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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.
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1T—l O = =
o Ea hag 9iat o HolEAES thoe o= Q14 mele] 2Tk E7hHo@ wWhA(pants, trousers), AZ(shirts), A9H
T2 9 S-S Selgit, 3) A 719ke] ZholEF AhE 1 dl o] (sweater), A|Z (jackets), I E(coats, overjackets) 5 7HE 9]&9]
28 U AA 2ol s o' AAEd 4 gle Rdo] A TR, AEE Zogn oFe mHA HE<l BSAC (Body
= 4 AR oA e 48 FHS SELZ AAStL 7|2 o] surface area covered by the particular item of clothmg)# 7 A
S ISt Pt ol B 9= AFHA gAY BRI Futh
7hestal AR Zf]lo] - HA] ¢hs MR KA T B
48 FIoha Tk, 22. %7 A= A7
#o)ekg 5o it 4190 Q172 Table 2.9} 2o] £45|9]
2. oI 4E MW A3 ok, ZHOJg 422 9l 2 A9 Fhelet, 3D 2704, 31 2 A
T HAA AN, 1Ak 71 5o Hilo] A-8Hltt
2.1. Z9l%¥(Clothing Insulation)
Table 2. Preceding studies for estimating clothing insulation
V A A Lz} a]:_0_7\/\1;(7 ZFo]5 R E o]H X
V Ao} Al AL = 2o A LA ZHofgt RE o8 £ o ot
zlzft—*% TUIE B8 AT AU AT i) U — -
_ ; - + Using an infrared camera to measure the temperature
A8 oln]d] afl 7] E A o] 2} 0] 1] H 5 . :
8= fuIATH8]. oAl ol 7124 Q) ArejFE Avere] w2 R etJ a{dfle(’)] of the face and various garments for measuring a real-
Sl 520 27122 Tatel o o HeirIAe) B Ak O e clothing insulation.
o 5 = °
< | ettt 2o D9 & cloE AFESHLL 1clo=0.155m™C/W S| - Measuring ambient and target temperatures including
olt}9]. EgH o]E o] 2}x|5t= EHA H|-E-S oju|sl= oJE HA ot .al [1;] clothing surface and skin temperature by using the
= ’ MLX 90614 infrared sensor.
AG=(f.)7F PMV 4F& Al i’?ﬂ%ﬂr
= » Thermal  insulation  and  surface  temperature
olE =2 ul AY S| o OF5} © Z Y. L
o= F5 5 A4d AR, 3 sol met et o= x4 ot al [elez,] measurement of thermal manikin with thermal imaging
(ensemble)o] LAY =11 O] 3} ] whet A 2fo] zhojgro] dat ’ cameras and 3D scanning equipment.
Z A B F3 . .
Act, A BZ5}7] 7 (International Organization of Standardization, | i | New technology development using Mirosoft Xbox
1SO) €] 1SO 9920[9] ¥ t]=+9] 2 Y55 83](American Society .et al[13] > | Kinect device (3-d scanner) to measure clo-factor
of Heating, Refrlgeratmg and Air—Conditioning Engineers, amount.
ASHRAE) 2] ASHRAE 55[8]% t}ofst o] & % tof = zhoj=k 7f C. Morgan, | The development of expotential function shows the
o A28k 9ltk. ASHRAE 55[8]% 3 5.2.2.2B9]| 87H2] 7} 18] et al[14] de‘crease of average clothing insulation with increasing
B - daily average outdoor temperature.
off stz 55719 71E o5 @4 2okt # 5.2.2.2A 1771
+ A developed linear regression equation results in an
H Z3H tlsl= z}olake % O Al
o] e 2] Aot HFE A 150 992009] 4 M.D. Carli, | outdoor temperature of 6 am giving the highest
A dallyﬂ' work® B55}0] sjdsl= B Z3gtof gigh 2He et al.[15] explanation (31%) of changes in the clothing insulation
22 ALl gt YutAel o2 zdko] thdt ¢ Al= Table 1.3} in natural ventilation buildings.
W. Liu + A logistic function was proposed that predicts the
Table 1. Examples of clothing insulation for ISO[9] ; ;11 [l 6,] change in the clothing insulation based on the past air
ISO , e temperature data.
Standard Clothing ensemble clo | m"K/W
- - - Developed a thermal sensation model based on the
Undetpants,-bmler suit, socks, shoes 0.7 0.110 X. Lou, Fuzzy Neural Network (FNN) which measures the
Undgrwear with short sleeves and legs, 1.0 0.155 et al.[17] thermal response of human by core and skin
shirt, trousers, jacket, socks, shoes temperature to predict clothing insulation.
Underwear with long legs and sleeves, 12 0.185 - - -
thermojacket, trousers, socks, shoes : - M. Hiroki. | Provides a method of calculating the clothing
g - > | insulation with multi-class Supported Vector Machine
Working| Underwear with short sleeves and legs, et al.[18] b . d clothing dat
clothing | boiler suit, thermojacket and trousers, 14 0.220 Y using camera and clotng data.
socks, shoes N Jack. | Development of deep learning model to predict
Underwear with short sleeves and legs, etA alf 4]’ clothing insulation level according to outdoor and room
shirt, trousers, jacket, heavy quilted outer, ’ temperature.
. 2.0 0.310
jacket and overalls, socks, shoes, cap,
v A4 ks AT ATE Alee] 92 4 o Y 2R
Pantlés, T—Shl.IT, shorts, 1.1ght socks, sandals| 0.3 0.050 Z750] 2Ho|eke AFESIATH10-12]. 2 o)A 7}u|ate] 23 dlo]
Panties, petticoat, stockings, dress, shoes 0.7 0.105
o o =] [e]
Dol Panties, petticoat, shirt, skirt, thick knee, 0.8 0.120 Blot 28 3-& vehd 192 F ig. 1 ast gt SpA|Rt el A-g F
ai . .
wear socks, shoes ol 2rE Zots WL o)uo A P A So ThE WA
it Pantlzs, shirt, trc;use:s, JaTket, socl;s,lshoes 1.0 0.155 88 75 2 glo] BT gRAlY|| SHA 7} Qleh. E 3D AU E
Underwear with short sleeves and legs . _ .
? Q5lo] o] BE A Zhz] 9l o o= 0]x]3 =2 =7
shirt, trousers, vest, jacket, coat, socks, 1.5 0.230 A-gate] mEE A 2] 8l 98 -2 AIS o factorg =74
shoes Skl shlout 74.29% 4w o] tha W e HATH13]
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Fig. 1. Existing researches to estimate occupant clothing insulation
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Fig. 2. Conceptual diagram of CNN model

Fig. 3. Typical CNN structure

3.2. 9& HolHAE

9|5 A 7T & ZAsl7] f1ol TR Ho|HAES] &4 At 4l
A B9 stES 913k 9 & o|u]7] Hlo|E A E= Table 3.3 2
o] Z| thFotA F-== U tH24-30]. Fig. 4.= Table 3.9] &5
OJHAE T YR A& Kol gt WTBI[29]= 2 Q1E
Ut ~EE s 5 ohget O ES Zilehs AR ARS8 L5 E

Table 3. Datasets for clothing images

Dataset Year Images Categories
DeepFashion2[24] 2019 491,000 13
Fashion-Gen[25] 2018 325,536 48
ModaNet[26] 2018 55,000 13
Fashion MNIST[27] 2017 70,000 10
DeepFashion[28] 2016 800,000 50
WTBI[29] 2015 425,000 11
DARN[30] 2015 182,000 20

a. WIBI

Category Texture

Fabric
Ramper ~ Hoodie Palm  Colorblock lmlher T\im‘.l i ”
{ ? n ‘ %
o s | -‘.‘-.‘: 5

c. Fashion-Gen

b. Deep Fashion

Fig. 4. Dataset examples
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9}, Fashion MNIST[27]9] -9 0|22 #]¢]ah uj 7S npx
olu]z| 2 &% 912 n, Fashion-Gen[25]2 5Fute] 925 67}
g gt on| A = FE5to] thofRt A= S ot o Al ot
9tk DeepFashion[28]& 9] 2] thost e 12 9@ A4 djdl 5
o7 FEsto] HolHE 3stlen, ofn| A= HolEA
2|4 55,0007H, 2o 800,0007H2 sh5-& 1%t
w1t o5 0] TR HolHA| Enfrt 21, U
u] 2, Aat 5 ofg 7HA] ZHEH| AL = :rL“HS’d‘:}
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oln]z] et5-& ol YE-& 2T EAE A5 A s A1
o mdlo] Al e F2 ER(classification), 7HA](detection), £&
(segmentation) 2 U 5= Qlth(Fig. 5.). 5= slto] o]u]z]7} of
kil 7]'Eﬂ_’ﬂoﬂ 4—0}—7\] 9% OP‘ H}mo]“q A2 olm| 2] & Z4
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Classification Detection Segmentation
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Fig. 5. Task types of image training
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o] 7] BehE& F3ot= L ofli= FCNI[37], U-Net[38] 5°] 9L
t}. FCN(Fully-Convolution Net)2 7]& 2d 3} &2] o|n]z] o] &
ol glof Wol &8HI gl Hdolw, B e HH 9 94

HHEE FAL A heatmap= Foll oW A1 9] BA & AE Al F24

2 UERc, B8, U-netd o]u]119] BE B2 ehazsto] 5
4G9S AAT 5 Gk 1Yo SoY 2 22E ANSI,

HIE HH ZopollA] o]m| 7] 257 Al 2 AHE= He e 14
K accuracy= 2577171 AST 49 KA Y S92 F
o] §l& A Agsttta wasts ot o & Fol, ot
2] olu|2] 9] &7 A AEQl SEE Uehd 449 5719 ATt
DARRE, 2)3F, 3)a19Fo], 4)74o2], 5) Y - top-39 B4 o,
top—59] A AE o2 FrEt Top-3 accuracy 2 H7HsH 95
BEF 24 AL = WTBIE 43.73, DARN2 5948 4
DeepFashion®] 229l FashionNet2] 7-¢ 82.58% Lehdich,

3.4, ZO)F A2 9T AAT 2d Hg Py

ANZE 2ol 4 W PMV AloE 917 A 7)itke] 2ol
A& Ag IS SEEE AT AXE E55%= Fig. 7.
3 gk 92 PMV A 93 88, ST, |REE, BREALS
Lot 22 Ayl ¢4 845 AAE Tl S5, AoF e
1l A AR G4 o]ml S SRk

/ Sensor Data

Model

o

Existence of No

oceupant Classify clothes
Yes l

Detecting Estimate CLO

Clothes
Yes
Algorithm for
real-time CLO & PMV
control
End

Fig. 7. Flowchart for estimating clothing insulation and real-
time PMV

v

N

19
ot

A REe 03} o] A4 Asait mA 438 of
JAa17e] 428 woteln AU} 1R olu]e]
fol A7 A7 o) RS AR

2R R g5 st Hojge

o] S

)
™,

ol

o N, g
ol
ol

lo =

T

N

P a0

o

> 2 od 1o m

T G

by =

1o mll o2 mlu
oo
ol
N
do 4
< |o
it
kl
1,

i
o
ool
N,
=
ik
i)

b o
11
)

[
Moo
2
>
it

»
my
rhu

3

re
re re
-
rr
>
i

N
g =)
2L
>,
Y
1o
B
1o
ol
=
e
file
4o
2
RS
uoor
QL
o
<
=
I
T,
1o

[¢]
rolg 574 A9 59 L 48 A5 AT

il

NN
ok PN
BN
fu
N,

>
_O|L
8
o
o

i)
Mo
)
=
N
N
or
o e -
T |
)

ko
oo
Moo
iy
iy

M > ko
oM,
=)
ne,
1o
2 ox

AR, 712 9] AZRobol| A AAH 2ol AHE AT-E 1
o}, AA Ztolgg Z45ty] At oz F2 Aol AlA, 3D A
Aot 22 & Agoto] Iy oo L E A oR &
Aot ot o] Ao w2 PARR-S 185t Zeths ¢
£ At 97 9 Ay 314 dlo]gl & AR 2|5, 39 WA
et AL th EAfot o ZolgF S Al HEXARR o]
Ad7Ee] 7H]le] 8= et shA|9k 7] AlSHE 71 & )ik o]
028 sh5otal o8- A o2 BRe & gtk e e 9l
SFELT.

A, 71485 719 5 974 olnA & g5t E41E Aot
HH8 4 9l CNN Zdllof gt 7% 248 sttt CNN
T2 oln|z] Ag] ZofolA F7HA Q] A5-S eI gloH, X
o o5 et5at T HlulolE 7t o FEE YU 8, o]n|A]
% o8- ot BEAIE B, 1A, B8oh= CNN B2E-E 3 A|
70 ohefet md 719 Eelshltt

AR, A7 BdE A olu|A] A 7]&9] HE b
EE 2ol At mdlo] A8 wh S Altst ot At WS
5 nd 9 g Eo] g Fofl AAIZEe 2 ZolgFg ArES)
2 PMV Alojol] HEE= Hd-g HoEtt

2 ATE B, o dlolg A Egt o)z A A4Y nd 5
Az o] Zholgg At mEl e 44 7hs et 7)E S Eelstart.
2 ATE B R 2500E o]u]A] g<5-5 Fall 952 Aot &
OfFS AHET £ Qe AAY 2El o] 7 Ao 2wk
TE AT Zhnde] px, 55 duES, R A5 5ol ndl
NS Q15 74l FEe} o5 2HA] 9l 2ol A4S I3t do]
HAE 7% 59 477t AaE dFo|t}. o] & e, EFatazt
oh= 9|2 o] 7 AR} AHo| uhet o] & gojo] 7 FEpA & o
F o8 #5517 fl A4t B asitt

©Copyright Korea Institute of Ecological Architecture and Environment 705



TAXE Aoj2k AbES Qo M A7 7|5 &4
Acknowledgement [21] J. von Grabe, Potential of artificial neural networks to predict thermal
sensation votes, Appl. Energy, 161, 2016, pp.412-424.
[22] Aurelien Geron, =2 mAl2y, dsl|d, za SHln|]o](F):2018,
o] Lo AR (W5 |EAREAR) Y Yo 7 FFLALAL p-451. // (Aurelien Geron, Hands-On Machine Learning with Scikit-
~ Learn & TensorFlow, 3rd, O’Reilly:2018, p.451.)
o] ] ¢ drof 85 AU (No. 2019R1A2C1084145). [23] ICCV 2019, http://icev2019.theevE.com/, 2019.12.02.

Reference

[1] ZESHARAE, AWEHE,  http://www.neins.go.kr/ltr/lifeenvironment/

airQl.asp, 2019.11.26. // (National Environment Information Network

System (NEINS), Indoor Environment, http:/www.neins.go.kr/ltr/life

environment/airQ1.asp, 2019.11.26.)

vhast of 49l, AR SER 4SS 99 Py AN ARaT 5

%, FEAEEAAESE] =B 17(5), 2017, pp.95-100. / (BR.

Park et al., Research Trends for the Deep Learning-based Metabolic

Rate Calculation, KIEAE Journal, 17(5), 2017, pp.95-100.)

P.O. Fanger, Thermal comfort. Analysis and applications in

environmental engineering. Thermal comfort, Analysis and applications

in environmental engineering, 1970.

[4] N. Jack, G.Y. Yun, G. Kim. Prediction of indoor clothing insulation
levels: A deep learning approach, Energy and Buildings, 202, 2019,
109402.

[S] M.A. Humphreys, J.F. Nicol, The validity of ISO-PMV for predicting
comfort votes in every-day thermal environments, Energy Build, 34(6),
2002, pp.667-684.

[6] J.T. Kim et al, Development of the adaptive PMV model for
improving prediction performances, Energy Build, 98, 2015,
pp-100-105.

[71 R. Yao, B. Li, J. Liu, A theoretical adaptive model of thermal
comfort-adaptive predicted mean vote (aPMV), Build. Environ, 44(10),
2009, pp.2089-2096.

[8] ASHRAE Standard, ANSI/ASHRAE Standard 55-Thermal
Environmental Conditions for Human Occupancy, American Society of
Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE);
2017, pp.3-5.

[9] International Organization for Standardization, ISO 9920; Ergonomics
of the thermal environment - Estimation of thermal insulation and
water vapour resistance of a clothing ensemble, 2nd edition, ISO;
2007.

[10] J. Lee et al., Estimating clothing thermal insulation using an infrared
camera. Sensors, 16(3), 2016.

[11] A. Shaabana, R. Zheng, Z. Xu., SiCILIA: A smart sensor system for
clothing insulation inference, In2015 IEEE Global Communications
Conference (GLOBECOM), IEEE, 2015, pp.1-6.

[12] Y. Lee, K. Hong, S. Hong, 3D quantification of microclimate volume
in layered clothing for the prediction of clothing insulation, Applied
ergonomics, 38(3), 2007, pp.349-355.

[13] J. Dziedzic, D. Yan, V. Novakovic, Measurement of dynamic clothing
factor (D-CLO), NTNU, Trondheim, 2018.

[14] C. Morgan, R. de Dear, Weather, clothing and thermal adaptation to
indoor climate, Climate Research, 24(3), 2003, pp.267-284.

[15] M.D. Carli et al., People's clothing behaviour according to external
weather and indoor environment, Build. Environ., 42(12), 2007, pp.
3965-3973.

[16] W. Liu et al, Indoor clothing insulation and thermal history: a
clothing model based on logistic function and running mean outdoor
temperature, Building and Environment, 135, 2018, pp.142-152.

[17] X. Luo et al., A fuzzy neural network model for predicting clothing

thermal comfort, Computers & Mathematics with Applications, 53(12),

2007, pp.1840-1846.

H. Matsumoto, Y. Iwai, H. Ishiguro, Estimation of Thermal Comfort

by Measuring Clo Value without Contact, In MVA, 2011, pp.491-494.

22 & 49, WA BF5F AFES T Pose wF B A, §F

ZRYAAZESE] =24 18(5), 2018, pp.93-98. // (EJ. Choi et

al., Development of a Human Pose Classifying Model to Estimate the

Metabolic Rate of Occupant, KIEAE Journal, 18(5), 2018, pp.93-98.

C. Fan, F. Xiao, Y. Zhao, A short-term building cooling load

prediction method using deep learning algorithms, Appl. Energy, 195,

2017, pp.222-233.

2

—

3

[utry

(18]

[19]

[20]

106 KIEAE Journal, Vol. 19, No. 6, Dec. 2019

[24] Y. Ge et al, DeepFashion2: A Versatile Benchmark for Detection,
Pose Estimation, Segmentation and Re-Identification of Clothing
Images, In Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2019, pp.5337-5345.

[25] N. Rostamzadeh et al., Fashion-gen: The generative fashion dataset and
challenge, 2018, arXiv preprint arXiv:1806.08317.

[26] S. Zheng et al, Modanet: A large-scale street fashion dataset with
polygon annotations, In 2018 ACM Multimedia Conference on
Multimedia Conference, 2018, pp.1670-1678.

[27] H. Xiao, K. Rasul, R. Vollgraf, Fashion-mnist: a novel image dataset
for benchmarking machine learning algorithms, 2017, arXiv preprint
arXiv:1708.07747.

[28] Z. Liu et al, Deepfashion: Powering robust clothes recognition and
retrieval with rich annotations, In Proceedings of the IEEE conference
on computer vision and pattern recognition, 2016, pp.1096-1104.

[29] M. Hadi Kiapour et al, Where to buy it: Matching street clothing
photos in online shops, In Proceedings of the IEEE international
conference on computer vision, 2015, pp.3343-3351.

[30] J. Huang et al, Cross-domain image retrieval with a dual attribute-
aware ranking network, In Proceedings of the IEEE international
conference on computer vision, 2015, pp.1062-1070.

[31] A. Krizhevsky, 1. Sutskever, G.E. Hinton, Imagenet classification with
deep convolutional neural networks, In Advances in neural information
processing systems, 2012, pp.1097-1105.

[32] C. Szegedy et al., Going deeper with convolutions, In Proceedings of
the IEEE conference on computer vision and pattern recognition, 2015,
pp-1-9.

[33] K. He et al, Deep residual learning for image recognition, In
Proceedings of the IEEE conference on computer vision and pattern
recognition, 2016, pp.770-778.

[34] R. Girshick et al, Rich feature hierarchies for accurate object
detection and semantic segmentation, InProceedings of the IEEE
conference on computer vision and pattern recognition, 2014, pp.580-
587.

[35] R. Girshick, Fast r-cnn, InProceedings of the IEEE international
conference on computer vision, 2015, pp.1440-1448.

[36] J. Redmon, You only look once: Unified, real-time object detection,
In Proceedings of the IEEE conference on computer vision and pattern
recognition, 2016, pp.779-788.

[37] J. Long, E. Shelhamer, T. Darrell, Fully convolutional networks for
semantic segmentation, In Proceedings of the IEEE conference on
computer vision and pattern recognition, 2015, pp.3431-3440.

[38] O. Ronneberger, P. Fischer, T. Brox, U-net: Convolutional networks
for biomedical image segmentation, In International Conference on
Medical image computing and computer-assisted intervention, 2015,
pp.234-241.



	재실자 착의량 산출을 위한 선행 연구 및 기술 분석
	ABSTRACT
	1. 서론
	2. 착의량 산출 선행 연구
	3. 착의량 산출을 위한 신경망 기술 분석
	4. 결론
	Reference


