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Abstract Column aerosol observation has the advantage of obtaining microphysical information of aerosols present in
the vertical atmospheric column at a given point. In this study, in order to predict column aerosol loads in the local
atmosphere, time series machine learning technique was applied by using Aerosol Optical Depth (AOD) and Angstrom
Exponent (AE) data acquired from the selected ground-based Sun-sky radiometer observation network. For the
determination of the best time series machine learning model, the independent optional properties including three
regression models (glmnet, Im, and spark), four training period (1-4 years), and five regularization parameters (0-0.08) were
tested in time series modelling. The results showed that spark model with the 1 year training period and regularization
constant of 0.08 has the highest accuracy (RMSE=0.302, bias=0.213) for the AOD prediction. In the case of AE prediction, the
highest accuracy (RMSE=0.356, bias=0.238) was obtained by the glmnet model with 1 year training period and the
regularization constant of 0.08. In addition, machine learning clustering results shows that urban/industrial aerosol types
occurred at a rate of 63.7% in Korea. The methodology and results of this study can be used for short-term aerosol prediction
models and remote sensing data.
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Al (multi-wavelength spectroradiometer) 2] 4%
Sun-sky radiometer= 7] AH % oflo]2&9] %
E4%E & #52 5 9o o 1~3uh Y
o4 Qe A AE Al v A7HA] WSS o
st7]9] w9 80|53ttt (Holben et al., 2001). ©]
A 22| AT Ab F, Park (2020) -4
Ul di71d #59 A=E 85t COVID-19
Sere] thi7- A1 Wi PM 5= 0] 912 W
o] 94 9 HiE A AR o F FAF Faof
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strom Exponent (AE)&= o5l =11, A2l W
= AAE WS SRSk yebdo] BaH it
(Lee et al., 2016, 2007). 12|21 #7172t 59 H#=H
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v= ZAg7t Ak 6712 #5 #134<1 Anmyon
(36.539°N, 126.330°E, 47 m agl.), Gangneung_ WNU
(37.771°N, 128.867°E, 60 m agl.), Gosan_SNU
(33.300°N, 126.206°E, 72 m agl.), Gwangju_GIST
(35.228°N, 126.843°E, 52 m agl.), Seoul_SNU (37.458°
N, 126.951°E, 116 m agl.), Yonsei_University (37.564°
N, 126.935°E, 97 m agl.) A& Zgstch (2 1). 2
T= A -l A+= CimelAte] Sun-sky radiometer (2
2 CE-318)E ©l-85te tf7] Zdfolz&o] ¥=
wglon, & Aol A AR AAE mAl2d 71
of 283 4= A== AOD_500 nm, AE_440-675
nm ZE0|1, SH2EHF 7]Hol= AOD, AE, SSA,
PSD At=E AMESHYI T Sun-sky radiometer = A}
B FEOIU OE oF a]lof osf gro] BlgdA
ol gFe 5 AlAsto] AF=SE Level 2.04H= (down-
load date: 2021.10.02.)5 AERONET ©oJ€] o]~
(https://aeronet.gsfc.nasa.gov/) 255 =51t 2;
Al 5 A 717 Z5] digh Al A
19

2 Aol ARRE TS AHIQ CE-318 Sun-sky
radiometer+ 8709 S o4 Y (340 nm, 380
nm, 440 nm, 500 nm, 675 nm, 870 nm, 939 nm %

1020 nm)ofl A 2ARG B Atebge 76k v ot

Table 1. List of AERONET datasets used in this study.

#S 0|88t ZE00ZE ol % Eot

d Y 23F=A otk (Model: CE-318, CIMEL
Electronique., France, https://www.cimel.fr/). CE-318

ngneung- WNU

Fig. 1. Geographic locations of six Sun-sky radiometer mea-
surement sites used in this study (Anmyon (36.539°N,
126.330°E, 47 m agl.), Gangneung_WNU (37.771°N, 128.867°
E, 60 m agl.), Gosan_SNU (33.300°N, 126.206°E, 72 m agl.),
Gwangju_GIST (35.228°N, 126.843°E, 52 m agl.), Seoul_SNU
(37.458°N, 126.951°E, 116 m agl.), Yonsei_University (37.564°
N, 126.935°E, 97 m agl.)).

. . Parameter
Site Period (Level 2.0, daily average) Number of data
Anmyon
(36.539°N, 126.330°F) 2014.01.01~2020.12.31 Aerosol Optical Depth (AOD), 1510
. WU Angstrom Exponent (AE),
angneung_! N ) )
(37.771°N, 128.867°F) 2015.01.01~2018.12.31 Single Scattering Albedo (SSA), 1123
_ Particle Size Distribution (PSD)
Gwangju_GIST (VolCon-F,
(35.228°N, 126.843°E) 2011.01.01~2014.12.31 EffRad.F 721
VolMedianRad-F,
Gosan_SNU ’
(33.300°N, 126.206°E) 2012.01.01~2016.12.31 StdDev-F, 609
I— VolCon-C,
Seoul_SNU
7 .01.01~ .12. EffRad-C,
(37.458°N, 126.951°E) 2016.01.01~2020.12.31 .ad C 1237
VolMedianRad-C,
Yonsei_University 2012.01.01~2020.12.31 StdDev-C) 2390

(37.564°N, 126.935°E)
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Fig. 2. Conceptual diagram of time series machine learning technique used in this study.
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TE BASH 3, 4] (1, 2)2F 2] Beer-Bouguer H 2

2 AH8-ote] AODE AH&ESIT} (Giles et al., 2019).

V) =Vo) - d* - exp[-T(V)goqa * m] (1)

()

7(\) Aerosol — T(/\)Total - T(A)Rayleigh - T(/\)gas

1 (1)oA V)= HE()oll 2&Eshs AlS719 54
H HSfolH, Vo= 3ol o&Est= BA Aol
o} di= AF-ES Al ti't Bt B (Michalsky,
1988), (V) oo & o 77, m2 th7] €] 3h 37
2 (Kasas and Young, 1989)°tt. 4] (2)°114 7(A) scrosols
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2.2 NAE Halzd
A7 o A1) Aol 2 oI5
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timetk W71 41S o] goto] Fqstelct RS R
NEE SAMZNAZA A 2, 54 ALt E 5
Al 2289 T 2rolE 2|7t 2021 129 24 @AY
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77 Blo|ele] FAlE BAGHL, AT FAS vl
o= nlgo] YA A5 o e wHrIAolH. 1
® 2k B ATolN ALeE AAL v 7o)
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Preprocess Training Prediction
Training period
Da/t\aE(F,{tx%l\ll)ETAE (1,2, 3, 4 Years)
SSA, PSD) (‘ 1
| Accuracy Time Series
Regression Regularization estimation prediction
model parameter
(glmnet, Im, (0, 0.02, 0.04, 0.06,
Preprocess | spark) 0.08)
Clustering ’
Standardization
(Demlensw;, L Norraliation Optimization K-means Aerosol Type
wavelengih) (Nbclust) J Clustering Classification

Fig. 3. Flowchart explaining the time series forecast of column aerosol measurement data in each modules.

2= (AOD, AE)2} EHH S (A]7H 2] #AS Yehf=
StAlal ZF 7S 71 2 A9sts &l rde
Fro}, gH2=AlTt 4 mEle Bz chHek oleigt
(x)ofl W2 ulgf o] Ak (y)S &St (Dancho et
al., 2021).

AAE MAlR Y-S Qe Bl 38 @ 4= ot
2k 319 B9, At A4 F 371l e whEthAd,
Aol o5 717t Bdof| nAs FFS ot
Sk7] §iste] 47b2] 712 (1, 2, 3, 49) 23S A
sttt 3l & Aol timetk T 7] X Q] 7 &
dofl A AREE Q= 37HA] 317 2H (glmnet, Im,
=94 or 9% AE Hlwstylon,
< T Eoh A R,
generalized linear model (glmnet)<> Penalized Maxi-
mum Likelihood (PML)E £3f FA45h= Lutst A
S Rdolt} (Friedman et al, 2010). & HA, linear
regression model (Im)< T<= A3 2] mddlo|t}, vf
g0 2 spark L@ BAF HAIZY 7S o83t
meol, 20119 W22 THeke] AMP LabollA 7
St} (Venkataraman et al., 2016). BFA|2Fo 2 A4f
SPga= 07 0.087H4] 0.02 HAHLR F 571] 4

TGS AT F AAG oA 7HS A

spark)&
Zy dlof tfgt AA A9

2ue vastdct. oA AN 9 A= 9
1 d 7182 olgste] |53t 2
St AR BEGE Hstel, REo) 3

Joboam ook
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3. 2% % B9

3.1 AAIE Hileld Zut

I 1014 AAIE = 678 Sun-sky radiometer T+
= Aol PEH B dHol=2E ARE o]
| AALD 2 E= 1Y 49 Dt 2 AHE Bt
AOD+= 0.368 £0.298 (Anmyon), 0.295 +0.223 (Gang-
neung_WNU), 0.426 +0.326 (Gwangju_GIST), 0.378
+0.273 (Gosan_SNU), 0.399 £0.327 (Seoul_SNU),
0.448 +0.376 (Yonsei_University) © 24, ZF 2| ¥
O AODY] gk} A% Yonsei_University
9} Gangneung WNU z]7o|ct. 3, 72 Z|H
o AE+ 1.204+0.253 (Anmyon), 1.279+0.244
(Gangneung_WNU), 1.309 £0.262 (Gwangju_GIST),
1.148 +0.272 (Gosan_SNU), 1.256 +0.262 (Seoul_
SNU), 1.280+0.260 (Yonsei_University) |t} Z+ 2]
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Fig. 4. Time series of the monthly mean AOD at 500 nm and AE at 440~675 nm observed at 6 selected sites.
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Table 2. RMSE and bias derived from different input factors in the machine learning processes.

Training period Regression model Regularization parameter
1yr 2yr 3yr 4yr glmnet Im spark 0 0.02 0.04 0.06 0.08
RMSE 0.437 0.517 0.376 0.350 0.437 0.334 0.334 0.517 0.513 0.507 0.503 0.500
Bias 0.327 0.351 0.290 0.259 0.227 0.257 0.257 0.351 0.348 0.345 0.343 0.341

E gt AES] HHHT HAg2 Gwangju_GISTS}
Gosan_SNU Z|foltt. = 7|7t 5 §-& Hlo]E <
7l4= (Ndata)+= Yonsei_University Z]%©] 2390712
717 H8kal, Gosan_SNU 2|3 o] 60971 = 717 23]
o 283 AAE Wt A 67l TS AH BF
A= 5ol AODF AEZO] ok AL, Aol ¥
ofz| = AEE WeE Q1T 4= Q1AL T1H 404 B
o171 AEE HSH= Lee et al. (2007) A9 FAFR
ATE Holnt of23t AlEE HEA0] A2 oF
A 7] & dAd 229 FotE 7 B W] F
AiEEe] S7H= QI dAe] 5o Qe
At ante] F7PF e delow deA Qlrh

1Y 5472 o) BE AW F fE B2 427}
23907H2 7P ©-2 Yonsei_University®] Zt=25 of
AR 7 18 4 W] e 24 A9
Ehdfich W] 119 5= ot 7I7HE B oS A
H W3 A 24, 3] 2E2 glmnet, A8 A
028 7Sl ok 7Ita 1~44 7|3tew 247}
475} Training (Blue area)oted, Sh5 7|7He] HEZ

2 AL E Test (Yellow area)”]|7t o2 A5}
o] Atefl 9] 7, ek 713to] 49w RMSE=0.350,
bias=0.259% 47]19] st5 7|7t & 71 =& A
£ E ek 9H o535 7|7to] 2d Y wf RMSE=0.517,
bias=0.351% 7P A&TrF Ulth whebA, o] 7
o= B5 713k 49Q1 9ol XA 9] o= At
£ 95 7 W He 219e AT 5 ek

19 62> 2l R AWE H|wstr] 915k, A
= Ao ¥ AuE 7NoR R HE I B
9 (glmnet, Im, spark)& ©]-85t1, S5 717+ 14,
st A4 008 1456k0] ZF2} Trainingdhe] H]
wQt Afeo]tt. of ARfOAE Im, spark ©E-ES ARE-

gt o= HAE A= BT RMSE=0.334, bias =
0.2572 glmnet &S A5 ZA3ZH (RMSE =
0.437, bias =0.227) 2.0} AL 7} =] Vet

% 72 B3t ATt Al S ] mA= At
T EAATE vk Aol o] Al AtEt
AP ZhS 05E] 0.08714] 0.02 702 & 57]19] A
e} AeakS 485k, o5 71t 29, 3 B
2 glmnet® 1175} Training SFATE ©] AFl<] 73
-, At daate] 2545 AgEot ¥ worle
o o urk B2t 471 0.08Y T RMSE =0.500,
bias=0.3412 77 A7 =2 AWE B, A
s}t A7t 02 Wl RMSE=0.517, bias=0.351 %%t
L7 7 WESkth

3.2 HYYE Mz Hlw ¥ AHS

9 8ellAl= oA AellA AXE AR 24
He EHE, 6719 B AHE Y 848 A
HAalEg 7ol -85t Avt F 7P B2 Ageet
71 F2 A & Ut AHIE Hlwsksith WA
AA #= Az it AODES] A=Y BE3S
+ 19 8(a), ()] Aot Aot 7MY &
Holx 19 8(a)= B 855 7|7to
19, A3 4471 0.08Y © RMSE =0.282,
bias=0.199= A HZ3t0] BEHA} (0=0.319)H
t} gho] Ztot fact Avtz |akE Qe 2Bt 1
& 8(c)e}t Zol g5 717to] 418, Atst A7t 0d
o] of|= ZA7}= RMSE=0.338, bias=0.238% T=
Zke] EEWMA} (0=0.319)ETF RMSE Fto] &4 Lret
U -Gasha] e Antg mst 4 glon o= 4
S Zhe 7P Wik

19 8(b), (d)+= AEQ] 53k WSS vt

i Ho

—

J. Korean Soc. Atmos. Environ., Vol. 38, No. 1, February 2022, pp.57-73



6| yzy s ol

(a) Tyear

05

0.0

AOD
5

20/ o g, Traine . Test ° o

0.5

0.0

2.0

0.5

0.0

2012 2013 2014 2015 2016 2017
Year

Fig. 5. Comparison of machine learning prediction results by four different training periods (a) training period of 1year, (b)
training period of 2years, (c) training period of 3years, (d) training period of 4years. Symbols and colors represent total obser-
vations (black dots), learning period (blue regions), and test periods (yellow regions), and test results (red dots), respectively.
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