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ABSTRACT KEYW ORD
Purpose: The aim of this study is to develope a human pose classifying model from the image data for estimating _%LE%@
=
occupant metabolic rate (MET) which will be used for the optimal control of indoor PMV (predictive mean vote) 5 51 b Al 4T
= O oo

conditions. The deep learning artificial neural network was applied for developing the classifying model. Methods : For

developing the classifying model, the fundamental data set about occupant diverse indoor activities was collected for
training the model and testing its performance. The model structure and parameter values were determined throughthe ~ Thermal Environment

optimization process and the k-fold Cross Validation was conducted for the model training. The performance
evaluation of the classifying model was accomplished using the accuracy of the MET from the pose classification.
Results : The optimized model, which was set to have 1 hidden layer and 200 hidden neurons 200, presented 88.01%

Metabolic rate
Deep Learning Neural Network
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accuracy to properly estimate the MET from the classified occupant pose. Based on this accuracy, the model showeda  Final revision received Oct 17, 2018

potential to be applied to estimating the MET and indoor PMV conditions.
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, ZsHF(Metabolic Rate, MET), 2F&J&(Clothing, CLO)
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Fo] idE ZQ

AU YFE Aol LS —Er%o}% A5 mag A
LA BEE Pt Fig 1 2 Q7oA AL ndy 4%
2.go) 1L HojEh, EARRRES Ahe]

g Agstel AURe BES B
ditk Alo] FaZANE 4T B2EF 2DS Fgte] 44
o, 94 A1 12 5t %

= "d&849d(Deep Learning, DL) &1 &S &&
sho] Ao mxE BRSl 2% RdS ALt AL B
RE 5, o] 5 95 Alo] e Fe] 7Iihe F4%.
Indoor | Develop the MET Estimating Model ‘
Environmental
Data + Clazsification of ocaipant’s pose through
fraining occupant’s image
-  Tmpeatwe « Estimation MET from classified pose
- Hmudity —-
- METMemRadat Control Algorithon
Tpeatue) +  Apply the developed MET estimating mode
- Airvdodly + Determine the representative value of MET
chiring control period

I ' I

Real-time PMV Control ‘

+ FMV Control bazed on the representative MET and indoor

environmental data

Fig. 1. Process of the PMV Control Algorithm
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Hed(Deep Learning, DL) o|=et g4 A%
7129 vy 24 sido] EvteRE dTAETY o
A dauEEeldh g2 e Q14 EAV EAA g%
el %‘4%01 Zojx mdolm A% A7 (Deep Neural
DNN)elztr & Efry, 9239 42 boje g &
ot 740—3-— oS 125 Bl Hole 249 AL E FA
Atk 989 gugEole g A »d9] 153 A A5
Fof st of7] metrlE7t 2R, gejd2 7 e 7t
A= 7FsAE 24ty shgo] PE7] wiiol g5 7154
ot Id mEtiE2 %7]3H(nitialization), SHs5E(Learning
Rate), A3}t st4(Activation Function)5& Ad|FoF it
I 9ox d2id2 MSE(Mean Square Error), Cross—entropy,
Gradient Descent 59 22¢<4=(Cost Function) @ A3} &<
(Optimizer Function)& &3l g50] o] Foj 2w 3], 27} 2ol
o5 2 of) whet A-g-shs 7t ot geld 7]eo] -85
= AR 2= goFste 45 A8 (Convolutional Neural
Network,CNN), 39 A17A4% (Recurrent Neural Netwokr,
RNN), Auto—Encoder 5©] £Agtc}.
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g AU B BRI Bd A &

CEZRR Y e Fig. 2.9 22 AxE

AR EABEZ 915k} A 25 ofu] ] dlo]ejek
A Fo W HRE F5T FH, A5 olu Ao sfFste AH
E2E ol 2RY 220 Hotes Wtk BYoR 1Y
ssict
Training of
CollectImage of N - Performance
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Fig. 2. Process of Pose Classifying Model Development

St dlole 3 A A AU 25 A4S thdRt EF el
tiet MET g2 HA]8l&= ASHRAE 559] 3 5.2. Metabolic Rates
for Typical TasksE 7|22 Aot & 5.29 AAE activity
% ‘office activities’@} ‘resting ol &t G¥HH ] AW &5 x=
£ F 107HA = A4k AsiA 10712] 220 gt o]=]|7] |
o]e 32 AYPsFAL Table 1.3} Zo] ZF = o 50704 & 500
A9 HlolH & 45kt ZF 22of 0HFE 9517EA] Label 12

£ Holsto] T2 BR 34 Alo] FHOR FolHrt

Table 1. Indoor Activities for a Training Data set

Activity Met Unit | Data Number | Pose Label
sleeping 0.7 50 0
ey reclining 0.8 50 1
seated.quiet 1.0 50 2
standling.relaxed 1.2 50 3
reading.seated 1.0 50 4
writing 1.0 50 5
office typing 1.1 50 6
activities filling.seated 1.2 50 7
filling.stand 1.4 50 8
walking about 1.7 50 9
Total Data Number 500
St HlolH o 52 ofd FA419f ged dallEol /ey

o]
L el chpshA A4 E el AL 9
240 dlelEll MNIST Sl S, 84, o], olslA] dlele
5 7 Bopaz dlole7t 5] glon Yede 8 B

ol AR 7Hssth 2 AFelMs 2=

ol & olu|x| Holg F AW BF BHo] Q= LSP(Leed
Sport Pose), FLIC(Frames Falbeled In Cinema), Video Pose
SollA A7 dHolHE A5kt LSPe &5+ St e Al
& olu|x], FLICE Pl=r &&9-E 3t 4, Video Pose 2~3
29 e SHIY 45 Hotw HolHz Ao EFy e
ol qirt. 1 ﬂoﬂ &R HlojE= AHY A9 om|AE 415
Ad A3 Z2ES B9 F 50089 712 HolHE FEok
(Fig. 3.). :[szj_% dlolee AFe] A LTI FefA] ot Hst
I SlE BEe werd 4 e olvAE AAskath 'Y 22
AUl Zsoltet: ofg Zwef thofet 225 $3sto] o5
olF Tt A=t & o] ot} AA| HlolHE Fis] Ht
stz shalct.
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b) Standing.relaxed
Fig. 3. Examples of Collected Image data

a) Writing

ANA BAEF B9 AT olulAolA Aty o B
RS A A9 ABNFY BA A A=Yt A
B o|u 4 S&stel A9 o WA JAE FG H
EARE BdY 93 gow AP 5, AUA TAEE B
9o Qi B AEE 4 wob S5E B AH X225
25} ek,

AR E 290 84S 915 olvl ) dlole o] AAe HyL
W51k, Table 2.9 2] £ olu A oA QA @ BZ 1T,
B2, B0, 9% B BF, W8, 085 &8 BRA o)), A%
oV, BEA, £5, B, ol £OE F 147 A HE S 753}
girk. 0|9 T2 2E dolelE AL 2D A2 dole 2 AHg
stol Si4-2 AWshect.

TEE 50071 dHelHE & 107HA]9] 222 BERA7|ES
Stgot7lol Holg o 47t tha #EshH, sh<g wlolHofvt ]
A3slE= Over-fittinge] WA 4 g7l wigeo] dole
Augmentation& off HolE 9] £ F7H7I= AAHE 1Y
stglet. dlolE AugmentationS o]n]z] B 5¢] mAlay 1
Aol g5 HlolHE S7H7]= L —’3 WA *FQHL ‘212
o] W] 8ot 7| thoforh. & A
27FA1 9] Augmentation Y& AH&SHEH. %i ‘%’iﬂﬂ% olm| 2| E
—157 oA 157 Afol& 3|HA7|= ol & WA= ofn| 2] &
AFEo] AA| Y-S M7 Sto] 2E ol E e F7HA 7= W olth
| 285 dlo]el= & 33,0008 2.2 7]
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& F3gt dlo]E 9] 66ul o] ™ Shg Aol 10%+= Test Hlo|H = S Reo] 7] 2 ohetu] e A4 Table 4.9F 2ot ofg REl2 x7]
A AHgHA 23 Ak A Skl sl AHgstarh 5 942 Xavier Iniilization B4-8 285900 o] Y4t 9
Table 2. Major Joints Location in the Human Body St St Atol o Y4B AEsA 8o AlgLo= UH
Image example Coordination part 27|38} gro 2 AFgsith, A5} g2 = vl Ag o] RelLU o2
- Right 1;111: Zt Foll Agstrt. 2o Cost &= (ADI 22 Cross—
e Hip entropy HPP,Q) &9] Bd-& A&ttt Cross—entropy &
A [ Hp o3 grol A g RS 0o ke e YRz 3
¢ P LI g gl Ao} 252 e o7 i g4,
nkle
. Wrist
Right T Elbow ZP Mo Q(z) wweeesseeessevenses (A1)
Shoulder
Shoulder (P(z): Fg blojgle 2 Q). BHo] ¢ A3 £¥2)
Left Elbow
Wrist Cost @49 & HAIA7]7] Qg FHO=E  Adadelta
ged; Optimizer ¥18]&S AH8otTt. Adadelta ¢1eEF2 =7]
- = ea ) _ _ _ B}
S4B AT F ot BN 94EE AFo AT
Table 3. Application of Data Augmentation Costg &0+ WFLR 7152 & HH3et). st5E-2 1.00e 7
Rotate Seale 7] A5stect. Yol 2ol eUZ9| dolo]} ol wA o
% dlolel ol thall AU A]A] Over-fitting El+&= A2 HF=]5H7] 9l
7t 3o ke o] A7 A4S HESHA FolF+= Dropouts 30%=
Aga19nt
Table 4. Parameters Condition of Pose Classifying Model
Parameter set
Initialization Xavier Initialization
Activation Function ReLU
Parameter & Cost Function Cross-entropy
Function Optimizer Adadelta Optimizer
Learning Rate 1.00¢™
Dropout 30%
32 ZRERF B I
RZER wde A% A4%e ey guaEs A4sg 3.3. 2225 2 72 W5 U4
o gl &aEEe] 2 280 dYstaiRel dEs, 2 AL Wl o AAs ZxEE ndo s Zhe 1S
HZ, 28350 Aok 24F2 & A older Zojx Fx 5 meo] oux gojo|(Hidden Layer, HL)S 2+ 2] wa
S 7RItk i 2EO 852 F 28709 o wdow (Hidden Neuron, HN)9] =2 Hste] melo] 122 wAshy
AE A5 A B HE (xy) 1480 SAHE A mdo] Jer s HristAct. HL &5 1528 570 1719] o]
SHSN YRS A RS Adety] 9fs) ks Alel 22 o] W Lgon] HN 4= 507] & Z71AA 50, 100, 150, 200,
o 45 W stHA L *é%% Hyortt HFH o r 245 25008 TAstYth =, & 2579 mdd| tate] 84S A
e A= HE dolde] o = Label 1F 2H8THFg  spercr
4). 35 B71E SIsiA oks5 HlolE 9] resampling i o1A FA
A 29 g7 o= de] AHEE+= Cross Validation(CV)& &
A &steich. CV Y 5 Fig. 5.9 Zo] 955 Hlo|HE K7]19] Subset
%ﬁp (Training data set, Validation data set) 22 FAd5t= k-fold
2~ Cross Validation (KFCV) 71¥-& A5l =, HlolE+&= 34
< Training data set, Validation data set, Test data set= U}, o] uf
;\\ Training data set®] gh<5 A]9]l Validation data set-> A5 2] ¢F 11
f\T ) Sk Kl o] HZFof 7t ARG-SHH, Test data set> B+ o] wh
h A 29 A Wi $528 Aga 2¢ RU o
Input Layers Hidden Layer Output Layers Validation data set2 B35} k9] A=S wiHE 5111 ZF A3} 9]
28 Input Neurons Hidden Neurons 1 Output Neurons %471_& /\]——9—5]'2E/V\1 E'_ /‘é = Oﬂ EHCd' ?l_;g@ ‘;ll @Q—@% :5:—1]'?}
Fig. 4. Basic Structure of Developed Model & 2 917 mElo] AlE|AS =ol 2 ok Aute mule =52 A
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4 45 g4

41 A% 97

NdE zxgF BE2 2R 225 202 YEYYH 7+
2L §gste MET 32 7HAt, T28e ndo] 4o 7t
do] Az &% MET 39 H¥Z(Accuracy) ¥ Fotxto]
% (Difference Average) 02 H7}otrt. 7&511:,_: A MET
o 2do] Avtg U2 MET7F 4AIg Bl&& Uetdim, 42t

ozt Ak METe} mdlo] Axta Uri MET 3te] ztojo] gt
Bazgrolth. B@#Aolgto]l 242 Ad METY| 7p7te Azt
2 L& A0 Bdo| 9t o]k Hw 17| whopet 4= Qlrt,

HLS} HNO| &7} 745 & 25709 2 & 55t W sh5eh & A
5 YI7TE #MoBst . AAE Table 5.9} Table 6.2 Validation
data set@} Test data set Z+2r2] MET At& A3t & =A%k 7ho|ct,
Table 7.-& Validation data setol] t]3f 581 ® CVE 45§t 2o
Test data set-& 2-8-5t] 23} METol| thet B+ A& HEIW
own, olF Fo Bd sh5o] F o]FoF A &l & & Q.
Validation data setof] tigt A =7} 2245 sh5o] & Hte=
A& TotH 25709 2d 5 20707F 90% ol e] AR T E e
Wt
Table 5 MET Estimation Accuracy of Validation data set

£ (%)
HN
HL 50 100 150 200 250
1 92.00 100.00 100.00 100.00 100.00
2 100.00 100.00 100.00 100.00 100.00
3 88.00 100.00 100.00 100.00 100.00
4 84.00 92.00 100.00 96.00 99.59
5 48.00 88.00 76.00 92.00 92.25

slA|qt, aH5o] & =Bt Test data seto]] gt A5-& 2o 7} 9l

9ict. AAZ Table 6.2

MET Zol i@ Aetws vehs

55.74%5€ 88.01%2] MYE Boltt Hstr s} 714 2o nd o]
%= HL 1, HN 20091 92 Test data®] 88.01%°] tis}<]

MET 2b& A2k} o2 sHe). Table 7.2

A METS} =4l 9]

AT METEES] H@ztolghe Uetiith, A& gy ho] mdl 1
Z7FHL 1, HN 200 & o g#2fo]gf2 0.0267=2 71 zpo] 7t 4

=

e

, AN 2E 2578 & MET A% 9 gadzto|gto] 714
° melo] 1 HL 17, HN 2007124 MET ol& A
8.01%, Haatolgt 0.0267¢ 7HAth A% Bt Sof 24
o] 7] 2 B} Tttt RS B o 2 H5S TEY
o]

Aoz AEAE 4 Ao

Al Ve Ak MET9FS] @247} 714 2 1k,

Hir

o]

A o
oo gy

Table 6. MET Estimation Accuracy of Test data set

7 (%)
HN
HL 50 100 150 200 250
1 78.73 85.73 83.24 88.01 85.08
2 78.85 80.20 83.51 82.91 83.56
3 78.74 84.36 84.55 82.36 85.90
4 74.13 81.36 81.87 82.78 86.29
5 55.74 60.36 69.61 75.19 84.75
Table 7. Difference Average of Test data set
HN
HL 50 100 150 200 250
1 0.0471 0.0366 0.0431 0.0267 0.0358
2 0.0597 0.0523 0.0417 0.0467 0.0434
3 0.0521 0.0316 0.0313 0.0438 0.0354
4 0.0631 0.0451 0.0373 0.0377 0.0348
5 0.1028 0.0950 0.0642 0.0547 0.0388
5. 28
12 Aol AR AT B $A5 Sla PMV 24 A
oo BaRe Lol3 PMV Allo] B4 ae AU% el
METE 48 & 9 2225 292 A¥807 e 712
O] ol & R Het Aetolal A-84do] F2 Bl A flsiA He
i 7]ure] A5 3 B9 et e 2o 4 B7ks
A, A i 2

E2EF Bd e 34 onAE Fof A
= Etu I HRE 55 QA9
EZ2Z FRohe Rds ST 2 AFAe dA F8
™ 7 (xy) 148 ohgote] Ay &5 225 ER/ce B2
9 e Jgskeh. Y mdle QA7 Au ol digh
METHHS 1261 B2 ASHRAES] 7|58 Edf2 Aol A %
2 ZAISHE= 10712] 9] 52 AAste] AY5H Tt

A, 22537 299 7|2 oetvE 212 gedo &
S5ollA F=2 A EE FF g FE5kt A
W HNO| 5 WAst £ 25719 »do] st&52 A5t
ndo] A5 H7HE 9¢l k-fold Cross Vahdanona AHaste
W 7} Sk RdO] Test data seto] o3t ZRER & &
MET A<k 3 g aolgro g 52 B7istsinh

A, 57 B2 F 55 ¥10) ok Xe)eh § Bt okl 1

(1) Validation data set?] A E& 2dlo tjst MET A&t: &
A At 20719 Bdo] 90% olAFe] HEEE Kol df

]
f>
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A5 B71Y A, 24 Fol AA G2 Ao gt 2EE 5
E245E EET 4 o 33 o teket el xof tf gt g
52N e FEE AL F IS ACE AR EE 2
do] b At Alo] gt Eo] H8d e, T2AEF BRI 4
Al 7|17ttt gk A A2kl METE 88.01%9] AL = &9
St Tk MET 4H& 7HA o] 10x0]H & Alo] A7 7HAS 15
208 /M AL, H4 909(63]/2*15%) 2] METE 4H&sHH,
i F MET & 344t B= Y =42 EEoto] Bof A4 MET
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