuan 3 4a
an A g ¥ v a . . o " A
’J‘ﬁﬂ']iﬁ@’ﬂﬁ/]fJ’]JﬂTWGL‘Ll‘U‘LWI@‘LlL!ﬁﬂﬁ]%slslfﬂ']ﬂﬁ']llﬁlil‘l]@\?ﬁ (intensity) AN UIND
HAYDININANNAN mSumamdilunte 3 Taveandesnnuan ldun P3Dx,

Lé a Y o dﬁl
P3D.y uag P3D.z "“]Nﬁ?llﬁﬂ'ﬂ‘ﬁﬂﬁ]llﬂﬂﬂu

P3D.x=(xd- cxd)* (M) (3.4)

fx4

depth(xd,y )
P3D.y=(yd- cyd)*(f—d) 3.5)
Yq

P3D.z=depth (xd,yd) (3.6)



49

A I o 1 Ao = I 1 9 A
o xy, Yy LﬂUﬂWLLﬁUQWﬂﬂ X,y UBNNTNANUEGD depth(xd,yd) Lﬂummmmma‘w
o ' = QA Y Y =
AN UN X,y Glumwmmm CX g5 CY > fxd, fyd L‘]Juﬂ"IVI‘U\TUE)ﬂaﬂ‘]elﬂl&ﬂ‘l"l"l%ellﬂﬂﬂaﬂﬂﬂ')'maﬂ

9
(depth intrinsic parameter) AN$ID 11

1x4=5.9421434211923247¢+02
fyd:5 .9104053696870778e+02
cx4=3.39307809753003 14e+02
cyd=2.42739 13761751615e+02

° 1 aa 9 =® I o [l Aan Yy =

2. LL‘]J'@QV’]’]LLW‘HQ 3 ll@]sU'ENﬂﬁ@\?ﬂ?’lj\laﬂlﬂuﬁulwuﬂ REVERIRNIGIRNG
A Yo [ Aaa 9 = o I o ] Aan 9 =
Lﬂﬂul@@'lllﬂu\? 3 UAUBDNINABDIAIINAN ﬂggﬂu'lu'lllﬂa\ilﬂu@']l,lﬂuq R VCRIRNIIGIRNG)

[ v o Jda 1 Y ¥ 9y : 9 a 4
T@ﬂﬂz’mﬁﬂmmauwumm geometry JEHINNADINN 2 NADY G?\ﬁ]%i“lﬂllﬁiﬂ“]fﬂ’lﬁﬂlﬁlu R)
J 9 o ] 9 1 ) @ [} 1 Y 2 Y

HAZNAWDINTIYAULN U (T) LGU'lll'lab"gﬂﬁ'n/f5Uﬂ15ﬂiﬂﬁ1llﬂu3ﬂqwm®\1ﬂﬁ@\?ﬂ?’luaﬂiﬂlﬂu

A ) o FY = a I o 211
MR ANAIMTUNINVDINA0NT a0 T Ul uaunIsasl

P3D x P3D.x
P3D.y|=R. [P3D.y] +T (3.7)
P3D .z P3D.z

A ' ' ' I o ] an Y = I a 4
e P3D x, P3D .y, P3D .z Wuurug 3 UAUDINADIA, R L‘}Jummﬂ%miwguuaz T

]
A o

I 4 9 o = 1 dy
Wunawesmsdgdmug Fuduainanaeil

9.9984628826577793¢-01 1.2635359098409581e-03  -1.7487233004436643¢-02
R= | -1.4779096108364480e-03  9.9992385683542895e-01  -1.2251380107679535¢-02

1.7470421412464927¢-02 1.2275341476520762e-02  9.9977202419716948e-01
1.9985242312092553¢-02

T = |-7.4423738761617583¢-04
-1.0916736334336222¢-02

I3 ' an Y 2 o 1 an =
3. udasmurie 3 Uavesnaesd@iumuniug 2 miumwa

4' 9 o 1 Aaa 9 =S ) o 1 aa =
ma"lﬂmgmm 3 UAVDINADIA EYNUINTHIANUNUI 2 galunma lagaunse

[

a I g
@TJ‘]J”IEJL‘]JHfTiJﬂ"Iill@s{@Nﬁ

P3Dl.x*fxrgb
P2D, . x=—""—""— +cx
g P3D 2

b (3.8)



50

P3 D‘ .y*fyrgb

P2Drgb y= 3.9

; +cy
P3D 2 1gb

A I o ] Aaa = VoA
1140 P2D,, X , P2D, .y WU rUe 2 HAVDINING, CXyghs €Y, 0 Py £, ATNLIVON

v 9 =) . . . [ dy
ANYUIRNIZVDINADIA (color intrinsic parameter) aane i

i, =5.2921508098293293¢+02
.5 -5.2556393630057437e+02
CXygp =3.28942720287592586+02

oy =2.6748068171871557€+02

) o - Y o ' v J
ﬂfl'g‘]J'Juﬂ'lfl'ﬁ@lll‘ﬁfJ“LI’L’f'IWTLIGluig‘U‘Uﬁ fl]gslflfﬁ'lllﬂuﬁlﬁﬂ\? 2 A NNWAANTUBINIG
a a Y A A AR QA 9 ' A d‘
AAMNURNICUINUIAYNAADUN FINAD JAFWUUFAUASYIAVNANFAVDINTDUTINAYY

) Y o o o v d o ] { ¥ 1
ﬁ1ﬂ§ﬂu1ﬂ1ﬂ1ﬂ15ﬁ@ﬂ&ﬁﬂﬂﬂig3JTE1!W'lﬂ')'lﬂJﬁiJWH‘ﬁ"U@\WﬂLlﬂu\?ﬁﬁﬂ\‘Iﬂ'liﬁ$°ﬂ'ﬂ\°lﬂ'l‘1/‘lﬂ'3'm

=2 a o
anuazmNg asmnilsenou 3-5

er(se,)

——
‘ j Mo
\

depth(x,, : ~ o% P2D_ x )

(M) (V)

9 o 1 = = = =
Mzl 3- 5 Mydeduniaveaninanuan lana (M) MuaNuan (v) NN

[ 4 = o 9 o [ a d‘
NﬁﬁW‘ﬁﬁ]Tﬂﬂi%U?UﬂTiﬁ@U!,‘VlEJ°1JGOZQﬂuTll‘}JGlG]fﬁWﬂﬁ”Uﬂ?ﬁﬂi%ﬂ?ﬂ!ﬂil’lmﬂﬁuiﬁ]mﬂﬁ
S v 9 o [ 1 a d‘ A [ [ [ Y4 A
AT A wdsenou 3-6 () LAIUTNIIUR (match) UTNIUNHUDUNUNUNAANTUDINITLADN
a A =] I o [
vsnuiauls (ROD) 1NAIWANNAN m%gﬂuﬂmgﬂumwmam aamniszney  3-6 (v)
y & v 9 & Y o s =
FAMYNITOININIEYN match NUAIYNIT And  operator Guwz”lﬂwaawmﬂumwmnww

o ' Jd o
anyzglIanypd Anmwilszneu 3-6 (A)



51

Q) Q) ()

ailszneu 3- 6 (n) Mmadenusnaiaulennmne (v) Mmadenuinanaulananany

= v J o
an (M) HAaN TN match NU

0,=0,N o, (3.10)

1%

A a Y o A A g A = I =
‘Vii@ﬁ”l‘JJ"liﬂfJ‘ﬁ‘]ﬂﬂblﬂﬂﬂﬁMﬂﬁ (3.10) 1o OC L‘]Jumqmmiszuﬁ, OC Wumwaves

[

2 o o A g =2 A < o
G]Q FIUIUT AND NV OD mﬂumwmmaﬂwgﬂuﬂmgﬂumwmnm

a d d
3.3. MUANZHIN3IA5 19018 (Human Structure Analysis)

a P2 P s g ) A Y A o
ﬂigll'JHﬂ1i’)£ﬂ51$1’iIﬂﬁ\iﬁi?\‘liﬂ;}‘]&lEﬁ]gLﬂuﬂTﬁﬁ‘iNﬂWW!ﬁMﬂuIﬂi\‘lﬁﬁNi\IHH‘(’JLWGHW lJl‘]_l
Y o [ [ 1 1 4 9 Y [
Glﬂfﬁ"l'ﬂi‘ﬂﬂ'li?ﬂﬁﬂ‘]elmzmu"]lﬂﬁﬂ'lﬂNNHBﬂ fn51%51']‘1/‘!1HHNﬂ1uUuﬁ1N15ﬂ‘lﬂﬂﬁﬂﬂ'ﬂM

v 9 ' J Yy A o 91 v 9 = d ] ] v
mumeummawm&mgwm”lw Lll@unﬂi“lﬁ’)llﬂ‘]J"]J@ialjﬁﬂ'ﬂllﬁﬂﬂi]zﬁ'lll'liflalﬂfl‘ﬂil‘ﬂ@ﬂﬁﬂu

' ' v o A o & a A o2 9 v 7
G]'NG]Gllf]\j§1\1ﬂ'lflhlﬂi]'lﬂﬂj’lllaﬂﬂ@n\jﬂu G]iﬂu’mmuWLlﬁu% 5’]\11?]5\‘]551\‘]1”{1481@8

3 Y Y LA ] 1 Y = U o I
ﬂﬂ’iuﬂﬁlﬁiﬂ‘i\‘]ﬁ‘ﬂdiﬂ{l&lEJL!‘]JQL‘]J“L! 6 a7 ﬂigﬂflﬂﬂ’)ﬁl ATHE 1 93U A1 2 d@IU gl 3
\ a @ D, P ) Ty Y D, ¢
qIu ﬂ?i’)tﬂﬁT%WTﬂi\‘lﬁiNﬂJL‘lEfJi]%L‘]JLl 3 ﬂlu@ﬂuel.ﬂﬂlu llﬂllﬂ l.ﬂ']'iﬂ']ﬂiﬂiﬁﬁi”lx‘ml}‘lklﬂﬂ’m
= Y v [ v A a A Y 9 4
ﬂ”lﬁiguﬁﬂlﬁﬂﬂﬂ”lﬁﬂiwﬂmigﬂgVITQﬂJ@\?’J@]Q%TﬂL!NuNQﬂﬁWTiVI 2.ﬂ15ﬁ§NTﬂifiﬁiNNl§Hﬂ 3.

9 4
ﬂ”l'ii’JiJTﬂi\‘lﬁiNﬁJ‘lgHﬂ

d [ v
331, msmelassaieuyeddlemsszyalinumsdszanaszaznavesingain
UAUAIATNIIN (Human structure project via color UV-Disparity)

4 = o [
mineIasead nuypdnemsseyalinumslsznaszegnievesingan

o o v

v Aa A d 9 1 YA 1 = = v
UNURNATNITN HJuﬂ’liﬁi’lQﬂ'IWGIfHllI@Uﬂ’liﬂ’lﬂﬂ’lwﬁlﬁﬂﬂﬂ'lllﬂllwu‘ﬁ UAIAIUAN BIV

2 o 1

vendaginse Anugs anwndreveayudld udvuihnsuganudiuagvesane

U
v

=<

) v 9
NHBETLWAE’)LWNﬂmﬁﬂJ‘]J@]ﬁ”IWSDﬂ”liﬁ”llmﬂﬁillm”lﬂc]slli’NiNﬂ”IEJ GN?T”I?J”I?QLL‘]JQll@s]) 2 Yunou

[

Nl

=le



52

3.3.1.1. M3lszanaszazmavea IngnInueuiAa I3l (UV-Disparity)
[ v A aa d o ~
NTLUIUMIUIZNNUTLEZNNUBITAYIINUNUAIAG TN 1T umsueniagiaulaa
@ =< A 1 = a a o’dy 9 1 Y] 4 =3 o Y
sEAUANNANIUANAN B luanatinusiag Isnusiunuuypdnnmwluyuge 3y
[ o o @ a 4 a 1
aunsauenszauImevesuy T i lFlumsinneinganssuaypd1d 1wy annmw
[ @ 1 o w o [ 1 3 [ o
YU v nUdIYeena Tna tagddia fmuaiudlummemstu dudu vanmsihauee

! s . . . . v a a
Qﬂllﬂ\i@@ﬂlﬂu 2 Llﬂuﬁ@ V-Disparity 1a¢ U-Disparity IﬂﬂwaﬁWﬁ%’]ﬂﬂ’]iﬂ@ﬂ’]ulﬂ‘qulﬁmm

(3

4 A 4 Yo o &
ﬁqmﬂaauwwgﬂﬁl%mmuﬂﬁxmaNacluﬂszmumsu

. LAy = o 4 v A
V-disparity ﬂamayja‘nﬂizmawammﬂuwuwmmumuﬂu V (1UI9N) Tae 1 Ip AD

v
AaaA

v A 9 = I Jd o @ o g
LLWHW\‘]ﬂﬁ'WWiVW]Ulﬂ‘D']ﬂﬂ']Wﬂ'J'uJaﬂ H Wulansuvesaiuds Ip 99U

H(IA)=IAV (3.11)

'
S 1

A = ' . . A A [ a aaAa a aa A (4
W0 1A, 138031 V-disparity TagN H AoMsagauduIUAaNIT NAUMAT W NASINY

nlsngeguugilamuain I asmmlsznen 3-7 (V)

Stand

Walk




53

Sit

Bend

Sleep

Depth

(n) Q) (A1)

v J a a % { !
nnlseneu 3-7 (@) waawmmmzmuﬂﬁmmmmmzmnmmQ‘ﬁmﬁauﬁ
(V) V-Disparity () U-Dispairty

{ o a a A <
U-disparity ﬁasﬁ}aga‘ﬁﬂizmaNammmmum@awwmmmmmu U uay VL’]J‘L!

[

‘o 2
Wanduved 1y Al

V(IA):IAu (3.12)

1 A A o

o o 4. a . Ao aa dara 4
15, 3801 U-disparity 1A V Aemsdzanduiuaanisn nlamaanisnfeinui
1 19 P . =< 9 J v A v Aa A o
Usingeduugmuaeauin j Famslyaulandy Huag v ieu)asunumiaansnas
nnilsznev 3-7 ()
v o . . Y ' Y A a o
NANAANTVDS UV-Disparity 3Us2novaie 5 nimalaun mssu ms@u msie ms

Y : o @ ' v o { v
DU HASNITIUDU ﬁﬂmmmmmﬁmﬂymzmmﬂ@mqﬁll’e'lmkmﬁﬁﬂﬁizﬂﬂﬂﬂhﬁﬂﬁMﬂﬁN




[ { v o o J ) @ a
AU NYNVIUN U Uaz V NUANUTUNUTOY ﬂWﬁi%l,ﬂw13ﬂ1ﬂ311]§ﬂﬁ11’i’51]ﬂ15'3lﬂ31$

a

"
' J 1A 2 a A4 o ' Y v . . o a9
“I/IWIN&J“I;!BEI’E’JW%%VI,MWENW’EJ valuAauanyuzau RNy UV-Disparity Taanisrhan

] U 1 ' g 1 @ 4 <
NTGH'JEJGLUﬂTﬁﬁg‘l‘!ﬁ'Ju@nQ“]ﬂl@ﬂiTQﬂTEﬁJHBﬂ YU fﬂiﬁg‘l‘!?fell@\i‘ﬂ'l Lﬁ@ NN Lﬂué’fu

=)

3.3.1.2. MaszyalHiuMsUszinuszezMaves InganuNuAIaanIsn (Color UV-

Disparity)

nszuuMIszyddmsumslszinaseznevesinguinuudiaanisi - aggaeld

[
T
v [ =

=
DIGG
VINYNTY

Q

1 1 o 3 o v J
ﬂ'lﬁllflﬂl!flgﬁ'lu@'l\?“]ﬂlﬂﬂuuﬂﬂﬁﬂ?’lugﬂﬁ%iu’lﬂ‘uu TagN151IWaaNEIN NTEUIUMT

19 (color match) ¥15WAUMIUTZNUTZEZNNVDIIAVINUHUAIATNTIN @9
MITIMAUIZADIDAIAUNUL tazamANUANNMIToUNY dan 1w TenY 3-8

A

Stand

Depth

Depth
A
< \
[=3
Walk \
! & - 3
Y ik L L
1" . X g
J
Depth
A
5 |
. =1
Sit 5 }
y :




A
s
Bend oy
=}
y ] SEmE e
X
Depth
A
k=
Sleep E
!
y - -
X —
Depth
(n) (v Q)

Amlsgneau 3- 8 (N) ANE (2) Color V-Disparity (A) Color U-Disparity
b4 v d
3.3.2. M3a319)A33a3 19018 (Human Structure)

HAANTINTZUIUMITZY A ST UMIUTEINaTLeEN19veIIngnINUNUAIAANIT A

o Y & Y 1 X Y ' 7 2 "y d
%$Qﬂu'l’s’fi'NLﬂuTﬂ3\1’L’fi'N1WN§Q%$1%5$H%1%10%@QNHHEI Tﬂmimnmmweyjaaamﬂu 6

1 o @ A I Jd

AIUMUTEAVANNYI ANTUNIT (3.13) 1o H(D) Lﬂummqwmuum i=1{1,2,3,4,5, 6} Tu
A A Y A ° o ' ~

asaiievsudmazaiuey 11lsauny part, (V1E@IUN 3)

H(D
part, = % (3.13)
A
H(D)
y |_/.| i
I\ S
.%;‘, é, = |

Depth

X >
(% T 4
Anlsznou 3-9 Gl’Jf]EJNﬂﬁ‘lJ‘iZiﬂﬂ!ﬂ’J']ilgﬂJlgHEJ

] 3’_, 4 |
myasnlassadnlvndiuaz ldununasvesdoya Tasmsmgagudnarsvouany
part, AemsnunasvestiuIuIainealuuaay part, AETNAT (3.14)




56

23 p(x.y)

n

P(xi,yi) = (3.14)

A < 1 < o ] a ~ ] 1
e P(x,.y ) iugaasenaveusiaz part, p(xy) Hudumisvesgatinuaiiogiuus
1
A o A = 1 v @ v ) 7o
ag parti, n ﬂﬂﬂ']ujuell@\jﬂﬂWﬂl%aﬂﬂﬁqﬂaiuuﬂag parti WaaWﬁﬂ13ﬁ31\11ﬂ5\1ﬁ51\13~11{]§ﬂﬂ\1

MWUsEnoU 3-10 wag Mwilsenew 3-11

B 3

Q) (V) (a)

T -

() Q)

9 J o @ . . A a
nnseneu 3- 10 Tmminmgmmmu U-disparity: () N3gU (V) NMIAY

< vy
(") MITUN (3) PI5AN () NTUDU

L

(M (V) (a)




57

)] Q)
awilszneu 3- 11 Tassadauyuddmsy V-disparity: (7) MITU (V) M3AY

Q)] MUY \) mﬁﬁ'u (@) MUY

3 v ¢ 9 Y J Y
MNMNLIENeY 3-10,3-11 unaaniveansainlasaainuuyydzlseneudieya
4 I a o J { @ U
Audna1e 739 Tasgansn part aziilugadudsdnnunimasnnazdunuganIn 4 699
A A ° @ v do [ Y Y o
NndvvzAUINAIaUNs 3.14 Tagnaanid iy 1 suazilszneudis 2 Tasaadanywdly
= 9 o g’/ a A 1 = A ] =
LAY U HAZUAY v BTASIATINYEENT 2 UNU 9199 WNALNUIAEINAINT01NUBNDY
1 Y o 1 ] 314 A
Wmauypdld dedruru nmalszneu 3-10 (1) taz Mwlszneu 3-11 (A) 012 MW Ao
v JAy ¥ < A A v ¥ A =< 1 o =
HAANSN 1A91NN5U3 uatiiiesnmszney 3-11 () MUUNNUINAININIINTIN dIUDN
G 1 a o '
ez Ty aurgunanianisvesuysd lunmaziinaaensmienmlunszuumsseya
[ [} v A a . ) d Aa
Tinumsiszanaszeznvesingninunudsaanisi  dunldlassadauyudinani

AananaInInlseney 3-12

NAN ) () (M)

L%




58

L®

Y

E

v 4 @
Mnydsznou 3- 12 WaaW‘ﬁﬂlﬂﬂIﬂﬁ\CIﬁ%)']\nJHHfﬁ]’]ﬂﬂ’]Wﬂﬁg‘U'JUﬂ']ﬁﬁgﬂﬁﬁlﬁ}ﬂ‘Uﬂ’]ﬁﬂﬁgiﬂm

Q

FLOZNNVDIIAYINUAUAIAANIIN (1) NMWAURD (V) U-Disparity (A1) V-Disparity

S L4 Y B ' A Aaa
vinmilszno 3-12 Wluwadnivedlasaaiauypglunmanmssuninan1ans
o 9 A [ & 1 9 v J 9 o g’/ =\ 1 [
HUNTNANNY Bz danalinaaniveeInsaaiauypdveanuny U tay V In0uaany
A o '3 ' o et
lidre TaeianemsiuvesInseaduuyudiziinadenmsmenminli Inseadoyudn 14
a a o o '
Tuwnu U waz v maanudanaraluuensa Tnssadauyudluuny U Swunmnie’la
Y ' 9 o a A 9 o Aa 1
gndeualassaiauybdluuny v Aawaiavse lnssaiauyudlunny U Aanaia ua

o o 1
Tassardrauyudlunnu v dwuniimaldgndoes

Y
LY

= a A . . . . Y Y v i A
AIUUTITLUIAATNIZII color u-disparity 1AL color v-disparity 11A281U 1oTian

v 9 I~ 9 Y a 9 o a X
ﬂ’J'IiJ“]f‘]JG]fE]“HW"IJ’ENGIJlel”ﬁLLﬁ%LLﬂﬁﬂJ‘Vi1ﬂ’J1MWﬂWﬁ1ﬂﬂlﬂﬂiﬂiﬁﬁiNﬂuyﬂﬂlﬂﬂﬂlu

d
3.3.3. M35I30IA59a5190B8 (Structure of Human of Combination)
9 < I3 o o d 9 EL
myswlassaaypddlumsmanuduiusves lnseadwuybdlunny U tag v
2 A v a 7 1 A
TuADUMITINZEUIINMITURaNvewnu Inssadwuysdnnuny - v 1deglunianig

ReINVUNY U nou TagnsnyunIv 90 9961 LAZAINAIBNINAUNMNAITUNS (3.15)

T,= Ry, (1) (3.15)




59

A A g ¥ 4 A o o Y
e T, W laseaiauypdnnuny v Agavyu 90 89 1aziimMInaunInug?
1 I J
aolhzidlumsafgaguines  @adien ) veslaseadrauyud Haeanuite 19Ty

A0 1909UBIPADU AITUNT (3.16)

q

20 PGy,
cxy)= — (3.16)
7
4 3 X s 3

1o c(x,y) Lﬂuﬁ;ﬂﬁqﬂmwaﬂmm%’nuuyﬂ T c,(xy) Wuvownu U tag c,(xy)

I I 1 ?.’, ° ] 1
Wuvoanu v, P(x,,y.) Lﬂuﬂqﬂmmmwmumz part, MINUUNMNITHITZICHNITHINDA

1

@ 4 o I (-]
P(x,.y ) M c(xy) tivoriimlszinavinalumsaailuTaseadauyud lwidsaums (3.17)
1

AQ, = AB +AD,, (3.17)
AD, =1 [p(x,) -c ()] (3.18)
AD, =1p(x) -c,()] (3.19)

iio AD. Wlugadmiuldmsatalaseadauyudlm
AQ fluszerrieszningadeds o, x) nugalulnseafranywud p(x,) vesnm
YUY U
AD, fluszoyrieszninegasdeds o, o) fugalulassadauysd P(x,) voeanw
A A [ 19
1, vuunu v ngnilSuyunedluiuad

Taw i={0,1,2,3,4,5,6) Aveumsainlnssaduysdlnidinimlsznoy 3-13

A,

I/Aeul

........ u/v A,
//VVABU3
Center of mass e /yieem
] /Aeui




60

Center of mass

(V)
o ! ' Yy a o 9 4
nnlseney 3-13 ﬂﬁﬂ?ﬂﬁﬂ!i&’ﬂ&’ﬂ?Qi$1ﬁ’31@ﬁ2ﬂﬁ]1\iﬁ]\iﬂﬂi}ﬂﬂlﬁ]\ﬂﬂi\iﬁﬂ\ﬁ\ll&lyﬂ :

(M VUUHU U (V) YULAU V

I o ] o ] 1 Y a o
NAMNIENoY 3-13 1UAI0819MIAIUIUNITLIZHINTENINYADNDINYAVD
9 4 1 o 1 % v J
TATIAINUYBIVULNY U 1ag V nouiisgesWauuiniuauaunms (3.17) Tagnadnioy
Y o 1 o [ Y 9 9 o ] 9 o
1aa AB, Swau 7 ardwsuldaselassadrauypdlun TasanugaveaTaseadanyud
' ~ ' A ) R o Y a
vunlmiaznlasunlasauanugeveaazaunsuinlumlsunin Fanhlinanny
v Y Y Y o ?zl/ = o 9 1 1 J @ )
Fudouvestoya la asiudeezihlnssai e lnurunszuiums uosia e
o o 1T Aa Iy
(normalization) TagmMsmuuadng (scale) mmqwamuyﬂiﬁﬂumu 100 A9EUNT (3.21)

S(h) = - (3.20)
100

H=5(h)*100 (3.21)
A I o s I ' A o 1 a
1o S(h) iudasvesanugalia 0 - 1, Hilumanugedtvuaeana lumu 100

a Y (] 1 o 1 Z

HanmsiunihvesInssadeuypdniinadensiimnie mszazitazaodan
anuFudeunengildinadeianaiaaeszuumsisinini Tasazairanasgiuis

Y 9 7 Y A ¥ R o v Y s 3 Yy
numsiuvesInssadauypd imiounu Ssdmuald Tnssadauysdnauaazdod

9
Aanarin luneen llswuldnedhedanmilsznen 3-13 Tastuasunsnazdosmiuinm
a Y A 9 o o v oA Ao Y o a Y
HanwesInseade e lddmsunaunana lunsainvudne mssoamiamaaz 14
4 J v

doyaninlaseadauywd 3 90 ldun gauuga  (AB,) ganseanan (AD,) uazgeaiiga
(AB,) Tavldyauuganazyaarsgainnmuiumanudy (slope: M) Aaaums (3.22) uad

4 v
auduasavudaaums (3.23) Tﬂaﬂzﬁﬁ;ﬂumﬁ’ummaguﬂu X 1RINUYAATINA VDY



61
9 9 = Y 1 9 A9 [
ﬂlﬂyﬁiﬂﬁﬂﬁﬁﬁﬂlﬂﬁiﬂﬂmﬂﬂ DINUNU  y VBIPAVULAUATIUATUDINIIANU y UYDIIAAI

Y Y 4 ' 9 I A ) o
ﬂaNGUENGII’é]iJ”aTﬂﬂﬁ’ﬁNNHHﬂlmﬂiﬂ Iﬂﬂﬁ’ﬁNNH‘HfJiJ“I/Iﬁ‘I/INul‘IJVIN"IﬂEJ ﬂiﬂ1W‘1J'§$ﬂfJ‘U 3-
14

A6, (y) - A8,(y)
T A0,(x) - A8, (x)

(3.22)

Y =MX+C (3.23)

PR

ANTINAN

55821119909

299

raNga

o a 9 J
Alsznou 3-14 ﬂ'liﬂ'l‘L!'JmW'I‘V]ﬁT]'NGUENTﬂﬁQﬁTNNHHEJ

S o a v 4 Y1 A o
nnamilsene 3-14 Wumsdunaminaniaved Iaseadwuysd Tasta x Nyad
1 T ~ J Jdo o o {
ihiianlesnnar x figa AB, uaasnlassadrauypdhasiunihldmedne  ieanso
a < v a y Jd o
UszinumiansvesTassaiaypdla nazansanduiamaiie 19 Tassadeauypdiu

w1 lnarnmafen aannalsenou 3-15

~ | & | =

(M (V) ()




62

rf/ iy

Q) @)
9 & ' A a <
ﬂTW‘]Jﬁgﬂ'ﬂ‘U 3-15 Iﬂﬁ\iﬁi’]\iuu‘ﬂﬂllﬂﬂiﬂul (n) MIgu (V) MIAU (A) NITUN

(@) M3t () MIUoU

3.4. MIANAANHAULIAY

v =2

v ' Y} AN VI A o ! v A o
ﬂ']ﬁﬁﬂﬂﬁﬂlﬂlmzmuﬂ'lﬂiﬂﬁﬂﬁi'lﬂﬂuﬂﬂﬂulﬂlﬂuﬁ\?ﬁ'lﬂﬂl Gﬁﬁﬂgsﬁﬂﬂﬂlﬁﬂﬂﬂwmﬁﬂﬁ

g

=1 9 a 4 a Y 9 =\ v A Ea] Y]
annsaizouiiaznszinganssuuywd Idedrad lamlounuiuypdiiu dunmisznoy
Y 9 I ] o ' 9 1 ,;’ ] A 9
3-15 fwesdrsmnazenunsnlavenanyazmnnn lnssadrumari 1d lien e ld
a 4 9 YR Y ' A 1 v o [ 1 v
aowiaaescnsar v lavees ldyuvesaz yaiisssrenudmsumstsendnyas
o
Taseardrauyus
msAannaummsulassad sy

a [ [

o o [ @ ' 4 o {
ﬂﬁmu’gmyuﬁmimﬂuaﬂymzmumaﬂﬂimuyﬂ ATUIUINYA 2 %ﬂﬁﬁﬂmﬂﬂu AN

Q

[ ' o 9 = d dy o [
Gl')@ﬂ’l\?ﬂ’lW‘]Ji$ﬂf]‘U 3-16 Iﬂﬂﬂ’]u’)ﬂ!llﬂinﬂﬁllﬂ'ﬁ (3.24) G]NLﬂuﬁumiwugmﬁmiumim
¥ '3
lc!llsllf]\cliﬂi\iﬁﬁ'lﬂﬂ‘lélyﬂ
p(x;) - plx. )

0.~tan | ——— (3.24)
p(Y) -p(Y, )

91
92 \
&
%

[ —»[]
95_>43_

amwilsznow 3- 16 yudmsu Inseauyud



63

Y 1 { ) [ o 1 4 1 g 4
ﬂ'lﬁ?ﬂaﬂ‘]slﬂ!%muﬁi%ﬁWWﬁUﬂﬁgﬂﬂuﬂ15§%11’]11’]1\1ﬂ1§‘]&1EJ e 3 uuy Lﬁﬂﬂﬂaﬂ\‘]ﬁ'l

[T

(Y VoA 9 v 7 Yo 1 A A
aﬂymzmumwmzﬁmmz"lﬂwaaWﬁﬂjmmigmmmmﬂmjﬂm

=le

a

26 Y U WU A =
3.4.1. MIMRINMIszYAMIUMIUszanaszezmavesIngua Ul Idansi
MIMIAnAZIAUIBUINIEININMIMITEYa iR umMsdszanasseznaveding
v A a X kL ¥ I a
voaurudIaani3n aInssadruyedlunuuidunuiaanugaesnssaduyud 13
= Y ' & 9 o Y 9 Jd a3 A 1w Y =
1 100 18W19ANNANA I UATI IATITTNYBETIY 10 9AMUANUFINININY INUUI

MUIUHIYUIINYANITEINU Aanm)sznow 3-17

100

Y v o
nmisenou 3- 17 mimuumﬂmwmﬁzuﬁiw ‘]Jﬂ'liﬂigﬂ\l'lmigfJg‘V]'NGUEN’W]QGUEN

UHUAIATWITA

1H999INMMMI T2 RN UMSUs2aNnszee 19909 IO IHURIAT NI oy

% 1 [ 1 1 4
ﬂi%ﬂﬂﬂﬁjﬁﬂ 2 9N ﬁ’om‘wmmmu U uag v «‘Tmmazmwnz”lﬁ'aﬂymzmummmmawyﬂ

numzAuns 18 yu fie F,=[0,.0,.0,.0,.0,.0,.6..0,.0,.0,,.0,,.

Q

1
v Jdo
0,,.0,..0,,.0,..0,.0,,.0, ] wadniasnwilsznev 3-18, 3-19

VY Tl [TTVIVVVY

1% ,

(M) (V) (f) () (@)

9 o = A a
Milsznov 3- 18 Tasaai 1wy ¥sUUHNAMINGIVDINU V: (1) MIBY (V) NMIIAY

Q) MUY ) ﬂﬁ‘ﬁ}ﬂJ (?) MIuUDdU



64

(M) (V)
(") )
N
Q)

Y o ay A a
Amlsenou 3- 19 Tﬂﬁ\iﬁﬁNiJL‘!BEJLL’]J’]JV‘Iﬂﬂ’JHJ’gQ‘U@\‘]LLﬂu U: (1) MITIU (V) MITAU

Q) MUY ) fﬂﬁfg{iJ (?) MIUDdU

d
3.4.2. msmyumnmsswimm%nugw
o I asa Y o o
ﬂﬁ’ﬂ'laﬂ‘]slil!8Lﬂ‘L!'J‘ﬁ°I/Iﬁﬂ\“li]$ﬁ1i]1ﬂﬂ1Wﬂ'l§§'JiJTﬂ§\1ﬁiNiJ1§‘]&lfJ I@ﬂi]g‘l/nﬂ'lﬂ/ﬂigh

d’ [ Y ] o’é Y o 1 g).l A
L‘WE]“LI\?“]JE]ﬂTﬂi\?ﬁi'l\?ﬂJﬂ\‘l‘l/ﬂ‘l/ﬂ\‘liJ‘l{]&lﬂ Glswz”l@aﬂymzmumwm 6 HY fD

£,-0,.0,0.6,0.0,]

! ¢
3.4.3. MINEEZANNALANNGINNMITINIATITS 190 BE
o | oAas A A v asa A ¥ Y}
NITHIANHUSIAUITNANNISIHUDUNUITNT DN ﬂ@]lﬂigil{ﬂ']ﬂﬂ'lwﬂ’]ﬁﬁ')lliﬂﬁﬁﬁi’m
X 1 A o ' ' ' { J

WYBENI 6 yu uAvziinanyuziaulugIuvesAundoaugIues Iassad uuyudiin Tag

1 A 2 1 A { A
ﬂ'liﬁ']ﬂ'llﬂaElﬂ'g'lth;f\ﬁ]glilﬁ]1ﬂﬂ'liW']ﬂ1ﬂ'g1MQQﬂN1ﬂﬁq@m@QIﬂ5Qﬁ%}1QMHHElllﬁagﬂu L!fﬂ{j

o U { o 1 1 [
lﬂiJﬁ’ﬂﬂuﬂaﬂﬂlﬂdﬂ?1hgﬁﬂlﬂdiﬂiﬁﬁ%ﬁﬁﬂl§ﬂ‘(’Jl,mﬁﬁﬂﬁm\? ANTUNIT 3.25

A(H) = (3.25)

max(H)

A <2 [ ~ Y P g’/ I
e A(H) L‘1J‘HﬂHﬂﬁﬂﬂ??ﬂgﬂﬂl@ﬁjﬂﬁﬂﬁﬁNﬁ\IHHfJ'V]'VITV]N‘Llu, H LTJUﬂ'J”IiJi;NsU'(’N
¥ I 1 Z T = P v o kS
Tﬂi\‘]ﬁiTQNHHUWVHVINHH 1ae max(H) LﬂUﬂTﬂ'NiJQ’\WIN']ﬂ’V]Q’WU’ENIﬂi\iﬁiﬁuu'ﬂﬂﬂuuu

] d‘ 9 4 = [ é Y v 1 g’/
TagAunaonugves Insead anypdzliagzning 0 — 1 #eeg ldanyuziaunamue 7
9 A
doya fio F,=[0,.0,.0,.0,.0,.0, 1]



65

o d
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ABSTRACT

Human action recognition is an important step for
human behavior analysis. which can apply to many
applications. such as, surveillance system. and medical
analysis tools. In this paper. we propose an alternative
technique for human action recognition using color and
depth image from top-view camera. The specific
representation. called the Color UV-disparity. is proposed
to solve the universal unsolved problem. The four basic
actions are concerned: standing or walking. sitting.
bending and laying. The neural network is applied as
classification method. Our method can recognize actions
accurately in real-time.
KEY WORDS
Action recognition. Color UV-disparity, RGB-D image

1. Introduction

Action recognition is necessary knowledge for human
behavior understanding that can apply in many
applications. such as. surveillance system for public
safety. assistance systems for disable person. and patient
monitoring in hospital. Actually. many researches are
done in this field [1]. amount of methods are proposed
and analysed based on many properties. such as. shape.
color, motion. model. and etc. However, the systems
generally failed when the behavior become complex. due
to many factors, such as. angle of camera. illumination
change, and etc. In our research. we believe that any
complex behaviors can be decomposed into sequence of
small atomic actions: standing. walking, sitting. blending.
and laying. If the actions are well identified. the complex
behavior can be better modeled.

In this paper. we propose an alternative technique for
human action recognition using color and depth image
from top-view camera. The four basic actions are
concerned: standing/walking. sitting. bending and laying.
The important idea of our method is that depth
information from the top-view camera provides the vital
information to the action classification. For example.
ideally. the two levels of depth (head. shoulder) could be
observed for standing/walking actions. and in confrast
only one small depth level with large color area should
identify the laying action. Based on the idea. we proposed
a specific representation. called the Color UV-disparity.
as an intermediate transformed image space in order to
recognize the four basic actions. Then neural network is
applied in classification process.

2. Related work

The previous research works on human action
recognition [1] can be grouped into two main categories:
body modeling and image modeling. In body modeling.
the methods try to recover the human body structure from
the images and identified actions. Bertozzi et al[2]
proposed a system for pedestrian detection combining
three different methods: warm area detection. edge based
detection and v-disparity computation. W. Wang et al.[3]
propose an articulated model of human using the
body's trunk and limbs contour angles. The angles
representing the pose of the skeleton model and the
length-width ratio of the human are used as feature vector.
The performance of method depends on the accuracy of
coordinates of human body articulation. In confrast for
image modeling, actions are recognized directly from
specific image featwres. Giovanni Bertolini et al.[4]
introduced feature clustering method extracted from HSV
color space and depth. using a hierarchical self-organizing
map(HSOM). Liang Wang et al.[5] proposed combines
kernel principal component analysis (KPCA) based
feature extraction and using factorial conditional random
field (FCRF) for motion modeling.

Some works are nearly related to our method.
Weerachai S[6] proposed the human action recognition
which focuses on a top-view single camera. Human
posture features are described based on DFT coefficients
of log-polar histogram. Neural network is used for
classification of 4 actions: standing. sitting, lying and
moving. Michael Harville[7] proposes the method for
recognizing human action from plan-view template. Shape
and color feature is used for describing the long-term
model. Nittapon Noorit et al.[8] introduce the method for
action classification using simple human model with color
features. Five basic actions can be classified using neural
network.

3. Proposed method

This section we introduce our propose system for
human action recognition from the top view, shown in
figure 1. Image sequence is acquired from Kinect camera.
as color and depth images. Firstly. depth images are
analyzed for detecting moving object using background
subtraction technique. Then. the detected object is
projected into the UV-disparity representation. At the
same time, the segmentation of ROI corresponding to
concerning object in the color image is performed via
calibrated geometric transformation between cameras.
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The process will introduce the color properties into the
UV-disparity. Finally, the feature representing actions,
such as, standing/walking. sitting, bending, and laying,
are exfracted from our representation. and then input to
the neural network for further action classification.

RG3 Camera IR Camera
: 1 Feature Extraction l :
: Color Motion Object
: Extraction &
. Color Match fodims .
H | =
= Subtraction .
UV-Disparity :
H Color-Disparity
Feature Extraction :
E Activity Model H
— j \\‘ e
= Standing and -
: paac Sitting bending

Model Recognition

Figure 1. System overview

3.1 Object tracking from depth image

In our system, the motion detection is used to segment
moving object in depth image using background
subtraction technique. We found that performing motion
detection on depth image is more reliable than on color
image. Note that changing of illumination has strong
impact to intensity of color image but not to the depth
information. In our system, we apply the mixture of
Gaussian method for background modeling. The
background is modeled by calculating
theP (X,)probability as the following.

P(X.) = Zfil Wiy * Ti(Xm Hier Ei‘t) (€]

Where w;, is weighted Gaussian, K is number of
Gaussian (fixed to 5). And 7 is probability of Gaussian
function defined by.

N ) == Xe—g(xf—mfz‘i(xt—m @)
eozlzlE
The result of background subtraction is shown in
figure 2. We can notice that motion object can be well
segmented in most actions. However the laying action
gets less accurate than others due to its depth information
that does not enough distinguish to the floor.

o

(@ (b
@

O]
Figure 2 the result of motion detection: (a) standing,
(b) walking. (c) sitting, (d) bending, () laymng

(c)

The blob tracking is used to track meotion object in
depth image. Minimum bounding box is determined
around moving object for globally tracking the direction
of moving object.

3.2 UV-disparity

UV-disparity is a representation which is obtained from
the projected depth image over x-axe, called “u-disparity”,
and y-axe, called “v-disparity”. This representation
provides an intermediate way of disparity analysis of
moving object on the x and y spaces separately. V-
disparity [10] is estimated from disparity map on y-axe by
the following.

HI) =1  (3)

Where [, is disparity map, I,,is v-disparity, and His a
horizontal accumulate operator of similar intensity on each
row of disparity map. Figure 3 shows results of v-disparity
of moving object in five actions.

(@) ®) © (@ ©®
Figure 3.the V-disparity: (a) standing. (b) walking. () sitting,
(d) bendmng. (e) laymg.

In the same manner, u-disparity is estimated from
disparity map on x-axe defined by following equation.

Vi) =la ®

Where [, is u-disparity, and V is a vertical
accumulate operator of similar intensity on each column
of disparity map. Figure 4 shows results of u-disparity for
moving object of five actions. From the results, we can
notice that the uv-disparity can discriminate the structure
of human in difference actions by its depth information
from the top-view. However, it cannot clearly define
physically the parts of body which gives more details on
the specific actions, for example, head, body, or leg.
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(b) (c)

() (e)
Figure 4.the U-Disparity: (a) standing, (b) walking, (c) sitting,
(d) bending, (¢) laying

3.3 Color UV-disparity

The color uv-disparity is proposed for identifying parts
of human structure in the uv-disparity. Colors can
represent the parts of body depending on hair or cloth
colors. This step can be done by segmenting the moving
object in color image corresponding to object found in the
depth image. The camera calibration allows us to
transform depth pixels to color pixels geometrically.
Firstly, the depth pixels will be transformed to 3D points
P3D.x, P3D.y, P3D.z using the following equations.

_ _ depth(xg.ya)
P3D.x = (x5 — cxg) * (71’1;{ (5)
depth(xg,
P3D.y = (va = cya) » (ETI2 - (5)
P3D.z = depth(xg,ya) (@]

where fx,.fvq.€x4.Cy,4 are intrinsic of IR camera
[x3=5.9421434211923247e+02
f¥4=5.9104053696870778e+02
€x4=3.3930780975300314e+02
cy4=2.4273913761751615e+02
The 3D points are then converted to 2D points in color
image.

P3D".x P3D.x
P3D".y| =R |P3D.y|+T (8)
P3D".z P3D.z
P3D’ xsfx,
P2D, g2 = — o Ry @
P3D’ ysfy
P2Dy gy = —— 8ty (10)

where R and T are the rotation and translation matrix

Finally, the transformed depth pixels. figure 5(b). and
color pixels, figure 5(a), is matched with a simple and
operator, which produces result shown in figure 5(c).

@

(@ ® (©
Figure 5. (a) color image (b) depth image (c) color object
By using the same definition of uv-disparity in 3.2, but
apply to color moving object; we obtain finally the color
uv-disparity. Figures 6 and 7 show results of moving
objects in different actions.

(a) (b) © () ©
Figure 6.the color V-disparity: (a) standing. (b) walking, (c) sitting,
(d) bending, (e) laying.

We can notice that the color provides us a superior
quality of actions representation via human structure in
the uv-disparity. So, the head and body parts can be
clearly identified, although the leg can be located hardly.

(a) ®) ©

@ (e)
Figure 7.the color U-disparity: (a) standing, (b) walking, (c) sitting,
(d) bending. (e) laying.

3.4 Feature extraction
Our features are estimated from the color UV-
disparity. Firstly, the disparity levels in the U and V

respectively.
R

’ 9.9984 e—01 12635 1e—03 —1748 4436643 -0z disparity are quantized into 10 levels with respect to color
=|=1.4779096 4480e — 03 =01 =—1.22513B0107679535e — 02 " —— 74 T -\ Y -
1.7470421412464927e — 02 1.2275341476520762e — 02  9.9977202419716548e — 01 (hlllna]l 5t111cn“es)' In eﬂch le" EI Df UorV dlsparlt}h Ihe

center of mass are computed, which represents the center
of mass of body at the specific disparity level in the x and
y axes respectively. Then. the features were defined by
angles between the two successive centers of mass in the
adjacent disparity levels. The angles are calculated with
reference to horizontal axe for v-disparity, and reference
to vertical axe for u-disparity, shown in figure 8.

T =|-7.4423738761617583e — 04

[ 1.9985242312092553e — 02 ]
—1.0916736334336222e — 02

frgn =5.2921508098293293e+02
{Y:5=5.2556393630057437e+02
CXpgp=3.2894272028759258e+02
CYrgn =2.6748068171871557e+02



Figure 8.Angle feature definition.

Ideally or physically. the angle becomes zero when
standing or walking, or positive (but not close to 90
degrees) when bending (this angle reflex relatively to
bending’s angle), or near to 90 degrees when laying
action. By following this procedure, we got 18angles from
u (9 angles) and v (9 angles) disparity. Figure 9 and 10
shows the example of angle features.

! i

| S| v

@ ® © @ ©
Figure 9.theangle features of color V-disparity: (a) standing. (b)
walking, (c) sitting. (d) bending, (¢) laying.
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Figure 10 theangle features of color U-disparity: (a) standing, (b)
walking. (c) sitting. (d) bending, () laying.
Then, the feature vector is defined as the 18 angles for

1 frame. Note that for one action, the feature is defined as
18x100 of 2D matrix.

3.5 Action classification

In our recognition system for human action
classification, we apply the feed forward neurons network
with multi-layer perception network using back-
propagation algorithm and sigmoid activate function. We
fix 18 nodes for input layer, corresponding to our feature
angles, and 4 nodes for four basic actions:

standing/walking, sitting, bending, and laying. The
number of Thidden nodes is predefined to
5,10,15,20.25,30,35 and 40 nodes, the optimum number is
determined during the experimentation.

4. Experimental results

The human action recognition is acquired from Kinect
camera installed on the top of a room. Color and depth
image is record at the same time via RGB camera and IR
camera, shown in figures 11 and 12. The datasets is done
using our adaptive version of CL NUI Platform. Four
persons with different clothes act randomly and
continuously with respect to testing actions: 100 standing,
100 sitting, 100 bending, and 100 laying actions, shown in
figure 10 and 11. Testing system is run on Intel processor
Dual Core, 2.4 GHz, 1 GB memory. The human action
was divided into 4 groups: standing/walking(0001).
sitting(0010). bending (0100), and laying (1000). The
features used to recognize in neurons network is consisted
18 angles of the color UV-disparity. For each action, the
training set is 400 images. This dataset is split into 3
groups: training 80%, validation 10% and testing 10%.

In the first experimentation, we would like to
determine the optimal number of hidden layer nodes for
this classification problem. We define 8 neural networks
with different hidden nodes, such as, 5,10,15,20,25.30.35,
and 40. The table 1 shows correction rate with respect to
the number of hidden nodes.

@ ©
Figure 11.(a) standing, (b) walking, (c) sitting, (d) bending, (e) laying.

Nodes | Percentage of the correction rate in average

5 99.0

10 99.0

15 99.3

20 99.5

25 99.5

30 99.5

35 99.8
40 99.8

Tablel: the correction rate with random nodes
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@) (e)
Figure 12.(a) standing. (b) walkng, (c) sitting. (d) bending. (e) laymg

We can note that the correction rate increase when
the number increase. However. with more than 10 nodes
the increasing rate is very small (up to 0.8% for 38
additional nodes).Then. we conclude that the neural
network with only 5 nodes is enough for solving the
problem. The table 2 shows the recognition rate of four
actions with 5 hidden nodes.

Actions Our method Weerachai
Training | Validation | Test | Final [61
Standing 100% 100% 100% | 100% 84.0%
and
Walking
Sitting 98.8% 100% 100% | 99.0% 84.0%
Bending 98.8% 90.0% 90.0% | 97.1% -
Laying 100% 100% 100% 100% 86.0%
99.0% 83.3%

Table 2. Actions recognition rate

We found that the standing/walking and laying
actions can be recognized perfectly due to the
distinguished disparity levels. However. the system
provides a little bit less powerful on bending action at
97.1%. Globally. our system produces a good recognition
rate in average at 99.0%

We compare the performance of our technique with
the method of Weerachai S.[6]. As shown in table 2. we
can notice that in very action our method can perform
better results. This can be explained intuitively that depth
information is representative and valuable for action
classification from the top-view of human structure. The
classification using only color image with primitive
properties, such as. height-width ratio. will limit totally
the classification of ambiguity actions (bending/sitting
actions). However. analyzing image from top-view has an
important limitation on the field of view. More
cooperative cameras should improve the better results.

5. Conclusion

In this paper. we present a novel method of human
action recognition for top-view images using color and
depth information. The color UV-disparity is specially
proposed for describing the moving actions. Features
extracted from the color uv-disparity are feed to neural

network. The system provides a good recognition rate for
at 99.0%.
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