'.) Check for updates

Journal of Korean Society for Atmospheric Environment
Vol. 39, No. 2, April 2023, pp. 149-164
https://doi.org/10.5572/KOSAE.2023.39.2.149

p-ISSN 1598-7132, e-ISSN 2383-5346

=
™

MO

OMHX] Sk 6ISS flet Hilald 7182 et &4
Accuracy Analysis of Machine Learning Methods for
Predicting PM Concentration

13 52)3).%
2gYy?, ojAE»Y HAY 2023 28 152
= = = =] = - 20233 28 22¢
AR ] ‘f}ﬂ FTUREATHA, Ve dF st 7184 st A2 2023 29 232
VRS AF AL 4914 AT
Received 15 February 2023
Revised 22 February 2023
Yeong-Il Kim"¥, Kwon-Ho Lee?»)* Accepted 23 February 2023
1)Spatiul Information Cooperative Program, Gangneung-Wonju National University, *Corresponding author
Gangneung, Republic of Korea Tel: +82-(0)33-640-2319
DDepartment of Atmospheric & Environmental Sciences, Gangneung-Wonju National University, E-mail: kwonholee@gmail.com

Gangneung, Republic of Korea
3Research Institute for Radiation-Satellite, Gangneung-Wonju National University, Gangneung, Republic of Korea

Abstract In this study, machine learning technique was applied by using PM,,, PM, 5 and air quality data acquired from
Urban Air Monitoring Network and Meteorological data acquired from Automated Synoptic Observing System (ASOS) and
Aerosol Optical Depth (AOD), Angstré’)m Exponent (AE) data acquired from the ground-based Sun-sky radiometer (AERONET)
observation network or Satellite data (MODIS). For the determination of the best machine learning (ML) model, four ML
techniques such as Multi Linear Regression (MLR), Support Vector Machine (SVM), Random Forest (RF), Deep Neural Network
(DNN) were tested and compared accuracy using Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), R%, Mean
Absolute Percentage Error (MAPE). Since the error range can be presented according to the diversity and variability of input
data and ML, it is possible to compare the prediction accuracy of each model or determine the optimal prediction model. We
also proved the assumption that more accurate results can be obtained by the optimized ML technique having the lowest
error rate. The results showed that optimized ML model has the accuracy of 81.27% for PM;, concentration prediction and
73.25% for PM, 5 concentration prediction. It is expected that expanded air quality information through the using of ML
based PM concentration prediction with the remote sensing data.
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o A= 199587} 2015 HE PM,, 7 PM, s
TS0l AIATE 1S (NIER, 2021), ©] & PM,, 5=
© ZT7HA] FES] A Aol Qlom ARRlARl
A FASH Z7F5FATE (Lee and Bae, 2021). ||
AlAz]e] tigt moiE Aol ofEstr] flsl miAd
A A HA|A~F o] Wt A7 P E Tt KIEST
(2007)= 7]Arof| E 2 @@l Fifth-Generation Penn State/
NCAR Mesoscale Model (MM5)3} t7]& 2 Com-
munity Multiscale Air Quality Model (CMAQ)S 2%
sl QI th71 4 SR uBES TE A A
& Aoe o Y nlHE ok Aok 4}
T 71.76%, G oAlE A= JE 85.39%= LrE
Wk ek 24 B 914 HlolHE AbgR 94 B
7IR2 pAEA] S0 Al s/l Hidt A
HE A3 4 qomzg wro 7|2 nuUg gy &
AT ] A= L ATk (Lee et al., 2022; Lee and
Shin, 2022; Li et al., 2021; Wei et al., 2020; Lee and Kim,
2010).

FZoll= 3 AE BRl7|Eo] 45 F
A wAleg 9 gy 71He o83 tir]le
9] 5L & d|&sh= A7t HBE I QI (Kim et al,
2022a). 9ll& £, Jeon and Son (2018)¢] 1L A=
= F2 Al 67 A /‘13 FAE 91, oA, 3

N

-

ol

ol
of o rioh

% e WO R B/ A ARt RS HA
eid 7)ol A 8stel mlAMA Srg ol=3 Ak,
O AR o2 etEt 78%, B Aol

L d= AY LTt 7%= A9E 2fo ]% 5}k
Cho et al. (2019)2] A= HSAA J 71 = l
| ti71dS oS Aot A S 2
3 A3} PM,, 9] 79 oF 75~85% L A3 515}
Aok A2 A 9e] 2EEARet HAled 7S
o]gsto] PM FE o&3e Ail= R* gko] 0.772~

0.929 %t A& 9] & H 311 (Son and Kim, 2020),
sfolRae mjylad Bo] 488 Ak s|ze)
o= melnt o e Ant tepde shlsiant
(Yang et al., 2020). o235t Aylt= QoA FAFSE
A7 E2EQAT) Song et al. (2021)°] F= Ao
et 712t E el AR E ol &1t thefRt Ml
7IHel 83t PM, 5 F=E 57t 2, FH A<
RO ARG E H= Sho| Bl = BElS 28513 uf
R?=0.84, RMSE=12.9212A4 AT 7} 7}AF =4 o
EheS Hlth

e, B Qs 2 Fe EAA BEE A4
UEARet AY dejrd BEARE dHARR 0
gat 2149] vl4alg s)ure] nA ool 4
ST 43 ArmEe AYsi. o} Slstel o
AP 7ol et b5 (training) ¥ A9 (test)?F 2
ol g 94 B4 Sasiech. A8 vl
7|¥2 Multi Linear Regression (MLR), Support Vector
Machine (SVM), Random Forest (RF), Deep Neural
Network (DNN) .24 7 @ X2 43174-2 E5]o]
DA A2 PA1d % 2Ee AR
o|gA 44 Aol myleld 7 olgstel u]
AR S5 A3 AR BEAaete] MLEE
e 53 }oq CRERREEEREEEEEE
dig 4ot 2 Al

—

2.1 g e

AT g A2 thehal=ro]l IA1_E 214 A En]
E] (Sun-photometer) = WE TSI Aerosol Robotic
Network (AERONET), 2737 AN 7| S4, 714478
9] 25714 =" (Automated Synoptic Observing
System, ASOS) 2] Al 7}x] #Z2] o] ¥H74 10km oW
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126.843°E, 52 m agl.), A1 (Yonsei_University, 37.564°
N, 126.935°E, 97 m agl )@t tHEA ] R]A|HA] AE5E
A]9Q1 £ (Chuncheon, 37.876°N, 127.721°E agl)Zt

Y= (Wonju, 37.352°N, 127.948°F agl )& ZE&3IcH( 1
A 1). A& BT x| 2] HolH, a2 Ak2e}

Sfge] FFe e B, Yo £ Uis &
A7g Aolet, & Aol ARGE MAl=Y 7]
AH-H A ZFFE Aerosol Optical Depth (AOD), Ang-

gneung- WNU)

Fig. 1. Geographic locations of measurement sites used
in this study (Gangneung (37.771°N, 128.867°E, 60 m agl.),
Gwangiju (35.228°N, 126.843°E, 52 m agl.), Seoul (37.564°N,
126.935°E, 97 m agl.), Chuncheon (37.876°N, 127.721°E agl.),
Wonju (37.352°N, 127.948°E agl.)).
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strom Exponent (AE), SO,, NO,, O;, CO, PM,;, PM, 5,
712, 5, % Adls, di7Ish 7HAE, oleA
o,

Haled 7ol AR A== F AOD, AE=
A5, B, AeolAE AERONET #HEARE o4
skelom, &3 A5 AL AFEE AFH4EY
Moderate Resolution Imaging Spectroradiometer
(MODIS) Level 2 aerosol AH=5& AtRE 0|85}t
MODIS Y8 #=At= 2} 2]/449] Sun-photometer T
AmE TRl o 89l Fo= Qg v
Atz A7 ot 4FEH Level 2.0 ZF= 0|t} o]
222 MODIS /422 d|o]E] H|o] A (https://
ladsweb.modaps.eosdis.nasa.gov/)€t AERONET H©]
E{H]| o]~ (https://aeronet.gsfc.nasa.gov/) 25| &5}
Aot = 71 W=EAEE = Airkorea (https://www.
airkorea.or.kr/), 7| TE2tw s 7AZ 2/ Y
(https://data.kma.go.kr/) ol A =35kt ZHAIeE &
A 71700 B2 digt A A2 & 13 2.

2.2 X|MESEKRE

2 Aol A AREE A TSRS vAHA] T
ot A9 oflojz2& 21l 7SRRI uAH
A Fee =Y ZAHZISAYNN S4E PV,
PM, 5 TEEE2A], A5 W57]00 oJste] HeH AW
(B-Ray Absorption Method) 2.2 =4 ZAifo|rt
(NIER, 2021). HIEFIH & 57t mlAHA] 5= ALE2

Table 1. List of datasets for machine learning technique used in this study. All data were collected during the same period

(2015~2019).

Data Parameter

Sources

Air quality

NO, (ppm), CO (ppm), SO, (ppm), O; (ppm),
PM (ug/m?), PM, 5 (ug/m3)

https://www.airkorea.or.kr

Air temperature (°C), Wind direction (°),

Meteorology

Wind speed (m/s), Air pressure (hPa),
Dew point (°C), Temperature (°C),

https://www.data.kma.go.kr

Visibility (km), Relative humidity (%)

Aerosol columns measurement

Aerosol optical depth, Angstrom_Exponent

https://aeronet.gsfc.nasa.gov

Satellite aerosol

Aerosol optical depth, Angstrém_Exponent

https://ladsweb.modaps.eosdis.nasa.gov
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AA7I1ZE F<F DEof 2 HAF-S HEHdo] &
Tt off Wish= HlebdRRE S7g5te] A (1) 4] (2)
2RE 5o =2 2SI} (Choi et al., 2018).
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EFA 5, e vAIHA ol gt S5 ABAIS (em?/
EZAE ulMHZ] o] AT (mg/cm?)O]Tt,
1352 4] (2)°ll 2-8-5Hd mlAd
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kel EAks B UM E-o] Wiet Rotds
ojuettt. 29 ool=z&S ¥5she tuad B4
HlE S EEARA 272 dAtsts Hldgol b7

-

FolA A FoeriH A oolzd &= 3t
HH o=z AU 2 AFolA ARH 233 A=
CE-318 Sun-photometer (Model: CE-318, CIMEL Elect-
ronique, France, https://www.cimel.fr/solutions/ce318-t/)
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(Rayleigh Scattering)= H-& gt 5, 4 (3), 4 (4)%}
Zro] Beer-Bouguer H#-& o]-835to] AODE 4H&E%tH
T} (Giles et al., 2019). AODE= 7] Z& Ujef] £As}
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Taerosol(ﬂ-) = Ttotal(/l) - TRayleigh(ﬂ-) -

A 3)°llM V)= sHgell oEste AS710M =7
A Vo) ool Eshs BA AlolH, de
EjoF 2| ﬂﬂoﬂ tfgt HFH]E (Michalsky, 1988),
T E 88 F7, mS ti7]9] B7 2 (Kasten
and Young, 1989)0111]' A (4) A Taerps0) = ANAAZ

£ F T, Trayteign D ]O‘El retol] ofjt et
A1, ty e 24 2 kel ol 3t
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Tgas(4) 4

QMBERIR

E A AFE3E 94 A == National Aero-
nautics and Space Administration (NASA)<] |43
= 9131 EOS-Terra 213l &A% MODIS AIA =2
He] e ofloj2& HFE AR S] MOD04 AHR S
o]-&53Ith. MODO04+= 10 km X 10 km =2
A72q) ofojzo] ek, Sfaky nretn|elo}
B2 E IS5 MODIS Aerosol Product®A] S-4]
4 sjofol A AODS} AE 5 Aerosol?t TH 2tmE
Skt Qlth. MODIS= AOD AAS 93l sl

Aol 747 e AL A8stel AODE
21t} 719} syl ] x1u1ﬂv}54 ot 54
Tejolo] A X PHRIEE AR 7, S4o] T2
Ao 1Adlel dldl o A5 e
T} (Kaufman et al., 1997b). 2123 th7]of] oJgt 41
+ 1l 741*m Z 7% (Look Up Table, LUT)E 2]
5t AODE AFE3HCH (Kaufman et al., 1997a; Tanré et
al., 1997). ]E*ﬂ] 4AFE%E AOD9] 22H= 0.05+£0.22
&4 A Itk (Kaufman et al., 1997a).
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= 9 W7kol7] flste] mAled 7IHor de] AR oA} A7 E& (Decision Tree) & AF8oh= 4= 71
53 Sl= SVM, RE MLR, DNN 7[H& Agstitt. A ok date|solth /i E2lE AMgshs HE
o] T 7 PEAHE 24O oS g Agsr] 91 o o At A5S AAAs] flsh oA A1) oAk 2
S ZF miAled 7] eAPHAE Uk er, o A EE s, 4 24 Efl= deojz Add o
=37t PM,, PM, 5 &3 A PEEEE vlasto] 2 ofF 5] Hgte] Hisf shad . 2§ 23l tigt 4
of Aot E vl B AT 2 Ao AmAe] F2 RE 24 EQ 9] A5 tiet ¥t B v
SEEe O9 20t gon, A4 wilYd &2 & FREE F olFolA R, FAA] Fo4S gHs
L2 3|7]2Q] R¥} 2tol B2l ARSI Z12F Al Hof 7L RF= 27 2 3] 2F¢] ol AR
of maleld 7ol digh ARt A2 vt Zek. H HolH o] HlAdY BAIE A 4 L, A =
A AR, MRLS 550 e vAe 8% A7F 3AskA] e E402 st HEit &S
of of2] 77t EAE w, Z4zte] S ol et 7o AASE] fiet ARt 714 ok dalelEelnh 17
Tt AdgAoR ofEStE S 7HI%Th MRLOIA U, RF 7R HloJE 9] o] B2 ol Bl
AEEE O AR 29 AR A 5)9F 2ol & AY] £kt Wil M 7h) A S Rkl
Mo F&Ha (V) o2 o] ZHHa (X)7F A + Aol AR A3t siAo] ofef To] A
sttt St} (Breiman, 2001).
Vet et a ) Al 1A AREE SVM 7R 25 9 3] 249
TR e TR TE de) AL 25 pAley duelZelth syme
A AolA ag= A9, ag..ape DA, e RS HlolH 24, A 74 B " Q14 52 flste] 2
omfgit}, & Aol ARGE MRL RE O] L5 HoJHE 2 4 s A SollA] 2HHS
© PMy, PM, 5, S d7| @92, 718 R 2he W= 2Esh, o] 23HS g 7 7}
2 A9 ofolz=d& Am = AHstelrh 7hE HlolE ZIIE Ato]o] A2z} ety = A
T WA AMEE RE 71 A5S 98l o42] el o= AdEETh of=gh HH2 7} Hcke] digt B4
Input data Machine Learning Prediction
g N /A ™ ( N
. _ . Multi Linear v
Air Quality Meteorological Regression e Accuracy
Comparison
Random aﬁf;&:&f& &’.&:&%’o 1
F t . Q’R % 90‘
AERONET MOD04 ores RAKR AAKR aican
\ ) Model
Support Selection
Vector
Preprocess ! Maching 1
| Predict
NA removal = Standardization Deep Neura
Network
K \_ J

Fig. 2. Flowchart of data processing used in this study. Four components are involved, collecting input data, preprocessing of
dataset for machine learning estimation, independent machine learning techniques for error analysis, and PM concentration

prediction, respectively.
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FE F|Adlol= SArEGdE AMESHA] B w A
AeErt &2 AoR dejA 9lon, Ayt HjAY
tlofe] 5% FAo] ZHs’t Aol Qlth(Cortes and
Vapnik, 1995).

npzeko 2 DNN2 AT 49 o2 AFo] &
7F e E AR FdHo /lem, HlolH 9
EARE PAIE BEE T S Itk DNN-2 QI7F F1 9]
F28} 7158 mAkste] e glon, &) glo]

DNN9| 7} ke E= £418F 28-S A2t v A
2oz AYeh: BRL WEgo s, o 23k 0
o[e] HP-E 15 4= Slth. DNN2J 8k I ol A=
YIE9I2E B ol23to] AAgtol Hefjet 2R
5 7 e o) 13A1%) ML 2T 4L 5
Sttt o]+ S} (backpropagation) T2A|AE Fo5F
o] QA5 Fol= WA R JHEAIet HEES Yo
Ed}= b AHS-HTH(Cho et al., 2018). DNN-2 Ho]E
sirg ool djzala BET AL 498 4 9

=g
£ 72Ee 9% AT 7IRolAL ehgell 28 5=

—

Azke] 22 dl= @0l AT (Kim et al., 2019).
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3.1 OMHX| 5= 3

I8 1904 AAE 571 JEAE ] vlAEA] B
o] A%} 2 W3t A4S olsfistr] flste] 2t W=
A9 PMy,, PM, s == High 71& A4 4
& 5T 17 3-8 2015 R E 20199 7H4] =
LB+ PM,g, PM, 5 =42 AAG Hstolot. of
g 7% Bt 7t BEAHE WA PM, FEe

B

51.80 +34.79 ug/m® (), 45.62 +32.54 pg/m*® (F2),
44.84+34.10 pg/m’ (A1), 43.79 +£29.06 pg/m’® (&),
43.40+26.90 ug/m’ (3-5) 2] &AHE 2 gro] TS5
ek E3h ZF 214 B PM, 5 S5 E 30.77+21.35
ug/m?® (Y5), 27.03+18.63 pg/m® (A1), 25.17 +18.28
pg/m® (F31), 24.29+18.19 pg/m® (3F5), 22.11 +14.31
pg/m’ (73-5) 9] A 2 UrErTh ZF 21 A A|E |

— Chuncheon, — Gwangju, — Wonju, — Gangneung, — Seoul

e Chunchoen = 45.62+32.54
Gwangju = 43.79+29.06
100 Wonju = 51.80+34.79
- A| Gangneung = 43.40+26.90
"‘E 80 Seoul = 44.84+34.10
=)
2 60
2
Z 40
20
03015 2016 2017 2018 2019 2020
Year
70 Chunchoen = 25.17+18.28
Gwangju = 24.29+18.19
60 Wonju =30.77+2135
= Gangneung = 22.11+14.31
T 30 = 27.03+18.63
S a0
S 30
=
o
20
10
02015 2016 2017 2018 2019 2020

Fig. 3. Time series of the monthly mean PM,,, PM, 5 concentration observed at 5 selected sites.
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S1otol AL 2l AZE B ) 97} (Mean
Absolute Error, MAE), B+ Al 5 2%} (Root Mean
Squared Error, RMSE), B+ At} WE-& 92} (Mean
Absolute Percentage Error, MAPE)%} o &3tdt o=
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R2 =1 — &= 7
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o] ZFE4E A& Qa7 A2 AL ook, R*2 1
o 7k ALATE F Big (He A ert =ow, gt
o] 255 ALt 2 S ou|gith
IH 4= PM, w50 el El
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3 Afolc}. oIS Sof, 18 4@l A U] PM,pe

DNN 29| o= ¢ 217} 714 Yok o o] (MAE = 9.46
ug/m>, RMSE = 13.21 pg/m?, MAPE = 20.50%) 4] T+
Sakke] HlwolA =2 A (R*=0.9005 2%
o}, o]oh= iAo =, 19 4(b)°ﬂ*1% HF2] PMy,
FLE MLR RE= AS3 HolA A& 237t 7t
% & ZIH(MAE=11.07 pg/m’, RMSE = 16.48 ug/m’,
MAPE =21.85%) <t 34| W2 A4 (R =0. 86)
£ HSlth olet 22 o2 ¢59] 79 DNN, &
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9] A5 pE ARACL A e ATHE ve
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Slg WAled 71 F M e gehuel by e
BT S ekl 23S 1w ARolh PM,, S
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Fig. 4. Scatterplots of model predicted and observed PM;, data in Wonju (a, b), Chuncheon (c, d), Gwangju (e, f), Gangneung
(g, h), and Seoul (i, j) from top to bottom. The models with the best accuracy on the left and the worst on the right are also

shown.
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Fig. 5. Scatterplots of model predicted and observed PM, 5 data in Wonju (a, b), Chuncheon (c, d), Gwangiju (e, f), Gangneung
(g, h), and Seoul (i, j) from top to bottom. The models with the best accuracy on the left and the worst on the right are also
shown.
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Table 2. Optimal PM;, prediction model for each observation site.

Site ML technique RMSE MAE R? MAPE
Seoul DNN 8.49 5.56 0.95 14.07
Gwangju RF 10.52 7.00 0.89 16.61
Gangneung RF 9.22 6.74 0.91 18.04
Chuncheon RF 11.14 8.82 0.91 24.41
Wonju DNN 13.21 9.46 0.90 20.50

Kim et al. (2022b) 14.24 £0.66 - 0.84+0.01 -

Park et al. (2021) 26.56+2.08 - 0.79+£0.03 -

Bozdag et al. (2020) 33.97+£17.66 17.67 £2.94 0.41+0.14 -

Czernecki et al. (2021) 12.51+£7.68 8.78£5.59 - -

Kujawska et al. (2022) 11.35+£2.11 7.56+1.38 0.83+0.005 -
Table 3. Optimal PM, 5 prediction model for each observation site.

Site Technique RMSE MAE R? MAPE
Seoul DNN 4.68 3.40 0.96 17.83
Gwangju SVM 5.56 4.19 0.92 28.45
Gangneung RF 5.27 3.96 0.91 27.32
Chuncheon RF 6.48 4.97 0.94 34.00
Wonju RF 7.53 5.62 0.94 26.16

Park et al.(2021) 17.75+£2.42 - 0.71£0.08 -
Kim et al. (2022b) 7.66+0.21 - 0.82+0.008 -
Suleiman et al.(2019) 4.77 £0.07 - - -
Czernecki et al.(2021) 9.24+5.47 6.73+4.14 - -
Song et al.(2021) 14.09+£0.73 - 0.81+£0.02 -
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