creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

Generation of Virtual Inertial Data for Fall Detection
using Physics-based Character Simulation
2023 |H 2 ¥

TH
Tor o
Ho
— H
WA}
HE X©°
TH



El A]

2]
=

2] 7149k 7

=

=
using Physics-based Character Simulation

Generation of Virtual Inertial Data for Fall Detection

p——

ToH @ /M)b_ @ "l
_z ..
m;_
o| ©
o o~ B A4
i — 10 __ﬁ ‘Iﬂ —
Tor ] — 9
ol mpy o e
L . __O—l i}
ﬂA_l ~ ol W J_,NO ~
T & " <
R X
o N T
o e
nid H
iﬁ &O RO Ww o
ci
o o
3F o °F



o

o]
_z_o

Ryl o1& 4 3

57 9iek. mekel 7]7]e] o2

4

& AA 7ol wol A7-E e, HiolE & Sa/del B

Ar

gotol 7

A

=
=

EEEEE

o

&, &9}

A
=

AT 3% 7t

EER

A%

EEE

AN =

Tor

ol

Tor

Fol 2] 419] FH2le] ofuulo] 4 7]

o)

oleh. & 472 5

SH
=

~

Ar

A}l

= 47

AA olg]

zel

o

A

94

F

YAO
A

!

=

o @71 o1=%

=
—

o247

Fao: A fyrold, 2 AlgdelAd, 27I%t Alof, HlolH ]kt o]

3}H: 2021-21985



Contents

Contents

|List of Figures|

[List of Tables|

[Chapter 1 A Z]

[Chapter 2 #3 A

2.1.1 Ao Ao

212 Aol €19l

B2 ol A A

o XN = |

[2.2.1 Non-wearable A|AH]|

[2.2.2  Wearable A]A~H]|

2.3 A dlold 3 W

231 AFEAF 24 7[4H

2.3.2  AAE dlo]

ii

vi



5
2.4 =] 7[9ro] &g S&F Sk 2l Alof . 0L oL
2.5 <eHof vFe5l= EAFSRAS W L

[Chapter 3 AJEFOJAS Tt T 54 A4
[B.1 Al=ZrslskE oAl ...

B.1.1 A SEE .
3.1.2 | R
BIS3ACHON . « « v v v e
3.1.4 HAH
[3.1.5 End of episodel . . . . . . ... oo
[3.2 YA =ZFAA ZIEHI L
[3.2.1 ©foket oM} A oA L L
B22 TFall-VAT] . . .. ..
3.2.3 HAZHSH ..

[Chapter 4 A A A ~H|

4.1 LSTML2 o|&ot IAFrH=Z ... .. ..., ....
411 A== . . .
[4.1.2 sks glolgbHAE HloE]|. . ... ... L
[M4.1.3 ol okE . . ..
4.1.4 At ety sk agkalg @l .. 0oL

[Chapter 5 A3
.1 A= GAF A B
[5.2 YA ZFZ] AAELN LA L

[5.2.1 dlolHAIE! . . ...

iii



(.3 YA A AL ATH L 31
]

5.4 7N HolEAE BE= A3 . .. 0.0 32
.5 Aol ot AXY . . . .o 32
.6 =SFTAIY . ... 34
[Chapter 6 1ZF 9 AZ] 35
IBibliography| 38
[Abstractl 42

v 2 X2t &ty



List of Figures

[Figure 3.1 AAS] FQSFHo. = = J1&] . . .. ... ... ... 16
[Figure 3.2 Fall-VAES &5 AAAE 2 A . . . . . ... ... ... .. 18
[Figure 3.3 HAFASFAA[ . . ... ... 20
[Figure 5.1 AHAJ= WAF 2N 0 0 000 25
Fioure 5.2 FallVAE/} A95x] OFS AT =4 . . . . .. . . ... 25
[Figure 5.3  SmartFall YA gjo|g| oA, . .. ... ... ... . ... 27
[Figure 5.4 S YAFGlole] AT, . . . ... ... ... ... ... 28
[Figure 5.5 Al HZFSIZ]| . .. . ... ... 30
[Figure 5.6 LSTMZ o][&3F SmartFall A /B[JA S5 A3f . . . . 32
[Figure 5.7 LSTM-2 o| &%t #o| ot ATH . .. ... ... ..... 33
v

AT



List of Tables

[Table 5.1 A0[o1%g AAH gt 7P d[o]ele E5 ¢ Confusion ]

[Table 5.2 Aol sF&-2 =oF

Q
o)
=8
e
@,
S
=
>
+
2.
s
w
@D

[Table 5.3 Ao] ot5-2 ot 7HIH[o[ENEZ 7HY £2 52 HO] |
AATE 34
vi

Al 2o et



Chapter 1

B

St

1
o

ofj 4] @y 7

Aol wr2H wid oF 684,000 0] W o=

5

%

=13
=

I et WHOOI A 2d o

R
kK

—~
fife]

BY

A w2 dolHE

o5 915

frsl

n_AlO
s

| /KC—)]

3

=
=

N 4= AR A4 =9f HolH

ol

A

]

5

215

ZF
=

of AA| &7l A ol EZ}

Mo A9t

Ao

d

o dlolel & 4

s

fol 2183 dlo]

5]

A7t o

el

o ojeje HEo= Yoy



17] wj o},

s}

PR 9]

gl o1&

H
T

o

ol

dlolel7} Arj th4g A st

.(?.l_

oA 34

g AdA e

1k
=

a8e=z

of
ﬁo

o] Yol Al

%
o] 1

oltt. A& &9, Higel nI e n11eA|

Sl A

o] =<2k

!

=
=

o) 745 W97t Zof

=
—

oA B 7] o

ol & dAFollA=

So] o9 of 7] o

3]

glolel 2]

&y
AN AR e A

&

AR AL ol

™

o

SRR

@77k 9e o]

5

mlo]d Zobell e =2 ol gl o

AFE vA wHo2 HHeE

—

A7 A 2

o] AFE|3 glout o}

=

A

ofz=o]

il

of o &4 ¥4 tlelgrt ofgA 2d &

o)
L

IAE &

&=

glofEl7t gloje ofH K

o)Al

ol
A

oW

ol

oltt. AldelA A

St
=

A, @etellM 71 A

o =
EES5

g

o A 2E 7ML, 445, £, oy, dEZY],



p—

Akgre] WAEe

2 el

d

A

#|2olo e 5 WA

Eo

Njo
o
{|m

Tor

mr

1jo

R

i

17] ©]50 Fall-VAE

)

288 371

o

Tor

P e €22 I A7 9}

o)

sl7) 45t

15 o<

X
<3

|

3} 9] 2lo] Foj7

AL
__O.O

£l

to] 4t o] ¢le] 417

i+

dolEe Aoz AYEES shlh. Yl Aol 7IH

297} vl

M7} ol

2 71ge e

=
=

Al ef

oF
s

]

T 32

&

H

o

Z

1 58 Flol o

ro| w itk Tefit 4l



52 4518 2002 &l AT T4 B2 Aol YAoR B
NAe] 2T 2 A7l Fako] A HUt. Tt BE veE 17]7)
918} ot vieroz Pe Bejot Fato] AN 497t glol AL
o] $24 797} Ql9ith. Fall VAES 283 490l B2 vl 9FE F
HolAt 5 $2& ook Sa5o| Lheheth. Teln shdol og B 51
= Ak, vl mjnele A9, vhete] &3 W9l £& Ak 49
SR AAAHT TREG S| Lehgitt



Chapter 2

2.1.1 4949 39

Sagolst Abat A41, A7, mhe] S olg kA wele] elsf omatA A
Hpetolu} ofeh%o] EROR A7} olF ke RS Wtk B HAo] A
ool oA ALt Hol AN thal, i 17 A BTt WHOS| oo o}
2 £919] o|xfot Aglo Feteie] A1 73%3
w1 B9 e S0 WA AT ST A 23 oh

12 [P A QA

n:
e
)
o
A0
o,
1o
10
)
i—lﬁ
e,
4
N
N
jar}

=
o)
v
oz
filo
EI
mln

7] 0133 A o}— Q<lo]

Ak 2R o] Aol Aot tike] Fxe} go] mEYs}) ofee



TS 4 3J 01 37 Non-wearable

2.2.1 Non-wearable A]AH]

Non-wearable system-2 (1) H]Z 7]4Fo] AlA e} (2) vlE 7]Hke] AlM R U=
7 qunk. ¥ 71Hre] Al == RGB-D 7h|2}, 2 @) AllA, 2ol ¥l 2704

(LRS) 5°] 3t o] MM E Foll A2 HEE v O R o] RN 5&
ARgo 24T o Sl A&  HT @ 7HA] ZHdlEte] AS 2j&H o7 Tboh
oju|ZE YH o & o]-gs5}o] Oﬁfﬁ} dregfFo] Yol TAG=A] ohd A Tt

St 4= Q)& ZAojt). vier 7Hke] AlA o] A9 2] HHEFE (Ground Reaction Force,

2.2.2 Wearable A|AH]

Wearable system-2 Q14| o] E&= A AL} 7] 7] & o] &5 Hlo|g & &35t F=2
TVEE A, Ao|2AF I 27| A, Inertial Measurement Unit(IMU) 52 &A=

Y



G ASEAL 52 et BAY 7142 SPsk Fujoltt. o]z
L 9P vestel 99 WetE gATT 1eBE A 52 et A4ES
QUek. IMUE 7M7), Aol 22508, A7 AR T4 Aotk o]
MAE-L Ante E, Ante 9o Quba o 2 o] glo], Wiz
7171 292 BAE 5 o, Aol o R Holn
i} A BNAE o] go] stk i mutel 71719 79 Ao

AFg AJ7Fo] AlekEls A9t 911, Wearable2 3] 92 o] =

>
@
nEt) =

jﬁj i)
| O PV
° =
K~

In

lo

i
{127
QL
¥ o
2 iz
)
>,

2
ro
(0]
eed n

o
N,
i)
ro,
N,
of
filo
=)
ko
ol
2
a

dole 2 94 A A2’ 7 a3 Faoltt. @A tiRZe Hlol
EAEE ddd S0M SAE ez d5H3don, Foqds2 AdAe

3
A} glo]H 252 9ISt 7]7| 2= IMU Sensors 73%, AHFEZ 7]HEo] A& 15%,
sEMG AlA 3%, 7hdl2t/vlt @ 2 6% &2 Ble= AMEH Ao= FAY
ok, MM ] Bzt o)X= a7} 31%2 7P =9k, 28 13%3}, A= 13% 7}
79 ol AL ASE VRS AT BB LIAZ AV BOHT, 248

AR&RE =120l 47H At Flolof, 107] A AF-g-gF =] 27]0] L, A 3,4,671E

A} =Ro] b2} shtgick. AA) HlolEHE Qi MrEe BlS A7 2570l
GolHE BRHE 4L EHokAolh g G4 A9eli AT Helo)
: olt. olefst &

A7 A 4 AEZE Aol T&o] Z 2 HolEHE 47
oY of| 5] Wearable Al 4]
ol E= 11 712 7F PAMAP29] 790l = oF 2074 o] Z71aket 4] 4= AlxH]

At dlole o] v Tt ZAI7FE

itk o]
% @14 (Human Activity Recognition) A



3 dlo]H o

99ict. o2

Soht 397t

20-30t| oA

_1:.
T

A

tofel =}

€3

| BC
=

=4

2.3.1 AR g 7]

)

—_
1jo

glofEl Al

Xe]
“

L de:

2.3.2 AAYE ol $32 F

wearable 7] 7] 9]

H2 mdlo A AIAE HlolHE F

Gonzales [4]

1]

ol
[l

o

o

ol
Tod

e}

<

Ll

9|
i

5

=
=
IMUTube

2.3.3 H|go

=
=

kel
—

Kwon [6]

%5 Q14 o]

%

%l Wearable A4 7]4Fo] A2}

mj

HAAth AFH Bldo Ao g FiFol A AR AlA|

=

R

kil

"X

4 glon], IMUTubets 942

= e
= =

® IMU glo] g

i

Aeo= ol

o] ct.



Ho]3l, Opportunity 7|22 94%, Pamap2 (locomotion)

S

71E0 2 80%2]

=
=

< 71F22 96%, 18] 31 Pamap2 (complex)

B

—_
Ife]

o

o

—

R 2

A3} o}
fiA ElolE

5]

o} 293 919] 2.3.2 2e] A Ho]

1
—

gt

}\(1)4 Al

=
=

L de

o]
i

=%

2.3.4 3D Environment

FEl e}

Il
his

%

F7} Qlt}. Zherdev [§]-2 Tt

] Unreal Engine 45 0]

9|

il

tol 2t dlolel & Aot

Ife]
B

mr

°ol&

telct. 223

Bys

Folet. oA

R

i

CIAE A § bl o] 35 uhad

ol

o

il
iy
HE
TH
TR

e}

<

=d| 7|5t A F2F sta & Ao

24

B gL T 7 ool

It
T

a
=

23 7

Tor

Tor

Kinematic H|o|E| & vl&ro 2

Tou



Aol ofUmo| 87t £ 02 AR 7] Leo|y FAE e & 4 olrk
o] Aol A BA Pk T O GOz o]l ALk B BAFSE AL H
Ads RAS FUHEE Stk gad 24 g4t AYE7t SAT 242
WESES gt o2 Fa HEEAN, GO AU, £ o A3 oz A
F 97, F2709 2L dolurt B BAL 2e] DA 44T 4 U9ee
Bk B4 FAL SASHE £F Dobot Ao} FESHE Pertwbation
RAAE A% 245 Bk SHAT AMaAs Fafo] g Aol ol4si
PEE Bt

AR R
olele F42 AN RS SASHE 2 YYast

=o| F7] s2e] s Tcte ZHAAAE Al

AT e T AR o] FojAitt. &

:
shartel Wol A g
1
-

sl
4

%0,

rlr

™

|m

i

)

I

el

jutnl
|E
i
|m
i
T
il
rE
ox, M
:O|L_I,
gt
oX,
=O£,l
[e]
o)
sk
Buj
>
u
o
w2
e}
Qo
=
&

142 71 1 ShskE 7] BalA ofof

4
2, AR 07 Fol 2 Folt AR F4L Aot

)
rr
AL
rlo
¥
)
L. 1o
Hir
o
47
N
1o
A
>,

|
WA o A= Bayesian Diversity SearchS E3jA =o] H7] HA2FS 211, Take-

off State® ot A2 AL A% FEF 54 shich. Teln R Pose
H

10



o

A &2

S

OER

7t

=
—

1 @7=9tet. Yo [11]

o=
F5

o}

9] Perturbationo]] tfj 3}

5] Aotk o] %

=
—_

Apo] A7} o

ot Arikan [12]+= €]

5|

ol
o

3

Eo0

todct B4 244 A9

©

Hes 74

O =
o ©

s

o]
=]

A7)
Aee] ma

FolE
1=
—

t}. Lee [15]9] &4

il 7]

3
0

Hotes

[} o]
o] vr-g= Al

ks

]

7

ddst =49

5

[zaliaey

s

|

SAE Bho] A7 HlofolA] ele.

AL oA = & of

11



Chapter 3
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TimitationTresidual"latent  if Sperturbation = 0
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Tfall = Tcontactforce’'r (33)
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3.1.5 End of episode
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Abstract

Falls can occur in any setting at any age and can have serious consequences,
particularly among the elderly. As a result, the development of fall detection
technology that uses various information sources, such as images or inertial
sensors, has been actively researched using artificial intelligence. In recent years,
with the advancement of mobile devices, many fall detection technologies that
use inertial sensors have been developed. However, obtaining sufficient data on
the fall environment remains a challenge for effective fall detection. This study
proposes a solution to this challenge by utilizing human-shaped characters in
a virtual physics simulation environment to recreate natural falling motions.
Virtual inertial sensor information, including 3-axis acceleration and velocity, is
also generated. Reinforcement learning is applied in the simulation environment
to generate the data needed for fall detection, such as body information and
the character’s frictional force. By leveraging the latest character animation
technology, this approach enables the rapid generation of fall-related inertial
sensor data, which was previously difficult to obtain, and its application to fall

detection technology.

Keywords: Computer Animation, Physics Simulation, Physics-based Control,
Data-Driven Animation, Deep Learning, Reinforcement Learning, Fall Detec-
tion, IMU Sensor, Long Short-Term Memory

Student Number: 2021-21985
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