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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)

Rl
i
ot
L
i)

PMVel 719tet S5t2] Al dg3 Alojo et A7t 7
5] Zdsol el ot PMV 9% g 2%
< MEsts A77F Ao Alof 84 F A 8490 MET
7hOE A aasc PMV ¥ 43S o 24 WA A
& Utk METE ztefstr] $13t 7k oo A= glem A
Azte] METE ol55t7] $1af [oT Al 9 AntE Zo] 74w

A AAE EEsAY, AHE71E Astel AFA AdEs
2 METE 339t

71&ES] A7E T AR
ATt ASH R Y
23t 71Ee] MET 5492 334717] 9 AME A3zes 7
Zsh= Y ARSI Ak ol 2Rt 2 ATt WAl

B2 Qlste] Zgo] ATH Bl k. mepd AUzl

k1 1o
=
)
ko
b
ofn
<
=
H
A
o
-3
)

©Copyright Korea Institute of Ecological Architecture and Environment 93


https://crossmark.crossref.org/dialog/?doi=10.12813/kieae.2018.18.5.093&domain=http://kieae.kr/&uri_scheme=http:&cm_version=v1.5

NS

i

x= o
SHEMES

-

Pose & 2 & 7

28 YA A (embedded)
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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A A7 (Artificial Neural Network, ANN)-& HAl#y
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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,
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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
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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 dolele] 752 ofe] FAY Gely FnelZo] 7
L gelA Tepetl sl AFHT 9
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& 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.

ot o

B wai
o @

b) Standing.relaxed
Fig. 3. Examples of Collected Image data

a) Writing
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Table 2. Major Joints Location in the Human Body
Coordination part
Ankle
Knee
Hip
Hip
Knee
Ankle
Wrist
Elbow
Shoulder
Shoulder
Elbow
Wrist

=

Image example

-

Right

[ ]
=] Left
[

Right

Left

Neck
= - Head

Table 3. Application of Data Augmentation
Rotate

Scale

DS gt
. tasol 9oz, o
Uz = Fe 5 7 oo ot 72
£ Mk AR 2R 4eEe F 2849 9 FHoz 7
AEle] 258 QA B HE (vy) 1440] AR Y,
2YZT exde 14 U AL Slal st Aol 42
o A5 WAt EA Bl 452 Wit AFH 0z 2%
ol eiE 28 dolelol] td = Label 1717} S Brk(Fig,
1),

Pose

Input Layers
28 Input Neurons

Hidden Layer

Hidden Neurons

Output Layers
1 Output Neurons

Fig. 4. Basic Structure of Developed Model
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2d9] 712 genl e 42 Table 4.9 2. o g 2d2 =7
5} g2 Xavier Initialization g2 A-83515.2H o] =9
A 22 Aol o] Y-S AESA Y=Y Aludo s U
Z718F gro= ARgRitt, 45 s B Y RelU &5
Zt Foll Agstrt. 2o Cost &= (ADI 22 Cross—
entropy H(P,Q) &4=9] BH& A8ttt Cross—entropy 3¢
+ A5 ghol A @t 7= 00 77k g2 R 4

o 2} Hol7} 245 FhE o MU G,

H(P,Q) = — Y P(2)logQ(z) - (A1)
(P(z): FG blo]E o] 2 Q). EHo] o ZFo d7 #£2)
Cost &0 Zhes Z2tA7]17] 9%t Yoz Adadelta
Optimizer ¥118]EFS AHESIAT. Adadelta €a12|E2 X7
StEES A% 7 o5 A FEES AR 26T
Costg ol WFO 2 /A8 2 Asitt g8 1.00e *2

=13
of

Table 4. Parameters Condition of Pose Classifying Model
set

Parameter

Xavier Initialization
ReLU
Cross-entropy
Adadelta Optimizer
1.00e”

30%

Initialization

Activation Function

Parameter & Cost Function

Function

Optimizer

Learning Rate

Dropout

A
=

33, ZZEF ndo] Fx WS

A W7k OA A Z2ER B9 72 4 1%
T rd9 #Hlo]o}(Hidden Layer, HL)® ZF &9
(Hidden Neuron, HN)9] 4~& 7ot} BEe| 2 & ¥7 oM
g0 Aete 5 griokleh. HL 4+ 1588 5704 1719 #o]
o] A 530w HN 4= 5070 ® ZF7HA|A 50, 100, 150, 200,
2500= FAstgnt. &, & 25709 mHof tisto] st5-2 218
CipiEs

35 B71E SIsiA oks5 HlolE 9] resampling i o1A FA
A nd g7t 7o g de] AHE= Cross Validation(CV)& 4
Lottt CV 'Y F Fig. 5.9+ Zo] g5 Hlo]EE K7} 2] Subset
(Training data set, Validation data set) 22 FAd5t= k-fold
Cross Validation (KFCV) 7§ AF8-5tStt &, dlolE & 37
Training data set, Validation data set, Test data set® U t}. o] uf
Training data set®] 855 A]of| Validation data set-> AFH&-5]| 2] o811
ot B9 H5 ol Bt AE-SHH, Test data set & gh50] nHzl
5 299 J5s Hrlols a9 ARG, 22 Hdof tig
Validation data set= ®7stH k¥l HES ¥HE st zF Axje
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Aot melo] 4%-& 5-fold 8H5ol AFEEIA) 9 Test
data sete] it ZH=Z BHrtstoitt

Validation set Training set Test set

90},

, AN 2E 2578 & MET A% 9 gadzto|gto] 714

A v e METe9Fe] @247t 718

K=1 ‘

K=2
K=3 10%
K=4
K=5
Data set
Fig. 5. K-fold Cross Validation
L od

4. 45 24

41. A% B

e 237 Rd2 2RH Z2E5 Av%e WEYH 7 2
A& Sgek MET 318 /Mt 5225 nde 452 2 2
do] Avz &% MET #9 AL (Accuracy) @ Hazlo]

#(Difference Average) 02 7}t
of Bdlo] 4utg -2 MET7} ¢

223

A 5}1:,_5 At MET

= UERH, B2t
ozt Ak METe} mdlo] Axta Uri MET #te] ztojof ot
Pagolth. BaFjolgto]l AL42 Ag METO| 717he A3
£ L& o o] 97} o]k Hrelx] mporst 4 girk

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 sete]] tigt AT 7} =42 Gh50] 2 H|9ioh=
RS Totm 25709 2d 5 20707 90% ol el AT 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

=2 dlo] xE= HL 171, HN 200724 MET & Hgx
88.01%, Hdztolgk 0.0267& 7M. A5 H7te & 24
Zo] A4 e HT Bed RS Fo o 58 452 £5Y
T AFoR AEAE Stk
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. 22
2 QAo AR e B 25 919 PMY 24 A
oo WaKe L71 PMV Allo) B4 249 AL Al
METE A28 & S Z2EF 0de Agsng s, 712
O] ol & R Het Aetolal A-84do] F2 Bl A flsiA He
' 71k 2159 Rdls st e Add RH) 45 ke
AFoIsie. A ot 2

E2EF Bd e 34 onAE Fof A
= Etu E HRE 55 YAt
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 &
Stgold T2 AMEe 3 4E A8sksih 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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St Tk MET 4H& 7HA o] 10x0]H & Alo] A7 7HAS 15
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i F MET & 344t B= Y =42 EEoto] Bof A4 MET
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