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Abstract

Since 2015, the PM, s measurement data has been publicly available nationwide in South Korea, but its use is restricted to after 2015, unlike
other air pollutants. To overcome this limitation, multiple linear regression and artificial neural network models were developed to predict the
daily average PM,5 values in South Korea before 2015. The daily data of air pollution measurement(SO,, CO, Os, NO,, PM,() and meteorological
observation data (temperature, humidity, wind speed, atmospheric pressure, precipitation, snowfall) were used as input variables to develop regional
prediction models for five regions(Seoul, Incheon, Gwangju, Daejeon, Ulsan) and a national prediction model. The models were developed and
validated using the air pollution measurement data after 2015, and applied to predict PM, s values before 2015. The multiple linear regression
model showed R* values of 0.80 nationwide, 0.73 in Seoul, and 0.67 in Incheon, which enabled estimation of daily average PMys values before
2015. The artificial neural network model showed good prediction power with R2 values of 0.79 in Gwangju, 0.81 in Daejeon, and 0.72 in
Ulsan. The regional prediction models showed good prediction power in most regions, and both the multiple linear regression and artificial

neural network models showed good prediction power.
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Fig. 1 Location of air pollutant and meteorological

factor sampling stations.
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Table 1 Levels of factors for MLR Model

Factor Input Variable
Mean
Level Mean, Var
Mean, SD
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Table 2 Levels of factors for ANN parameters

Factor Input Variable Nodes Threshold
1" 0.01
Mean » 0.025
Level Mean, Var 3 0.05
Mean, SD 0.075
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Table 3 Table of the best-performing individual regional MLLR models
R

Area Input Variable In sample g:;p(l):
Nationwide Mean, SD 0.8898 0.8043
Seoul Mean 0.7862 0.7303
Incheon Mean 0.8112 0.6744
Gwangju Mean, SD 0.8526 0.7886
Daejeon Mean, SD 0.8243 0.7851
Ulsan Mean, SD 0.8709 0.5917

Table 4 Table of the bestperforming individual regional ANN models

=
Area (Ng:ﬂl;: ¥$1l111§1d) In sample |  Out of
sample

Nationwide (331;“8""(‘;2 5) 09518 0.7978
Seoul ( 414\662(‘)?1) 08382 07142
Incheon (1}’[16;3%’.03]53) 09386 0.1607
Gwangju ?gg";‘“égg 0.8046 0.7968
Dacjeon ?gg";‘“égg 0.8807 08192
Ulsan (2436;3%’.037]53) 0.9062 0.7296
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Fig. 3 Scatter plot of predicted and actual values derived from the best performing model in each region
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Table 5 The absolute error in no of the highest performing model

In sample Out of sample
Area(Model) Absolute error in Absolute error in
lo 0.50 0.25¢ lo 0.50 0.25¢
Nationwide (MLR) 0.9878 0.8912 0.6619 0.9107 0.6784 0.4006
Seoul (MLR) 0.9593 0.7926 0.4937 0.9041 0.6463 0.3670
Incheon (MLR) 0.9495 0.7844 0.5093 0.7595 0.5010 0.2696
Gwangju (ANN) 0.9827 0.8583 0.5874 0.9202 0.7087 0.4318
Dagejeon (ANN) 0.9780 0.8693 0.6013 0.9484 0.7525 0.4649
Ulsan (ANN) 0.9913 0.9158 0.6701 0.9566 0.7244 0.4409
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