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ABSTRACT

Since fine dust (PM;y) has a significant influence on soil and groundwater composition during dry and wet deposition
processes, it is of a vital importance to understand the fate and transport of aerosol in geological environments. Fine dust is
formed after the chemical reaction of several precursors, typically observed in short intervals within a few hours. In this
study, deep learning approach was applied to predict the fate of fine dust in an urban area. Deep learning training was
performed by combining convolutional neural network (CNN) and recurrent neural network (RNN) techniques. The PM,,
concentration after 1 hour was predicted based on three-hour data by setting SO,, CO, O3, NO,, and PM;, as training data.
The obtained coefficient of determination value, R? was 0.8973 between predicted and measured values for the entire
concentration range of PMj,, suggesting deep learning method can be developed into a reliable and viable tool for

prediction of fine dust concentration.
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THOstro et al, 2009; Riickerl et al., 2011). AJA 4o}
=2 F SRR {93 s A (Kim et al, 2018),
F& WA AFEET} =ob AR Wik, TR,
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2PF EAskAL et

AR g E B PMee YA 2777 AE
10 pm ©J3te] E2E 58hH ol AR s=7t STkst
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o] J33}t WS Fol FAE 23} 2 H9=Z(Secondary
aerosol)Z -3} (Korea Environment Corporation, 2020).
12} vAEARE AR AAAERRE] A viEEe JE
2, WeauEEds AT 7 Ao 23 LHEELS
2122 wiE Ago] ofHT

20100 Aeolld SA43E wMA] 24830 ofshd,
PM,®] ¢F 20-40%7} 22} WIAAR|Z =0} lo] 13}
H AR BjEAE RO 2= wiEde] wAA] 3§ 7)o
=357 9 sEHst d3o] o o] th(Seoul
Metropolitan Goverment, 2010). =3t t)7]| A= Hl&E
& Al w=w, 482 20149 PM,, FIAIEA] T RF
< 97,918%°] HIZHJTAL BuEleont I vEsiel
201532 233177202 F HI7L Ee wiEdE Bl 7]
AARe] A 2 EAe] B ARSIE Q127 =go]
3 @ 3}c}(Korea Environment Corporation, 2020).

PM;, ©J3te] AREZLE AAYE o|E3h % 3hH, 7]
gl FAst mAlE 1 9 F2AHE S A
A FAHoR EAEke S0l s WAA Et
(Possanzini et al., 1988). 737 Al7]|9] nAHA= 5
719ke] Ag 32 HlEHe] &gl o5 EYS A
EA =, Axg 21719 rMdRE SEdsil] g 3
A & ARF7E dojyre Stk Aubrey et al, 2020).
TUe] HAEA] Al ME PM,s oo YEE 7R
HGEAA K, Na, Mg, Ca, Fe, Al 52 594
gel, a8al PM oA KSF Na 4] NOs9t SO,
At =& AHEAE 7HRE Aol Bad vk o
(Choung et al., 2016). 53] 7} PM,s= Fe, Cu,
Mn, Pb, Zn, Ni, Cr, Co, As, Cd, Sr, Rb, Sn, Sb &
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Zdolvt set e Aol AYE FHER vk &
UFE FEE HoRIVE st ol w
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Fsdhe A77F Barg vl Ick(Highsmith et al., 1992).
ol 55715 "HIIAIE Q12IgH Ao] ope}, F8EA
FEo] pAg #xloz Y F7lel itE= EAIE Al
718k Ao, Tkt 7oA FAE wMRR] A
A F AA mXE 2PA Gl sl et A7t
o]o} A 3L QITh(Davis et al., 2016; Sain et al, 2018).
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Fig. 1. Schematic diagram of the connection among air, surface water, soil, groundwater due to fine dust.
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HogyE WA B 409 nlA srel 54 % W
3} oj2o] 8% aela LA,

T AR Fee FAROE AsHEd =4 vE
U= Zo2 ®H1E3l Qo™ (Korea Environment Cor-
poration, 2020), 7713l sigeh= 2017 11€5H
20189 199 ZHAER], wAER], F5e] BAME
1290} 190] FHoE More) nlHRA TR A%
sh= A= Fig. 3914 R1E 4 dth(Korea Meteoro-
logical Adminstration, 2020; National Institute of Environ-
mental Research, 2020). 73ARd0] dofu= A7) &2
2 ol wlARIAI} ZEAlRAe] SRl 2hashe
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Fig. 2. Location of Gwanak-gu in the Seoul Metropolitan Area, Korea.
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Fig. 3. Fluctuation of fine dust and ultra fine dust concentration according to precipitation.
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Fig. 4. An example image of a 1D-CNN with kernel size 3 and stride 1.

Network) & RNN(Recurrent Neural Network)e] &3+
RS ARgEI o, EAS flal S TolA wl
w3k 20149 19RE] 2017 12€ Alele] FeR O]
A2 S AH8-8FTtH(Korea Environment Corporation,
2020).

CNNS AFE3E H8d UEY == LeCun et al
(1998)°] AISKt LeNet-5 7[HS 7102 3lal glom,
=] akeS WFal HYLEE =o]alAk AlexNet,
ZFNet, GoogLeNet, VGGNet 53} & TdlEo] 2|4
o g A= Ath(Krizhevsky et al, 2012; Simonyan
and Zisserman, 2014; Zeiler and Fergus, 2014; Szegedy
et al,, 2015). = CNN Hald 8kgo] olfojAe
B2 95} (backpropagationy’} == -, golort
Zojgel W 7]&7] 4~ (vanishing gradient)®] TAIE
312517] 213 ResNet Z=lo] AFE]ATHHe et al.,, 2016).

ResNetS Zkx} £ (residual block)S THE0], 7187]
(gradienty’} 71U 7] A& (skip connection)2 B3j &=
WA RG] o] 2 o]f4 F I=F Fht YH7]
Ade mdlo] ZojHr AHuE F3 slgol| & o]Fo]

I\

&
E

AE BoAFlom, 152719] golol2 749 &
< 53 =& AHY(Top-five error: 4.49%)5 A
ZoF BuEdnt. dA o]yt 7PHE on|A] {71
(image classification) ©]2]oll%= EA| 7FX](object detection),
g Ju|EF 99 E&(image segmentation), FF T
S A1 A (image denoising) 52 Z2 FHolA dE] ARE-
=L Uk SRAIRE, ARAFE FHelA] wol ARSEE A
A Holge] A5, o]¢} 22 2xd HAEFA 7PHE
AREEE = gik wERA AAIE 54E 2k dHlolHe |
s A8 7 UA=E 1xH AEFH 7ol Ajty]
ATHKim, 2014). ©] WL 9 257t AEFA S
FHshaA Hlolg] AH9F Fa SASS FEE 5 3
T5 IOy k& S5 o] % oA FEH gk o
Zudo] ¥ 7lo g ALS-HU} Fig. 4= kernel size=3,
stride=19] gk o|AJolct. olefst 13k AEFAL FH
AZ, MEAGTE oS 5 o] thdst FoplA g
AHE-E31 Qlti(Haidar and Verma, 2018; Fu et al
2019).
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Fig. 5. Recurrent Neural Network (RNN) diagram explaining input, hidden state, and output.

3.2. Recurrent Neural Network(RNN) =481} £

2 7] (hidden state, 71 YHYOJEIE 23+
AR )] ot ol 71 A7d% (neural network)
S} 7Y, A% 1S (sequence data)S ZAH =4
P31 ARRETE Fig. 5 (A)Y] EAE] Rt A",
A WA dgo] Solem A WAl 7]Yo] vhEod F
HA| gelo] Solem V9] 7197 A28 dEs #:
stod A 719 YT S, 48] Holvkg o] B
AlgEix REEShkE Alo] 7hssith. 1eu e 29 A
ole] A (sequence)y’} BAATE IAIE sG5| oH
1, 287 7R 4E kel Jgol P sl Wi
ke &S S5317] S8l ARbE tisEs] Wy RdE
LSTM(Long Short-Term Memory models)©] 2} THHo-
chreiter and Shmidhuber, 1997). LSTM S¥3F 2
o] gloj= 2@ AIRFERF ARE 7]Ysla glow, T
A1 737 F(neural network layer)S 2zt W41, Fig. 5
(B)e} #ol a9 5280l 7hsgh Wle] 725 7Rl
o T3k o™, A gk, "5 479 eAE A
g55o] o)X tlaly] ke g o] Bs Al 7127
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LSTMEEE 279214, Qo] g, W9 5l on|x] 7Y
M 22 ofe] Folol|A ARgE I Qo).
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ket mb Aok ojxkd TjEw|E EElo= Open Street
Map project data(OSM)E ARSI, A Felv]g
Edoj= CityGML-based 3D city models AR5}t
olrJolHol A= Wang et al.(2018)°] NAQPMS(Nested
Air Quality Prediction Model System)2 A8-3l &}
Alo} A H9] PM, 52t PMoll EE NOsY| 5&E o=
she e FEEITE. 2, 471 4kdell gl ] e]e]
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&) gk A7t FHAME A = ok g
=9 th7|E oz F3% AFZE Son et al
(2018)°] -2 ElF] (dispersion modelingyS AFE3F o)
A vAERA] FEE &Sl A7 Bard b ok
Xayasouk and Lee(2018)= MLP(Multi-Layer Perceptron)
RS 7o R B4, T U1, M, 55 dE
tlolH= st tigl= dH99] PM, 52t PMe= <53t
= 7IHE ARSI Jeon and Son(2018)2 ] &
2 Wil 710 SVM(Support Vector Machine), Tk
g} 2A2H 3)ARY, W Y ~E(Random Forest) 7|
He A3 PM0] FEE olSshe WS ARSI
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At
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Table 1. Evaluation results of proposed model on test dataset
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