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ABSTRACT

Purpose: The aim of this study is to verify the feasibility and applicability of a neural network-based model for ~&LiEH
estimating clothing insulation of building occupants. This is a preliminary study before developing an estimation = Z2+g

model for the clothing insulation. Method: The existing researches on the method of estimating the clothing ozt

insulation were investigated and the neural network techniques that can be applied to the model were analyzed.
Clothing image datasets were collected and convolutional neural networks (CNNs) that is effective for training Indoor Environment
images were investigated. Various advanced CNN structures were analyzed to confirm their applicability in ~ Thermal Quality

developing models. Lastly, an application process for the neural network-based model for estimating clothing

Predictive Mean Vote
Clothing Insulation

insulation and the real-time PMV control was proposed as a flowchart. Result: As a result, the possibility of the
neural network-based model for estimating occupants clothing insulation was confirmed, and the basis for providing ACCEPTANCE INFO

a comfort indoor thermal environment was established.

Received Dec. 6, 2019

Final revision received Dec. 13, 2019
2019 KIEAE Journal '
©2019 Journa Accepted Dec. 18, 2019

IS o] thida AulollA Agstar 7] wizel 2
e AU 2ol tigh 1A 2 Fa o] thE= L QUot 1], AW g
7o AR 247, A, A T Al A A Bele] ¢l
ou[2], 9] A2 AR #HAe A5k F2 8310
o AsHo s Ay 2B T2 2 - FEE 7NC R Aoy
et ol2|et Ao MEA 2 - FEO| HAR Pl AL 5
Ao A7 A91A g4 F Ot 20 THA o 11
H A AHA BE UEAT7IA Zohs ARE =5 74
of itk AMA o & A AL B A2 of7| 2 & Q7] Wl T
2 4 232 Ao & Qe Mz ol B asit

THAQ E27 Zﬂ‘ﬂ% 9all, 71&9] 2EFE o]9]of 7| REE
B EARR ZF(Meatbolic rate) @ 2H]ZF (cl othmg

W,
om

2 Aold @42 EgHon —LE%E]'— uF

r"

2
i1k
R
oy, 1o

T
insulation) @} é} %

wol o ArE (Predlctlve Mean Vote, PMV)[3] Alo]& 0]
=i

SEAIFE, PMV 7]15E9] Alo) & Faf 7HQl &3 Aol & &8¢ A
o2 AlFE 71U 4= QLo Q1A 949] B8 S o] ol
A AA AE Agol AT U £, 7]1EY PMV 2@ A A

PISSN 2288-968X, eISSN 2288-9698
http://dx.doi.org/10.12813 /kieae.2019.19.6.101

ZFEfellA AlstE Ao 2 FH A AA| AdgellA 2 Ag

HeH4]. o] 2 <lel 54 A= o] PMVE Al4tol= 4

ot dA7F A= H[5-7], A3 HT
(4].

PMV—J _L_E:] 84 F 7104 8491 Z2J=F(Clothing Insulation,
Folz g o ool AAzte 2 Wetm o F9 Al T 5
fQlofl S dh= FHQ a0t 44 g4 vl 4
2 g o] PMVE 4HE5H7] 915l

Hol Faslr}, o] & g5 AAIZE
Q3 ARA LrEo] 7t5e 254

(e}

r&"

5] of
292 )
Ag7pst

=

o nZ

oflt

O F
=170
E
°©

o |

)

1o, 1o ol of
OE‘ OE‘ Ji)‘l r—?l!’
ol
o,
2.
sty
N,
=
Mo
=2
OPﬂ
J

o

S)-Il‘

ol

R

0N
ek
>

%0,

rr

ok

[O, Y D o €L &
o o
R)
oft J
2
o
frtl

st
IR A8 20 AT 1272
Afshe] mElo] Nt 74 @ A §HA o] A
o} 712 Q70 ke 2A ek = 7}
SEEREE P

o
N 7 A844e &

(

1 lo
SN
T
o,

offt
ool

lo g
ko

N,
R ore g
o
ro, 1o
o
2
-
BN _1

ol
Qb
e rlr

ox N o Ig
o

oo
ol 1 filo

N
—1> n o

2
1o

e O
e N
g
e

1o

re
Sl
lo
o
oE
it
oE
do

g
-
e
ko
oo
5
my
s
2
odly
L)
K9
)
117
>
By
1o
ol
e
e
oli rUlO

rE
o
1
o
_OIL
k=l
oE ok
)
L]
H
19
o,
o

ot
N,

ol
b

2o o2 ROorR

flo o
Ao 4 T
st

©Copyright Korea Institute of Ecological Architecture and Environment 701

SLUE | IP:219.255.207.x+* | Accessed 2020/07/28 15:51(KST)



>

g3 o

M
all

HT

7l&

FA

i, o o N2 ol

ol =

Qb ok ok o

Rl >, o #LT;
> ok

=z o= o

o]

)

o

ol

fin)

s

o

=

lut

1o

a

og

<

lo

e

-0,

>,

ol
ol

kl
= B
B 24 o
o

oz Nt it M 4 I
mlO Olr o oX, OI:O }"N

22

Lo
o

ol
-

N
£
10
o
z
h}
X
o
2
-

2.1. Z9|Z¥(Clothing Insulation)

VAol Al s Hojse AUAL ogt BE o)% &
fz-t% TUIE B8 AT AU AT i) U
SITH(8]. thAl 2l 71 A9 F e Aol w2 e

o] 37138 Egstel o o EA7HS] el A

o £5 9 4, A 4% 5ol wet e o 2
(ensemble)o] TAY w1 O] otof wheh 2 U 2pe) 2kofzo] Het
Att, A E=3E7] 4 (International Organization of Standardization,
ISO)2] ISO 9920[9] ¥ H|=9] =858 353](American Society
of Heating, Refrlgeratmg and Air-Conditioning Engineers,
ASHRAE)9] ASHRAE 55[8]+= thfret o5 Zgtof wh 2hof e gt
< AlFskal ot ASHRAE 55[8]% & 5.2.2.2B¢] 8742] 7}e 112
of sfgst= 55719 W o5 g4 2ojFkt & 5.2.2.2A90 1771
o] o5& z3tof| sigst= 2rojF2 AlARI 1SO 9920[9]2 4
H78E dailye} work=z 2750 sfgste o5 2] digt 2+
Fa AlgotaL ek, LurAQl ofF zgtof thet | Al= Table 1.3}

Table 1. Examples of clothing insulation for ISO[9]

I1SO q 2
Standard Clothing ensemble clo | m"K/W
Underpants, boiler suit, socks, shoes 0.7 0.110

Underwear with short sleeves and legs,

. . 1.0 0.155
shirt, trousers, jacket, socks, shoes

Underwear with long legs and sleeves,

. 1.2 0.185
thermojacket, trousers, socks, shoes

Working| Underwear with short sleeves and legs,
clothing boiler suit, thermojacket and trousers, 1.4 0.220
socks, shoes

Underwear with short sleeves and legs,
shirt, trousers, jacket, heavy quilted outer,
jacket and overalls, socks, shoes, cap,
gloves

2.0 0.310

Panties, T-shirt, shorts, light socks, sandals| 0.3 0.050
Panties, petticoat, stockings, dress, shoes 0.7 0.105
Panties, petticoat, shirt, skirt, thick knee,

Daily socks, shoes 038 0120
wear - - -
. Panties, shirt, trousers, jacket, socks, shoes| 1.0 0.155
clothing
Underwear with short sleeves and legs,
shirt, trousers, vest, jacket, coat, socks, 1.5 0.230
shoes
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2ttt 7140 F HiA|(pants, trousers), AZ(shirts), A€
(sweater), A7l (jackets), . E (coats, overjackets) 5 718 ¢J&-9]
THE, AdE R 9Fo ¥WA HES BSAC (Body

surface area covered by the particular item of clothing)-& &7 A

T
2.2. #oF A= AT

Zolgg AESHE et A% AE Table 2.9 o] 24591
ot 2o A5 fle) F2 Aol shezt, 3D 2744, 871 2 A
T R NL, 7IASs 71 e el A

Table 2. Preceding studies for estimating clothing insulation

Authors

Contents

J. Lee,
et al.[10]

» Using an infrared camera to measure the temperature
of the face and various garments for measuring a real-
time clothing insulation.

S. Ala,
et al.[11]

» Measuring ambient and target temperatures including
clothing surface and skin temperature by using the
MLX 90614 infrared sensor.

Y. Lee,
et al.[12]

» Thermal  insulation and  surface  temperature
measurement of thermal manikin with thermal imaging
cameras and 3D scanning equipment.

J. Dziedzic,

et al.[13]

« New technology development using Microsoft Xbox
Kinect device (3-d scanner) to measure clo-factor
amount.

C. Morgan,

et al.[14]

» The development of expotential function shows the
decrease of average clothing insulation with increasing
daily average outdoor temperature.

M.D. Carli,

et al.[15]

A developed linear regression equation results in an
outdoor temperature of 6 am giving the highest
explanation (31%) of changes in the clothing insulation
in natural ventilation buildings.

W. Liu,
et al.[16]

A logistic function was proposed that predicts the
change in the clothing insulation based on the past air
temperature data.

X. Lou,
et al.[17]

Developed a thermal sensation model based on the
Fuzzy Neural Network (FNN) which measures the
thermal response of human by core and skin
temperature to predict clothing insulation.

M. Hiroki,
et al.[18]

« Provides a method of calculating the clothing
insulation with multi-class Supported Vector Machine
by using camera and clothing data.

N. Jack,
et al.[4]

- Development of deep learning model to predict
clothing insulation level according to outdoor and room
temperature.
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Fig. 1. Existing researches to estimate occupant clothing insulation
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Table 3. Datasets for clothing images
Dataset Year Images Categories Diress. |
DeepFashion2[24] 2019 491,000 13 L |
Fashion-Gen[25] 2018 325,536 48 0N EN
ModaNet[26] 2018 55,000 3 Fig. 5. Task types of image training
Fashion MNIST[27] 2017 70,000 10 20| gk o]u] %] 914] BFH.S kst ojs] CNN 22
DeepFashEon][ZS] 2016 800,000 50 AX7] chokst melo] AbE] 9l TH31-38]. CNNe| 222 o 217
WTBI[29 2015 425,000 11
: ol Ao AN mHEo=
DARNI30] 013 182,000 o 452 AR BEoe AlexNet[31], GoogleNet[32],

ResNet[33] 5©] it} 1 5 A A52 YERH ResNet2 A7
T HEYA7L AojdLE shgol o A= ZAIE siEst]
8] 271 (Short-cup)oldt NdS Tdste] ALEE FIAF
ResNece] 712 53] o]o] 7)) A28 5] s50] 71534
B2 Ao ¥kt

olulz] ZAAE S5 N &2 RCNN[34], Fast RCNN
[35], Yolo[36] 0] 9lth. RCNN< sh¢50f] 9hA] o]m] 2] 4] B4
7F 2T A 22 HA <k 2,000709] subimageE FE5t=
region proposal o] 7t} &% subimager CNN £X
£ &9l &5 2 ERote B8-S 493t RCNN2 450] tha
31 g)7] g &of o]& 7415}ke] Fast RCNN, Faster RCNN 5
o mdo] 274A 0 g T E I Yolo RE2 7]&9] RCNNY
EAZE s} 2517] Y8l region proposal o] ofye} ojm] 2]

a. WIBI

Category Texture

Fabric
Ramper ~ Hoodie Palm  Colorblock lmlher T\im‘.l i ”
T I
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= B i,
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£ QR FACR U grid $41 A8 ArHFig. 6). o]
e ) S &35 7} orid 7 } 5 7} ojm =gy
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Q] 2717 HRE EFa

Fig. 4. Dataset examples
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