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ABSTRACT

As fine dust negatively affects disease, industry and economy, the people are
sensitive to fine dust. Therefore, if the occurrence of fine dust can be predicted,
countermeasures can be prepared in advance, which can be helpful for life and economy.
Fine dust is affected by the weather and the degree of concentration of fine dust
emission sources. The industrial sector has the largest amount of fine dust emissions,
and in industrial complexes, factories emit a lot of fine dust as fine dust emission
sources. This study targets regions with old industrial complexes in local cities. The
purpose of this study is to explore the factors that cause fine dust and develop a
predictive model that can predict the occurrence of fine dust. weather data and fine dust
data were used, and variables that influence the generation of fine dust were extracted
through multiple regression analysis. Based on the results of multiple regression
analysis, a model with high predictive power was extracted by learning with a machine
learning regression learner model. The performance of the model was confirmed using
test data. As a result, the models with high predictive power were linear regression
model, Gaussian process regression model, and support vector machine. The proportion
of training data and predictive power were not proportional. In addition, the average
value of the difference between the predicted value and the measured value was not
large, but when the measured value was high, the predictive power was decreased. The
results of this study can be developed as a more systematic and precise fine dust
prediction service by combining meteorological data and urban big data through local
government data hubs. Lastly, it will be an opportunity to promote the development of
smart industrial complexes.

KEYWORDS : Fine Dust, Weather, Big Data Machine learning,Smart Industrial Complex

=AM BE P T Ao o

H 2 dA ook et TS vAmAe] e 2

= Z}o] FoisEA oklBES lviska, ol

vARAE BEA, AEeA e wby A AR 9FS v A viAaA

ylootshsl go) Qlzke] wMnt ohjet gy WAl AR Wl TR 2usA) o
7, A egAR 5 AlE - AARoRE $x  °F LEFE AF A, AR A

oFe S ALk Kyung et al (2015)°] ] olsh o wlzIe) whdo] ALl - BAL.

A, ZUAIRA (PM25) S0} 10ug/m 71 IR Eolel el R v,

52 ok wo] 9% 71sta, A @PMI)  PAIEAE SERe Dustst eESS Sehe

BE7b 10ugm F7FR5S wdsidgsdg Phobla 5 wel® FolE whee] TAEX

@ Qo] 2.7%. U]—/K-]g;‘ﬂ;déj_ 7 Apgo) nlo}f 2= AlFo7t AAY T, 759 v

1% Z7beitha @it} ols} o] mamx=  AlEACl iR #Ev TS Ao mEbd

A7 9&er W o} _7;\_31?:_1 EEa=s AR S vl oSske] ARl Add

of 3= HbmAgl 7L Huhakele] 1A ol o wlg] t|E ¢ UEE Srphd Al
WA} EAsRs A ke 22 Ade ST, ARlEEelY AAlgsel
e EaE & Zlolth

-

:iioiﬂfri
2
D

¢

o

)



94 Machine learning=based Fine Dust Prediction Model using Meteorological data and Fine Dust data

SEuERs 20049 49RE d=e dir]e
AS5AENA S vAEAE 28 o7
AL ARE FAYshE A7H] G R
AR (NAMIS) & T-538te] JRE Alsst
a9l o]F 20054 12€ 28YUdll= ‘oflojm
glop gh= de AARE 7o s S 29
oA E FHTle] A Hulo] WedE ARE
A A HE = JEF siith o= 4
ARE 5783 AARE dlolehs AeolA] B
o] QI71= aRAINE wig] din|e 4= Sl ARE
2 o f7h §laL, ARE tiERE 7hssh shAlf o)
AUTE wEbA wAHA] RS 5 & Qe
W e] o] dasity 53] 43} A A
tjel] oj&gl= AvfEY|EY AW ys &8st
o B} st oS5eo] £2 W o]
3 Q3

nAHA] ] R AL 71 vl
Hol Fom, I Ao mAaHA| wjEdo] o
v SRR 183 wlEREE o= Rl
7ol wet A #e-Eoh Su vAH=] wlE
FE opdR BH A 37%, v 28%, A
g 20%, A 15% ToF =o}, AkdAA
nAA] A e gi@e] 53] Axevt
(Ministry of Environment, 2017). 53] EA|
el A8 AR 7E o viEde] Blow
gz Qrk Abdk2 spAR 7IHEe] <A
FTHTEE O 2477 wiEET, b
o] ARH-E AT HERES] 76.8%F AAE
ALZ 9g2el 2otk (Ministry of Trade,
Industry and Energy, 2020).

AdAow B, ekt wAA] wiE A
o] & HEAISlE 28, =FARIEA (0]
=5 7F EAskaL AZHAE A oS A
FTAaEAG = vAAHAe] v A
= o, AlRlEelA didslE| o
T2 =AREY o vz RESE

C R 2 ATtelliE AREAE oY
2

—

e

—_—

10 4y Y o oF O

=S ARATHR] THESY
ADLEARAERR] AfQ] T2

S e A w38 EA] (2020)
of oJahd, $-gluete] AFdwAl= 2020 3%
715 7o ® Hxel F 1,255717F A7
Qom, AdebA = A 5097 $-2ueke] 4
Adgs olEoIstth AR AMIHAITE %
slEA 38 7HsE Ash AV e =
E e 59 AV g Sl olel
A= 20199 11€e] 2E3E AFYguix
g7z Al ot AR gzl ARlS S
st Az, HHe 22 - A7, A
7 AAe] BA3E wrstual AT, o)
AR Abe] Bl dAS SO
FHE o] FEA szl A7) Stk

019} FAHl AR-E= ARIEAE sl =
A wiste] d=dos s WwiEa
APAABAG S = FAkel 1 A
A gt A ow Argste] RIS
A FHOE ARIFHE fs 7Nk
te . SRl A= B3t o]sljt
=2 A7t 5o #AZE o Avksiil
St Sl Aotk Akt &84
TR 3he Aol wmFakeks Ak
TESAIZ] A, vEE AT R HEA
e w2 A7) ek
A, AHollMs AdeA 9] AzFAE ¢
3 AntETAS BET W oolyz) Aldte] T
A9 Qlazet F5o] mFah] wiel Ak 7]
Aol AMAEANE festaak AREA] WAE
~nlESL sl E AEE vk YAE 3
A’ o] F3tE Y A AntEIRAITA]
2 9e At o, 2020 79
1y S wd FEAE 9 1049 A F
sz A4t A=z $Q3 ARl 31y
Ik 73 9ol AntEgfakd Az
2g shas] Aol 77 AbS XA sked
22 AAYS 2 213 g Ag ez
AgketE = AlEs 7 lck

o)y} o] I Ak} i) Fo3 AF

A

<
N

% o

L 1o

X ooN d
o b g
o

e

-4
o Il N 2 o

=
tlo i
)

N

|

]_\

]

.
¢

[>



T ClelE ) BIAIEA Bo|EE E4th mAE TR BAHA % 29/ THE - BEY 95

o] Ay ot H AtelM= AlAIHL
2 oJu] 42} ARIEEA o XIshEA AmtE
slo] #Hdo] AFEIL glorR Abgke] AniE
sl =8-S FaAl Fth AvtEAlce] FaliA
T A AFEh uiel o] ARelA AwtETY
he] Ade ARsta FIsta gloers of
ZlelA Bt e HEsN] A7 HeE
getarzt stk

o) AnfEgRAg RS By 37H
olfrd M-S AAstar Qe AR SwHolA
2298 Ar Fokdoz A3k F37F S A
Aeka X3 Alko g HAls, Al SHoA
E Ay s3to g gnpEry) o] Ay
skl 9ok sARE B At Akt x|
~ulESE galow dlual Y, 1 FoA
et TS FuAk gk 2 ATe
T ARIEAE ARtE AROAE A 9o
AAZ17] st g Fo] Sl 7 Aol A
2utE 71es 89 nAEA] dAs 53t

| Toxtle

AT AR M L B

AT A= A A9 E LT @A
2 3Idch A 1978 39 15Ye] A
=] 1A, =5 B Ax JFE F
o7 9% 1 vk 2020 FA Z 599719
& drslidleor, dFded TEEE 1
Y 13} 2} o] F 35170 el AxYd T
o= AA ¥ 58.6%%F AA|SH}

Fakte] F ty|eded w2
= a9 29 2o, 15 AR (IR 80E 9]
HiEehs ARG 23 2% AR 208
ol 80F W|RF WiEsh= AFA) T3, 3F At
QA7 108eA 20% w9k HiEsh= AFY
) 33, 4% AR (AR 2E o)A 10E vt
HiEshs AR 113 5% AR (A7 28
vtk wjEshs AR 323oldh ¥ 13 1
d 28 vwd] By, grjedsd wAge] 1

oy

o
ox

Rubber ond plostic
mao i

Medical, precision, optica
manulochuring

|
|
widen, oudio and communication [ |
.

Per sonal and consumes goods repic [0 Real estate

‘Non-metaliic mineral
B onfocturing
instruments ond wolches I Eioctricnl moufocting

Furnitwe momufoctoing [ Other products momocturing [ Supely of slectricty, gos,

mm ‘Met ol monuf octuring
kil " Caor ond traer monudfocturing

] Wasle on, romsporiation,

collect
steam and ai conditioning treatment and row molerial recyciing

FIGURE 1. Sangpyeong industrial complex industry map
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FIGURE 2. Distribution of factories generating air pollution in Sangpyeong
industrial complex
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Air quality sensor
Fine dust electronic board
Fine dust measurement station

FIGURE 3. Location of sensors for air quality and fine dust in Sangpyeong
industrial complex
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TABLE 1. Comparison of research cases
' . predict predict power
Case Predictor Area Date Analysis level evalustion
Weather data, Classificati
Lee(;g;O)Lee Air pollutant data, Seoul 3812121 3 Random forest on F1
Fine dust data : (daily)
P Accuracy
) Classificati [
Kim Weather data, 2016.1.1 , Specificity,
(2020) Air pollutant data, Seoul 2019.6.30 XGBoost, Ensemble on Responsiveness,
(Hourly) "
Precision, F1
Seoul Gangnam, Busan
Jeon and .Weather dat, Haeundae, Incheon Classificati
Air pollutant data, . 0.1.1.— Deep neural network
Son Fine dust in China Bupyeong, Daejeon 15.12.31 model on Accuracy
(2018) S ’ Seo—gu, Gwangju ' (daily)
eason
Buk—gu, Daegu Dalseo
Cha and _ Avtificial neural .
Kim ai\rNezhhtJ ?;n(]tlaszta Seoul 22001147'1613'1 network, K—Nearest n%?j{'?al Accuracy, Eror rate
(2018) P - Neighbor y
Kim et al.  Drone air measurement B LSTM(Long numerical
(2019) sensor data 21,600(s) Short—Term Memory)  (20%) RMSE
Lim Weather data, 01441 — Classificati ~ Match degree,
(2019) Air pollutant data, Seoul 2017‘ 9 3'0 SVM, ANN on Precision,
Date data - (Hourly)  Responsiveness
nlive , Regression numerical
Oh ' B analysis, ARIMA, Coefficient of
(2017) Fine dust data Seaul 2001-2015 Exponential smoothing, (Monthly determination, RMSE
. . <" average)
Time series analysis
2009 numerical
Yoon ét al. Rail Wear Measurements Urban Railway (2.15-3.5),  Create calculation (For 1
(2018) (all sections of Line' S) 2010 formula train
(8.26-9.18) operation)
Yeo and Spring, Fall numerical  Linear comparison
Kim Children activities Daycare indoor (2 times in 5 Lumped model (By graph of predicted
(2019) days) activity) and measured values
Weather data, 2012.5.1.— ) !
SO““. and China GTS data, 2013.8.12., Multile regression numerical Correlation
Kim . . ; Seoul model, Threshold . .
(2015) Air pollution materials 2014.1.1.- Regression Model (daily)  coefficient, RMSE
data 2014.7.31
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TABLE 2. Fine dust measurement station location in Jinju

Name Address

Measurement network

Daean—dong

1052, Jinju—daero, Jinju=si, Gyeongnam

City atmosphere

Sangbong—dong

12 Bibong—ro 85beon—gil, Jinju—si, Gyeongnam

City atmosphere

Sangdae—dong

270, Dongjin—ro, Jinju=si, Gyeongnam

City atmosphere

Jeongchon—myeon

1340 Yehari, Jeongchon—myeon, Jinju=si, Gyeongnam

City atmosphere

Jinju

Location of fine dust measurement, and weather station

in Sangpyeong Industrial Complex

fﬁm@ measurement station

FIGURE 5. Location of fine dust measurement, and weather station in
Sangpyeong industrial complex
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TABLE 3. Data

Data Variable Missing value processing Converted to daily data

year average year
Date data month average month
day average day

PM10(ug/m) average maximum

PM2.5(ug/m) average maximum

Fine dust related data O3(ppm) average maxfmum

NO2(ppm), average maximum

CO(ppm) average maximum

S02(ppm) average maximum

temperature fluctuations(C) average temperature daﬂy maximum
—temperature daily maximum

temperature(C) average minimum

precipitation(mm) 0 minimum

wind speed(m/s) average maximum

wind direction(16 directions) average average

humidity (%) average maximum

Weather related data vapor pressure(hPa) average maximum

dew point temperature(C) average maximum

local pressure(hPa) average maximum

sea level pressure(hPa) average average

duration of sunshine(hr) average maximum

insolation(MJ/n) average maximum

total cloud amount(10 quartile) average maximum

visibility average minimum
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TABLE 4. First multiple regression analysis result

Independent variable B value t value p value
year -1.658 -1.116 .265
month -0.510 -1.915 .056
day —-0.029 -0.343 732
PM2.5_MAX 1.107 13.364 .000
03_MAX 13.465 0.532 .595
NO2_MAX 357.371 4.265 .000
CO_MAX 5.315 1.240 215
SO2_MAX 373.513 2.312 .021
temperature fluctuations 1.148 2.627 .009
temperature_MIN 1.011 1.958 .051
precipitation_MIN —58.978 -0.300 764
wind speed_MAX 3.189 3.444 .001
wind direction_AVERAGE 0.000 0.010 .992
humidity_MAX -0.441 —2.760 .006
vapor pressure_MAX =3.207 —7.861 .000
dew point temperature_MAX 2.323 4.099 .000
local pressure_MAX —-0.158 -0.240 .810
sea level pressure_AVERAGE 0.239 0.378 705
duration of sunshine_MAX 1.171 0.253 .800
insolation_MAX -2.795 -1.302 193
total cloud amount_MAX —0.409 —-1.257 .209
visibility_MIN -0.005 —2.460 014

TABLE 5. Second multiple regression analysis result

Independent variable Tolerance VIF
PM2.5_MAX 461 2117
NO,_MAX 456 2.193
SO,_MAX 820 1.219
temperature fluctuations 442 2.264
wind speed_MAX .851 1175
humidity_MAX 287 3.488
vapor pressure_MAX .046 21.928
dew point temperature_MAX .036 27.515
visibility_MIN 387 2.582
w3 7Rl =& WHolth Fhe Aol ot 5, FE, AEE deR S5 PMI0C]
A, A AR AFagle]l e WSk gt 32k o3 AEAS AT B
£790] Sl = ¥ 6, 79 2,
708 H=HWE PM2.5, NOg, SO, diAl, 32k thgsl A F RART @ 0.5410.%,

TABLE 6. Analysis of variance

model Sum of squares Degrees of freedom Mean squared F value p value
Regression 350124.084 7 50017.726 121.886 0.000
Residual 296693.864 723 410.365

Total 646817.948 730
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TABLE 7. Third multiple regression analysis result

Model R R

Adjusted R° Standard error of the estimate

Regression 0.736 0.541

0.537 20.257

PM10_MAX=1.068 (PM2.5_MAX) +334.002 (NO,_MAX

) +441.206 (SO, MAX) +1.158

(temperature fluctuations) +3.133(wind speed_MAX) —0.056 (humidity_MAX) —0.005 (1)

(visibility_MIN)
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RHQl A9 A=x7) 229ppm=E 71 =4 U &L 70:309 vER 53 A9 SVME
Bt olglnt [ ASA-CSA o w2 3o RMSE JNFow o= 7 ©2ma19
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dole] & 3671 F 30709l 57t Bargk olst 2
o AolE nelrh =
1) e
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OL,
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=, AS5A %
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TABLE 8. Machine learning results

S A, |95

022 vebston, o AHE 957 S0
| ]

Train : Test Spring Summer Fall Winter
Robust Regression Linear Regression Quadratic SVM Linear SYM
(19.604) (22.500) (21.824) (13.969)
Linear Regression Robust Regression Linear SVM Squared Exponential GPR
(19.663) (22.512) (22.543) (13.978)
Linear SVM Squared Exponential GPR Robust Regression Rational Quadratic GPR
(19.79) (22.678) (22.553) (13.978)
Squared Exponential GPR  Rational Quadratic GPR Stepwise Regression Robust Regression
(19.979) (22.678) (23.017) (13.985)
Rational Quadratic GPR Matern 5/2 GPR Linear Regression Matern 5/2 GPR
Train:Test (19.979) (22.701) (23.363) (14.008)
=70:30 Robust Regression Robust Regression Cubic SVM Matern 5/2 GPR
(17.416) (11.234) (27.391) (16.018)
Linear Regression Linear SYM Robust Regression Squared Exponential GPR
(17.441) (11.395) (27.493) (16.021)
Linear SVM Linear Regression Quadratic SVM Rational Quadratic GPR
(17.595) (11.594) (27.517) (16.021)
Squared Exponential GPR Stepwise Regression Linear SVM Coarse Gaussian SVM
(18.011) (11.631) (27.603) (16.047)
Rational Quadratic GPR Coarse Gaussian SVM Bagged Tree Linear SYM
(18.011) (12.239) (28.337) (16.06)
Quadratic SVM Linear SYM Quadratic SVM Quadratic SVM
(23.744) (16.889) (27.166) (15.431)
Squared Exponential GPR Robust Regression Linear SVM Linear Regression
(24.264) (16.976) (27.786) (15.524)
Rational Quadratic GPR Stepwise Regression Robust Regression Robust Regression
(24.264) (17.112) (27.914) (15.557)
Matern 5/2 GPR Linear Regression Bagged Tree Exponential GPR
(24.321) (17.272) (28.625) (15.803)
Linear SVM Coarse Gaussian SVM Coarse Gaussian SYM Squared Exponential
Train:Test (24.379) (17.473) (28.805) GPR(15.962)
=80:20 Boosted Tree Linear SVM Quadratic SVM Quadratic SVM
(22.177) (16.981) (19.99) (16.004)
Linear Regression Robust Regression Linear SVM Robust Regression
(22.229) (17.045) (21.403) (16.172)
Robust Regression Stepwise Regression Robust Regression Linear Regression
(22.278) (17.079) (21.44) (16.43)
Stepwise Regression Linear Regression Stepwise Regression Stepwise Regression
(22.397) (17.146) (21.451) (16.434)
Matern 5/2 GPR Matern 5/2 GPR Cubic SVM Squared Exponential GPR
(22.48) (17.24) (21.6%) (16.608)
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TABLE 8. Continued

Train : Test Spring Summer Fall Winter
Robust Regression Robust Regression Quadratic SVM Exponential GPR
(22.532) (16.23) (25.627) (15.246)
Linear SVM Linear SYM Cubic SVM Rational Quadratic GPR
(22.756) (16.261) (25.791) (15.667)
Linear Regression Stepwise Regression Bagged Tree Squared Exponential GPR
(22.86) (16.517) (26.534) (15.687)
Matern 5/2 GPR Quadratic SVM Stepwise Regression Linear SYM
(22.862) (16.649) (26.746) (15.732)
Bagged Tree Coarse Gaussian SVM Robust Regression Matern 5/2 GPR
Train:Test (22.901) (16.709) (26.793) (15.733)
=90:10 Linear Regression Robust Regression Quadratic SVM Quadratic SVM
(22.509) (16.235) (25.522) (15.395)
Robust Regression Stepwise Regression Bagged Tree Robust Regression
(22.512) (16.241) (26.205) (15.6)
Squared Exponential GPR Linear SYM Stepwise Regression Squared Exponential GPR
(22.678) (16.25) (26.360) (15.708)
Rational Quadratic GPR Linear Regression Robust Regression Rational Quadratic GPR
(22.678) (16.603) (26.447) (15.708)
Matern 5/2 GPR Coarse Gaussian SVM Linear SVM Matern 5/2 GPR
(22.701) (16.883) (26.467) (15.772)
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