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Estimation of Ground-level PM;o and PM.; Concentrations
Using Boosting-based Machine Learning from Satellite
and Numerical Weather Prediction Data

Seohui Park ®" - Miae Kim ®? - Jungho Im ®?"

Abstract: Particulate matter (PMio and PM2s with a diameter less than 10 and 2.5 pm, respectively)
can be absorbed by the human body and adversely affect human health. Although most of the PM
monitoring are based on ground-based observations, they are limited to point-based measurement sites,
which leads to uncertainty in PM estimation for regions without observation sites. It is possible to
overcome their spatial limitation by using satellite data. In this study, we developed machine learning-
based retrieval algorithm for ground-level PMio and PM.s concentrations using aerosol parameters
from Geostationary Ocean Color Imager (GOCI) satellite and various meteorological parameters from
anumerical weather prediction model during January to December of 2019. Gradient Boosted Regression
Trees (GBRT) and Light Gradient Boosting Machine (LightGBM) were used to estimate PM
concentrations. The model performances were examined for two types of feature sets—all input parameters
(Feature set 1) and a subset of input parameters without meteorological and land-cover parameters
(Feature set 2). Both models showed higher accuracy (about 10 % higher in R?) by using the Feature set
1 than the Feature set 2. The GBRT model using Feature set 1 was chosen as the final model for further
analysis (PMio: R2=0.82,nRMSE =34.9 %, PM.5: R2=0.75, nRMSE = 35.6 %). The spatial distribution
of the seasonal and annual-averaged PM concentrations was similar with in-situ observations, except
for the northeastern part of China with bright surface reflectance. Their spatial distribution and seasonal
changes were well matched with in-sifu measurements.

Key Words: Particulate Matter, PMio, PMa s, Machine learning, AOD, GOCI

Received April 2,2021; Revised April 16,2021; Accepted April 23,2021; Published online April 26,2021

D AL | &P EAIBAZEE MEESIEAM (Combined Master and PhD Student, Department of Urban and Environmental Engineering,
Ulsan National Institute of Science and Technology)

2 SMIET | &R EABAZEE ARE T2 (Research Assistance Professor, Department of Urban and Environmental Engineering, Ulsan
National Institute of Science and Technology)

3 SIS |2 EABAZS H4 (Professor, Department of Urban and Environmental Engineering, Ulsan National Institute of Science
and Technology)

 Corresponding Author: Jungho Im (ersgis@unist.ac kr)

This is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License
(http://creativecommons.org/licenses/by-nc/3.0) which permits unrestricted non-commercial use, distribution, and reproduction in
any medium, provided the original work is properly cited.

-321 -


https://orcid.org/0000-0002-1235-1612
https://orcid.org/0000-0002-9805-7261
https://orcid.org/0000-0002-4506-6877
https://orcid.org/0000-0002-1235-1612
https://orcid.org/0000-0002-9805-7261
https://orcid.org/0000-0002-4506-6877

Korean Journal of Remote Sensing, Vol.37, No.2, 2021

o ST P 5L 2O @i Qe 450l 071 585 49 18 2ol
200 L3RS wl A, A2k A% 27] Aol B E 4 ook 4 AN R AU

& el LA o] A ool chat o712 3] B4 GA4o] EAISt] 5ok A giet Aelol
& A4 50| ASH 2Ljel o] Bt APolck 471 ool 28 AT AFTOA ol
BEA 2] TANE F83 4 ek Wb 1 Ao chafe 14 ) RAREE 43t 20193 o]
ol 2 A7 1<) 214 P 3L PMas 58 23k GOCT 9149 2 L= EopAlo} A
odof tjsl] E] 7|5 GAHE IS A8l = Boosting 7]¥ el GBRTs (Gradient Boosted Regression Trees) 2}
LightGBM (Light Gradient Boosting Machine)& &r-8-5}0] I dl-S- -L&a1 3l ch T3 7AW U EX| 9] 54
O] ARG 3o] uh2 Bl o] 452 H|WE7] Qo] F 7HA] festure setO 2 Lol H|AESIGTE F 7Y BT
9 W91 AOD (Aerosol Optical Depth), SSA (Single Scattering Albedo), DEM (Digital Eelevation Model), DOY
(Day of Year), HOD (Hour of Day)2} 7|AF ¥ W EX| 0| EH 25 $HA| ARE-SF Peature set 18 AFE-3192 ] 3=
2 A5 B ) Feature set 19]] 3] GBRT L2 0] Light GBMO| H]3j| 4] F 10%2] A& = gFA-S H At 7}

pul

_Z_Oﬂldg :75;1'3

A ASIE 7} =9k 7|4 2 R 3 HEE Z3F3) Feature set] 2 A

5H91.0.1 (PMig: R? = 0.82 nRMSE = 34.9%, PMos: R? =
ol i3t F7HA 9 BEE Bels)iE A},
Ao w2 A AD 5 el 2 molaich

2]
AR FEeh, Ao BA =2 s S5 2 A
FAY 5 A Al ke mxih 53], 2717}

=
2o u) A A A (YA 7] 7} 10 um ©]3}] Particulate
Matter (PMio))2} 20| AIH A (A 7] 7} 2.5 um 03121
Particulate Matter (PMas))+= Q1A o] S5 of thoFst A
e el €9l % ShIR, 47K A 271 A
St} (Pope 111 e al., 2009; Jerrett et al., 2017). T
of Tt Y1/l = A g3t 7]
Eoﬂ EHS‘]— El/] E] 2] 0] Qs /J—?Z]—O]]:]-‘ ]
FehE 7|9k o 7] HYE RS 48
Z Aol gt tj71d 22 $7H4
8] ZA. 142 W2 A ol o
Asetozn o3t AAH S 5L 4
Z2RH AFHE 75 ool =E 3t 2
D; Aerosol Optical Depth)= T 7] 5 of| o] 2 Z0f]
P v Al ghef Ha AE=S Yehfl= P2 7]
52 ATl A 71 L HEE =S Y6t
7] §)3) &85 QT (Park ef al, 2019; She e al., 2020,
Lee et al., 2020; Guo et al., 2021).
A4} PMio 2 PMas 5= 4 914
rglow, Hop Jeg v A4S

2 o
e
i
b

N
o
X

to

o2
oo o
o w2 o

of

=
)

e
o>4

ofr

ol

> N

o ox &
2 =
2

(

v for yo
it

o & 2
@—ﬁrim{m\ﬂ
1o
=
o n

2 x

i

dzt

chorl

e
o
S

+

d0 rr
ol
ol

1%

3+ GBRT7]HF RelS HEmda A%

0.75 nRMSE = 35.6%), #1%d " 2 ¢154 PMio % PMos 5
FgAEA R v Pt RS Bylon, S7bE s Baret

TollA=
g, B BAV IR MRS 4

sto] A EEE S5 TH(Liu ef al, 2005; Gupta and
Christopher, 2009). Z|Foll= 9173 718F AODE} 7]/ 8}
g B FHA Q) M-S A ARESke] PM 5
oK AR okl Sl e et

2015; Ghotbi ez a/., 2016; Lee et al., 2016; Soni et al., 2018).
Kloog e al. (2015)0] 7H3F PM;p & PMos 5= 574 I
20] 79, MAIAC AODE 50,2 AF§ 31918t
T AOD®} 7|/ W4, EX| 9] B 45 E ARSI
o R27}0.7791 4] 0.84=2 A&7} S 715t

AR L) 7] A Q1 S A| 4 PMio W PMes &
% 34 2] JBE o] B 7112 AekGupu
and Christopher, 2009a; Gupta and Christopher, 2009b). 2
71 Tol A wol AHEE A E B Y oAl R 3l 7R
A 9] 2 AOD2} A A} PMip U PM,s 5= Alo] 9] vl Al
/g0l A= A] ghot Ao ol A o EAst
itk 212 ko) AHE Bl 71 Ak 9 Hald 714
of 7% olefet v HBAL LT 4 o] male] 4
S e AT AFAE 0l 53 AT Park o o,

-322 -



2019; Gui ez al., 2020; Stirnberg et al., 2021; Zhang et al., 2021).
= Ao digh PMes w5 5+ -] %9 Boosting
71 H S &-8-3F AGH(Gui et al, 2020; Zhang ez al., 2021)7F
OSAE 3] HEAS A3 718 A4 Ma ez al, 2014;
Geng et al, 2015)0] H]3l| =& A =& BT}

FHE 7IHES A8 7= oA = MODIS
(Moderate Resolution Imaging Spectroradiometer)2} -2
== 9144718 AODE F2 ARE-3EIL 9lof, oF ARt
w9lo] AR RE A Bastel ol ekt olrk 1
U A% PMip B PMas 552 Al7o] wh2t MgAdo] =2

7] woll Bk Aokt Ry S 35k Hsiie
A7t ghgle] 20| WaHole), ool 2 s Yr S o
of 7 Wik Al el S AT e A
> 3HF U AIRHE AR Zﬂlol 7Fs st & Aol A

L A= 91491 GOCI7]HE AODE ARg-3to] 3 A]
H A9 PM s 2 4E sl o, thefdt 914
719kl mdl 7|k A of A S At w S 285t 7]

130°0'0"E

Boosting 7]WFe] T I Q1

g o] TS ¥ 3 Light GBME A go].o:] A4 PMyo
=

2. A7 A=

H ATLe] AT 292 GOCI (Geostationary Ocean
Color Imager) &= A HO.2 SHIE S FA4 02 3t 5
3 Aol e g Eae 4 Ao (g Dol
- 717EE 20199 195 E 12871 o]t o] A9

A = A7 ST A A I A g Qle Q1
Hre7h &2 A7 S50 )lof A2t ti7] ¢
FAIE AL QIe 3, AEA] o] =i o ain] Abet 5
A2 oo 2E WAAERFH Eo] = ALY

140°(l)'0"E

40°0'0"N

=z
Legend 5
=
@ Ground observation sites =
Y- Elevation (m)
,' - High : 3924 P
‘ - Low : 0
[
o 375 750 1,500 Kilometers
1 : 1 :
T T T
120°0'0"E 130°0'0"E 140°0'0"E

Fig. 1. Study area with ground particulate matter (PM) observation sites (blue dots). The background image is elevation

for study area.
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Table 1. Two input feature sets used in the machine learning
models in this study

Input parameters Source
Aerosol Optical Depth
- - GOCI
Single Scatttering Albedo
Normalized Difference Vegetation Index
. MODIS
Urban Ratio
Digital Elevation Model SRTM
Temperature
Precipitation
Feature | Relative Humidity UM
set 1 | Planctary Boundary Layer Height RD AI-’S
Maximum Wind Speed
1, 3, 5, 7-day Stacked Maximum Wind
Speed
Population Density
Road Density Ancillary
Day Of Year data
Hour Of Day
Aerosol Optical Depth
- - GOCI
Single Scatttering Albedo
F:::L;re Digital Elevation Model SRTM
Day Of Year Ancillary
Hour Of Day data
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Table 2. Hyperparameters of the GBRT model tested for model optimization in this study. Each element in square bracket
for each hyperparameter was examined, and the final hyperparameters are shown by superscript letters

Number of trees
(n_estimators)

Maximum depth of a tree
(max_depth)

Minimum number
of samples in a node
(min_samples_split)

Minimum samples
in a terminal node or leaf
(min_samples_leaf)

[100, 500, 100QPMI0PM25]

[4, 6PM25, SPMIO]

[10PMIPM25 50 100] [10PMI0.PM25 50 100]
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Table 3. Hyperparameters of the LightGBM model tested for model optimization in this study. Each element in square
bracket for each hyperparameter was examined, and the final hyperparameters are shown by superscript letters

Boosting types Number of trees Maximum depth of a tree Number of leaves Minimum data in a leaf
(boosting_type) (n_estimators) (max_depth) (num_leaves) (min_data in_leaf)
[‘goss’ PMI0, PMZS’ ‘dart’] [100,500, IOOOPMIO, PMZS] [4PM25’6,8 PMIO] [8PM25, 32PM10,128] [2OPM25, SOPMIO,IOO, 250]
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Fig. 2. Scatter plots using the GBRT model results for independent test data with feature set 1 (All variables) for
PMyo (left) and PMas (right). Points are represented as the number of observations estimated by a Gaussian
kernel density estimation. The brighter the point, the higher density of the samples.
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Fig. 3. Scatter plots using the GBRT model results for independent test data with feature set 2 (5 selected variables)
for PMo (left) and PMzs (right). Points are represented as the number of observations estimated by a Gaussian
kernel density estimation. The brighter the point, the higher density of the samples.
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Permutation Importances for PM10
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