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ABSTRACT

Due to the human influence of particulate matter, various studies are being conducted to predict it using past data
measured in the atmospheric environment monitoring network. However, it is difficult to precisely set the measurement
environment and detailed conditions of the previously designed predictive model, and it is necessary to design a new
predictive model based on the existing research results because of the problems such as the missing of the weather data.
In this paper, as a previous study for particulate matter prediction, the conformity of the algorithm for particulate matter
prediction was evaluated by designing the prediction model through the multiple linear regression and the artificial neural
network, which are machine learning algorithms. As a result of the prediction performance comparison through RMSE,
18.13 for the MLR model and 14.31 for the MLP model, and the artificial neural network model was more conformable
for predicting the particulate matter concentration.
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Table. 1 Parameters and algorithms of related studies
Author Parameters Algorithms
A. NO, NO2, CO, 03, Wind RAAII:III\{I
Chaloulakou | speed(m/s), Temperature(%), (Hidden layer
etal. Humidity(C), Wind direction ) 4
NO, NO2, CO, SO2, Wind Generalized
Munir etal. | speed(mys), Temperature(%), Additive
Humidity(C), Wind direction Model
Wind speed(m/s),

M. M Temperature(%), Humidity( C), . ANN
Dedovic et 3. | (Hidden layer
al Pressure(hPa), PM10(zg/m?), 1)

’ Weekdays, Hours '

S02, NO2, CO, 03, ANN
Precipitation(mm), Wind .
J.W. fha et speed(m/s), Humidity(%), (Hldéeln layer
ak Daylight hours(hr), K N)N
Temperature( C), PM10(ug/m?)




S22 EAISHS| =2 X| Vol, 23, No, 1: 20~26, Jan, 2019
I, oJMHZX| sISS

et 7

3.1. CkE M8 3|7(MLR) =&

X
oL

N
ol
'3
_O|L
WOrE (r ook

Of
-

e
e e ot

i e

HA(simple linear
regression analysis)2}al 3132, & 7] o]AFS] EHH S
of WisfR e s WshE ook e o
% A4 39 A (multiple linear regression analysis)©]

2} gk

e A E 27 v AR 27 71 AE S 2 A
ok AR 2719 - ol Y] SHHeE AR
=M % 58S wY & ok SHHSTH AL o
& A% o919 WEALE St LA AEE Ha
2 8= 2 Al osf 4] (1)} Zo] 4243} k.

Y, = By + B X, + 8%+t B, 1

oltfl, 3, 2] HA 5 (coefficient) & 2Jn|st X, =k
WA o ZQIA o Eatnnt sk Wg V5 A
Zkolrk. ofol we} A4 mA| WA Fre} paE V) Fa
A HE| o] ATAS Fow vHHA S S| 7}

L o2 R— 1w
s3lhs oju] 7L FTH12],[161,[17].
2 =wlde 4 4 25 55 55 3% 03,

NO2, CO, SO2& E¢ #4i AMg3le] 4] (22 2o
PM109] o= 2ES A K o] i M2 4, D=

U, WS F4, WD 3 oJv|dlch
Y= —0.94M+ 0.11D

+ 047emp — 0.14Humi — 0.53 WS

2
+0.01 WD + 575.480, + 897.36 NO,

+ 33.43C0+ 2760.6150,

22

=1}

32. I3 LHYANN)

=
QB A B Hokel Q1 AT 71 Bt 2l
A Bstoll Al QIzbe] w7k HuE Helshs 7S nY
2 3 ob7 e Aotk Q1F AT AT M ws)
2 R(=E)E Afolo] A2 T, o) 7HEAE 7
Alshe SH5IPY, Ao 2 frele] 1 Qe B
st 2oz uaFE 2%} R4S B HolH

A3} S AukA © 2 sigmoid, hyperbolic tangent,
ReLU §=7} AHE-=|H, 1 &0l whet input gk 01}
I, Bz - 13F1 Ao] 9] &9 gho = HEtste] oh3 w1l
© 2 AdsA Hrt

Neurons
(activations)

e &\ Vs P
. ‘\\ v Qutput layer
— N\ @/ put lay:

Hidden layer

Input layer

Synapses
(weights)

Fig. 1 Simple Neural network example
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