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2023E7kA] 28.59 8 RO ARFo =R

ArA71E4, 2018).

A A Al

1-4]el oA 2016 14.4]
FE(CAGR) 48.7%% 71=olH 2023d 227.9¢

gollM A+t
g7 A7E Aoz o

HRo FEIAS

_1?__-1;__ ]/\194 Hx]—o] 20164 9.404 1:}3101]/\1 @rﬁ_}_{- /HZ]-E
24 AEAs WAl

o
€

=

w A

47.6%=

A A

Aol A 2 Markets and Markets, 2016)

(F$] : $million)

2022'4 20234 CAGR
(%)
2219.65 3283.41 49.7
9999,99 14587.77 47.6
3357.77 4918.56 482
15577.40 | 22789.74 48.7
2 Yol BEW [E 1-5]904
< ABd AHES 52%=
19 Jleg dARHERRE



[E 1-5] 718 AA AdF3ASs dAA ] A1F FR(Markets and Markets,

2016) (9] : $million)
CAGR
2= 2016 2018 2020 202208 20233d (%)

DeepLeaming | 149.10 35599 | 83180 20232 | 28538 | 520

[

?”er-““g 20814 | 66762 | 146768 | 316698 | 461952 476
Miethod _ |
Natural

Language 713.14 1,586.52 3,464.60 742546 10,794.00 47.1
Processing

C A
i datil IUL 63514 | 141233 | 308265 | 452234 484
Processing

Total 144079 | 324528 | 771642 | 1557740 | 22,780.74 487

A2 47 Bayw 57

5
s, B 183 A4 s A Y 5+ AHHKHIDI, 2018).
o 2 - ¥ A4 gt ICT

% Zle #H Hiole Zopel rlgdiler il Axz dAA welshe
t 2 o7 djndo]l A WHItEHA Ags), whdEgAt

7t mE 2&H 552 siEsk] T Ae 8471 HFgEe] T o

7FAL ATH(AF o] eFEerd A, 2018).



7|=% H(Seeds) ot A& 8T (Needs)

IT 8538
- gx o|o| & 2
- clavl 52

- 9= HHE Hxis}

® 2wls
28T %
E74= xizn .

- gER AR T e

(2% 1-2] A2Ao] Hofe] 71434, Wat, Agatel A

of qlom, @Al A, AT FaA oo n]H

(Preventive) oJsto =2 ®W3lstal glom, 2bxp ZH7iQle] 13t B/ A39tet

9rE o5k (Personalized), AFAXI G AR Mg & @27 402 Fhojs)

£ o] osh(Participatory) 9] M2 L= YetdthdT sof, 2019; &

3], 2015).
2AUtE Aol [OF 1-3]00A4 71& 5§ AF FHAA solvt A

Fote Axd BEe A

ro,
1o
1o,
il
o
Q
)
" 9

)
oS
4
4,
s
il
1o
o
e
>
ﬂl‘ﬂl
oL of

A, 38R fE2 Aade AAZ /714 2ge oM & & 9 st

)= T =1
N7le A%F A% g &4 PFo= wdsty 9ot



deg A% ds 9% I8 &7

7171, sh=dlo], Sla4AniE Moz &, v o]y, 252 QT F, AR
A7 44

({9"’ 2 "%

AA7I%E L FA M AR ANZE 3A 718 AR

-

4 - Aads

[18 1-3] A0ntE daAo] Fopo] 3t Wrek(Frost & Sullivan, 2016)

matd, A5As, Hulold, AEdHY S 22 Ve TRy

il A3t H
o527 sHHIL & Silo] THEStEHA, v A o 9 dX oA
A

REAL o=l 4nst BYE AnEqelny BE
BY 36 57 SEn mayel FEuy ek
(23 1-419] ol24Tg) AACIA MY BEW B o7 Aulse] FaL
srtE WrAlolg J1Ee] WaAolet TH Al

(=2 e 54, 2016).

o =2| Ao M

(27 1-4] Szited AR EAA AR A4, 2018)
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[ 1-6] $ajuet =2 AZgdaclo] AH H|Lo o 7| (FAT 9,
2012)

G Agad | mg@e:any) | oz

=h 2,967,554 9.12%

2=z 2,791,697 8.58%

EARAL = b TR (UAHEE) 1,221,318 3.75%
X _ 120,064 0.3

A7 21.82¢

HF(HAF, BT) 2,161,851 6.63%

MEST gl TEer 723,184 2.22%

TEHLHE | 77,166 0.24%

| 9.09%

2H8% tf71ed | 1,167,873 | 3.59%

A20A o1 2% 18 ThH) _ | 34.49%

ozt ARW AuAst A 5 AT A GGelA BA BAA

3 A7 2
AgE Aoln, ol2 5 71 gmAsHT] THY U AP WO
g omolwe Ante iAol AABE FEF 4 glode Bk £g
ABA A 7 AN AntE AxAo] AABe Az oF AE
Ag B2rol M4, SEUL AH, 2AY 5 44T G902 saHe] A
of 4R @ A% Bt A Aolel AA FAPel weh Az AuAE
Aol obd QA Fot AclE T 4 Uk AEAR St A7t e

Stopal R oh(F]-E<%, 2009).
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Y WA, A8 G BE ofoltiols Fdstel AZTE] Au]Ag)
ntE WaAlel'E Azstelgon], B Auso) o
A6 A% BRAAAS S, Agte] £y A7)E B A% AR
el

of Yt B B3 Ante Wrso] A2H

g2 st eH, 1ol = a2 v, =
84, A7 =4, A7 TRT "ol def Tlestien, 278 2nt
5 =51 MET(Metabolic Equivalent of
Task)oll ¥sto] o]24 ®iF= 7lestAr. 382 2Ml 4 of5 FRiT &
2 Q1A WS AASHL, ARtE Ao} AlAHE R AAo] #e A=

ZHA|
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A2F ol2d WA U AgaAT

A1d AutE A AF
1) 20tE AAFAo]e] o

Fo] ICTeF B og Au|Ao] Ag2 g 43 o Yoyt ‘ArtE 9
Al EHE 2L FHiR HEsty kR EAAE A, 20165 2018).

AOLE dAAlolE omet Z|&o] §8H FHE o= dHold 7 As
SHE AHIAE Snlobd, Sap AREALY] QI A% AHE AIRM Ao
Aok glo] AAtez mUEF 9 sty A7 FE 2 A A
HAste] A5t 9Ed JURE Algshe AHlA EE AlAFoR
HAEFAIATGRIEY, 2017). B, daAoler Q1FAs, HldolE, A
Y, 295, Yk 59 7&E°] §38H AM=RE HEez 7E9 dnd
o] dYolA o yoprt AA oAy o, A, A=, AR @] BA
oz AH|AR ZtE HH 7]&EL EEote] A odAy AdEEE B
& Qe 97 o7 AMu]2o|tH(Wikipedia, 2018).

AutE FAaAols 421 Aol 4l ICT 7«2 3]s 9
o], AFERIEY, ZEE AFHS daA oot FES Hofz, [19 2-
oA Z1EAQ 4AFFERE AMEH, AHRpL QGG Y orr|® T A

k=S

271l A ElolHE dolE AR 790l 41 @ st

o

ﬂﬁﬁoln

o ok o

=

u]

10
I
e
()
o3
r <]
ACh
N
e
©
AL
>
ik
ofo
ol
ol
£
b
=
2
=
)
2
A0 m
WE
Ll
:Onl'_‘,
N

Zolth(A4 KPMG, 2018).
A0tE SAFA oo tsiA QoFstad theol [® 2-1]9F 2tk
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Smart
Medical Device

Standard,

Certification and
Conformance

= @ Smart Home

Smart
Sensing

==
Smart Mobile Hospital

(23 2-1] 2nkE WxAlo] AATEEEEEY,

E 2-1] AnfE

2018)

WrAolo] Hol(AofA F&E ALHILA, 2018)

(FPERED

- Q19 A olme] WeF ARA J|V% AxE F
2 A%9 RIS ARE A ok 04 S

o} oz IT7F §8te Hok

20164 - W& 7 zwa MU A5 AZste] Aiqle] Akt
REZIWRED | FHY Ee A8Y 717U SEHE FERALE GolA
=Ed SHE AL 53, AA 3, ofmolggEet =i <y
As, 7HFAd, /A4 R 5o F4e Fl AvEHe
A FAe) A AeA.
CNIPAY - 9J=e} ICT 71&o] g3 gefz o= dold 71w A
2mtE sah AH|AE ojn],

AL o] AH| 2

o

=9 Al 2A4

3

" Apgare] A1 A7 A Az Aae) A ol
gages 2y o geshe 481 A2 Au 1 A

1

B JH S& 245t Ak JiE wEE JAeE A

(2017) Foe AU wE AAd,

- 2ntE @At QA of i Aol o o, e uf

CTTAY of, QY AR, %, 17 U AT vel 5o A wE
2018 Ex8H | BAYR A AUAE AR 7|4

A2 - 494 BATS T8 A% B AulvleA Haw

- anfERs | S ARE 24 9 24 pelsis e oY Auag

g 7]7], o, Ard me

_14_



Medical 8429 olg AMH|AQ} Care #Ql A7 Au|Ar} % Al
Ho] HHols TR AHIAE Qo= AR 28 Aol ol e
duel-E thd o= AJAARD Ak Aol AulAet "o wef AlFE=
A7 Qi MBIAE 2Rttt & ARE dAE AOE, HHolH, 44

ENe)

2 JhoF 3 ZolW i [19 2-2]¢}

AO0LE MIE

+ Full Cjx|% YERI
* HWAAHO MY A

asgEN \
| Ve @ ®

R LR
- a#H ouy8 D () ¢ ﬂ“

clgul@ ol
B i ¥

sEeg gl

mawy s

ofiem Y3 wae Uy
HA2H ] Al2H

* REH # AlAY
+ EEW LAY

(23 2-2] A0tE AAA 0 HIAEGHEAESIASY,
2011)

712 AFNAE (29 2-3]14F Tele-AAD, e-AA, y-PAD, s-HAA
o] o8 AUtE iAo} Hokd] M2 F8 7|& JNdo] FATte] sttt
(OFF<d, 2009: AF4, 2011 L. V. Dyk, 2014). E3h AnteE dAA7Ao0]
(Smart Healthcare)= u-3A, s-AAQ} ZHS [CT 7]&o] HgH »E IAA

AolE Zdst= Ndolt(Hsd, 2009; A4 2], 2017; M. Volk, et al,

2) Tele-&A: Tele-health : FAIAHIAE Foto] FAZ A7F4A (Health—Related) HEU A
H|IAE Adshe Zﬂ(\X/lklpedla).
3) e-dA: HHFAV|E 8-S Foto] BHARAAR Y MY, 2 9 §84 S 24

k= Z(WHO).

4) u-dA: Ubiquitous Healthcare®] oJuj2 Bz =2 HAZTE2ZMN IT(Information
Technology), BT(Biology Technology), NT(Nano Technology) S @St 120l o7,
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2015; B. M. Choi and T. R. Kim, 2015).

uﬁémm (2011)
(2006) °

HAY=As HAL Y=EWT AU/ HAU-2A  o|2/ESX/HATSE

WENZ Jle 234 Y S M elEY ﬁ;’ﬁ_i’g'
d PHR,CBR7|%
HIS/OCS/PACS EMR/HANIE  EHR/ZHZBLIEY s

AU x2s4 =2 HEMNS AMz/ael/dY  x2/R|/oI/SK)/

E R EIE
Al Abe A= EH S U-EA AEAY  ADIEA N AIHAIY

2-3]1 At gAE AAA 09 7l e S ERSFY, 2011

2) AlE ArAo] 7z

ot 9(2014)9] AT [T1™ 2-4]oA Aol FHAAHE] AH[A
ASE D Adel e o AALNSE FHAScte ‘AA A= A 49
(Biomedical Data Sensing Unit: BDSU)’, 2) AOtEZ-S g-8alo] A A5
£ FA-Ag-Agcts A d9(Patient Unit: PU)’, 3) e-F2Aojet A
2 WY gl 3kt 2w P Y(Patient Care Unit: PCU) So2 AASH

4
ATt

Mettler, et al.(2012)9] A x| F7l8oF & E o2 2 A4 A
AFors dd ARRIX =] Wit Tt &, T HJESA el o
o HWAE A AAA He SiE Qs FAA ] —”‘i— F= olAl= 7HQ1e] A
5 FYo HFEA g1, FF Ee AR AWe] AW ot s 11 Fol

ol JtHA. M. McDaniel, et al., 2008; C. C. Poon, et al., 2008; G.
Thomase, et al, 2013; Mohammadzadeh, et al, 2014: A. K.
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Triantafyllidis, et al., 2014).

- Bal, - -

Biomedical /Patient’. " Patient Care ™.,
/Data Sensing, | Unit Alert notification s Unit B
s Unit Vo Y L NN PDA
: - = YT, e iFi i
P AR r (LTE-A / % Bs | T '
; )))g wiFi ) ']') . ';Eb- -l) Pad |
' k= BT-LE ( ( | Networks :
I‘. ﬂ"'ﬁi A _,: \ L S a LEptCF};r
ey /% mPLHR ¢ e ="\ |PLHR ;
%, =y k i Smeeoae - ) Mohile
Ny P - e Time stamped, .. phone .
LE2E T L . differed transfer s

- - - S =

[27 2-4] 2UEH 7]5F dAAo] JEALRS] 3AS A8~
AA I 2, 2014)

Iy
i)
I
o,
[
ol
)
rir
ol
offt
i—l‘,
)
o
)
>
ot
1o
E
,ﬁl‘
o,

Mettler, et al.2012)9] 79l 2t GoAnt AF A28 T3 ¥y AR
Nagog oAt 397 Ade 44 Sthste] oA (20149 AT
Aol A Mgl - 3E AR Hoko] e F7b Agste] [0 2-519F B
oA A AEla G TS EEsrh acksiu, A HolHg
ZA4sts 4gn B GAL Ay AMAe 710l hE wiekd Auls G
olAg, Avpdoz WrAo] AHAE EYH ATt 4T st sh
C Zlolth. ARtEE Huo] A Es
A% dold suoz AW A4S BEAL B g9 AR

S BobA] @aAo] MHAE FEdH of

S dEdts JE Al2HH foz FRtEolor & "ado] Arjdu(eld
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Service Unit Tier(MH|A HZ F9H)

= = = =2
?jg %Q‘. = e c‘):;q!

A2l 55 &
= g9

(Biomedical
Data Sensing
Unit)

(Patient
Care Unit)

(Social-Public
Care Unit)

[O19 2-5] @AaAo] 4415 Av|A FY9 Fx(o]H
@], 2014; L Cubic, et al., 2010)

AaAlo] A Fx [OF 2-6]4 4T ASS System Tiere 1) B
v Health 7|2 218sto] ¥ 85 AMARES 7i) Ay 44 dHE
AARY olF Fo gadwrht AREAF ZH4lel AR A7 Y-S Fol A
Z F32 WEskE A" i g E A AL 2) AEA o=
7130 A} B AAHe] AAE T MEE HAos A7twe] AHA

e A= B A e AAE 3) =Tl 3 Ao 7F 4
Hol weht dds 5 ArRlet 359 AW A welE s o
2 AT AaeE oz ARFdcholdE €], 2014; M. ElHelw, 2009;
. Postolache, 2011).

Syst TR ZHOI A O HIF M| AT A= Ol SR 2] AAF ot 91 ST AZHEal AAf
ystem Personal Lifestyle & Heath Treatment & Patient Pk vs ki Caliaihratie
tier Home Care System (PL&HHCS) Care System (T&PCS) Wellness Care System (PRCWCS)
Service Unit | (WHHIBIE =8 S i} A A= A ASle22 K|z 29
tier (iome i PU (Patient Unit) PCU (Patient Care Unit) Social-Public Care Unit
Sensing Unit)
D ——
ata - - —-- — -
tier [ AHZH X2 (BSD) ] [w&%aw&m I | AL 2= (EMR) I | HAH|0{7| E2H8(HRB) ]
Ne“"fl_'_"'k I (WPAN) ZigBee, BT-LE I | (mTN) LTE-A, WiFi I | (MIEN) HIE, CHINS I
1er

d= 284 o Al HOLT} AP Iiilﬁliiéf%lié
Inter-operability information Strategy Security & privacy :m" wer?:eilt

7= B A2l H A 2 CEEET A7AAs B

(217 2-6] d2Alo] A7 = EE(eldd 2, 2014)

oh

o] WaAo] Ao et AFE [E 2209 o4 AFHOR
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A Modern

Intelligence:

Artificial

143

A (Pose Estimation) g7t

=
T

and P. Norvig9]

(AD A9

A A]

Russell
Approach”of| 4]

1) 2157
S.

Al 24

1jo
ol
,._,_NO
ol
Jo

glHoR”,

1
A=

o.

A vs

=3

A

1 43
—

o=

A 4]

A
5 B2 o] ¥ 714 FAHn} BT Fa

149 4740 7he)n
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SF
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a7 E R e A
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JTHES. Russell, et al., 2009). =
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(Acting Humanly)” 2} &
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5

A% VE
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=
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Az QEA s
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, 2018).
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2 End-to—End
Fel-&, 2019).
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4w, 2018;
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VAR AZsk=(thinking
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At B olulAE QAsl7] SsiAE WA ARSI AHgshe A
of ohjat Al Zo| 9= 7=

(Featur)S Fotof gt whel galde] A9 Ago] B4 Azg A
sk Zlo] ofuet go]

£
2 EX oz AAR ZLr}(o]&2H

]_Féi ].11- ZF Tk St & 011— E/k-] o]x}

MM RIS S5 PN BEE T 2HT

— 1L =

il

Gedel dolHERE MU GEas Wl S oA A
A7t Agolt A nigoz AR & WA(stolw-setn|e)7} go
o MRS AN Hgoe Sl g A slge] Basi

%0l P& MWL ot
=92 AFH o2 Txsjott
REEE ]

(19 2-7] 29, 71ASHE, 5] Hl(ote-& <], 2019)
2) 8T A1AY(Convolutional Neural Networks: CNN)

A 7 duEFoz oofet o] 9y, tiEAHez FEHI 9
CNNef tiafiA Hurzel 225 ntopstazl stot, WA, Qg A1+
Networks)2> [T1H 2-8]3 Zo] drtHo=m =S (Input Layer)
(Hidden Layers)™ &3%(Output Layer)2 2 FAE o] g9lom 7z} =
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Hidden Layer Output Layer

Input Layer

d 2], 2017)

4

(©]5

% 73T (Deep Neural Networks)2 ¢

.

tHY. LeCun, et al., 2015).

o

7t wo] AdEglem, [18 2-9]fA] A

Hidden Layers Output Layer

Input Shape Input Layer

Input image

Deep Neural Networks

ol T2l

Reshaping

=

A 9], 2017)
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| o
of ESkch A7

(Y. LeCun, et al., 1995).
B4 s FESH] s [Oa"E 2-10194 @AE AT
O

(Convolutional Layer)¥ 53+ AlZ(Pooling Layer)& AF&oHHA], o]

o
.

54 dAE dFAQl QlF ABT(Fully - Connected Layers)9] 9 ©]
ol oln|AE EFota QAR

Feature Extraction Classification

6 -
O rO
Cx O
@] \@] &
e O 1o ES
»o O o o2
O O s
e} \e} a
3\
c . N , o} o] _|
onvolution and nonlinearity Pooling L= L~
Convolution and pooling layers Fully connected layers

[ 2-10] H8+= AFHe Fx(o]s4d 9, 2017)

w A s, o

duoll AMgEE Ad A2 A A 7Ol siEstr] wzel HolH
2HEH A AdS SEIHL 2 5 A 5% AT dE ASeIA
=95 tHolge AVE Eol7l SsiM F=2 AR T ASole
Max—-pooling®t Average Pooling 5°] +=Hl, Max—Pooling2 g <

A HYZE 2aat o= A4tol™, Average Poolings diid 99

S AXtstaat sk ditolth HAH A4t} o AR S o] FShHA §

g Pooling A4S £, o= EA Al FZF =W¥A(Spatial
H

Invariance)= Tlot= 7|5 o2k sfAgItH(e]lsd ¢, 2017; H. Jeong, et



al., 2013).

22y 0
OyiIniE2y| 3 01010 i 2 1]2
IREON 1N 2 * EmaE ~ 0 01 - 12
010]0
213]0]1
Input data Convolution kernel Feature map Feature map Max pooling

[1™ 2-11] Convolutional and Pooling Layers(e]52 <], 2017)
3) PoseNet Model
b &7

PoseNet-> 7|HtH] ZQIES] A& FAsto] ou|x] Fi= H|T QA A}
#do] AAE FAskE d AE 4 e HH RdEE Google Creative
Lab(GCP)ollAl ZEAI3It}. PoseNete] 749 Tensorflow.js=2 7HEEo] I3t
e HepeA oA AARter g5 4 QoA g HEEe] Hls] &
7Vs/de] At

PoseNet-2 ResNet 2@} MobileNet 2@lo] QIz]9t ResNet 2] A
She= AT 2717F 23 SAZE g A, AAIE 38 ZE oA
o]z =& AZta} 32 Al7to] dof miEAlstA] ot dupdo=, Zp 7
Alell F45k= darg]Foll s MobileNet?} ResNet oF7] €4 = E—Er A
g A 2Ae ALPT ofgdl, mukd Ao AREES A
MobileNet H&o] T 2] oA F dile]E F ResNet EE} 7vs
a0 owhEch SRA|RE, o)/ FH Q] A A2 olm|zef {F ARERE Sl Z-g-olth
HHo= oux]o] o7 Abol Sle A% F AP KeyPoint7} &2 &
A O] dR= F4E 4 dvke Aolth

AA 2 MobileNet 5} 2 HE-2 PoseNeto| HHIY tHpo| Ao A 55}

o i o

s

—_—
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7] fls arotE mdlojtio), HrI o] Eioh tefolduty gtojHefd] Hx] A
o], Tensorflow.jse] EA4 Keras APl E+= Tensorflowol| A ah53et gl
o]

A
= ZESIA ARSSHAY AsksAlE 4 vk 53] MobileNet o] 7154

o}

o

i)

A2 https://storage.googleapis.com/tfjs—models/Dol| A ThE=2 =3 2
O] Annotation WUZ THE 4 9o MobileNet &S Leeds Sports
Pose(LSP) DataSeto]4 MPII(Multiple People) DataSet®) 52| g5 dlo|E| =2
Z7gsto] QIMES FYshe A 7Hesith

TS PoseNet
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Zoltt. o] Qlsfl, Aol oj® FZ}
& JAASH g ZHIE A= =] ¢
= 4 Slojof gt 1A Sfig Adse 7Idish] AdidE &
21747 (Recurrent Neural Network: RNN)oJut RNN9Q| A&
@7] W2 2](Long Short-Term Memory Models: LSTM) 22z 9]
E71u5ict . BEob 8jA, CNN 7]EHe] 2pA] Q14 mdo] ShAA-S
AtFEo] AAsH= 2-& 249 LSTM Pose Machinese]| tfs] @WEE

EOE
10 e Mo
ox I 2 ool

lo
f
M
riol
o
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>
9

=
9

() U

6) https://medium.com/tensorflow/real—time—human—pose—estimation—in—the—browser—with—ten
sorflow

7) https://github.com/rwightman/posenet—python/blob/master/posenet/converter/wget.py

8) MPII Human Pose: 250007 o]u]z]¢} 2P (Annotations) ; multiple people Z3 40000712
2= (28000 trainset, 11000 testset). Validation 30007H.
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otefie] A& PoseNet ZHA| F7sh= WS AR

@ o}7]€lx-MobileNet T= ResNet 50 & 4= Attt 2E3F PoseNet ©}7] €l

@ OutputStride=8, 16, 32%F stHY 4= Utk ResNet oF7|glAoA =
Stride 16, 327} Z]¥%3l MobileNet ofZ|ElA o A= Stride 8, 16, 327} A
U=, PoseNet R@o] &8 HEZ 2]Hsic) o] &4 &9 o7t
AL £ E WFolA Huo] § Agsint. AL E wolHA £2E &

ol¥d o] e o Z oz dHd.

O

® InputResolution—{width : number, height : number} 3¢ &2 &
= AAolct, 71Eg2 2570t} o]u| 2|7} PoseNet PR FF=7] Ao 3
717 245kl YA = A71E BAR o] E45 £k e HEE
AZHA Bdo] o Agsity, I Bg, HHEE EolHA £E EolY
A ool = o A2 o= AAstoof gt drA, =AE d=std oln]
210 Z71eF Y7t g2 Ao s YK, o] o]gsto] s ofn
2ol 2715 245k, 24" A7]9F vHlz Qe

Z2= - 101, 1.0, 0.75 = 0.50 & st=S AeRSHCH(gH
718947} obd MobileNet oF7|El Ao Aut AFEHTH), BE AEFHA A4b9]
Zol(AE el tigh H& Solth. gfe]l S5 #lojojo A7|7F AX1
ELo] wE HEL AXHA Zdo] ¢ At IHER, AYLE =
O|HA HEE FolHH o] ghS ¢ &2 gto=g HAAstH Hrt

rlo
o
2
Z.
a
(0]
2

® QuantBytes — ©] A% 7454 PR AFLEE Ho|ES Aojgtet
Ag THsE §HL [E 2-3]014 593} 7
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[¥ 2-3] Floatd

=73
W &

T &
Float 4 H[O|E | 3{319] g&e} 92 el 7] (~ IOMB)E o]ofFit},
Float & 2 HfolE | ASIL7} of7t dopx|al el 377} 28 Zfopzict,
Float T 1 HIO|E | A& U3w Wd F7|5 4uj2 (~ 22MB) &<

® ModelUrl- 249l At82} Ao URLS A|Ast= A€z Expgolr).
ol GCPolA G248 =& mde] dag £ gl A9, AT & I}
o f-gs5tch. 1A, 71E2H S E PoseNet2 0.75 Hl-&Z MobileNet o}7]€]
A5 2o, m= A / ste] GPUZF 2 AHpEol Aot 2Ht
Qo= Hl-go] 0.50¢1 melo] PAsIEE o 7Zes GPUES z2tx ATE

= ResNet {+x5 HASHE}

(th 2dxt
A 40 AlGANA, AR olnA7E AP ERlE RES 55|
TF9t AMEAHE MobileNet 7 ResNet AtoJoflA] el o}7|Hx& Aefgt
kst

2~ 9lt}. MobileNet m&lo] ¢ m2rg AA7F 29 ng 73 ¢
Z|9F ResNet RAHT AHS -7} dojXcth [O9Y 2-12]94 2Ed nde

v
15

A olu oA AFES ZASEAL 17709] KeyPoint(E, Z, Fl, 9% o7, 2
2% 75 9ol U A== M 9 R8T ofyt A ARE HFE
Hrgkgtct

PoseNet> ©[R|Z|E A& o] ARG At &9 dAo] w2t i
olm|2|E FHAasH] Hth &FH £ g Rdo] f & &9 s W
Eolof & of ARESHAl Hrt o, Rdl &2 KeyPoint HeatMap?
(KeyPoint & spte] Ad) W Offset Vector(KeyPoint B &+ 7He] AYE (x,
y))oltt. Offset Vector!O= KeyPointgE 45t ot A2 E FdstA =
.

25k A

ﬂ’F

(Y

9) HeatMap: TeFeh JHE LA o|n]|x] Qo] GEI Fejo] A4 TJefjgo=z
10) Offset Vector: AFFE-S o158t 712 9 A2 AzE Ask= =g,
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=y Ao

4 HeatMap x
e

i

KeyPointE €71 ¢lsf z} AA|S] 1 %
ol Offset Vectoroll 715k opz|bo 2
HeatMap 912]9] 48] A7t oy, Z4A] 4A1F= A

Eﬂ E]—ﬁ = 1:1—(:3_. Q'%
KeyPoint A1 H4e=
ol

= KeyPoint 42
O 2d 48 A7 : F= HFof gt 41
HA &8 HES =95l PoseNet 28 S (F2 HeatMap 2 Offset
Vector)2 ¥+ WHe A9shd o [ 2-12]9F 2t
H2SHA PoseNet RE2 o|n|x] 7|7} W3tx] ¢k7] wfZe] olu|x|e] =
4 ool WAglo] Y& olmxef &2 HieR A AAE AS5E 4 U
=, QoA dgRt &Y HES AP AREe] dAAst deS BFUA
PoseNet= T &2 Agte=® F4AT 5 ot

Single-Pose
Detection Algorithm

pose estimation

[C19 2-12] PoseNet2 AHERF @ Q& ZpA| A]7]
mo]matel

19 olm|z] 7|5 7|&£o2 &9 AV|E 4uiy £9#] 2

19 ndl ZHof JFS Frt A=, 29 HZo]

29 HEL
dlojoto] 27

A stolof s,



75 HEYZ 2 &Y Fojolo] sidmF WolA|aL o we Jetrrt

Ao, AZAd, o] FellA &9 BE2 8, 16 T 32 #t= 71 & 9l

Z 23 HE 3pL HJLo Jix miEzut I s Uy 8 A5
=7F 7P AR Qe 7MY =Rtk diXid, 16 AlZfshe Aol Fh

S 8 Ex 1602 AAshd Fojoie 4 B

Fo] Folgol B & &9 s AETth I- oy §% dolole] A=

RS EF40] AH-8d

329 W A A

] A
Tensorflow= Z&et HEFAS ALHAT TensorFlow.jsi= Z|<95HA] 4%

=
682 PR(Performance Reasons)e F7}st== 5}itt.
@ 249 =3 : HeatMap ¥ Offset Vector

PoseNeto] oJnj#& #2jd wf A= Rg=e 22 Al KeyPointl
Pt oln|A|oA E2 AlFE Fde 7] 99l HEY T 4 e
Offset Vector®t &7 HeatMapo|tt. [I1FH 2-13]+= ZF A
o] HeatMap ¥4 (Tensor)1De} Offset Vector ElAQ} o]EA
A& NFHeg HojFEr.

PoseNeto] wWHekat 1770¢] ZkA] KeyPoint 2422 KeyPoint®] A5 2]%]
£ AAst= o AHgEE olue] HeatMap #IAQ1 A4 IAE Uehf= o
< Aol gt she] Offset Vector ®lAeF AAH

o] £ &L BT Eolet YHZF 3D ®IAolH iRt & 4 Qlth
s dY onA 7|t &Y HEo] os AAH, vheF dH|7E 225
A A= olmxet 9 169 HEA ¢ 4Dl o) ((225-1) / 16) +
1 =159 &9 =5 dehdrh

eyPoint7} S}
sl

]

ﬁW

oI’ ==((InputlmageSize — 1)/OutputStride) + 1 (1)
11) Tensor : WE AxrE Teslslr] 8l 22 A2 ofz] WeHE ¢ P o] Brjehal o
skt A



Heatmap and Offset
Vector Simplification

keypoints heatmap

[ 2-13] PoseNeto] Htelst 177¢] AbA| KeyPoint

[19] 2-13]19] Z} HeatMap2 Z7] siAE X SHAME x 179] 3D HIA]
oltt. 172 PoseNeto Al TZ|gE KeyPoint F=elt}. o& E0, oju|x] 7|7}
2250131 &% HZEo] 160]W 15 x 15 x 170[t}, 3219l 7} &elo|ak
E7 KeyPointo] et HeatMapell sttt s HeatMap®] 7+ f1z|ofl=
A= FAa7F e, o]= iE KeyPoint F32] 4571 ot f1A|o =4

gEoltt. s Hae 4 KeyPoint7b b 12|E HAAR EA4E 7Hs

o 5 QU

7} Offset Vector= 7] AT X SHAE X 349] 3D ElAo]H of 7] A
34+= KeyPoint 4= x 20t} oJu]zx] = 7|7} 2250]11 &8 HZo] 160|H 15
X 15 x 340|t}t. HeatMap2 KeyPoint7} Q1= 91x]9] ZARo]E R Offset
Vector= HeatMap ZRIEe] sfgdst= 1A sfdst™ i HeatMap Z<I
EoA HWHE ozt o] uf KeyPoint®] AESH YA E A=5t= ¢ AR
k. Offset Vector®] A& 177 &gtolies HE x o upx|dt 1774¢] y
£ ZIgtt) Offset Vector 27|= €& o|m|x|et 27|17} 2t

@ Edo A A F4
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om 217} HE-E Foll FEEH §F, EHo=HE AAME 5] o 2
V2 AdtE FgdTh B o], @Y A =4 dareE2 747 A A
2l A4 4 x y YAE ZHE KeyPoint(AA] IDE AQIstd) o] vidS =3t
st= ZHA AlE] HaE dreketeh

M1 9] KeyPointE €C ¥ HeatMapellAl S 2% &3t paf5] o] 3

58 g2 4 glov, oA Qo EASHY ket 2o

—~

o
+

= HeatMap.Sigmoid() 2

thatel wj g o] Ag-ol Aol wet 7pg 2 ghe] QlEAaEs v

= 35 Argmax2de= A AA LB Ao dis] FalE o] Z) AlA)

sl 71 58 H4E Z= HeatMapold x %y A4S

st 32717F 17 x 291 "A7F BAEH ZF -2 HeatMapollAl 2+ A4
o o

Aol A Sy x QEAR BAY 5 900, oA AG)ow

—

o 2 =2 N

e

Astel theat 2o

HeatMapPositions= Scores.Argmax(y, x) (3)

Zy A1) Offset Vector= g AlAlo thet HeatMap2] x & y AQlo]
sfgshs Offsetoll A x R y& 7FHLbA AAHET. I8H 27|17 17 x 29
A7 AAEE ZF P i KeyPoint?] Offset Vectoro]™, QIElA ko
A AN A HeatMap 91217} v @ d o™ Offset Vector:= th2-2] 2](4)x}
2ol Hrt.

OffsetVector = [Offsets.get(y, x, &), Offset. get(y, x, 17 + 4] 4)

502 KeyPointE €71 Hall A(5)lA 2+ 41419 HeatMap x & yoll

=9 BHES 5% v= dlF Offset Vectoro] = olm|z|et &2 A d=
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71t
KeyPoint Positions = HeatMap Positions x OutputStride + Offset HE] (5)

x| o = 74 KeyPoint 412 H4+= HeatMap 92|9] A= ZlpolH,
ZHA A 4= KeyPoint A9 Htoltt,

9o A A= G5et 2 A4 ID ¥ A9E KeyPoint H o]
o Zhzt A4oh A7t glom], LE WY AR AA Q¥R A9 @

ot ZF AAI9F 71 IDE ofefiet [# 2-4]13 ZrH2)

(% 2-4] Z 41719} ID

Id Part
0 Nose

1 Left Eye

2 Right Eye

3 Left Ear

4 Right Ear

5 Left Shoulder
6 Right Shoulder
7 Left Elbow

8 Right Elbow
9 Left Wrist

10 Right Wrist
11 Left Hip

12 Right Hip

13 Left Knee

14 Right Knee
15 Left Ankle
16 Right Ankle

12) https://medium.com/tensorflow/
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4) Human Pose Estimation 58 =@l

7P Convolutional Pose Machines(CPM)

2 Qe o3¢t Aoz CPML ZF mEQ| A15¢} ojujZ] /\}014 oé*é%
& 22 40 Be AAN eAdz A9E 2E gad 5
o] glom, oleigh HES ARTAY T2E olgsie] stz B & ArHL
Pishchulin, et al., 2015; J. Tompson, et al., 2014; 2015; A. Toshev, et al.,
2013; S. E. Wei, et al., 2016).

CPM2 H=2FME HEYAY d&H0 7 o]fofx glow, ZF ntEof tigh
2D AF2 = BAE HHEH o7 L85ty CPMO| 7T dAlo A= o] TAoA
g 54 Wk olulx] S4o] Ao ALEHH, o] d BAGIA Kol A5
SHH A GA|0] RS AAL 4 QU ol £, A7 7%?%‘
£9] 914 A o JushEc). 7 HESY] e
12] 2] Ao A B2 Receptive FieldE AHg-ot™, TAH A9

o
4

A WA, AEFAE 29 AR A REdR 294 JHE EEotes
(. Carreira, et al., 2015; X. Chen and A. Yuille, 2014).

A, 2= =gl glo] olu|x] EA} oju|z|of ELA] Q] x| ndle SF
SOt S ot AIARA YRl shsiE ARSI THW. Ouyang, 2014; T.
Pfister, et al., 2015; S. E. Wei, et al., 2016).

rE xR

(2) 22 or|ElA
CPM9] of7| €3] Awsw, pulA] Acretae] B4 918 v, €2 B
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AE el 2o 5441 7F
P ItE 9] olulz] 93] Y:(Yl Y;,)% 2_?;‘3'3}15 Zdo]t}, Pose Machine& HE

7777

Zels 247 ()9 ALOR o]RolA 9L, o|AEL 2t HE] 9AE F4
% stElo] Gtk B re (1, T) o4 B57] ¢ = ol A9 Z $1e]A
22 547} o]d Ao BRIelA ALE 2 70| seln JrE o)gsiol
7 A4 7t mEe] NeRE Qe

(6)

et JEE olgsto] AF=E oA vz AN Zol Attt

AZIA y, > 10+ )= AFAE b2 W= EFoz HASE= golt
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® KeyPoint Localization Using Local Image Evidence

CPME] A AR A= o|n|2] 8] 293 HHTES AMgste] AFLEE +
gt o] wiRo] A WA @AM Receptive Fielde 2He w2z At
gt UEQ T 5709 AEFAE Holole} upx|tol= 2709] 1x1 1&F
Ad glolojg pAEe] gtk FaAoAE o|u|AE Normalize T ¥, 368
X 3682 ZEtfo] dHstATt. ©] 79 Receptive Field= 160 x 160°] H
oh E2o=2E= 160 X 1609 oo tiste] 7} mEC| sidst= P+1 A7
o] 2892 WEWA =HoAJRES. E. Wei, et al., 2016).

@ Sequential Prediction with Learned Spatial Context Feature

Q23 ol7jel Ze REAE FE B AW, Bol} g Ze nE
oA AAY BopZL 2 WSS glonz AZEo| WolAA] Hrt ol
sAdoR 7 whe 9% FHo ARt we ARE AL gk oF
So] 0B WEAE AL T W SEZ ol e ANAEE £
o HuE AgE & otk 294 olFeliel 247] g > 1 ofd ©A
ARl Ao} wet g, > 1(-) EAS ol g £ e AT 4

°
ATHS. E. Wei, et al., 2016).
HEQIE gapeled gos, [18 2-13]9 F HA 9A 9 &o]

£ Receptive Field= 22 BojA Qe EZRA] Z@E & ks 29|
yoloF gttt o] wAe] E¥e 2 5

il

=:]
= =
CAEFAE doloje AdaHY 7P A8 5 EAS ZEA dig AR
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Z o] g5t =k A WA golo]l= ZE& Receptive FieldE 71 AT o]
ABFAY HololE A ZH Receptive Fieldg thE 58| == 3ttt of7]
IME 8x2 the ~AY ® JEHS LS AASAT AdelMe
W2 Receptive FieldE 7H45 450l =okslen, 304 x 304 o]n|z]d
A, 2509 FH G ARESHA HH A ol HEAURE. E. Wei, et

., 2016).

AgAoR 368 x 368 A7|E AA A W P Aol Eghon,
A dA = A " dANA ] AZAE 31 X 31 A7]E 7HAA
Atk o] A7l AA omRQ] 400 x 4009} L2 Ho|t}. olojAl ©
Ao A= B2 Receptive Field7} #AA|™, 6GA7IA] A4S 45Tt

\Ll

2

L2

® Learning in Convolutional Pose Machines

(28 2-14]1°14 Z} @A 2] Pose Machine2 HFEZ o 2 SH&5o] =} 7t
dANA Y] 22 e FAE AR} oAl -9 AR Ato]
o] Aglg FAdloleE otgrt. o] d&Ql AR bf(Yp:@% 7H-Alt
o] AHS AY AR 25 AAASIAT. TA oA 24 e oY

2283} 2
A4 28 F4L BE DoAY 2AE Hald 2A0)9 2ol AN

T
F=>1.. 9)

RE 54 TAGA olux] B4 ¥ Fhalr] el 1= 2xAelA o

AEZA Fojolo] 7H52]E FFFUTH(S. E. Wei, et al., 2016).



Convolutional  (4) Sage 1 = Stage =

Pose Machines % X.'. '_
(T-stage) _ L
E Pooling . e

H Convolution

(c) Stage 1 o0] 2 oo ax o] 2 [ous d) Stage > 2
C P C Pl C
T Xf

nput |l g 5, ] Jesent |Jensenn| 1 s
P | 135] |5 NP, P i
; g = T ] it el AN
e e PO

| _
9x9 26 % 26 60 x 60 96 x 96 160 x 160 240 x 240 320 = 320 400 x 400
[(19 2-14] Architecture and Receptive Fields of CPM(S. E. Wei, et al.,
2016)
(4) A3t

CNN2 o]gs Zt ¥H2] HeatMape &85t YEYT Fxo|th

Input Image (a) Stage 1 (b) Stage 2 (¢) Stage 3
[1™ 2-15] Convolutional Pose Machines -*+2(S. E. Wei, et al., 2016)

[(1" 2-15] Stage 19] Z¥t= o]u|z] Feature®t &7 Stage 29| go
2 o] So7H "t wrEAHoR e HeatMap A¥HE 2] Stageol| 4
A ALt HFAQ A7t WEYAS Outpute] HTHS. E. Wei, et al.,
2016). o|FA| st olf2E ZHEO| StageolA Local ¥t o|m|z] d9Z Faf
WS Zollal, 37O Stageol A % 7% Receptive Field®] dFo = A
2 O BF 7t AR 1HdoF stE2 HEet HeatMap WS IS
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| stage 1 stage 2 stage 4

R. Elbow R. Shoulder Neck Head R. Elbow R. Elbow

(29 2-16] CPMoA A== GAE A=A (S, E. Wei, et al., 2016)

[1™ 2-16]o4 Holx ZAAH Stage ZMro|le '@ 82 TE2o] U]
B 9ol HeatMapo] A= UAT, o2 StageE AAHA ol= A|AH]
AE& & 4 Uy, 21 Receptive Field & wrotsol= W9 A7|7}
2 Agn AL Zrlsts AL B 5 9ok ®3F E7F HeatMapol]
ol LossE AlitsteS Ao lojA Gradient”t Vanishinge|eh= 24
A= A o=w doirtal T 4= Qlry. g°FsHd, o] A H|wE o}
o [a9 2-17], [9 2-18], [ 2-19]2 H7}gich,

PCK total, LSP PC PCK total, LSP PC PCK total, LSP PC
100 i 100
m—urs 6—Stage
20 == Ramakrishnaet al., ECCV'14] 90
) it
o 80 o % maemm -
o o w70 2 i I :
2 60 / £ 60 /’ il
R £ 0 E :
= / = ! 2 EEe—
g Wy z 40 . B e o
8 % / A 3 "1 e m(i) Ours 3-Stuge A e Ours 3-Stuge,
20 20w ko] (i) Ours 3-Slage stagewise (sw) —Ours 4-Stage
10 Lot 10 gl =il Ours 3-Stage sav + Finetune e Oirs St
a 0 s (1) Ours 3-Stage no I8 = (Jiirs f—Stage]
0 0.05 0.1 0.15 0.2 0 0.05 0.1 0.15 0.2 GO 0.05 0.1 0.15 0.2
Normalized distance Normalized distance Normalized distance
(a) (b) (cy

[(19 2-17] Comparisons on 3-stage Architectures on the LSP
DataSet(PC)(S. E. Wei, et al., 2016)
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Extended LSP DataSeto| A et5-& 11,0007 o|=|z]et HAES 1,00074
olu|x|&2 FAste], WES 2HEE KeyPoint gHS® Percentage Correct
KeyPoint(PCK)E Ag3te] H713ith PCK 24FEo 2= MPI DataSet¥}
22 715 AAE AEste] BY Gt 84.32%°]H, MPIL o5 Hlo|HE
F7HE w 90.5%% F © w2 g E 245 MPII HlolElE o]7]d
F7FotdA 2hdll Z-o] FAFElo] LSP DataSet Rt} Ao A FAE Zo]

PCKh total. MPII PCKh hip, MPII PCKh wrist & elbow, MPII PCKh knee, MPII PCKh ankle. MPII
100, — S — . B B .
I 1) e ; -
P (] e o P = "
z : e
£ 5gfe o ﬁ
g Ty S 4/
o ) | — ... bty
A 5 :
a2 20 i i
Ty - R _ :
0ol 02 03 04 050 01 02 03 04 050 01 02 03 04 050 01 02 03 04 050 01 02 03 04 05
Normalized distance Normalized distance Normalized distance Normalized distance Normalized distance

mm Ours 6-stage + LEEDS g Ours 6—stagce g Pishchulin CVPR' 16 mm Tompson CVPR'I5  mm Tompson NIPS™ 14 @ Carreira CVPR'16

[C1™ 2-18] Quantitative Results on the MPII Dataset using the PCKh
Metric(S. E. Wei, et al., 2016)

PCK hip, LSP PC PCK wrist & elbow, LSP PC PCK knee, LSP PC PCK ankle, LSP PC

PCK total, LSP PC

=
2
;“:
£ £

0 : i : : : Z’/’ Y : : f : :

0 005 01 015 020 00s 01 015 020 005 01 015 020 005 01 015 020 005 01 015 02

Normalized distance Normalized distance Normalized distance Normalized distance Normalized distance
Wang CVPR'13

M Ours 6-Stage + MPI g Ours 6-Stage g Pishchulin CVPR'16 (relabel) + MP1 g Tompson NIPS'14 g Chen NIPS™ 14

[(1™ 2-19] Quantitative Results on the LSP DataSet using the PCK
Metric(S. E. Wei, et al., 2016)

1) Stacked Hourglass Networks for Human Pose Estimation

(1) 27

AR %] g7 AR W] et oS Eolv] e 15e] At

== o O

L Ao tisl] HA o]dllgt= AHo] E=Qasttt olgst YIS Human Pose
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Estimation®]2} o}, o]n] @2 X Computer Visiono|A] TFFo|2] 1L Ql= Hof
o]th(A. Newell, et al., 2016; Computerphile, 2016; Michigan Vision and
Learning Lab, 2016). @7H2] Pose Estimation System&-2 TiFE 2oz
A733t Features©|Y Graphical Model& AH&-oh= ZoflA ConvNets= +8
TE=2 BrgstE Ae®2 FAZIT o] ConvNets= ©]-8ot= 29 dFHe=,
oju|x]of tjgt B= Scale HHE Down Sampling P04 F=E5kaL o] & Up
Sampling Tl §HF5t Pixel-Wise Outputs gAok= AL ZEZ I,
T3 o ofolt]of(Single Hourglass)E 24fotal of2] Hourglass Module=
ALoto] Aeot= WA 92 Stacked Hourglass Networks +25 A7} [
g 2-20]°4 o] FxE oY Scaled] HsiA WFHEAHOZ  Bottom-Up,
Top—Down Inference® 7FsotAl ofxl, A3 o=z TF Pose Estimation
Benchmarks(FLIC and MPII Human Pose)ollA] &3t 5 S HoETh
(Y. LeCun, et al., 1998; A. Krizhevsky, et al., 2012; C. Szegedy, et al., 5 2015;
S. Toffe, et al., 2015; K. He, et al.,;2016; J. Tompson, 2014; S. E. Wei, et
al., 2016; M. Andriluka, et al., 2014; S. Johnson, et al., 2010; J. Long, et
al., 2015; A. Newell, et al., 2016).

ok

[C1™ 2-20] Pose Estimation Stacked Hourglass Modules(A. Newell, et al.,
2016)

(2) 2d of7E ]

(7B Hourglass Design

dzoly £3F T2 Features

o
>
nE
ol
rir
2

Aol = Local EvidenceZ’} 8
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St ZFA Q1 ZpAe] F45H7] I5lA+= Full Bodyell tist o]afl7 ®es}
tt. 223, o]E YA o Scaleo AAHA =Rt ARE TAFH 4+

ofof gttt
Hourglass= o3t 2= FeatureE oo HELA S & A &
gt

Ol

919 Azl WIS

[(1™ 2-21] Residual Moduleg2 4% “Hourglass™ Module(A. Newell,
et al., 2016)

71&0] 2 Al 5o ofg A7]o] tigt FeatureE WorHl”7] 9Isf 2%
th=9] mpo]mapelS ARgSRA|RH, [1% 2-21]94 Residual Moduleg2

= “Hourglass” Module©] 04—7-01]/\1‘“ Skip Layerg ©o]&sto] © shto
mfo]ZejIgte 2 Spatial Informations FX|ol= WHAS  AHHSHATH].
Tompson, et al., 2014; S. E. Wei, 2016; A. Newell, et al., 2016). m2tA],

Hourglass Network+= w53 &2 25 HSloh

@ Feature®] F=&3 HxP o2 9] DownSampling= $ldll Convolutional
Layer®t Maxpooling Layerg A8ttt

@ Max Pooling @Ao|A ] H& T =] Branch= WHUIL 7]
o] Convolution ¢4+ #g3tct. o]5 F3lA Scalenttt Feature?t &9

ct.
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® 7P w2 Resolution®]] E=EotH-2 UpSampling 74 9] Scale B2
=% FeaturesS X399ty UpSampling© 2+  Nearest Neighbor Up
Sampling ¥4, Feature®}o] Zgoll= Element Wise Addition ¢I4H-e o]&
St}

® Output Resolution®f] =2slH F Hol ALH
o

1x1 Convolution 14
g Agalo] AEHq olE7ke BT

-

® yEgae e 7

o)

VS
=

M)
=
=
et
=y
o
=
r\l

1—

=71 HeatMapso]t}.
(1}) Layer Implementation

7} Box= [d® 2-22]9F Z+& Residual Moduleo]tl, 3 x 3 Hot &

Filter= AR&SHA] 94l Hi2] ARgFa E°17] 918 Bottle Neck %25 ©|
L3tk 64 x 64 A7]9 QEog Ao zFo] ¢ty

SHHA. Newell,
et al., 2016).

128X 1X1 128X3X3 256 X 1X 1

e

[(1™ 2-22] Residual Module(A. Newell, et al., 2016)

T AE A2 SAFETF 256 x 2569 ] FAS] w2 GPU H|HY ARE

Fe 8ok Hiel el (19 2-23]47 olu|z] HAe g A
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Y
o
)

1=

Ac

Input size: (255, 256, 3}

Initial processing of the image

locelenv] =nnlib SpafelConveludon(3,64,7.7,.2,2.3.3}inp) 128

locelenv]=nnlib. Rel Ultrue){nn SpetialBatchJormelizadon(fd){cov

)

locelr] =Residual{fd, 1 28) (crvl)

locelpool=nnlib SpatialiaxPocling{2,2,2.2)(r1) &4

localrd=Residuwal{128,128)(poal)

localri=Residual{l28,0pt.nFeats) {rd)

1.  7x7 convolutonsl layer with sride2ivedch size: 256 - 125,
ourput channel: 64)

2. a residuel module(w&h size: 128, output channel: 128)

3. max pooling layer{wdh size: 128 - &4, output chanmel:

128)

Two subsequent residual modules{outpur chennel: 256)

Stacked
HG

=

[17 2-23] Residual Module Algorithm

#1312 Hourglass Network WH<2] RE Residual module2 Output
Channel?] 37|17} 2560|t}.

(th Stacked Hourglass with Intermediate Supervision

YYVYERESY
B

[(19 2-24] ©h4=9] Hourglass Networks 4obz2
T Z(A. Newell, et al., 2016)
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(1" 2-24]94 Stacked Hourgalss Networkst= o423 7He] Hourglass
Network& #rolz2 2t} g 2= FHE2A<21 Bottom—-Up, Top—down
InferenceE 7FsotAl stH, ©o|& Folo] Initial Estimatese} o]u]z] Zxto]
st FeatureE ™Al FA(Reevaluation)® & YA stth o714 FQs5t A
2 F7tttt dojxl= =3k (The Prediction of Intermediate HeatMaps) &
of i = Ground Truth®] LossE &8 o UAth= ZAolth(Intermediate
Supervision). ¥HEAQl dS3te] 2 o= £ ¢ AdstA AE == F
uoH, olF Foll FEI ABEHe= LossE & © il HAEA o 7}
Sotelel oAettH(C. Szegedy, et al, 2015; K. He, et al, 20165 A.
Newell, et al., 2016).

Intermediate Predictions®]] 1x1 Convolutional FilterE &-&sto] 11 2}¢d
TE 37M 714, ©o]& oWl Hourglass Stage®] Intermediate Features®} o]
Hourglass Stageol41¢] Features Output¥t @AMt I3 o] g4t Ait=
VAS] qdojo] FASh= Hourglass Module®] ¢J=lo] Hrh XFA<Ql
Network Designoll A+ 870¢] Hourglass Moduleo] AFgE 10w, o A

2= ofgfel ZHA. Newell, et al., 2016).

[¢)

oy

—_

@® Hourglass Module 7F|| 7154

it

Fga ekt

@ Loss& AAE o, 2% Hour GlassE9] Prediction®] tjsf Z-&
Ground Truth® AHESHC}.

(3) 2%

MPII®}  FLIC!®  DataSetolA]  Standard  Percentage of Correct
KeyPoint(PCK)E ©l-&3t A& B7l [1F 2-25]04 EE HHA A 55
49t A5S HATHA. Newell, et al., 2016).

DeepCut, IEF, Tompson CVPR'15, CPM F°| Sl=d 71 £2 452 2

13) FLIC: 50037] o]=]#] (3987: trainset, 1016: testset)
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g
@
a4
D o
o
= Durs
2 f | — Weletal
=
S — Tompson et al
- Chen et al.
a’ — Toshev et al.
Sapp et al.
o o1 CF o O G
Normalized Distance Normalized Distance

vo . Ankle 10 Knee . Wrist _Elbow ~
= CE = 08 S 18 = 08
& £ £ &
< < —= L
z = = |& & 7
5 0 f T 06 [ 06 0 ;
= F o o -4 o« o — Qurs
& .. / S, S — Weietal.
kY] v} i g / i — Tompson et al.
o ] / ] / ]
] T B / ® 4 — Carreira et al.

74 /
a5 / S g Qa2 o 0z # | — Pischulin et al.
/i /d / ,-’( Hu et al
gt : D gl og
o o1 0.2 03 04 as 0.0 01 02 03 04 0.5 9o a1 02 03 n4a a8 wo €1 0.2 0.3 o4
Mormalized Distance Normalized Distance Normalized Distance Normalized Distance

(19 2-25] Results on MPII & FLIC(A. Newell, et al., 2016)

[19 2-26]& 57HA A= e HEYA F+x259 4%5< Bl 41
ojlH, &AL &5, THA, FF % IF A 2H H+4} e HESH
3 HARel, LEF] AgH 92 &4do] AEEHE AE U H AR
=thH(A. Newell, et al., 2016).

HG : 3+ 7§e] HG YIE$|Z(ong version),

HG-Int : g 7§e] HG + Intermediate Supervision,

HG-Stacked : & 7l9] HG U EY 3,

HG-Stacked-Int : & 7] HG + Intermediate Supervision,

HG-Half : ¢t 7i¢] HG HESZ,

HG HEYAS] Ap7t AZkof ofd JF=

= A
of. BAIA 2ol HEASe] BWol Zaax of71A]
=]

XN L oWz oR A
L opEe] st A e AL ¢ 4 otk W, A4 2L JEYD
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Validation Accuracy Across Training 3 O
E HG-5tacked (w/o
Intermediate supervision)

HG-Half (single hourglass same size
the hourglasses in HG-Stacked)

0O

— HG ‘ HG (a single long hourglass)
— HG-Int

— HG-Stacked

HG-Stacked-Int
- = Ho HG-Int (single long hourglass w
e 5 . o 5 £l intermediate supervision)
Training Iterations (x4000)

[(19 2-26] Comparison of Validation Accuracy as Training
Progresses(A. Newell, et al., 2016)

a

Average Accuracy (%)

L MHoo] kx| 2] 9kttt 87.4% - > 87.8% —> 88.1% = | =T

[ 2-27]19A4% YEHarF ZojZA4=  Intermediate  Prediction
Accuracy?Zb AA9] Eotx= A O]‘:} th=o] Abgo] 3F ARzlol &
z = =

A e o, YEYIE Aol G 9 o THe] Easie A

Holth(A. Newell, et al., 2016).

Intermediate Prediction Accuracy (Validation, PCKh@0.5)

100 Y e
st -

[(19 2-27] Left: Example validation, Right: Validation accuracy(A.
Newell, et al., 2016)

*

“4) 28

Hourglass #x22 of¢Fet Scaled] W3 4 JU=s YEQYI +XE vt
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=1L, | Stacking sl Abgr ARAloll Wit =212 ¢l Refineo] 7hsdtes A

o WEQS PRI SAel mgolth 18Ol Ayl el v X2

)

-

1
HeatMap2 2 E¥st= @t 728 $2 5= Report 3t KA

27} Aol nlAE Fal el 4G ol
t}) DeeperCut

(1) a7H

DeeperCut [1¥ 2-28]ol4 DeepCut®] © Zil Z}ejstH whg H7o]
o o] Atgo] Qs AHolA FES A S AT 4 ok A F
9 FA71 2 w42 R YEYTResNet) 5 AHE-SHo] 43ttt

cost

e
min E E Qde Tde + E 5 Badree! TdeTdret Ydd

{2 W)EX ¢

iceD ceC Rz ,_ (D) eceC
> ?y dive(3)
constraints detection part part part_
labeling clustering
& Joint

dense graph )

o}

detection candidates
o 3 1

body part
labeling |

[ 2-28] DeeperCuto] AA1qH AFES] ZpA| AA|(E.
Insafutdinov, et al., 2016)

AA F e Az olmz] 21 xR §olE ARESH] wiEZel o
= d8st= H Ewol FHER, o] £ 7]
dozx f Hepdd



B 245} e A7 A4 24 RS PaelEs 4v) o
A AZHS @Fok= d 7]odota oM. Andriluka, et al, 2014; M.
Eichner and V. Ferrari, 2010; K. He, et al.,, 2015; S. Johnson and M.
Everingham, 2015; L. Pishchulin,et al, 2016; S. Ren, et al, 2015; E.
Insafutdinov, et al., 2016)

(2) Bd o7E ]

ZF A= Aot [1'" 2-29]3 ZoH(E. Insafutdinov, et al., 2016).

Mo N
Sliding CNN 2 )
—
( \ 2 scoremaps
3| | c H
/ | |8 ]
@ |'® >
I —
6|2 | e unary
g |8 vector fields ||
—_— |5 |2 F
= ]
AR L
1<) 5
5 pairwise
\ g — | vector fields |}
ResNet ‘T
S—eeeeeeeee [« 18
[ CONV maps loss functions dense outputs

[713 2-29] Deeper Cut Model Architecture(E.
Insafutdinov, et al., 2016)

@ Part Detectors

DeeperCut< ResNet2 ZAolz|qt okt wgksic), [
A, & &R/ SR opl2t P EH o o MEFDS YAst
7] 915 Convs ®W=9] A w4 HEFA #lojojo HEo] 2
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7EEAL 2 X AMERES AT
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Hr} ResNeto] 4lgF Zlol&= & 48 L
99 9 =Y W AHAES Fysts
G A g5 49 F0 =3
% A=Y o] BE)ol}, 4 A4k 688 X
—uniqueness
VdeD: Zxdf =1
ceC
—consistency
D
Vdd; E| (2) = Yaa = Zxdc
ceC
D
vdd' e (2) S e Z-’fd“c
ceC
— transitivity

Vdd'd" e (g) b Yao T Yaar — 1= Yaar W

[ 2-30] Deeper Cut Model Architecture

2712 slgstue Y A4 2

ol Tgo] "drh $ A=k A

St ResNet—152(16 PX + 2 X

Ik

A
o=

(E.

Insafutdinov, et al., 2016)

@ Image—Conditioned Pairwise Terms

DeeperCut 24
T AlA "A4]7]

==
T

]

-

A5 (Layer)©]

g ARgEH, 248 &4

=

® Incremental Optimization

axo] Ya 2AZ @84 XS 27
2SI BSERE

o
i
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AR, Branch & Cut ¥ilg|&of o
H2 AA B9 $HI —roﬂ 754

102 Lot 4 gt oleh 2L ol
2, AAE o] FUYFOE QYT & U FRO £E AFYLE o] A
o= 8| AA 919 W AFE HAFL oluxe] A AAe] EFH
A e += 97 el 5

s ARl HraeR, ol

[ 2-5] DeepCut Branch and Cut Algorithm(E. Insafutdinov, et al.,
2016)

Stage 1 Stage 2 Stage 3

Head, Shoulders,
2—-5tage R Dh_ _EI ' Hips, Knees, Ankles
Elbows, Wrists 2

3—5tage Head, Shoulders Elbows, Wrists Hips, Kness, Ankles
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[ 2-6]olA] DeeperCut Al %4 A= DeepCut ILPE] o] QIAHE
A5 o dste]l A A= dE o SAsH A AA 79 55
Zholl &Gt FZo] o]folfith MLt of7f 7] Fgol E HAo= 7

=

A5, £5 =78z 9 52 Branch-and-Cut €12Eo=2 o @2 4l
=
=

~

-
v

&El

[3 2-6] Deepcut DA A A SHI (E. Insafutdinov, et al.,, 2016)
Setting Head | Sho i Elb Wl Hip Knes | Ank
1-srage Optimize, 100 det, nms )
) 70.3 61.6 52.1 437 50.6 470 406
X
1-srage Optimize, 100 det, nms . ) . _ N
- 71.3 64.1 558 441 538 487 41.3
2x | |
1-srage Optimize, 150 det, nms _ N
- 741 65.6 36.0 443 54.4 407 39.8
2x
2-stage Optimize 759 66.8 58.8 451 541 48.7 424
3—zrage Oprimize 78.3 69.3 58.4 47.5 551 405 425
+zplit Detections 78.5 70.5 587 487 554 506 | 444
DeepCut 0.1 441 33:5 26.5 33.0 285 144
(3) T

meEta] 370e] &4 Ve BEF Aygoz FAdste] AA K AE7(A]
JRrol= 23 9 wxat dERn &4 912 3701 Loss) ¥ £4 3]
(L1 Loss)®] &5 =8 FPsirt

(4) A=t

Zy JfQle] FHE3S] EH ARl disiATr Hrib 43Y5tH,  Single
Person®] skl Hghe] AdkAQl sl PCK B7F 54t

ol [¥ 2-7]7} [E 2-8
DataSetol| A= W], o7), ZE=
LpER L),
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X 2-7] DeeperCut MPII DataSet(L. Pishchulin, et al., In CVPR’16)

Setring | Head | Sho | Elb | Wri | Hip | Knee | Ank | PCK | AUC
DeepCut 941 | 902 | 834 | 773 | 826 | 757 | 686 | 824 | 565
Deepercur 95,6 245 885 | 844 87.6 53.9 9.4 B3 60.7

A, MNewell et al.,
ECCV'18

08.2 06,2 01.2 | 871 80.1 57.4 33.6 208 62.0

otz [& 2-8]= ZAutgroltt. DeeperCut® LSP DataSetolAl+= W&, ©f
7, HEZ] 5o AFo] tist PCK A47F 90.18 0.2 Ve

[ 2-8] DeeperCut LSP DataSet(L. Pishchulin, et al., In CVPR’16)

Setting Head Sho Elb Wri Hip Knee Ank PCK AUC
DeepCut 87.0 a1.0 838 | 781 81.0 86,7 §2.0 87.1 63.5
Deepercur 97.4 2.7 87.5 | B44 91.5 go.2 87.2 a0.1 56.1

Bulaté:Tzimir.,
ECCV'16

o
[
=)
[
[ o]
r=}
o

pE

o)
@
o |
o
=1
—1
o
o
e

872 2.1 881 | 852

6 28

DeeperCuto] = o= A ZH F4oz AT Zles A AR
o 2 A, 22 "HeElde] 2Ade weeR BE A 4 WiA|ukaelA
A4

g’q;gla- /lél—__g o]o A oln uH__(,)_ 2171 7ysh

= oEA A B Atolof] 28 olmx] A Wag &4 s =95
Multi Person Al 7€) Aol ds& A Fdstal, 949 1 =4
oA FEO AR ARHE A Sk Al 1A, AP AtE HS% S0l
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A 32 AAESESZMET) 4+
D) AAESsl e A+

A A5 (Physical Activity)2 “BAT £%078 YA AHE o=
AAY] S o2 [OF 2-31] €2 9 =
ook GG JF 3 Foll WA= BE AAY] S EItst

= Zlo|THEIGHIE, 2010).

(19 2-31] AA&F #FA HF=®B. C. Corbin, 1996)

al,, 2002). 19963 ml=2 AA|E-5o]
Report on Physical ActivityS 53l @E o]% AW tigt AAEE &
Wt A% 2ke] WA ol 5] o] Fofx| 7] AJASIH.

I AnE EYE vl= AA-E 2 (W. L. Haskell, et al.,, 2007)°] 74
TEQlar, o]% Hepd, A¥Ql, o5 5 o8] yztoA w7HE AAEs AA
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sty Qloh 2yl 20109 ?h=<l AAEE
AA7EA] F=QlS St AAZ T Aol ditt #ehAQl EAE mlu|et
Zo|tt(]. G. Park, 2010).

tl= AAZE Aol AAZE S A F 7H /= Skl shie
7|29l - (Baseline Activity)©]il, E T2 sht= AZFEH F
(Health-Enhancing Physical Activity)elth., 7]22Ql SEso=2= A7], 74

+ =4 571, -3 27 5% 22 Ve &FoH, 4k Ee 14k
5

FN el o
lo]

AASEE E2A SR B, A5 g5oat 715_141 3

ohuet w7 7], 28

& Aol A% o4 2

49, 1wl qFoR §4ta, e, ZATEn pEE A48s Pl 2
A k)

o
ZtH(U.S. Department of Health

e
b ¢

=)
I
>,
mT?J
ofr
;

o
ol
rlo
b
Ny
e
H

[ 2-9] dgd A8 AR (oln]Y, 2011)

ofzlo] el =4
- WEE BT 252 X U
=o} {50m(2AI7F 504%0] Zric | - Alole] - 2 mp=14, TheF
VOREL BOEAEE R T ;1:? ;(H 107%?2?:1)74 1_55:; ijkl;fxicjij*ﬂ1 ‘2’
=L D75 A4 25 9% e e & o o s B
Aols =3 o wge A an | DO T EE BUER IFE | 15089 THE WAL FAT
201z 732 L - Age Ho Az NAN AR
=0 = E
S R A T L SRNERENRE | WIS EOREN
L2 SolE 39 o)y UA] © g¥io] BT 108 oA 041 | - b olslr] Slol BWEE T
- HAEE S 220 theolA Ae 9AAL 2 s BEe 27
AAstE Ho) Bch anA

AANEE BFFS NS Aside HA AA EedS s 54
Sfof jtet. o "HAZF & FAsH] {AsiA [®E 2-10] 54 <
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[# 2-10] AAZEH ofvx] Lv=F F7F st d9i(elndg, 2011)

a0y gA =T A A =T
23
o= | Aurs |l H3)
= - e B Azg | wEw | 2eq
=48 | 934 | zme | 4w | Az
AAZFE (Keal) At W . s B T s ]2 H] 2 -
_ =B =o k=3 =
A% =2 | =2 B2 | ms
4R BE Ao}
T 2 | w2 | s | 2 | @ | oew | oww | oum
29
-7 =1 LT 1. 1 L 717:“0“ |_ L
gesemt| wis | s | oAaw | e | | s | s A
0A BE BE e | o | s | s | e | s | s 7hs
Qo] = o = o o mﬂ@r o o o =
ARg-e] Hel 4 OFF S | olF ES = i = vs k2 ==
o= O
S orxe [orse| =2 | =5 | vz | 22 | =8 |o3us

AA FE odx] AdE HrF Uy d9lz [OF 2—32]01]/\1
LaMonte®}t Ainsworth (200D)¢]] °JotH A1A4|2-5 (Physical Activity)&
= = ot AA 2FUS wEY] Y d5 7 (Behavioral Process)o]
2t A olsta, oY AH|F(Energy Expenditure)2 Z4 £%2 931 &+
= oA &H F(Values) 02 AAE-Fo] o 2HA A (Results)E
olm| gttt

T0l(Construct);
g Z5i

(Movement)

= _
= UH S O Lo R A b 2
(Di mens|on) (Physical Activity) (Energy Expediture)

#E0| ot ofqx|F ==
£ & Volume)
oA
OlZ A8
A

=x
= <O
(Measurement)

s

(19 2-32] AAZE5T} oy AH|=F F7t
ZHEa (M. J. Lamonte and B. E. Ainsworth, 2001)
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3) AAEEEFA it A+

MET 32 = A E figtolA A AARE AAEES 7Ivtes &
Fote E=o] 19939 Ainsworth, W. L. Haskell, Leon, Jacobs, Montoye
Sof osfA ZiEtEle] 2003WX Ainsworth, W. L. Haskell, Whitt, Irwin,
Swartz 5ol o8] /A=A, 20119 HHH AAEF H=(Compendium
of Physical Activity) &< 2171 7HE|28]2 &5 fd9E 605702 A5 o]
wnew, &F ol ozt METAIRITHAL siE], Metabolic Equivalent of
Task) #7F 0.9 METHE 18 MET7HA] thefstAl AAI=AL ik EIL
MET= AAZE uA vg< F7letke Azolw, Agds =2 MET
E "AsE AyATer e ok 9y, WS Az yole] AdnE
sl A EQiglom A AAARCR 30d o A

(18 2-34]ol= F=2E Zgsto] 571 AE7F e ZF W] digt 24
£ HojErhe,

= Complete Reference List

2011CompendiumReferen 2011 Compendium LT Feb 23, 2011, 5:24 AN Stephen
ces pdf References List Herrmann
View Download

[ References by Category

- 01-Bicyciing- Bicycling References 32K V.2 Apr 11, 2011, 7:33 AM Stephen
2011 CompendiumPA pdf Herrmann
View Download

02-CondifioningExercise-  Conditioning Exercise 220k w2 Apr 12, 2011, 4:12 AM Stephen
2011CompendiumPA.pdi  References Hermann
View Downioad

03-Dancing- Dancing References 164k w2 Apr 11, 20111, 7:33 AM Siephen
2011 CompendiumPA. pdf Herrmann
View Download

{4-Fishingandhunting- Hunting & Fishing TTK v.2 Apr 11, 2011, 7:33 AM Stephen
2011CompendiumPA pdf  References Herrmann

View Download

D5-HomeActivilies- Home Aclivity References 302k v 2 Apr 11, 2011, 7.38 AM Stephen
20711 Compendium. pdf Herrmann
View Download

(1% 2-34] AABE B8

[Z17 2-35]004 5ate] ZEO Ag F Ade 9iF HFE YEY, wt

14)https://sites.google.com/site/compendiumofphysicalactivities/ Activity—Categories/home—activity
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FHoz BAE 2L 20119 E¥E MET & 710 @Feld, 20119 &
2Aor BAHEE HMFEE MET ge F49o

1993 2000 o1t | il
Compendium Compendinm Compendium e
. Codes | METs Codes | METs | Codes | METs Description
05010 | 25 | 05010 | 33 | osoto | 33 | Cleaning sweeping carpet
or floors, general
05011 23 cleanmgl, sweeping, slow,
llght effort _
05012 33 cleaning, sweeping, slow,
moderate effort
cleaning, heavy or major
05020 | 45 | 05020 | 30 | 05020 | 35 (Bigwimsh e il

windows, clean garage),
moderate effort

(3 2-11]oA MET=
ALFol e HHs

iT — 2] & [e)
(& 2-11] AAEE W& Hel(e]m g, 2011)
A= 3.0 MET S7% 3.0~59 MET I7E) 6.0 MET
S ama e —em . ~ N 7hEE S4=7.0MET
HAAFLAE F9E 335 | 25 271(3.0mph)=3.3MET o S
1/22l7] 8.0kph=5.0MET
#A7]=2.0MET BEA 27){4mph)=5.0MET =4 ] ) B
Zal7] 11.0kph=11 5MET
BREU D @ob 2 | AT TILA FL=30MET | & o AN OMET
= 2= 28T
= o+ AAF =27 i} A
i e 1.5MET = e By = el B = = A4S W 27]71-T SMET
Fleig AOUE YA, 44 | 92 $71=3.0~3.5MET
ADE 2y ' =32 27]7]= 8.5MET
= A, g, a3 Fi= | EEDY=36MET
s B L et e 23 = o 5l7]= 8 5MET
2.0~2.5MET EAUE 7] (ZHEA)=5 SMET

I )0)8 ST H=4 SMET
71 L 27 A&=55MET
BAGE T AR B7]=6.0MET
ZE=43MET

0] £4G=6.0MET
HF=40MET

S AY=8 0MET

wEA A B7]=8.0MET
=37 A=100MET

%8 27]=10.0MET

J2 =lUA=5~1IMET
5|7 9=8.0MET

e
I|.I
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[# 3-1] A 4 2 S=GHS ], 2019)

A = = A
) ) S. E. Wei, V. Ramakrishna,
Convolutional Pose Machines and T. Kanade. (2016),
Stacked Hourglass Networks for Human A. Newell, K. Yang,
Pose Estimation and J. Deng. (2016).
DeeperCut: A Deeper, Stronger, and Faster| E. Insafutdinov, L. Pishchulin,
Multi —Person Pose Estimation Model and B. Andres. (2016).
PoseNet : ResNet https://medium.com/tensorflow/re
PoseNet : MobileNet al-time—human—pose—estimation

3) AA F4

A F4 st W oR [1F 3-2]4 PCKE ARgstaat gt &
S5}, LSP DataSetoll 5] AF85H= Evaluation Metrice ©]-835lo] QEZ o7
el 9% Zu7lx] A8E Length Of Torsogt 31, 715 Aglo] 028 &
¢ A= PCK 0.28) #A%th thgo g, ol 54 7|IE2og AMgst 2
ol did o] HWxFo Solew FES ouleitt. 182z, PCK 0.2+
45 kol ofdzt onAE = UEh= AMgrel Z7lo] wet HEste f+E
9ol grolth. 1glste], 2 AFoA+= Pose Estimation Evaluation A3t

=

LSP DataSet2 tj4e & PCK 0.2 71 80% o|AS AAstA} it

(LT

N

/.

A circle with a radius
of 0.2 of torso

[1¥ 3-2]. PCK 0.2(5}e1-& <], 2019)
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o, @A FHu 73 Qe fHpo|AE ARSotz; dbtt [E 3-2]= &2

Qo] AHGE cluto] 2 ARoFolct,

[# 3-2] Hufo]A(AUTER) AL ARG

oS Android 8.0 or higher, 64bit

CPU ARMYVS instruction Set Based Architecture Combination
ARM Cortex—A57 + ARM

RAM 4GB or more

GPU Adreno 530, Mali-G71 MP20, Mali-G72 or higher (Constitutional)

CAMERA | HAL 3.2 or higher

2) PoseNet =2 Q1A md 44

PoseNet R @-2- AFE5to] Aol 2HAH| 42 9SE TensorFlow Lite off =g
7o) A2 AESHAE. PoseNet2 £ A4 H9] x& A5t oln|z|tt
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[ 3-3] PoseNet can Detect Human Figures

TensorFlow Litex= TH}o| A9 7Hu|2tE &-goto] AFFe] =8 A4 A&
AARre 2 et FAIst= Android ofEZACIAS AlFeth WA
TensorFlow.js ¥ PoseNet gto|H2{g] 7}4q @ 7|5 slth. 1831, PoseNet L&
AE dx Wiol 712 Ator AXlo] mE ZolE#E= npm install
@tensorflow — models /posenet HHo]E Abgote] Ax|T 4= Qi
133 WA, Single-Person Pose Estimation T AA| 4 <]
g5 AESHh Qofstd A WA=, Y ou|x] Q42= FAE o
H72] e HHQ Q4+ AARGolofof Sty & WA=, o|nR] AA
HEx 0.29F 1.0 Afe]o] sxfolw, 7|22 0.500% = o §lrh. of=e, Y
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A4 8T 4 ok (13 3-413 Zo] LIeES Agate] &, 2,
QES vl EER WIS Astel 177 XIES 147 EQER

groto] ApA| £74 sta< Blastaar ok v, 71E A
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shylol] BAS) i FxE ool (17 3-519t 2L AWYZOR T4
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Al

HEES v= HE—— na
l yes AR oIE
. = | i EA o no
dist = £=F At0| 72| s ﬁ;—g}-g
— N
lyes F
- - no EEE AT .
= S | > <= 30 and
: — £8%] ==0
lyes l yes
o A8]%| 12D [ ST A7
— and dist < = s AR
29| + 40— |
lyes A % _ no
Z or :
ZQx| 120 - -
9 start —end >=1
and dist >= o
£81%] + 40 l yes
= [ A9 = dist
yes start = SA] A|ZH
il Sl +=1
29X =0 | | end = start
| =

[ 3-5] &) 3 7H2E SAEGEHEE €], 2020)

A3 d AES 553 MET 24
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AABET A 4HlFS A J1E BelRt tleksh Uerd
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Aag B oy BEe 25 AR AIZIE UEtdls A @9l
£, MET 34eg mdshy
,200ml = 1 Kcal =1,000cal Zo] Ht}. o]AS AL 1 & A== ALt
SHH 5cal/mil oltt. 1#|B 2, 1 MET=3.5ml/min/k¢g2 3.5mi7} AM&E+=
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st 4 ot 1 MET=3.5ml/min/kgo] O, ”E\ﬂ 5cal/mliZ  HYSHA
17.5cal/min/kg7} ¥}, o] & o]&sto] F ) 2RSS A AREF
o= H 3151 H 17.5 X 60cal/hr/kg = 1,0506al/hr/k:g7]- b o=k

¢

1 Keal/hr/kg7V Hot. wetAs 5307 1AIZF B9F 1 METO %52 SHH
1,050cal/hr/kg7t =1™ tH=F 1 Keal/hr/kg ARFE o4 & k.

[ 3-3]914 2011 Compendium 7t 2|E2 Az AASs E=
gt ZH ] 01 - 21744 9lew, 5x8] ZER 6057 AASs 5=
METS A5},

Hel

=

[# 3-3] MET 7|EHE dolgHolx 2% W-&GHeg <, 2020)

Category Code | MET Description

05- Home Activity | 05011 | 23 | Cleaning,  Sweeping, Slow.  Light
Effort

13— Self Care 13040 20 Groorpmg, Washing Hands, Shaving,
Brushing Teeth,

B : hiking or walking at a normal pace

17~ Walking 17082 153 1y ough fields and hillsides

11- Occupation 11792 3.5 Walking on Job, 3.0 mph, in Office,

2) 5 54 U

PoseNeto] &=ml(8f) 2]7] §25 [F 3-4] 22 A 0= Ho|gHo]~
of AF=EES Sty AAEE F5o EHME) 27l MET ZE7} glo,

SAet &5 B2 13- Self Care Hot 59 Az, &4 5 2.0 MET

o o o MET | &5 | &L= A7F
A Q JLENYe) JLENYG) JLENYS) i O o JLENYGY 1l
F-84HD e Az z2 | Code | B2 | @&
1 User 2020.01.01 | 14:00:00 | 14:10:00 3040 10 10min
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users

_id: UUID®, unigque
username: String®, index
sns: String, index
password: String

emal: string™

fullName: String*

isAdmin; Boolean, default: false

foods

id: string*, unigue
name: String™

calories: Number*

exercises

id: String®, unique
name: String*®

met: Number®

health-data

userid: UUID®, index
date: Date®, index
sex String, enum: [male’, 'female?]
height Number
weight: Number
birthdate: |
date. Date

isLunar: Boolean

ldicholesteral: Number
waist: Number
bloodPrassure: {

min; Number

max:. Number

bloodPrassuraMedicine: Boolean
neutralFat: NMumber
nautralFatMedicine: Boolean
hdlCholesterol. Number
fastingBloodsugar: Number

fastingBloodsugarMedicine: Boolean

meals

userld: String?, indes
date: Date®, index
location: String
satisfactionScore: Number, rangs: 0-4
dishes: [{

foodld: String

food: |

name: String

calories: Number

amount: Number, default 1
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fithess

userld: String?, index
date: Date”, index
exerciseld: String
exercise: {

name: String

met: Number

burniCalories: Number®
count: Number*
elapsedTime: Number®
intensity. Number, range: 0-4
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7hH E ARl Fx

Frontend AH9} Backend A|H, NoSQL DBZ FAH FXE 4
Frontend AW oj|4] Backend M™M= HTTP 832, Backend Hlﬂﬂoﬂfﬂ—‘;— DB
o] A28 Attt ol Fx= FEE Fo 9 AAA] e
A8 4 JA stal, AE| AL SR HAT 4 QIR jirh

1) Frontend A1H

Frontend AMH+& AREAIS} APA o= AJo Agsts s ot
TF@ol= Vuejs ZHANIE FEste] ARHE 7|9F 7 wa A3Fst
1, ¥ Ul tjz}ele Bootstrap Vue BES Eof HHed ¢ Ho|z& 1&3t
t}. Backend AH]9] Web APIE Fdll o] Hlolg o] HIstH, olufe] AF

A APIREH JWTE @giel Zefoldles] A4 i £2 7 <
F Ardog Tt

t}) Backend A1H

Backend AJH= DBe} FA4lste] H|=2UA 2215 APsh= APIE A53t
o, Fdo= Node.js ExpressE &-8stH, AEEZZ-AH|A-RE] 34T
AAE 7Nt =® Jtry i, Web API 2hH oA AEEHE 2E5HH 1
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A4 2AtE AaAo] A" FE E 7F

A1 Avte AaA] AT T
DA 24 s 29
7} LSP DataSet

LSP DataSet!92 &&5t= AFHS] olm|z] 2,0007j2 o]Fojx it} LSP
Extended Training DataSet ©o|Rtt & © %2 10,00071¢] o|n|zx|&2 o]F
o]z Slet. o|m|A= AFEe] Z77F digr 15084 A HES AAAY =
Aeolth. & ¥E, 75, d9ol, &5, TwA, o, 1 53 HEE7t
A F 14709 wdo] =iy H o] FAo|th. LSP Extended Training
DataSet A2t LSP DataSet®] #-2 1,000712] olujx]&= && doJg] Alo
2 293, LSP DataSet®] W 2] 1,00079] oln|z|7} &l A5 grte] A
| ]t

CPMi} DeeperCutS FAA 0 g Caffe gtolEzg]g FALHQUY, RE
FTE AYPAZI7] A GPULF MatlLabo] FAlof AHE: 7HsslloF gty o}
U B AloA= s A dFe zh
8okA] XA, [O1F 4-1]o4 CPM2 Y¢e 2d& PyTorch #tolH g
2 tiAlste] FHAg £2AFEL07} Qlof o]F o] &S| AF] Sls2 AAE
At sHARE FEOA ®BZo] Ground Truth S AASH] ARESHHA

Z£ LSP DataSet®] Annotation= Ground Truth OS2 AFgdl= o E I
¥ HA3 HHo g PCK@0.2 AdE d 471 UAehD.

Zr= £~ glo] 3] AA FEE o]

—

e

15) http://sam.johnson.io/research/lsp.html
16) https://github.com/frankchen121212/MobilePose—master
17) https://github.com/farrajota/human—pose—benchmark
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[71%8] 4-1] Convolutional Pose Machine =& st 14

A2, S, E. Wei, et al.2] CPM¥} Insafudinov et al.2] DeeperCutol] o
gt PCK@0.29] Ayt 7]E AFolA EaE A 25 o]&st3ith
oted, o= Ao gt =22 CPMI}t DeeperCut H@o] LSP DataSet
@} LSP Extended DataSet®: oYz}, MPII Human Pose DataSeto]| thgt 2

e F7tR HAE shaS AT oA 42 #AdS Bl

[719] 4-2] Stacked Hourglass Networks 2@ k<5 714

A. Newell, et al.2] Stacked Hourglass Networksel] gt PCK@0.2 2%
L GitHubel 373t Bd S5 A~ FTI89E PyTorch® A{LdSH F =19
£ Agstol A4 A4 g Zolth & 12GB NVIDIA Tesla K80

o] GPUE F =2 AFsh= Google Colaboratory E7gof|A o] FojF 11, Sh5

18) https://github.com/princeton—vl/pose—hg—train
19) https://github.com/bearpaw/pytorch—pose
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Bgoz Qe omAit mE 256 x 256uAz ZAsa, 1A, A7

59] Data Augmentation 7|H& 83}t Learning Rate:= 2.5¢ % ofA]

A2Fstal, RMSpropdt Batch Normalization 71582 AFg5to] 100 Epoch &
T ok55190h LSP DataSet@F LSP Extended DataSet¥hHe &-835lo] SH46}
Ak (19 4-20904 B9 sk B4 Uehich teow, [E 4-10 2
A FEe A 5dE 9g 94 HLE ol

(% 4-1] 249 o5 €4 H|w
Stacked PoseNet
=]
T = CPM Hourglass DeeperCut MobileNet | ResNet
Input 368%x368 | 256%x256 | 850%850(max) API API
Optimizer SGD RMSProp SGD API API
Loss Function L2 MSE Cross Entropy API API
Activation RelU RelL.U Sigmoid API API
Metric Accuracy | Accuracy Accuracy API API
CPM, Stacked Hourglass Networks, DeeperCut2 Ao 3t &

o] 2gs}ol
o4 mHstn

EER

DataSete =2 [17 4-3]4% Single—Person Pose Estimation

3%
U BHANA FRo] 7Hed
E]tt. PoseNetS o2 Rdsy A=S

] ws}7]

gol9m, me Txo] o AAZE o [® 4-219 2t

A olg F1A eRsk wAsEL 1A B AT
ALEZE PoseNet2 A
=l LSP

NENEE A

[(17 4-3] PoseNet9] Single—Person Pose Estimation(Stef-& <], 2020)
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(£ 4-2] PoseNet 29 7o) wh metole] Ju(selg 9, 2020)

Architecture MobileNet ResNet
Output Stride 16 32
Input Resolution 513 257
Multiplier 0.75 -
QuantBytes 2 2

PoseNet2 =it 2| ZRIE il 3, &, 7] EZJIEE dSote] At
Z2 17709 KeyPointE &3t F7HHo2, Jdg nd| BHH, 2x, v
#3#) X 17(KeyPoint) X 1,000(H|AE  olu|x] ZHg)olt. =B =,
PoseNet®] A%< LSP DataSete 2 H7| Yofjil g eyl e 14749]
KeyPoint® F7F4 <1 §igh A 2|7} Faste}. olo] thigh, dlole =9 ®g 2
= [C1F 4-4]9F Aot A8 202, PoseNeto] & Heo] thE Al Hdo]
vl @2 PCK 2§ Kt &3], [O7 4-5] ¢ [® 4-3]9] Head ¥&
oA e FE3 Hwste] PCK ZAIpgto] & o WA HolA Hrh oo of
gk, YRl % PoseNet ToA Q] A} EA o)A =ota1at g,

LSP Total, PCK@0.2 PC

— P Aokt
T Pooable-Fes Mot S0 e —
Wi of 8, CVPR'E =
80 Hewell at al., ECCV16
= Insalutdingy a1 al., ECCV 16

3

&

FO&

[+2t]

a0 -

Detection rate, %

30 ¢

20 ¢

10

MNormalized distance

[1%] 4-4] LSP DataSeto|4] PCK@0.2 ZAxH(AA)
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[(F 4-3]2 o8 RY2 147 ZRIEE 71 ASEE S §id
PoseNet-2 177]] ZRIEE rV|Fog AHIALE
g HEE 71ES uiestaat & F, AR 9] 4]
Hpelz Boh MemA 2R 8 2R £ o ool 447

N EQIER ARG 4GS shofof Ak,

LSP Head, PCK@0.2 PC

[1™ 4-5] LSP DataSetolA] PCK@0.2 AI}(FHE

[3 4-3] LSP & MPII DataSetollA] PCK ZA¥}GHeR-E €], 2020)
PCK

Method Head | Sho Elb Wri Hip | Knee | Ank AUC
mean
PoseNet - 33.45 | 7420 | 63.10 | 5830 | 76.10 | 70.30 | 59.40 | 62.12 | 36.53
MobileNet
PoseNet = 39.00 | 85.20 | 77.65 | 71.35 | 83.80 | 83.25 | 80.65 | 74.41 | 46.90
ResNet
S. E. Wei, et al,
CVPR'LG 97.80 | 92.50 | 87.00 | 83.90 | 91.50 | 90.80 | 89.90 | 90.50 | 65.40
A. Newell, et al.,
OV 16 9820 | 963 | 91.20 | 87.10 | 90.10 | 87.40 | 83.6 | 90.90 | 65.20
E. Insafutdinov, et
AL ECOVIE 9745 | 9270 | 87.55 | 84.45 | 91.45 | 89.90 | 87.20 | 90.10 | 66.08
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H 4-4]9F [27 4-6]°1A PoseNet 177} ZQIE 5 Headdp aGste
422 A 9J5H ResNeto] B Rela} v 26174 Ut

[3 4-4] LSP DataSetollA] PCK A¥}(Head A<])

Method Sho Elb Wri Hip Knee | Ank PCK AUC
mean
PoseNet—
MobileNet 74.20 | 63.10 | 58.30 | 76.10 | 70.30 | 59.40 66.9 39.80
PoseNet= 85.20 | 77.65 | 71.35 | 83.80 | 83.25 | 80.65 | 80.32 51.33
ResNet
S. E. Wei, et al,
Py 92.50 | 87.00 | 83.90 | 91.50 | 90.80 | 89.90 | 90.50 65.40
A. Newell, et al,,
ECCV'16 91.10 | 83.90 | 80.60 | 90.75 | 90.05 | 88.50 | 87.48 61.99
E. Insafutdinov, et al.,
EOCV 16 92.70 | 87.55 | 84.45 | 91.45 | 89.90 | 87.20 | 88.88 64.98

PoseNetol| /] 23} wg]Eo] & ZQEL AHXlog oZxE= HEo| o}y
7] wfZofl PoseNeto] PCKE] Head HHAA e e o= 2 oulE
= a7t glva 2oh A 282 2Rt &5 FElA mE FES 83t
B&o] gl AR HLE B JHZ 2oz onrt gty Eroh [19
4-61914 HeadS 425 A19J5HH ResNeto] B Relv} H|S=51A] it

- - LSfHem.PCKQO-L_ 100+ LSP Total, PCK@0.2 PC

B0 |= = PoscholRestiol S0 - 90 ¢
Wed ot al, CVPR'TE
] Newell it al. ECCV'16 80+

Insafuadingy of al, ECCVD

== = PosaNet-ResNet50 ——
e Wi o a,, CVPR'16 —

Newell et al,, ECCV'16 s
- Insafutdinov et al,, ECOV'H6 [~

Datection rate, %
w @
3 3
DETECTUT TaTE, 75
s o o
S & 3

[ 008 01 018 0z ° 0.05 01 015 02
Normalized distance

Normalized dislance

[C18] 4-6] LSP DataSetol|A] PCK ZX}(Head #|<])

Adolds &8s A7l "t 2§ mhefold. gofsid, [

e
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13- It {a_ear_to_ear > a_leftear_to nose & 4 esr_to_ear » a_rightear_to noss)

1002 (rightear 2, i )+lefteari(2, 1, 1))/2]

r{1)-r/2, center{1]+r/2)

el l-tettear(, )0 e tohtear (2, 5 | 3-Teftesr(2, -, | ) )={xl—center{1) +center{2);

21 - elezifia_leftear_to_nose > a_ear_to_sar &b a_leftear_to_nsse > a_riphtear_to_noss)

23 = center = [{nose(1, . [)eleftear(1,:,1]1)/2 {nose{2. 1+l tearid gl

24 = r = norml leftear(:. -, |]-nose(:,

30 = center = [{noselt. .. |Jerightear{t, . 11)/2 (nosel2. . i )erightear(2. ., 1102

(1% 4-7] MatLab Z&E

MatLab FEo]A ai= LSP DataSet®] HIAE o]n|z] 1,00078] s 2t
1770e] W4 BAES A= e AT Y= T 2 % 17 1,000
Ha=o|1l, PredE aS LSP DataSet®] Annotation ZEWO] H7] 2 x 14
% 1,0000] =& gk 7H] Wpold,

o, 1N

L} PoseNet A Aol Ay} B4

M7 PoseNete] H7FE {3+ LSP DataSets& th= L3ttt 12|11 Single
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S A4l #AsiAd URLe| H<3ke] PoseNet RHg th2=2ERbT} 20
33 YA, PoseNet @2 o]% T Demos U= E0|7FA index.html
g I IUEHE AHEote] ZATh of7] A, Visual Studio CodeoflAl

Setup

cd into the demos folder:
cd posenet/demos

Install dependencies and prepare the build directory:
wyarn

To watch files for changes, and launch a dev server:

wvarn watch

[1¥ 4-8] Visual Code Setup

202 LSP DataSet& Inpute =@ ¥il, PoseNet®Z 177} KeyPoint&
AA5k] Outputs 2& ol =912 gk 127] §dll, Demos o <t
of Inpute] &°14 Images T2 TEo] 11 Qo [19 4-9]AH theEE=
gk LSP DataSet AFXl 1,000%S Y oW Hr,

ol

¢ posenet > demos > images
o o2

& im0001jpg
& im0002jpg
&| im0003,jpg
S| im0004jpg
| im0005jpg
&) imoooejpg
[ im0007.jpg
& imoo08jpg
] im000%jpg
& im0010jpg
5| im0o011jpg
&) im0012jpg

(1Y 4-9] tf=2E 3F LSP

NN

010

20) https://sam.johnson.io/research/lsp.html

21) https://github.com/tensorflow/tfjs—models/tree/master/posenet/demos
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GitHub =o]z]e] ARg ¥ Fof Via Script Tage] IZE=E HAFso
index.htmlof] BApsto] Q=22 thg o2 [19 4-10]4¢ ZEof dis] F
A AEe SPH <head) FEL tensorflow.js@} PoseNet2 &8 Q= FE0]
ot F7PHo 2, <bodyyoli olm|xE B2t upxjatoz | (scripty FE-2
=82 o|uAE AYY FER o] HES FE Ik

Example Usage

via Script Tag

<html>
<head>
<l-- Load Tensc § ==
<script s 1/ /cdn.jsdelivr.net/npm/@tensorflow/tfis"></script>

<script src= https //cdn jsdelivr.net/npm/@tensorflow-models/posenet” ></script>

</head>
<body>
<img id='cat' src='/images/cat.jpg '/>
</body>
c1-- Place your code in the script tag below. You can also use an external .§s file —-»
<script>

var flipHorizontal = false;
var imageElement = document.getElementById('cat');

posenet.load().then(function(net) {

const pose = net.estimateSinglePose(imageElement, {
flipHorizontal: true

b;
return pose;

}).then(function(pose){
console. log(pose);

9}

</script>
</html>

[Z1™ 4-10] Via Script Tag =

(29 4-11]1°014 <head) HE2 W51, <body) H-E| oujz]& ol
£ A9 Aolty, B A Gram 7]F2E MobileNet2 § Hell 100
A ResNet2 5044 gold E7om, ResNet2 5042 Yolx GPU #%
stk ugkom, GPUZF 2H3t s st gokd 1,000% g Ho =
Hx g %ol

22) https://github.com/tensorflow/tfjs—models/tree/master/posenet
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[ 4-12]914 <body)F-Eoll PoseNeto 2 148 o|n|z|& o]t
9, Sseripty 24 ArrayE WOl 11 gt ofn]z] mUo] FAE HolE

t}. String® 2 Soi7}7] wj&of For & A&5lo] HpftojoF it

)3

ac1eel; a++)

tring(a)+str2;

rl+twotString(a)+str2;

f(a<1068)

srcl= stri+threesString(a)+str2;

array.push(srci);

[19] 4-12] Script F%9] Array©] o]u|zx] ¥7]
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[(1%] 4-13]9A4] PoseNet2 Load dtal ArchitectureS AA st 18
Architecturer= PoseNet2] MobileNet WA o =2

Rl

gk ¥ ResNet HAHO

2 3t
8l sto] & & el Alg gk,
Eonsole.log(J[“)
posenet.load({
architecture: E
outputstride: 32,
inputResolution: { width: 257, height: 266 1},
quantBytes
}).then(function(net) {
const pose = net. estlmateSlnglchse(k {
fllpHurlLontal true
eturn pose;
}) -then(function(pose){
[71%] 4-13] PoseNet Architecture A%
PoseE QIAFO™ [I9 4-14]4% For w°| &WA Poseol digh
KeyPoint x £33, y #82E C

onsole.log®2 Z&¥5}A Ht}.

t.estimateSinglepose(k, {

return pose;
}).then(
poseArT
console.log
console.log

keypoint of pose.keypoints) {

aaatt;

if(aaa==17)

;

{
console.log([keypoint.position.x,keypoint.position.y])
}
else
c

console.log([keypoint.position.x,keypoint.position.y],

i1 7

4-14] Poseoll W3+ KeyPoint x, y &%
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ot.

-15]14¥ Yarn WatchS

2 AT 45 9

ol
=
rd

Console  Sources Network  Performance’  Memory »

@  Filter Default levels ¥

[71™ 4-15] Yarn Watch ©]H]%]

F12& =9 [1" 4-16]4% Console &l 237}

{ keypoint:

*{2)
*(2)
»(2)
b(2)
> (2)
*(2)
*»(2)
*(2)
*(2)
»(2)
*(2)
*(2)
»(2)
»(2)
»(2)
»(2)
»(2)

[43.
[44
[38.
5.
[3e.
[54.
5.
[64.
.87593237142812,

[4

[3

{6

[z

[4
[4

[76.
5.
[e7.

[3

[6

I

4

ey

i

688019868487¢5, 137.87112493039487) ",

43750486856305,
4092004917009,

720162714581754,

B885087083447987,
29588228812014,
09900988864527,

.821637659112344,
1.
9.
7.

79555437258709, 28,017412867576787] " ,"
106.

10276313514561,

133.
131.
125.
119.

21.

\633776712974225, 138.8982546317145] ",
141.
142.39887857751275] ",
135.8@41153345407] ~,"

82986247798938] *,"

20115116899618] -
71186923486582] .~
17734302263803] ",
67868531189281] " "
82875551411525] "

6568499154995] .~

3994025441923, 97.53087604107534] "
51998479820874, 93.96658484256395] =~
61418359659987, 85.18581829169871] ~,~
3071741482627, 91.33237346589874] “,*
54.428699778121995)

.37968771374179,

[19] 4-16] Console & &

— 233 —

)
ol

rr
x
filo
e

(index):128
{index):14@
(index):148
(index):14@
(index):l48
{index);148
(index):140
(index):148
(index):140
(index):14e
(index):148
(index):140
{index)}:14@
(index):140
(index}:14@

(index):140
(index):14@
{index}:138

P

pacs



nprjEto = [T1§] 4-17]0)A Z+ ARl tigt KeyPoint to]

do| i &A= 08F 16714 177] KeyPointo]tt.

ot.

S
=

A=

.—1

KeyPoint 4f=

o|ZA-E Visual Studio Codet} Visual St

s}

4—

(1Y 4- 18] PoseNet—J =9 & grjo

18] PoseNet29] KeyPoint &332

Part
nose
leftEye
rightEye
leftEar
rightEar
leftShoulder
rightShoulder
leftElbow
rightElbow
leftwrist
rightWrist
leftHip
rightHip
leftkKnee
rightknee
leftAnkle =

rightAnkle

(14
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A w72 FY
ettt #7F=, BackSpacel: 275 1451710l json WS 7h=
Z°] H&shes 2ol 85, Ugol Matlab H4-E 7HA4& of wsith

5718744 } },

974218 } },

[HEGHRE <], 2020)

json ThlE ajrtolelEs}7o]



[13 4-19]olA PoseNeto] &3gt2 24 Aor ITHESI= tfilo ¢

019 json YR rpo]HE 3ttt Itk json TS ol WA 7MY

gl Zzr TeF TE F7bel 4L, 27 o|w|X]of] gt KeyPoint o] */=

THEES Y R V& F7le] £ MatLabollA d 4 Sl json Y
o

Ao 2 FAE 9 json YR A

Ao eHddn. 1a &

B6 00, 4074

¥ 23435 5,47
[186. 8105718534 73153 4

[ I-r..\-oim:':

(1

1,000%¢] oju]z]7} Wgo] AZ =i, [ 4-20]4H Matlabel
2 Y=t olfdo A3t Benchmark?23) iE% thezegtt, 81, o]
Benchmark+ 72 LSP DataSeto]] thet thefet ez A4S wjo] e

L5 PCK 1gzz 4Edidl= FTolth 3 o& Matlab& Ad¥ste], &
A Z2HE 2= Benchmark U2 o]FAZint. ojuf, AMEHE WH
ol Benchmak_lspE delstd Hoh kxR, I wix|utm9] HEE <
3kl json TS AgsHof S

& Ha A b » Users » US
ERE= ®
olg
[f3] ReapMEmd
l_r LSP-joints-PC.mat
£ Lsp- -joints-OCmat
) LICENSE
B ruic -joints-OC.mat
‘_:l benchmark_lsp.m
ﬁ benchmark_flicm
utils
plots
latex

B EE

=

algorithms

(138 4-20] Matlab A8 shH

23) https://github.com/farrajota/human—pose—benchmark
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ol
=

[18 4-21]ol4 PoseNet KeyPoint#} LSP DataSet KeyPointE At&
json T2 PoseNet 7]F 7|2 At&Es] W Zolal, PCK I ZE At=Es)
7] Y54 LSP DataSet 7|59 o= Hpiof v|war 4~ Qt}h LSP DataSet
SOIAE 1~12H7t2]+= PoseNet KeyPointo]l QA9 13(Neck)™} 148 (Head
Top)2 W= = FoiA F7Hslof gt whebA], Matlabol Al AR&St7] 91sf
A WS WA ZhA ok shu, ofnf] AFES] W json S 7HA A e

. Right ankle
. Right knee
. Right hip

. Left hip
Left knee

. Left ankle

. Right wrist
. Right elbow

CONOUHWN

. Right shoulder
10. Left shoulder
11. Left elbow

12. Left wrist

14 rightknee 13. Neck

15 leftAnkle 14l Head top

16 rightAnkle d

[ 4-21] PoseNet KeyPoint¥} LSP DataSet KeyPoint

[C1%] 4-22]9014 json mdo] l= YR o]Fste] folg 7k4er] -
528 Pd —H>AE G2 71497 5t9] Mmatlab ¥4} dlo]g Tulg ur
Zth. J@lw, o] FoJA ReShape T4 Abgsto] EHS 2 x 17 X
1,0000 2 wryZoh J8H, Ansgl= 2 X 17 X 1000 W47} A =)

s
171000 doub...
1 Untitled Tx34000 double

[1% 4-22] Reshape &4 A&
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[O1% 4-2 PoseNet2] LSP DataSeto] tgt &34 LSP DataSet9]
o]

30f1A] 2
Annotation EWS mat?}t o] MatLabolAd ¢S 4 & HSFE THEY
Pos kil

=
=
3 SlEe x FE oFEE

LSP DataSet 4]0 & "riFH it

=
S TR el SH4S BT json FA o2 HFTAA HHot= Aol
tt. MatLab2 json @4 HAEE 0749 sl= T4 ‘jsondecode’ & A5}
7] fiZolet. oA, AnsE ZElshd 1 ~ 1791 42 PoseNet®] 713t &°]
= H

T =97 EolH

Untitled | ans
[ 2x17x1000 double

val(i 1) =
1=118 &

28,3729 26,1236 32,4722 24 0169 36,9865 20,8918 43,8825 15,6988 66.7010 13,9915 G66.4414
26.8389  23.5892 24.5113  26.1902 26,2640 42,7688 43,5353 68,8400 61.B702 B0.2744 68.3764

12 -rd g

25.6004  41.1287 26.5613 39.0893 28.5289  39.6482
B2.1012 B2.9556 114.6677 115.3205 131.1855 147.8948

val(i,:,2) =

v

[19 4-23] LSP DataSet®] Annotation ZEW .mat(clei-& <], 2020)

o

st} o] 2, PoseNet®] 7 =
, 1381¢1 Neck2 &5 oj7je] Fxd o= AAsto] 1380 A<
£ ool a7t =Y, @E% ®¥4 Fo] Necke] tigt HigEo] 411
ol4l, Head Top& al57] 9ol GetHead.m & dil Ayt
Neck.m = A3 S0 ¥Ha HFE HWH Neckl W7 2x13X 1000904
2><14><1000Q FHi=z v e FAE 4 Qdoh Neckl= A9t oE ¥
+ o AYPFEUH. 296t & Solzt=A] AlAs) &0 121 Neckl 9
E‘i—’FS’J ol % Pred® HIY E * & ) AAFT AAEATE oA, Mat
3

2~
T

(13 4-24]9)4 Neck.m TS Fo] o] oA Neck= AHA FE
| =

T

ot

R P w1

i
-
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EE7| - NECKm [CES .~ =

+"\ Untitled4.m GetHead.m NECK.m GetHead.m benchmark_Ispim Untitled Untitled2 Untitied3 +
T—  Rankle = ans(:, 17,3 RKnee = ans(:,15,:)5 Rihip = ans(:, 13,005 Lhie = ans(:, 12,00 ' L
2— L Knee = ans(:,14,:): Loankle = ans(:;16, )R wrist = ans(:,11,: 3R elbow = ans(:,9,:);

3— E_shoulder = ans(:,7.!)i L_shoulder = ans(:.6.!)i L_elbow = ans(:,B,!)i L_wrist = ans(:,10,:];
4— for i=1:1000

T= neck_1= (L_shoulder(1,:, i3+R_shoulder(1,:,i)3/2;

B — neck_2= (L_shoulder(2, !, id+R_shoulder(2,:,1)1/2;

7

B WECK1CT, 1,10 = Rankle(1,:, 1) NECKI(Z2.1,i)=R_ankle(2,:,i);

9— NECK1(1,2, 1) = R_Knee(1,:,i); MECK1L2,2,i)=R_Knee(2.:,i);

10— WECK1CT,3, 03 = R_hipll, 0,005 MECKIC(2,3.i3=R_hip(2,:.1);

1= NECK1C1 . 4,13 = L_hip(l, 0,005 NECKI(2,4,i)=L_hip(2,:,1);

12 — NECK1(1,5, 1) = L_Knee(1,:,i); NECK1(2,5,1)=L_Knee(2,:,i);

8= WECK1CT, B, i) = Lankle(1,:,i); NECK1(2.6,i)=L_ankle(2,

14— MECK1CT, 7,00 = Rowrist(1,:, 105 NECKI1(2,7,i)=R_wrist(2.:,i);

Tl MECK1(1,8.1) = R_elbow(1,:,i)i NECK1(2,8,i)=R_elbow(Z, ', iJ;

18— NECK1(1,3,1) = R_shoulder(1,:,i); NECK1(2,3,i)=R_shoulder(2,:,i);

17 — MECK1C1,10, i) = L_shoulder(1,:,i}; MEGK1(Z,10,i)=L_shoulder(2,:,1);

18:= HECK1CT, 11, i) = L_elbow(1,: i35 MECK1(2.11, i0=L_elbowl2,:,i);

19— MEGK1L1 12,00 = Lowristil1,1,02) MEGK1(2.12, i)=L_wrist(2.!,i);
20 — WECK1C1,13. 1) = neck_1; MECKI(2,13.1)=neck_2:
21 — and

[ 4-24] NECK.m 1t

opzjeto 2 [ 4-25]o4 MobileNet = ResNet 43¢t Helo|t},

val(i,1,1) =
1~ 118 4

39.6482 39.0893  41.1287  25.6004 26.5613 2B.5289 56.4414 56.7010  43.8825 20.8918  15.6988
147.8948 115.3205 82,9536 B2.1012 114.8877 131.1955 58.3764 B1.6702  43.5353  42.7698  5B.8400

12 ~ 1481 &

13.8815 32.3871  30.5286
60,2744 43,1526 18,7533

val(,1,2)

[1" 4-25] MobileNet & ResNet 43§t =l

T 2dlo] MatlLab®] Benchmark o 35 Algorithms 2t <t o7}
Benchmark_Isp H@olE Adstd T1jzmrt AEHoh [® 4-5]9F [O19
4-26]14 PCK@0.2 &2 TAAeE 4AuEd, ResNet Wl =dlo]
MobileNet H REHT Aoz 10% oM w2 de= Eo ol

7F ot 2dl A7 FHA =9 gl Ao s AAC®E £2 ResNet

— 5353 —



Tz Ao EAo] & Mol Avkgroltt,

[ 4-5] PoseNet T4 9] Ax} £A4

Setting Head | Sho | Elb | Wri | Hip | Knee | Ank rlrjlgi AUC
ResNet 39.00 | 85.20 | 77.65 | 71.35 | 83.80 | 83.25 | 80.65 | 74.41 | 46.90
MobileNet 33.45 | 74.20 | 63.10 | 58.30 | 76.10 | 70.30 | 59.40 | 62.12 | 36.53
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ABSTRACT

A Study on the Smart Healthcare through Human
Pose Estimation Based on Artificial Intelligence

Ha, Tae-Yong

Major in Smart Convergence Product
Dept. of Smart Convergence Consulting
The Graduate School

Hansung University

Smart healthcare, which can receive health care services anytime,
anywhere by using various advanced information and communication
technologies, is emerging. There have been many attempts to converge
with IT technology in the healthcare field for a long time, and recent
changes are not new. With the advent of smart phones, it is becoming
possible to provide health care services that are free from temporal and
spatial constraints, and the quality of new health care services is
converged by cutting—edge analysis technologies such as Artificial
Intelligence(Al) and Big Data. The level is improving.

Although the development of artificial intelligence technology, the
future healthcare service can analyze and learn a lot of health
information related to the body by itself to predict when the disease will
develop. In addition, it is expected to be able to help prevent disease
manifestation through personalized diagnosis and lifestyle information.

Artificial intelligence—based smart healthcare can expand the space for
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providing health care services to all areas of real life such as homes,
fitness centers, and streets. As the personal health information
accumulates throughout life, smart healthcare is possible through
compatibility with the existing medical systems. Moreover, it is considered
that medical services are needed to be expanded from the treatment of
single disease to the concept of lifelong treatment.

In order to enable health management “anytime, anywhere” through
the development of a smart healthcare system based on Al pose
estimation in this study, Since it takes the form of simply following the
existing healthcare—related exercise application or simply showing the data
of the existing product, it does not help the interest and immersion of
real users. To improve this, if there is a function that calculates and
shows the calories burned in proportion to the amount of exercise by
detecting the type of exercise and the movement of the user, the user can
see the exercise effect through more realistic monitoring.

In this study, we learned the pose estimation with PoseNet using LSP
DataSet as a deep learning(DL) based learning through pose estimation.
Compared with other pose estimation main models, the results for the
eyes, nose, and ear KeyPoints are somewhat different due to the
differences in interpretation from other models. It was confirmed that the
performance did not significantly drop in all other parts. Thus, PoseNet
was selected as the optimal model, and it was verified through the
comparison analysis with the existing pose estimation algorithms. We set
the optimal exercise model called hand clapping(applause), which is the
basic exercise motion for recognition, and implemented the motion
algorithm in JavaScript. A smart healthcare exercise management system
was implemented by grasping the user's motion and exercise amount and
using the corresponding calories in the physical activity list for the

exercise amount. In addition, through the implementation of the smart
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healthcare system, it was also confirmed that the user's calories burned
and that existing devices could be used to save time and money.

Based on the results of this study, we can expect that it will be
possible to utilize various health management services and systems of

smart healthcare using artificial intelligence motion recognition.

[(Key word] Al, Health Care, CNN, MET, Deep Learning
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