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An Estimation Model of Fine Dust Concentration Using
Meteorological Environment Data and Machine Learning®

Joon-Mook Lim™**

B Abstract &

Recently, as the amount of fine dust has risen rapidly, our interest is increasing day by day. It is virtually impossible
to remove fine dust. However, it is best to predict the concentration of fine dust and minimize exposure to it. In this
study, we developed a mathematical model that can predict the concentration of fine dust using various information
related to the weather and air quality, which is provided in real time in "Air Korea (http://www.airkorea.or.kr/)" and
"Weather Data Open Portal (https://data.kma.go.kr/)." In the mathematical model, various domestic seasonal variables
and atmospheric state variables are extracted by multiple regression analysis. The parameters that have significant
influence on the fine dust concentration are extracted, and using ANN (Artificial Neural Network) and SVM (Support
Vector Machine), which are machine learning techniques, we proposed a prediction model. The proposed model can
verify its effectiveness by using past dust and weather big data.
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{Figure 2> Location of fine Dust Meter Station
(http://www.airkorea.or kr/)
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(Table 1) Fine Dust Related Data(Air Korea)
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Date PM10 (0} NO, CO SO,
(Y-M-D-H) | (ug/m’) | (ppm) | (ppm) | (ppm) | (ppm)
14-01-01-00 163 0.004 0.04 08 0.015
14-01-01-01 152 0.004 0.04 0.9 0.012
14-01-01-02 | 153 0.003 | 0.042 0.9 0.011
14-01-01-03 | 159 0.003 | 0.043 1.0 0.012
17-09-29-21 15 0.005 0.4 0.017 | 0.039
17-09-29-22 17 0.006 0.4 0.016 | 0.041
17-09-29-23 18 0.005 0.4 0.018 | 0.037
17-09-30-00 15 0.00 0.4 0.017 | 0.036
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(Table 2> Weather Related Data(https://data.kma.go.kr/)

AU Roj,

Date 14-01- | 14-01- | 14-01- | 14-01- 17-09- | 17-09- | 17-09- | 17-09-
(Y-M-D-H) 01-00 | 01-01 | 01-02 | 01-03 29-21 | 29-22 | 29-23 | 30-00
Temperatures(°C) 3.3 2.6 1.7 14 3.3 26 1.7 14
Precipitation(mm)
Wind velocity(m/s) 38 2.3 1.7 14 0.7 09 1 1.1
Wind direction(16Directions) 250 250 250 250 360 270 290 290
Humidity (%) 65 66 67 60 41 42 44 53
Vapor pressure(hpa) 5 49 46 4.1 2 2 2 24
Dew point temperature(°C) -2.6 -31 -3.7 -55 45 52 5.2 6.4
Local Pressure(hpa) 1001.9 | 10022 | 10024 | 10025 10089 | 10095 | 1009.8 | 1009.6
Sea surface pressure(hpa) 10125 | 10129 | 10131 | 10129 1019 | 10196 | 10199 | 10198
sunshine(hr) 0528 | 0528 | 0528 | 0528 0528 | 0528 | 0528 | 0528
Solar radiation(M]/m?) 0977 | 0977 | 0977 | 0977 0977 | 0977 | 0977 | 0977
Total Cloudiness(10percentiles) 6 4976 4.976 0 4 4976 4976 0
Middle and low Cloudiness(10percentiles) 6 3.08 | 3.08 0 0 0 0 0
Lowest Cloud height(100m) 10 13182 | 13182 | 13.182 13182 | 13182 | 13182 | 13182
Visibility (10m) 600 |1400.137{1400.137| 600 2000 | 2000 2000 | 2000
Ground temperature(°C) 0 -0.1 -0.3 -04 151 14.6 14.1 135
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{Table 3> Multiple Regression Analysis

T s Pr

Estimate Error t value o It
(Intercept) 347436 | 34214 | 10155 | 0.000
Os 118158 | 11753 | 10054 | 0000
NO; 7352 | 1481 | 4963 | 0000
o 27593 | 0668 | 41.3% | 0000
SO, 300908 | 21470 | 18626 | 0.000
Temperatures| -2.197 0171 | -12.847 | 0.000
Precipitation | -0914 | 0149 | -6.132 | 0000
Wind 0771 | 0129 | 6000 | 0.000
velocity
Wind 0031 | 0001 | 20899 | 0.000
direction
Fomidity 1129 | 0039 | 797 | 0000
Vapor -1073 | 0060 | -17.908 | 0.000
pressure
Local 3779 | 2156 | 1753 | 0.080
Pressure
Sea surface | g q14 | 9135 | -1.834 | 0.067
pressure
Dew point
e | 3305|0149 | 2222 0000
Sunshine 7327 | 077 | -9674| 0000
Solar 2625 | 0468 | 5613 | 0.000
radiation
Total
e | 87| 0068 | -12857 | 0000
Mdde andlow| 5o | 0073 | 6267 | 0.000
Cloudiness
Lowest Cloud| 150 | o2 | 6873 | 0000
height
Visibility 0029 | 0000 | 82226 | 0.000
Ground 0367 | 0042 | -8735| 0000
temperature
Month 1330 | 0051 | 26001 | 0.000
Hour 20020 | 0.024 | -0.836 | 0.403




An Estimation Model of Fine Dust Concentration Using Meteorological Environment Data and Machine Learning 179

(Table 4) Multi-Collinearity Analysis Result

Variable O3 NO, CcO SO Temperatures
Multi-collinearity 1.62 6.73 2.32 587 111.36
Variable Precipitation Wind Wind Fumidity Vapor
velocity direction pressure
Multi-collinearity 1.02 1.32 1.18 28.29 11.15
Variable Dew point sunshine Solar Total Middle and low
temperature radiation Cloudiness Cloudiness
Multi-collinearity 150.61 3.02 3.8 265 242
. Lowest Cloud e Ground
Variable height Visibility temperature Month
Multi—collinearity 114 1.9 14.60 1.30
it o2 T ghol 5 odelH &g
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(Table 5y Multi-Regression Analysis Result of Fine Dust

Estimation
real prediction \;Je;g bad |average| good
very bad 0 19 16 0
bad 0 55 155 0
average 0 48 1348 203
good 0 1 456 483

{Table 6 Accuracy of Multiple Regression Analysis

Prediction Model

category Precision Recall F-measure
very bad 0.000 0.000 0.000
bad 0.447 0.262 0.330
average 0.683 0.843 0.74
good 0.704 0514 0594
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dust_svm < svm(PM10~03+CO+SOy+ 7
T+ F L+ Z T+ A2+ DA+ A QB+ Z 5=

SHrHA A+, data = dust_train,
scaled = TRUE, kernel = “radial”, gamma =
05 C=1)
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(Table 7> Result of Fine Dust Prediction by SVM

real prediction \];ng bad |average| good
very bad 2 12 21 0
bad 0 41 165 4
average 0 10 1391 198
good 0 1 333 606
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(Table 8 Accuracy of SVM Prediction Model

category Precision Recall F-measure

very bad 1.000 0.057 0.108
bad 0.641 0.19 0.299

average 0.728 0.870 0.793
good 0.750 0.645 0.693
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Aow FA4E ANN =g <Figure 4>%

24 5= 3¥ (Precipitation)

E = Wind velocity)
E & Wind direction)

2! 7 (Sunshine)

2! AL (Solar radiation)

4 & 2 (Total Cloudiness)
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& Month)

{Figure 4> ANN Model for Prediction of Fine Dust
Concentration
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(Table 9> Result of Fine Dust Prediction by ANN

real prediction \];ng bad |average| good
very bad 6 20 9
bad 0 98 110 2
average 0 73 1346 180
good 0 2 357 581

<Table 9>Z5E ANNY A% o231 2AA9
Mgkl e dAshs vl 27849 AR T
ol A 2,031747F g gs] dAste] 73.0%9] LA =
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(Table 10> Accuracy of ANN Prediction Model

category Precision Recall F-measure

very bad 1.000 0.171 0.293
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(Table 11) Accuracy Comparison of Multiple Regre-
ssion, SVM, and ANN Prediction Models

prediction ’ . i F-
models Category | Precision | Recall measure

Multiple | bad/very bad| 0602 | 0302 | 0402
Regression | average/good | 0936 | 0981 | 0958
bad/very bad| 0.833 0.224 0.354

SVM
average/good | 0930 | 0.99% | 0962
ANN bad/very bad| 0623 | 0506 | 0.559
average/good | 0933 | 0970 | 0.962
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