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o] Helolt}. (Table 1)
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3) ISO 7730, Ergonomics of the thermal environment, 2005.
4) Fanger, P.O., 1970, Thermal Comfort, Copenhagen: Danish Technical Press.
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24) Aurélien, G. (2017). Hands-On Machine Learning with Scikit-Learn &
TensorFlow. O'Reilly Media.
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26) Hebb, D. O. (1949). The organization of behavior
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do]g o] #AE EASt] dlolE o ks o =35t 3] (Regression), Hl

olHE dFsle JtHlaE] EE FdXx(cdass)E UFE O BR

t}.2829) F Loll+= 7 FE GPU(graphics processing unit)® A& o] kAt

goll whel ANF F7h BAE AAsT Dol FEA AQDA ol

1=
LU
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oX,
ox
fﬁ
)
fo
2

27) Y7tol ol =x]. (2017). M Z22 A &3t deyd (AHE 9). Alo]H.

28) HL2A, wtREg HGA, EAE (2018). AL FEHF AES 93 Pose H 2P
719 KIEAE Journal, 18(5), 93-98

29) BAL, A4, o] 4E, o]F4. (2016). 7IAES 2 Hed 7EEd dIE A3
(A RSEA), 33(10), 49-56.
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Fig. 2 §8]d 2do] 7] Fx

32 9849 g+
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rlo
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Function)+= WX o=z 37 FANA F=Z AFEsi= MSE (Mean
Square Error)o} #7F FA oA AFE3t+= Cross Entropy &+ 5o <

o},

Weight Weight

S 7)5.7) Q0] &

Hed2 #Hlede dFer g W2 AA A E3hF(Supervised
Learning), H]A| =38t (Unsupervised Learning) % 73} 8k5(Reinforced
Learning) & @t A =35 vl Awo] ZAE BH
g o] E(Label)o] ¥3xo] <glom A& 3 F(Linear Regression),
SVM(Support Vector Machine), 2 E=2]|(Decision Tree) % 273

(Neural Networks) 59 dugsS Xgstrh Wb v A =852 A
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dol& glo] HeolHE dhsFste] dolHe 38 (Clustering), Al7Z+3s}
(Visualization), *}¢!3:24(Dimensionality Reduction) ¢ 2ZdS 433
o Astshse ot R s st By HHS Foste] 439
NS 222 ghFste WHolthsh x4l ded Rd2 g5 wd
of we} Table 59 o] EFHT}
Table 5. thE#<Ql Hejd 2 F57 2 54
Sk d48d 2d T/ =7
FC A Fol Agd 71EAQ Y
(Fully-Connected) w2
CNN
54 FEE AREsH o]n]H]
A & (Convolutional Neural
. ok A e
EIace Network)
RNN
AAIE HolHl d2E &4, 974
(Recurrent Neural
Holy = A% 7
Network)
RBM _
A 4 B, AY I 24,
(Restricted Boltzmann B
_ 2y Sl A&
Machine)
H] 2] &= DBN FiE ol Ao HAE AAst=
sy (Deep Belief Network) dutsl, F43 34 74 Jbs
GAN ]
st5E IE S o] 835
(Generative Adversarial
oAl H SA EHdd A&
Network)
73} RL Q17+ Abarol] EALEH
sk (Relation Networks) =84 FEo| 7tk el

31) Aurélien, G. op. cit.,, p 13
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rlo

%31% Er:j:] % % o:]?_oﬂ/ﬂ Tq—E}_: X]Ef,_—_]__g_q] _é'\___(—sl_

2
FC (Fully Connected), CNN (Convolutional Neural Network), RNN

=5
2

(Recurrent Neural Network) &©°] th. FC= AA4W 7 9o =7 &

AR FHE g /1 RAH AP mdelrh, FC mdE Jukd

o

1490 delel el shgro] bsaAn 2490 HAE THR ol|Aut
4, Adofsh g AAD deole B A e V=YD wdo]
Paseh, olmlA BofolA $5% 4Fe Holim CNN &g ofu Ao
A B4 FEeE BEE Agstel Suuh ou o)X W} o)

Arhib & FEs=Ae uhet Yol ZA @ebvh RNN
e ool 94, 94 B A7 i delHE ALyl 98 werw
MEdaR ofd Aug @del ZAd A8sd AAT URe +d

Tz EFE 54 AN 24 94, V1A MY 59 RokdA £

oo

RS ASEokel 283 4174 A7E Ak, ®of, FA|, 7
Fol A et Aol mEw 20029 SWie] 9749 Aol wlske] 2016

Ropo] g% AT} o 55

z
o
i
=

rV‘
=
o)
S
A
o
r o]
o
D
olr
ME
N
X
&
oy
o
)
A

32) A, =19, wXE, (2017). AT ASEoRe AdFA T V]
%383 =227, 33(4), 63-68.
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133743
Tk, 20149 5-H 2018 1197hA] H2 Srid st 34 2 9
Y Rdo]l AHAEH AFErY AT =i $FS “HeldDeep
Learning)”, “¢13417 % (Artificial Neural Network, ANN)”, “AZA 7%
(Deep Neural Network)”, “ZE(Building)” 59 T8 7|9== A3
A¥ AFEoF T =i 1377 FREAL ol dAr 9 Fopd=
o] #4151 Figdel Fighbet 2t
-

FAGY 2 Helg 5
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9
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ZolE TAHOE F7F FAE Holi vk (Figd) A=l =
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t} o]lgldt A2 Egs QoRx oy AZRofe Afol AAY w
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W Al 2E o] oS B oAlo], AWl Alof o}
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< a1 Wlgrt gdsta d58t7] o FAldd e A
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= UFHUE|
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P OHHEHE
2o AlAH
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wUSHA
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(LLINE ]
nin

2 AEA dHolHE FRste] AR 2d AATS S dAeAAd

33) Deng, Z., & Chen, Q. (2018). Artificial neural network models using thermal
sensations and occupants’ behavior for predicting thermal comfort. Energy
and Buildings, 174, 587-602.
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(2018). Development of control algorithms

34) Moon, J. W, Park, J. C, & Kim, S.

for optimal thermal environment of double skin envelope buildings in summer.

Building and Environment, 144, 657-672.

35) Attoue,

Smart building: Use of the

Shahrour, I, & Younes, R. (2018).

neural

N,

forecasting.

temperature

indoor

for

approach

network

artificial

Energies, 11(2), 395.
36) Zuraimi, M. S., Pantazaras, A., Chaturvedi, K. A., Yang, J. J, Tham, K. W., &

counts using physical and statistical

Predicting occupancy

(2017).
Co2-based modeling methodologies. Building and Environment, 123, 517-528.

S. E

Lee,

A fusion framework for

(2016).
in office buildings based on environmental sensor data.

Y. C

& Soh,

Z., Masood, M. K.,

37) Chen,

occupancy estimation

Energy and Buildings, 133, 790-798.
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gk MET t=mde] stepn|e] 9 725 AA st o|nA] dlo]Elo] 3%
2 HAs A4S APFo

Helde ¥dd 2E JASEe doles svow shgstel Aue
gy e vt Ao 7 Holy Ay W =
o] T}y, dZo] AlLHE HolEl 2R Fow LAE oo} Ftal
B ui= g EAS stAotstl. wrEba] Auslsliat st AHE O
Fsh= ghE HolHE AM&shs Aol F235tE3S A= ® dwkst dlo

B E gishA gow Holg e thudo]l AbAAl H= “AEd =70l

)
9,
=
L)
td
i)
o
-
BN
SE,

U AlE " w1l B 3 St E dolHol= ol g, Feol 8l
= A F2 HolHE AMgsts Aol eAE Folvd Tad 4ds F

38) Aurélien, G. op. cit,, p 13
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MEA] mele] stxg 984 MET AR e Fa3k gojeE +5 3
of gttt webA BtFS 9% A ¥ HAxw FAE SFUOHAE T
2 APt & WHLS Fig6d 2ol 53 A 2eS AAgsta
el s ek ol A HolHE & HolH AMECAM Fasriv H ol
AE F5& fdl 248 SA4A A onAE Fgste] HelHE 7=

itk AFHoR TR oNAF B3 HA Stwel AT 1A w4

A Ake] AU HE 47
A AU G el Ak olul4 54

1) 7]%& dlo|g Al &4

2) A4 A AR A A4 7

l

THE o|v|AE B UA wE HE F=

l

shzdlolE A2 S Ba doly F7)

Fig. 6 3% HlolHAE 75 74
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(D LA g A4

ARz AW S5 vx 7] x2sd5 33l ASHRAEC A A3}
= ASHRAE 559 3# 5.2.1.2 “Metabolic Rates for Typical Tasks™39E
7o ® ARt AW s F 327HAE AU A Jhset
FAQ &5 7 e sdstE MET #to] Folzlth. ASHRAES
A= MET #S A4 u, ASHRAE?S AAE AWEs T 71 H|s2
Bele s @otal vk 2 Aol = AR

AWdsS thF7] o]l ASHRAEZE AAIs &5 & AuldA A st
= ARl g5 Ayt AEd 52 F 107HAE Table 69
AA =] 9tk Resting’ol+= ‘sleeping’, ‘reclining’, ‘seated,quiet,
‘standing,relaxed ¢} o] FAANA T2 YElS F A= 47149 EF
o] Z3FH AL ‘Office Activities™d|A] 23] = Ao F2 LA F 3l
+ ‘reading,seated’, ‘writing’, ‘typing, ‘filingseated’, ‘filing,stand’,

‘walking about’¥} & 671# &&Fo] XA AYdse 72t g5

Ea 5w 4
2 05" 9714 delEs AAStY g5 Al AW o= Y dHolsE |
7} ¥ E Y. o), ASHRAEAA #|&3st= &% < ‘Cooking’, House

cleaning’s & GWHAQl A& sl LAV QAT AFESE =5

of BFeLA s AdBENA ALHYD FF =P o4 wde )
e Fol A BT OF wAe ¥ 5 e Aow daHEn

39) ANSI/ASHRAE. (2010). ANSI/ASHRAE Standard 55 Thermal Environmental
Conditions for Human Occupancy. ASHRAE. Atlanta.
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Table 6. &% Holg AWds 2 MET +4

AW g E MET Units Label
Resting
sleeping 0.7 0
reclining 0.8 1
seated.quiet 1.0 2
standing.relaxed 1.2 3

office activities

reading.seated 1.0 4
writing 1.0 5
typing 1.1 6
filing.seated 1.2 7
filing.standing 14 8
walking about 1.7 9

(2) A8€ ALEs olm A +F

10744 Avigsel 44 &, 2 g% B ojvjA #1e APt

Table 7% Table 88 Z}7Z} ‘Resting’® ‘Office Activities’®] Z &5 9
sk R E o]mA] oAjolt) ol A= Y& G &

oy
e
k=l
AC
N
rO
2 41 =

Am 1EE 2 o HAES FaaAY Qe A4 B89

HEG olm A A4 A #4L TH F AP AlA A £
At olwl 7)Ee HolHAE: T 242 AAE Held daelF
o e 98 £99 dFa 44 dolHAES v ¥
A 7)o delHAESE 2A olnA, Ade], orle W &4 HelHz

FEAY BF, A4, £3, g4 5o BHow Udth 1 F UEA
17
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MNIST’, A &FAE 93 917) 7helagE 7HAl= oju]#] do]g<l
MS-COCO’, £4 4S5 93] 8" 55 2 =544 ovA=2 744
‘CIFAR-10" 5°] 2Uth40) MET 2t&RdoA = thdat &5 e A
oju x| & 433 ‘LIP (Look Into Person) t©lo]EAE 9}

G
£ Faste] omAE s FH3 ojvx = AAdE 107HA 9] A
5

W Bl WA s BAL TANE AFUANA A oM s
Ak £AE oA HolHAEES 7 FEU 50 F 500749 o]
A= A

sleeping

reclining

seated,quiet

standing,

relaxed

40) Analytics Vidhya. (2018, 11). 25 Open Datasets for Deep Learning Every Data Scie
ntist Must Work With, https://www.analyticsvidhya.com/blog/2018/03/comprehensive
—collection-deep-learning-datasets/
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Table 8. ‘Office Activities’ -4 A& F olu|A] -5 oA

reading.

seated

writing

typing

filing.

seated

filing.
standing

walking

about

(3) 52 A% HL voly 5

hS
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R, F-520), &5k, £500), Z2EA0h), AAMCH), A7H0%), ZEA

), &, olvk A2 AAsIth Table 9, (b)= 2A] oln] x|
Az EAel s B AR E A A elth #HE HolH = skt o
mA 14789 (xy) #HRE x #F y #he sh udste] & 28709

z} ol x| 23k ko] AA W Table 9, (c)ok o] 3 tlo|HE
w}

5
) Zel = Boxing g o] F-3) H ).

Boxing 2t < AELAE TRz sFatr] Hal #Ax ghe A &=
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& B3 2do Hdes TV HolHIE A& A5 g dolgewt

H A3 e = 34 3H(Overfitting) +#15 WA &17]

0
ok
&
o
o
I3
=
_ﬂa

ﬂl\

g A27), 947, W) 22 5o WIS AAT dolHE FATE

B oA AE tha He dolde @A% nesy] s 4% Holy
of 8% % 9t Augmentation 7% 3714E g3l HolEE F7}

AATH(Table 10) 3 WA WHo olmze FANS 7|Fow HEES

o]

0.1 ZFA 22 0.0(Box ©|HA)FE 50(H+E o] u]=)7hA] yiett. o] uf 114
715 AAsHH Boxe| A7]7F sy oln A 2Ad o] WA o]
Ao % Fders A3 (000ox AASAS W AFE F9 oA e 2717}
WAEH x=2e agRolxNk o] Adighe] WA= WHolth 3714
o] dlo]E] Augmentation 7] Table 103} #o] % &3}o] Sh5o|olEH =
S7HAAE T, A or AA stadelH e JigE dolE e A

Ag 718 Hgso] 71 50070914 99,0007 = F7HA A ek
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olul x| kel AbErel 1A E PAGE AL HAL WA FADT AFLS
AAE W AEE §5E Mask R-CNNO.Z Het2ol o3 #lehd ALZ <l
4 9 %% @40tk Mask R-ONNG AH&3)] Abgrel 9148 o} 2o
F ARE 3 g 79 WAL AARD o FE P MET HER
Jol %83 Boxing #4< AealFe 4Tz A8} Qe o

v x| M= AlFS ZHol BoxingS & 4 Atk Fig.82 Mask R-CNN£

o

g,
lo
o
>
>

T JAAELLS AAH oA S 128x128 A
dEut=1} olu) wdo] &% A 93 =4 WH o7 Euclidean Distance
(4 2)5 A4slA ). Euclidean Distancet™ =74 3oksli= 14709 #H 3o
tete] BEom Fojxl AdARe] AA FHxghy} mde] I AvE F
=8 JAE Atele AYE AN A ALEE (A 2)8F Zo] F

o

42) Kaiming, H, Georgia, G, Piotr, D, & Ross, G. (2017). Mask R-CNN, arXiv : 1703.
06870
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T #d AR ojn x| oy FFE $18 CNN (Convolutional
Neural Network) T+%E& *¥3%3}E ResNetS 28313tk ResNet
Microsoft Research 17"/ eo] 7W#g A2 vyl 7/jx ¥ = ojn =] <14
2 oAl A3l ImageNet and COCO 201543¢] Fo H-ofo A

53 Edoltt ResNet o|n|A#wt oy} 3]7] B 7 £AE 4

ol

st -3 AsS Bl

ResNet?] #4lo] F+= % Fig.99 Residual Blocko]tl #d <14
Zdo]l Residual Block 3702l Convolution Layeret 17§12 Batch
Normalization, 170¢] ReLUZ T4 ¥t} o]ul Residual Blocke ¢ & 3ol

43) IMAGENET. (2018.11). ImageNet and MS COCO Visual Recognition Challenges
Joint Workshop. http://image—net.org/challenges/ilsvrc+mscoco2015
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Input Data
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Convolution Layer
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Convolution Layer
¥
Convolution Layer
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Fig. 9 Residual Block T+%
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et 24z U
7 i
j -
4
Ll
i
N | Pose & MET
L ] L
\
\‘.
Y \ /'
=
N y
AV
Input Node : 28 Output Node : 1

Fig. 11 MET 4t&rde] 7|2 72
(2) 29 vpepo g AA

dutdow LAY BEAE dHoled we} FAsA 2tetr] witel %
7F oA wepA Bd side] ofbA diEd

of HAY = =9 st £, g5 HolH o R E H 2HHAE A H
#Z Z(Gradient Vanishing or Exploding) ¢ #AZ aj4d3s7] 93 »d
gderel s AR 1 5 2HYUJE &Y 2 E5(Gradient
Vanishing or Exploding) ##l+ =49 24YZo] Zojd4= L Asies &
AR g dagFolA AbEskE vl ghol A AAY et A
= B3 dE 5o V1€ 243 T AT E AAEE A9 vE &
< of| o]l EoJeretx 00] HEE TYUAE Fro] LHE o] TFol
FEsA A "ot oleld THUAE A 9 EHF A sAS fg A

42 Table 119 24 stepvy & &3} o<, 7kaA 2713}, WA A

44) Aurélien, G. op. cit., p.13
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wel #4s
27¢] Table
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2y

PN
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g

o)
9
A

73

o

S 7ro] 2to}glr] uwjio

Flolgel s %A
dolgo] et k5ol HAstHo] &
ojm g}, At &A 8l
o2 (Dropout) W&}r EE
FolA 30%°] e AAE&

H(Overfitting)

=
LN

a2 A 3t

45t
o] 7

Iy

we shebvle 474

e}

274w

e

ReLU Function

R

Batch Normalization

Dropout

30%

45) C.

reducing

Ioffe, S., & Szegedy,
network training by
arXiv:1502.03167.

Collection

(2015).

Batch normalization:
covariate  shift.

Accelerating deep

internal arXiv  preprint
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3] (Cross Entropy)& &3t 1wz} ol
ol AAE L R R A
HP,Q)+ 22HCost)E UEIH I Q(x)&= Edo] o3t dol&E 3t Px)&

to
2l
Ll
Jot
[-‘O
ol
rr
=
N
ot
>~
el
ofo
i
i
>
@
lo

AA A deolE g 2Ea e ERFA st U= s e

45 el Fel Ay e AT HA0R o s St GuE
(Learning Rate, LRIS ol §3p7] W&o o4 &%/ o8 49 4 ot
web SheEe wA A 29v dE 2/F Folt A% A

S o S5 HAHES nys] H&ekA ®rh olu, Adam Optimizer<

AEd EWE FAolgtux Fav AAipetdHidl EZdlE (Momentum) 7N
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X
ofo
o
o
i
o,
Au
>
o,
Q
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o
S
=
3.
N
D
=
rr
BN
X
e
ol
rlr

2 A

Metarzt et tlolE Al Eo whel vkt z) mde] A
F B EA vdebd . 2 Ao A= mpirbA R 249 A
e 2ds 27 98 g5 A A8E 249359 F(Number of Hidden
Layer, NHL) ¥ 24w d9 4(Number of Hidden Neurons, NHN)e| tf
gk Cases AAsAT. 24T A =29 720 we} Bl 5H 0]
SE2A vetue teksk JEje] 71E AA o] R AT b
A

2dol s fs) d4E Case= 7] Td AFEol A= FE2E

b
Ir
o
T
o

+

by
=
I
z

7IWre 2 57kA FHl® Fd A

AR kel mEs AR Shgety] we] oW AR dwhe
oJ A=A A &7 offi Fx Fed uwep o] vk
AR H2A o) AHAe] x= BREY
A daAFrE Ak o] A= NHLA A#§le] w+d F7F o
Aot FAE = 257419 F2E ShEesinh olwl, NHN=2 5078 4-H
25071, NHL+= 17158 5707b+] wAstsla Adx o= NHL 170 4
NHN 20070 %5 7FAe AFod 7Hd =2 Hss Btk gtged A

£k

Ea
=]

o

46) The Asimov Institute, (2018. 12), The Neural Network Zoo, http://www.asimovi
nstitute.org/neural-network-zoo/
47) HL&A], op. cit.,, p.17
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43t dlo]E = Augmentation #4S F3l 668 S7HAIZ] thA A2 o]

a8y 2 AT dolE Augmentation 71WHE 58 1984 S7HA
71 dlolBlE shaakdith 3w S7he vk HlolElE StEshy] Sl 2
Uz FzxE ugodstA HAAA Case StudyE skt watA
MET 2t=id A2 g8 249359 7385 Table 127Table 163} 2]
& 57HA Case® AAs AT FHoll AXNE FxEE=+= 2 Case® NHNC

oJe) ¥AHE edFe Tx YUE x@NY TEEE euse 7

-|~
o
2
_1
&
(o]
a1
o L
>
e
rlr
o
i)
i
=
o
i
N
-
BN
k1
lo
Ho
>
S
)
fr

= AbEE 20075 7o 2 50708 S7HAIZL 471 9] AlE- Case(Case
l-a ~ Case 1-d)& A3t

Case2-H Casedbe AAI 2HF FHE EAdst7] fs 371 o449

Ysol MY wro A2 59

S AMgeides B3 2d F-o] rhestth wito] Case2H-E

Case59] NHN Casel®tt 719 & A7 dAsdtt. o, NHN=

Asl= A $9IARF David Hunter09] I+E 53] BMLP (Bridged

s

evzor FARAL AF AATL

5
rTU

Multilayer Perceptron) = @e] 4% xd&H7wd +1)¢} 1L F2o=

48) # 24, op. cit., p.17

49) Cybenko, G. (1989). Approximation by superpositions of a sigmoidal
function. Mathematics of control, signals and systems, 2(4), 303-314.

50) Hunter, D., Yu, H., Pukish II, M. S., Kolbusz, J., & Wilamowski, B. M. (2012).
Selection of proper neural network sizes and architectures—A comparative
study. IEEE Transactions on Industrial Informatics, 8(2), 228-240.
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NHNS 243 AHE S &gt} o2 EU® Case2 ~ Casebs
uf, 29} H#EHSA 2n T 6n 7HA]

M7 n7l Y

TANTE

hinss
re

ERT

7HAA

ol\

NHLe 2tA A&t =, d¥rsle] 28022 NHNS 56, 84, 112,

140, 1687121 w42 FAdste] sh5S st uhehA
W2 5712 Case(Casel ~ Caseb)¢t ZF Casedl A wd¢l
o] A Casez TAHo =

2070 ] Bdol wigh Shsgo]l FH

eqzel gy

176

£

Table 12. Case 19 &Y= +x A A
Casel
TzT TE NHL NHN
. L Case 1-a 200
B% Case 1-b 250
%%ﬁ Case 1-c¢ 300
) @ - ¢ Case 1-d 350
Table 13. Case 29 &Y= % A A
Case?
1ZT TE NHL NHN
Case 2-a 3 56-84-56
% Case 2-b | 4 56-84-84-56
M Case 2-¢ 5 56-84-112-84-56
9 Case 2-d | 6 56-84-112-112-84-56
—_ 46 —
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Table 14. Case 3¢ &Y= +x AA
Case3
TEE = NHL NHN
L - Case 3-a 3 84-56-84
W Case 3-b | 4 84 56-56-84
% Case 3-¢ | 5 112-84-56-84-112
D Case 3-d | 6 112-84-56-56-84-112
Table 15. Case 49 24935 +x A4
Case4
FEE = NHL NHN
Case 4-a 3 56-84-112
Case 4-b 4 56-84-112-140
Case 4-c 5 56-84-112-140-168
Case 4-d 6 56-84-112-140-168-196
Table 16. Case 52 24935 +x AHA
Caseb
FEE = NHL NHN
Case 5-a 3 112-84-56
Case 5-b 4 140-112-84-56
Case 5-—c¢ 5 168-140-112-84-56
Case b-d 6 196-168-140-112-84-56
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B

MET At& 2 9-& Google Brain Teamo] 7|Hal =3 A4S 93 o &
2 A~ZEY O] go]B el M EZ(TensorFlow)E A&t M=
25 B3 ALkEdd diete] gA A JhsstE s SR AlASAL
ot s HAlEd 5 A Aol 53ku o] 3l

MET tt==24d9 s fld =88 dlds oA Holy =

xS,
2

o!
f

)
oy
o

$ %t Train data set¥} 2o HZFS 93 Valid data set 28] 32 &+

ok
)y
it}

o
3R

mdel HF Hes H7Esk7] 9k tlo]E )l Test data seto = 238t
t}. (Fig.12) Train data set> =2 @o] skFo] AF&% & dle]Helw Valid

data set2 g5d 29 F 7MY Aol £2 Rdo] #Wsy] A% A

olN

4 Hlo]E]& Train data setol Z3tt}h Test data set> 8t5olli= A3}
A ol HF Bl Hrtelvt gt Fdes votets 82 AR
TE5E A AYEE doly 99000712 80%+% Train data set, 20%+
Test data seto.2 7ol 35S skt ol Valid data set 7=
= #1381 Train data set®] 20%E UHA] E2lstdth. shFoll Ab&et= Ho
He 349 #% dde g5 & J=s oA A7]5 dAsH
Aelstdtt. oluf olwx] ] A7 Aa REo| A ALE-FF 128%128 7|
i E ARESFA T

MET 2tERdo +d& 9 HFe 22199 o2l Pythons A
shlvh. oA B 2 gl g HE dAsid oy, dMZS2E ARE)
Fig.13, Fig.149 #e] TFE vt Figl3e #oloje] #+4 2 243
Tx25 AAske Aol ol golole] FA = 7FE A (weights), 3
(biases), &4 3tgt, WA 813} 5ol A&drh 29F el wt
olo] J4E ZH3HA =Y Fig.132 3 HA g5 AQsta F 47

o] YT FRE VA E oA Edolt e o493 A4 A] HN1THN4

i

ol
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= 2Ywde s A8ete HeEE MET AhaRd oA 444
4S5 7% Casedll wheb 283t}

Train data set
60 %)

Valid data set
(20 %)

Train data set
(80 %0)

Test data set
(20 %)

v

r s

Data set

Fig. 12 AW &% HolHAE &7

rlo

gojojel 4 24

def fc(data, num_in, num out, name=None, relu=True, bn=True, is_train=None):
with tf.variable scope(name) as scope:

welghts =

biases =

output =
if bn : outpu
if relu :

return output

output =

tf.get variable('weights', shape=[num in, num out], trainable=True)
tf.get_variable( 'biases', [num out), trainable=True)
tf.nn.xw_plus_b(data, weights, biases, name=scope.name)
t = batch_norm(output, is_train)
tf.nn.relu(output)

24z 9 oY 47
self.fecl = fc(self.X, 28, HN1, name='fcl', relu=True, bn=True, is_train=self.is_train)
self.fcl = tf.nn.dropout(self.fcl, self.keep prob)
self.fc2 = fc(self.fcl, HN1,HN2, name='fc2', relu=True, bn=True, is_train=self.is train)
self.fc2 = tf.nn.dropout(self.fc2, self.keep prob)
self.fc3 = fe(self.fc2,HN2,HN3, name='fc3', relu=True, bn=True, is_train=self.is train)
self.fc3 = tf.nn.dropout(self.fc3, self.keep_prob)
self.fc4 = fc(self.fc3,HN3, HN4, name='fc4', relu=True, bn=True, is train=self.is train)
self.fcd = tf.nn.dropout(self.fcd, self.keep prob)
self.fc5 = fc(self.fc4, HN4,10, name='fc5', relu=True, bn=True, is_train=self.is_train)
self.fc5 = tf.nn.dropout(self.fc5, self.keep prob)
self.logit = fc(self.fc6, 10, self.output_shape, name='logits', relu=False, bn=False)
self.hypothesis=tf.nn.softmax(self.logit)

Fig. 13 stg2d +x 44
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oy AR dEeks AR o] e AMEE EEokes
At} &gt H A3t daE]lE2 Cross Entropy®t Adam Optimizer

AR AAERAN AT TS ARt EsA T E Thsl

U=8 H 9 o0y 2F

=9

def batch norm(data, is_train, is_trainable=True, name=None):
return tf.layers.batch normalization(data, training=is_ train,
trainable=is_trainable, name=name)

with tf.variable scope('input’, reuse=True):
self.X = tf.placeholder(tf.float32, self.input_shape)
self.Y = tf.placeholder(tf.int32, [None, 1])
self.keep prob = tf.placeholder(tf.float32)

oxfe: 9 255 21F 93

cost=tf.reduce mean(tf.nn.softmax cross entropy with logits(logits = net.logit,
labels= net.Y one hot))

optimizer = tf.train.AdamOptimizer(learning rate=le-4)

Fig. 14 =& stepvy 44

9 (Casel-a~Caseb-a)oll W3t sty A3E oA = veRT U A 157}

A Case®l ZYEE o]} H|= FAME 7FXTh Figds, Fig.1690A4]

Train data set®] 2x+= 00 7MEA #Z4asta, A== 1.00 718A =
5

7}ett}. o] 2 %3 Train data setol]l th3gh o] o]Folxl A& & + 3

11

0

£
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t}. Valid data set®] 29} A%+ Figl7, Fig.l8y o] uepwtt}
oluj, Valid data set®] 2= #Asthr} 5,

A ekt FrbeleE FAME Rt ol 8F5o] Train dataol A 3E =
AL ov gt mdo] 7hE5A 9 WS Valid data sete] @27} 74

S WE HA oz AFHY Valid data setoZ EHol HFS wpA

>1$

% Test data sets& &8t A5H7IE &3 A& HA5& g & 5 9l
=
1.0
0.8
F)
]
é 0.6 Casel-1
< Case2-1
.g 0.4 —Case3-1
=W e Cased-1
0.2 —Case5-1
0.0
1k 2k 3k 4k 5k 6k 7k 8k
Step
Fig. 15 Train data set &7 A% WH3I}&
2.0
1.6
é 1.2 -Casel-1
.g Case2-1
= 0.8 —Case3-1
....... Case4_1
0.4 —Case5-1
0.0 ‘
1k 2k 3k 4k 5k 6k Tk 8k
Step

Fig. 16 Train data set®] 2=} W3l&
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1.0

0.8

0.6

0.4

Valid Accuracy

0.2

0.0
1k

Fig. 17 Valid data set ¥

4k
Step

3

J

= Wsks

2.0
1.6
1.2

Valid Cost

0.8
0.4

0.0
1k

4k
Step

6k

Tk 8k

Fig. 18 Valid data set2] 2=} W3l&
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_52_

——Casel-1
Case2-1
—Case3-1



7} =8 ™ (Confusion Matrix), F1 Score, ROC (Receiver Operating

Characteristic curve) =4S AF&-3F3 .

(1) K-fold 237 % (Cross—Validation, CV)

K-fold w271 &2 Train data sete i53tA K/l 13 (fold) &2
T 7t foldE WZol 7FH A Train data®t Valid data® AF-83t] A
ah= wolth K-fold mat 5 W& Kol AS53dE 7AA7] g
L& Train data7b #H4 3 HA Shgdu. o= Qs F dHolHY 47t

dolel A&l o8 dsol dolaA o= As wAst

¢l 5-fold XAAZES AA A TH(Fig.19) Fig.19% K=5¢ nxAZ A
Train data set® TA< veERTh Valid data setS WHW7ZEs 5H 9o

2} HES 38 Shgol dud Rdo] ths] Test datas #8319
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R
v
=
)
>

Z 59 Test data set®] A= 3k

o Aughon mdd 4% el sk

%
N
i
i
2
>
ki
e
e
~

Train data set Test data set
(80 %) (20 %)
Fold 1
(Valid) Fold 2 Fold 3 Fold 4 Fold 5
Fold 2
Fold 1 i Fold 3 Fold 4 Fold 5
o (Valid) 2 ? <
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
(Valid)
Fold 4
Fold 1 Fold 2 Fold 3 ; Fold 5
- < < (Valid) <
Fold 5
Fold 1 Fold 2 Fold 3 Fold 4
0 0l 0 0 (Valid)

Fig. 19 5-fold 227 % Train data set T4

(2) 223 = (Confusion Matrix)

o AA Aggy Rdol oS3 vk gHojv. AP HEe] P
AA Fs, de 2l =FP2E et Fig202 AS B2 T
AE olxF 2 719 oAy E A= B Eol e gE FRE o
Efith, o], TP(True Positive)= AAZ BY uf B2 A &3] o553 3l
4, FP(False Positive)= AAZ AY o BE 2% o =3 314, TN(True
Negative)= 2 A= AY W] A2 o =3+ 314 FN(False Negative)= 2 A
2 BolARE AR ZE 53 355 oudit) olef o] AHI oS Fh
of tigk exdqHEe] HRE G FFEH HFE(Accuracy), BE=
(Precision), 7%= (Recall) 59 A5& AT 5 3

AREE A4 A% A el Agow wE A (A HR ¥

¢

.{
K|

' P | PR B [
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3]

_CH

44 B

o %

22

v O
2 5 E £
=2 =2 55
%%%e
PPNWL
$ 2% 2 3
G S
fon Z
HEEE
.z_ﬁ|v
=
A a®
M . =
it Z.
< | B | =
< m
v
7o

Fig. 20 B
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e Al
PR = Tp v (56
PPV X TPR
Fl = N Al
> PPVT TPR o

o714, TP : True Positive
FP : False Positive
TN : True Negative
FN : False Negative

(3) ROC #E. (Receiver Operating Characteristic curve)

ROC 7 H.(Receiver Operating Characteristic curve)i= ©]Z &5 7]
A AREEE H7HAEE UgEe AAl 4 vl & (False Positive Rate,
FPR)(#] 8)& a1elgh 1efszo|t}, ojuf, AAl &4 vl&2 AHo] ofd

olHE AP FX ERHI HER 1-5ol¥ g1 RdHIE gt &

dss vastr] sl ROC AB9 o] WA (Area Under the Curve,
AUC)S =AHz3t}h o= E9] Fig2l¢ Random

05031 £ ERFELLFE AUCE 19 7M.

Ju
[3u
i
flo
o=
(-
a
)
s
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FP

N Al
PR = i 7P 48
TN
N Al
TNR = — (2} 9)

o714, TP : True Positive
FP : False Positive
TN : True Negative
FN : False Negative

TPR
1.0

0.8

0.6

- - Random
— 257

0.4

0.2

0.0
0.0 0.2 0.4 0.6 0.8 1.0

FPR

Fig. 21 ROC AX 2 AUC of|A|
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stk euF Txd A%usks MET 4% A3Ez griste] mde

Rdo] =%3F Test data set®] X0l sldsl= MET gte] € X3 vl &5
=43t olu] MET AF&E 22 Case ® % 5-fold Cross ValidationS

3Pz Z dole e 80%¢< Training data set> A A 433

+9Fe 72 35 A3 MET 7 A ¥ %% Table 177 2t} o] o,
5

~fold Cross ValidationS &3 6/ A4 =59 72 24

Cased-bZ 82.03%% uvepdtl mdel Hit ATEE 77.14% ~ 82.03%
Abol 2 A 49% x| Aols welth Hx|g 5He] sty e A F 74
mdoA wss A ATEe Hih AFEo Aol of 82%9] Aol E
wolth oju Hoj FBi= Table 189 AAIHR o H A=} 2ho
Caseb-b TFA Hul 8364%E YEldTE HsEl H2X5De A4 2
deb vl s W AgErt tAh @A EEHAoY o) i AFoA
Test data set®] 7} 7]<&ol| Hl3l] 69 F7lstt 7] wZel o g =
I

jan IS
25 HJrkst A2 dAEn. e i U SAFAAT A9 A

51) H#&A|, op. cit.,, p.17
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T FetA e exdd ROC AR & &7 Edo & A5H
dse F7E= AAsH ol

5
Vg A w7F =& Case 5-b +%9 Wste] MET 3£(0.771.7)° W& A
A

=493 Cases
2z 1 2 3 4 5
a 77.14 30.80 80.42 80.50 31.94
T b 78.18 80.93 80.60 80.00 82.03
o c 80.31 80.27 81.28 81.15 81.32
d 78.67 80.52 81.39 80.54 381.82

Table 18. MET At=Rde] &43F 722 A HF%(%)

=43 Cases
T3 1 2 3 4 5
a 78.58 82.16 81.80 81.51 83.39
T b 79.39 83.18 81.53 81.74 83.64
= c 81.59 81.64 82.10 83.07 82.71
d 80.54 80.89 82.72 83.59 82.52
522 MET el m& 2d A5 H7t

g

] A% 83.64%E 7[A &+ Case 5-b 249 MET ztol W& E&F
A H7e] A3 MET g 7lFo® yelhdl 22328 & Table 199 2
t}. oluf MET #-& 4% Table6oll AAlA zF E=of sl METES

@t oa AL de A METE Uehlla Je 298 e 4
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MET < verdicth 73gdE MET AH&ER49e o =3 MET7} A A
MET®} 22 H&2 AU=(PPV)9t A9 MET7F AHo= o Fd H&
¢l AE(TPR) 25 SQ3HA mEEojof st} mehx o xldEds &

sl 23 Fl Scores 3l Ass FHotatdith. F1 Scorevs w7/ E
o Ao Aot FE AREHY 7 28 T HAA A4S 2

A9} o]l 107HA FHl &2 BEHeE 2ALE Fl Score 0.729] A=<
Holab) dhopo] A A2 7] mde]l A9 Fl Score 0.862] A&5S B
¢1t}53 Table 2091+ ZF METO afi9sdt= AWx, W= Fl Score’t
A1 E o] Qi F1 Score®] 2 ‘typing’ol 93t MET 119 2%
09312 7F4 =t} MET 1.2¢] 7% ‘standing.relaxed’, ‘filing.seated

7HA] S5 2sEsh 073382 7MY e e S B AT /R
98 ksl 71 Aol A A S Fl Score A s 3 Hluste] =& 7k
< YEHS

52) o], ¥4, 1Y9F. (2016). 1A A FA E7F A5 MAES $13% LDA ©o] &2 7]

Hko] zpd 33 AR 3sks])=8-A], 43(9), 1008-1014.
53) o]&F7], FWZ. (2010). Structural SVMs % Pegasos &1 &S o] &3k o] 7
A Q1A QA 15k 21(4), 655-667.

N
o
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Table 19. MET #kell @& Case 5-b 2= oA 4

o =
0.7 0.8 1.0 1.1 1.2 14 1.7
A
7 (sleeping) 1707 | 46 118 0 26 0 83
(reclining) 17 1608 | 139 0 216 0 0
(seated.quiet,
1.0 reading.seated, 207 13 5132 60 524 0 4
writing)
1.1 (typing) 2 0 99 1782 | 97 0 0
1o (Standingrelaxed, | o0 | | 935 | o |3195| 1 | 408
filing.seated)
1.4 (filing.stand) 0 0 9 0 254 | 1589 | 128
1.7 (walking about) 0 0 10 6 319 27 | 1618

Table 20. MET kel @& Case 5-b €] PPV, TPR, F1 Score

MET PPV TPR F1 Score
0.7 0.805 0.862 0.832
0.8 0.965 0.812 0.882
1.0 0.893 0.864 0.878
1.1 0.964 0.900 0.931
1.2 0.685 0.789 0.733
14 0.983 0.803 0.884
1.7 0.722 0.817 0.767

T3 MET7F A2 EFEHA=A &2AS 93] Test data sete] =
A7E =&¥ ROC F4E A&t ROC F4E o7 #HeolA ALE
ati= 7 A Fol7] wjiol Fig22 Fig.289t 2ol Zt METE o]z EH=
st g z=E AAsT 24 ROC #7189 AUC ddd wat 257
A8 F A Table 217 o] AerEtis) AUCYE 1.0Y 44 heig

54) Muller, M. P., Tomlinson, G., Marrie, T. J., Tang, P., McGeer, A., Low, D. E.,
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S B¢ 08 ol 09 vvks ds = T
etttz METS #F Z3+= MET 12(‘standing.relaxed’,
‘filing.seated’) ¢} 1.7(‘walking about)¥ 7-$-& A€t AUCZF 0.9 o]
S YepdlE g gagsel™ MET 1.2(Fig.26)9F 1.7(Fig.28)<]

T AUC7F 08 ol olu g g5 ol

253 vl o] 71 =gt a9 = MET 1.0(‘reading.seated’, ‘writing’,
‘seated.quiet) ¥} MET 0.7(‘sleeping’) & #% EHF3H+= AL A3}
T3 MET 1.79] 4$% MET 122 Z% EF{se vl&o 714 aA u
Ebwtth ol#d ot MET 129 170 E¥dH= =2 F
‘standing.relaxed'?} 'walking about®] tal] F ¥X=E Az FE EF3
AR AR FAHIJT o= 7pwks] A9le E=oF Hal Q= =

R A QA7 @AT AsAel Atks AL et odd ol fi

Detsky, A. S., & Gold, W. L. (2005). Can routine laboratory tests discriminate
between severe acute  respiratory syndrome and other  causes of
community -acquired pneumonia?. Clinical infectious diseases, 40(8), 1079-1086.
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Table 21. AUC W4 W& &iugls 4% 7+
AUC W 3F dugF e dd
09<AUC g
0.8<AUCK09 45
0.7<AUC<0.8 BE
AUCKO0.7 =
10 10 -
08 08 ,a”/
06 06 ,/'/
: :
04 04 ’,r’
02 02 ,f’/
AUC : 0.919 AUC : 0.904
) 02 04 06 08 o %o 02 04 06 08 10
FPR FPR
Fig. 22 MET = 0.7 ROC curve Fig. 23 MET = 0.8 ROC curve
10 -
08 /'/
06 ’/’/
£ Pl
04 Lo
02 ,/’/
AUC : 0.909 AUC: 0.948
0000 0’2 0‘4 D'G OYB 10 0000 0'2 0‘4 0‘6 0‘8 10
FPR FPR

Fig. 24 MET = 1.0 ROC curve
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Fig. 25 MET = 1.1 ROC curve
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ABSTRACT

Development of Deep Learning Model
for Estimating MET of Occupant Pose

Choi, Eun Ji
Major in Environmental Design in Architecture
Department of Architecture and Building Science

The Graduate School of Chung—Ang University

Providing a comfort indoor thermal quality for improving the life
quality, productivity, and health of occupants 1s important.
Predicted mean vote (PMV) can be applied as an integrated
thermal comfort indicator that considers both the environmental and
individual factors such as metabolic rate (MET) of the indoor.
However, the MET have limitations for measurement such as requiring
subsidiary information of the occupants or using an attachable device.
The limitations of measurement cause errors and limits the
improvement of accuracy. Therefore, a new method for estimating the
occupant metabolic rate (MET) that is fundamental and convenient to
apply to buildings is needed.

The aim of this study was to develop an intelligent occupant
MET estimation model by wusing a deep learning algorithm by
occupant pose indoor. The MET estimation model -classifies the
occupant pose and MET using the human joint coordinates from

an 1mage that i1s captured by an indoor camera sensor. For the
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MET estimation model, 500 images ofl0 indoor activities were
collected and various data augmentation techniques were applied
to increase the data. The model has an input layer, hidden layer,
output layer, and 28 input neurons for 14 pairs of coordinates
and 1 output neuron for one estimated pose. Moreover, the model
was trained using 20 cases of different models, which included
various shapes of the hidden layer based on the number of
hidden layers and hidden neurons.

The evaluation of the MET estimation model was performed by
comparing the labelled and estimated MET. As a result of the
training, the maximum accuracy achieved was 83.64% from the
Case 5-b model that included 4 hidden layers and 140-112-84-56
hidden neurons. Also, the Case 5-b model was evaluated based on
MET of each activity using the Receiver operating characteristic
(ROC) curve. Because the Area under the curve (AUC)of the ROC
curve was more than 0.8 for all the MET values, the performance
of each classification algorithm was regarded as good.

In conclusion, by the development of the MET estimation model,
the possibility of estimating the occupant MET from indoor images
was confirmed. In the future, it 1s expected that the MET
estimation model will form the basis of PMV predictive control
considering the individual factors by improving the performance

of the model.

Keyword : Thermal environment, PMV (Predicted Mean Vote), MET

(Metabolic rate), Deep Learning, Indoor activity
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