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SUMMARY

Title

Analysis and prediction of air quality in the Republic of Korea using

Arctic/high-latitude climate variables in machine learning algorithms

Il.
O

Purpose and Necessity of R&D

When particulate matters (PM) concentration is high, it have an adverse effect
on human health and cause socio-economic damage such as reduction of
visibility, mechanical failure in facilities and deterioration of plant growth. Many
countries, including Korea, are implementing policies to reduce the emission of
air pollutants. Many previous studies indicated that the variation of PM
concentration is associated with climate change and synoptic weather pattern.
In particular, Arctic and high-latitude climate variables can affect the PM
concentration in Korea.

The need for long-term response and reduction strategies for PM-related
damage at the national is growing. To effectively plan and implement polices, it
is crucial to predict long-term PM concentrations while taking into account the
influence of Arctic and high-latitude climate variables

In the previous studies, ground-observation data and reanalysis data have been
used as input data for models to predict PM concentrations and grades.

However, these models used data which are limited to East Asian countries so
these models cannot consider the relationship between large-scale atmospheric

circulation and PM concentration which previous papers suggest.
Contents and Extent of R&D

Ground-observation data and reanalysis, which have an influence on PM

concentration in Korea on long-term time scale, have been saved in a database.

The Arctic and high-latitude climate variables affecting PM concentration in
Korea are analyzed in past data produced by climate modeling system and
saved in a database.

A prototype of a long-term (month-season) PM concentration prediction model

in Korea using machine learning techniques was constructed.

R&D Results

Analysis on the high-latitude climate factors that affect PM concentration in
Korea using ground-observation and reanalysis data

PM concentration data at air quality monitoring station are collected as

confirmed data published by AirKorea and saved in a database

PM concentration in Korea is high in winter, and there has been a strong
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decreasing trend from 2001 to 2010, so it is reasonable to predict PM
concentration in winter from 2011.

- PM concentration at Chinese air quality monitoring station is available on the
agicn.org website. A system to automatically collect PM concentration has been
established to construct a database.

- The indices of Arctic Oscillation, East Atlantic pattern, Western Pacific pattern,
Pacfic/North America pattern, Polar/Eurasian pattern, which potentially affecting
PM concentration in Korea, have been collected as high-latitude climate factors and

saved in a database.

- The correlation between the indices of high-latitude climate factors and PM
concentration in Korea is low, so other methods considering the impact of

high-latitude climate factors are needed.

O Evaluation for Analysis on the high-latitude climate factors that affect PM
concentration in Korea using a climate model

- We used a CESM-based model (KPOPS-Earth) to produce past simulated data

and built a database of Arctic and high-latitude climate variables.

- By comparing the past data simulated by KPOPS-Earth with the ERA5 reanalysis
data, which can be considered as observational data, we found that KPOPS-Earth

can simulate climate factors realistically.

- When we examined the correlation between the climate facotrs simulated by
KPOPS-Earth and PM concentration in Korea, we found that regions far from
Korea can have an effect on PM concentration in Korea.

- The correlation between climate factors and PM concentration in Korea varies
depending on the month, making it difficult to use simple average values of a
certain region as input data for PM concentration prediction model.

O Determining importance of individual high-latitude prediction factor and utilizing
machine learning techniques for PM concentration prediction

- We developed a random forest-based PM;s concentration prediction model,
using regional average values that show significant correlation with monthly

average PM2.5 concentration in Seoul as input data.

- We determined the importance of high-latitude prediction factor using the

random forest model, but it was difficult to determine useful input variables.

- Convolutiaonl nerual networks (CNN) are convenient for learning spatial feature
by taking in input data in the form of grid-level rather than regional average

values.

- We developed a prototype of a CNN-based model (CNN-ERA5, CNN-KPOPS) for

predicting monthly average PM2.5 concentration in Seoul.

- CNN-ERA5 has good prediction performance, but CNN-KPOPS still requires

improvement.



- In the input process of the CNN model, the performance of the prediction was

imporved by applying multiplication of the correlation coefficient between PM;s
concentration and each variable, grid by grid.

V. Application Plans of R&D Results

O The CNN-based PM2.5 concentration prediction model developed in this project
has the potential to improve prediction preformance through various method,
and can serve as a basis for further research.

O The long-term prediction results of the model can be used to effectively plan
and implement national-level policies for preventing damage from PM.

O The PM;;s concentration preidction model developed in this project can be used
in operational forecast.
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AlAd S d75%

T A7E AT R o Rrs)
a2 g AR meEt ERE £ Jor ols & 1o A ATh 20109 AF(Hur et al, 2016; Park
et al, 2018)°lA= ™Al 7] =4l DNN< F=2 AREFAR 20208 tholl=
RNN, CNN, XGB, LGB & T &g 7<= ol &3] vlAEA =& A5t AT 5 mdSo] F
2 dqZFstazt dte AddE oA AAle dFLdE FA] AL FRAAMS dqFel B ATt
FE5E AAoln. =3, AFEoA ARgEte 4 AREs SA, L= T koA iy "ol A

Aol 71 ARE AFESa A @)

L
ofy
2
X
b M
A
N
o
N,

_—

]I

=5 AHE-gE 7Y o B AlZF oS3k WS e 2o
Hur et al. (2016) DNN Daily PM;o A&

Park et al. (2018) DNN Daily PMo &

Kim et a. (2019) RNN Daily PM,o, PMy5 A &3 G A
Yang et al. (2020) CNN-+RNN Daily to a week PM;5 A&

Ho et al. (2021) RF, XGB, LGB | Daily PM,5 SR

Sayeed et al. (2021) CNN Daily to a week PM;, PM:5 A=

Kim et al. (2022) RNN Daily PM;y, PMs5 ks

A2 Ad F2 A+

2olol SPA BAEA BE 43 md DY ATE ¥ 20 Ak 2 ATE Fu ATe}

MR $47] A FRel MARA SEE dEsrinn 2 A% @ d § 5EE 435 o

T7F B2o 98 Asx FH AYe #ZLoA =AHI vAUA HE, thr] W<, aerosol optical
=

= = =
depth A% 5% ©|§3t7] Mol We) Bojx Aol 71X FFL AT 5 U= B T2} ohy

o},

¥ 2 mAHA % o= 2d Ad o] AdF(DNN2 A E=A74%, RNN2 =824 %, CNN2 g4
#2177 RF+ random forest, XGB+ extreme gradient boosting, LGB+ light gradient boosting<
ol ])

=5 A3 71 of A ZE oS3k WS w28 =7

Li et al. (2017) RNN Hourly PMs5 =

Huang and Kuo (2018) CNN+RNN Daily PMzs =

Zhao et al. (2019) DNN, RNN Daily PM:5 =
Doreswamy et al. (2020) | RF, XGB Daily PMio, PMy5 o 7t

Masood et al. (2020) DNN Daily PMzs A=

Faraji et al. (2022) CNN-+RNN Daily PM;5 o] ¢
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40X SHE PMys 5%

iy

T WL Y9Ed v AR IYW 249 aqgicnorg YAOIEC AAzto g FAE I
A9k AirKoreax ¥ 3534 SR LAEA =

SAAEE Y JHE ATHZ Fevh T2 g7
25 T Aol Eo] S AADY ARE C 3k
AW el T d719EE A5E AR FHete HaEY I=E JEsta ol
A AR APH S AR olFHA FHE T WIedEE A5 dele
(air quality index, AQI), AirKoreaol A A|&3t= PMys 5% A}
@97 =Y AQIE thr]do] F2A WHEAE ©@d] R Al EY olE VRte®
54 GAE Aall dwile]l AA tir]d et WA g ol eE =okFm, oW 3
& dof kA gE e A xolth AQIS Bel= 7t
AQI A2 S o183t AQI AFE ng m = %L?EEE}. Asow To WedEE & &
55 7% 5 AQI AFE FTolA 2ol F
f7ledE4 dolHuol~sE FE3nt doly o] 2o = 2014d 58 2022d7H4] & 317 =+
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o AADelth PMy Rt AZ B8, ALHel 3, o5 H, 42 A vtk B3, A3
ot HAE AGY MPOR FFOENE £EHE B egEa] 9FL Wol PMy FE
e AoE, o§H, ASANE FTORNEY Fgo] FolEr B4t Wl MY 4§

©& PMy &&7F Stobxl 2o Helt #3 PMy %7F 7HE =A% gAke] g o] A7
F A

=21, 2, 11, 129)°] s mAEA = o5 2

% 6. A= ¥ PMy %9 AAE

M PMy %59 AzHA SA40=Z ALHE He(, 2, 11, 12¢€) PM) %9 A= W3

AR gkeh (g 8). 20009 Wel = F=7F 60 ug m PHA T 2010 tHel = F=7F 50 ng m U=

Lot
il

Mg gi7|de] AA MAHUJT. FESEHe H2 2000 5FH 20109 74 PMy & %7}
60 ng m>PelA 50 pg mP=E HH3 A3 Aol ofygt 2010 2011 Alole] Akl o ®
s Aotk 3 201993 20201 PMyy FX+E 40 pg m P2 20183 o] % tiA] At
Ao gk 20003 ek 20109 e PMy 5= Fae] Q0 w7bell A Al t7] L9
=4 W& g4 44 g o2 Holi(Ho et al, 2021b), 2019193} 20203 2] PMy % A4
o] d¢l& COVID-19¢] o= Qg wiE=F HAE Helv, 20199 ¥ 202099 PMy &%

+ COVID-198}= 5573 d3org Fwvl ol s AL n#shd 2000 thel 20104 off 2]
F Uk B Aol e nAHA wE o= 2l &
A FEE 433 Aol7]e dAAe 7k 201089 ARl
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A aEEry FAYs] s

H
1o
=)
=
2

3 A Fx7F AA F7HEtH(Lee et al., 2011,
2013; Oh et al.,, 2015). ¥+ 2 AJZF 5+ E oA empirical orthogonal function W o2 =3}
Sharo] mAAA] e APAdS AHEH SO AuAATE BAT(ZH 8). AIZF FE]

2t s v AR TR T BE5A0A S nAEA TR F AR e] tgEh

(@) 1st mode 32.7%
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7198, GF At A 719}, Arctic Oscillation (AO) ¥ €l, East Atlantic (EA) 3]¥, Western
Pacific (WP) 3§¥l, Pacific/North America (PNA) #}¥, Polar/Eurasian (PE) 3i¥l& XA 3lch
(Jia et al., 2015.; Jeong and Park, 2017, Zou et al, 2017, Oh et al, 2018; Yun and Yoo
2019). AlHelo} aL7]qt, EFAIRE A7 FolAlol Aw E A2FY & "HHehe
[AF o] F A 75 A= FopAlo iyl A A d¥S =
25 FagEele] A3 ofsE Uelle AgE HE G AEV]F
| 5 Qv EA, WP, PNA, PE sigl(2¢ 9)2 &Hrb di7leshd s Aad 75
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1. KPOPS-Earth #A 29 25 A4k A5 7t
7}, KPOPS-Earth #4 =] ztg o] dlog o]~ +3
B Ao FIe BxE dAYel 24 JMed vAWA L oF 2dg s Rolth
Aol A e MAEA FEE G367 YeiE AAzten mEo] durd oy] Wes
A gz Aol Frh A o Ze] kA valy e FuiE uAWA FEs}
9 A8 7 ABES S5 fe on] B3 MAWA FE s 3 o] ARE o

g 7)S 9] KPOPS-Earth 29 A]~
S ApgPlem o gz A= AN AAe 2% 123 Zrh KPOPS-Earth =Y
Comunity Eatrh System Model v2 22 7|¥to 2 7|29 EarthE, AW 292+ CLMS
2 FAYY. ded Lx/E AAZRAL 2010d oldol CFSvl A2, 201193E =
CFSv2%E, Earthe] t7] 27|27 o2 ERAS A4 ARE, AW 27|22 E CLMSY
20d Aol AzE AHE T FAATA AH ol KPOPS-Earth 23 Al2~®lS 753 &
200058 20223714 1, 2, 10, 11, 129 19 7522 1209 &<t Boste] 119 s
2 37 2o ArE AT A4 A8 Z 1000, 925, 850, 500, 300, 100, 50 hPa=2] ¢ i

%, SAubE, EERke, AAukg, 20 A ARER g7AAS 1%, Wi, 718l 2m
<&, deH 25, S WAl glon o5 AngE A AW HolEHo] xR P

atmospheric initial condition
S5T/Sea-Ice for CAMG (lagged initialization) [ |
boundary condition ERAS

crsvz KPOPS-CAM6

2011~

W CESMv2.2.0 land surface initial 20 years run
7010 CAMG, CLMS FV1.9x2.5 | v 1

11 ensemble members  (SPin-up for 20 years)

ljd

Kt rle }-u

came/cuvs

Hindcast simulation Seasonal prediction

2000-2021 2022.2-2022.5
CFSv1, CFSv2 SST/Sea-Ice CFSv2 SS5T/Sea-Ice

1% 12. KPOPS-Earth(KPOPS-CAM6) & ¢ E2 %
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2. KPOPS-Earth®] #7 A5 X9 A5 B7}

KPOPS-Earth A5& o5 R 48 WF=E AREst7] Aol KPOPS-Earth 229 4%
<= F938t. KPOPS-Earth®] #7 ®o] A5 35 Agdtal & 5 = ERAS A&4 =
22 2011938 20209704 ALH, 2, 11, 129) BFES vlusts o 4% 37t
gt A Hrtel A= 4789 W(850-hPa A 91aL%, 850-hPa sAvkeh, 850-hPa H&ubd
850-hPa &%)2 A&t}

KPOPS-Earth #74 %9 259 ERA5 A4l #:9] 850-Pha A= FiHEEE H
H(1E 15), 7 A" BFdA FA%E AH9 gro] AR uER AFE 1 gho] adt)
olH gt A AL EH Y, dA G oS FIlEA JEEh T AsdA I Aol s
B, KPOPS-Earth 3 W5 A olA ofxzefgt HF 29714 850-hPa A9 il%=E
o)t FH AR A GelA FAR = AFo]l Atk REHE G AJAAE HR
of 7} vEpuH, 53] Tkl Abwo] A g A A= AstA HdiRe] i ) Fola
o} % 9ol A= KPOPS-Earth, ERA5 7+ 850-hPa A $]aix zko]7} 2t}

A

(a) KPOPS-Earth

ON
180 150W 120W

(b) ERAS

9ON

ON - : 3 s
180 150W 120W 90w sOW 30W 0 30E GOE 90E 120E 150E
|

1300 1325 1350 1375 1400 1425 1450 1475 1500 1525 1550

(c) KPOPS-Earth minus ERAS

90N

oN R . . .
180 150W  120W ) 90E  120E  150E

-80 -70 60 -50 -40 -30 -20 -10 0 10 20 30 40 50 60 70 80

a9 13. (a) KPOPS-Earth #7 =9 25, (b) ERAS A4 #A=9
2011 5B 20203744 ALH # 3 850-hPa A Y%7} (¢) L =0
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KPOPS-Earth®} ERA5 #5.9] 850-hPa sAvle FH(29 16)oA ey 3582
Aol de &F AGe] utgo], TR = AF ALY uige] Er= Aolth o]

TN AT HUHAY SHEG AGel 2 FErt A ol FuHor AR i

oA AL vhae] A7) wRolth BAubgge] HolE wWl, A AGe BF ojwuy,
9% A AE opwwelsl Atk & KPOPS-Earthi A% Fol%s 9% ANES
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)
3L
£y

(a) KPOPS-Earth

N
180 150w 120W

(b) ERAS

oN e L : S ‘ : ==
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N
180 150W 120W OW

150E

19 14. (a) KPOPS-Earth %A X9 #5, (b) ERA5 A4 A5 9]
2011958 20207441 A&3d W+ 850-hPa sAv&Ed3% (¢) 1

o]

KPOPS-Earth$} ERA5 #t%.2] 850-hPa P8utehe] FiH(1d 15)< 850-hPa AL, F
Aubgel FHART B4 RSt AR dF AZeE FEo], FHoE HFo| I
Utk o= ALA BurTe] FA|AE 17]gke] Wekehy] WFolth FolAlor Aol x-S
BEw AL Au ol n7)gko] Weste] 1 SHol $XF Follol Aol B¥Fo] R
ols} Z& Exo] KPOPS-Farthe] 850-hPa Fuhgh Fxbaold & mosgx gk s T
A5 3o]E HH, KPOPS-Farth FolAlol Ao BEL Arjmelsta gk HFo] 33
A A ge B/ dEe £48 ¢ JOHE uANA ¥ o3 mde] Yol 9F
< 714 FE Ao
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(a) KPOPS-Earth
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BON+— 4 5
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ON-+ T T
180 150W 120W

(c) KPOPS-Earth minus ERA5
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3 25 2 415 -1 05 0 0.5 1 1.5 2 25 3

729 15, (a) KPOPS-Earth #4 29| 25, (b) ERAS A&4] 259
2011 -6 20200 704 A& 3 850-hPa E5ute g3t (¢) L %ol

a9 162 KPOPS-Earth®t ERA5 #5.9] 850-hPa 37Hdo= = =
DA LR BTh 2L PEE JEow wde] W fge £E7 Y vtk F A
2o FIAe AWAHOR §ASAY Al Ae]E Wyl KPOPS-Earth’h &
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=
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(a) KPOPS-Earth
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180 150W 120W gow S0E 120E 150E

. (b) ERAS

ON
180 150W 120W S0W 6OW Jow 120E 150E

(c) KPOPS-Earth minus ERA5
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(a) 850-hPa geopotential height
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