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Improvement of PM2.5 Forecast by Categorical Wide Area Model

Gi Hun LeeT, Hee Yong Kwon'"

ABSTRACT

Currently, fine dust forecast models are operated by dividing the country into 19 regions. Therefore,
it is important to reduce the learning time and the number of models as well as accurate forecast per—

formance to operate lots of forecast models. In this paper, we develop a categorical wide area model

that outputs forecast results categorically and integrates the regions with similar regional character-

istics. The proposed model improved the convergence rate by 223 times compared to the existing model,

which outputs at a single concentration value, and reduced the number of forecast models by a third.
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Territories

Details Region

Central

Seoul, Incheon, Gyeongginam-do,Gyeonggibuk—-do, Gangwonyoung-seo

Gangwon-do Gangwonyoung-dong

Chungcheong-do

Chungcheongbuk-do, Chungcheongnam-do, Sejong, Daejeon

Jeolla-do

Jeollabuk-do, Jeollanam-do. Gwangju

Gyeonsang-do

Gyeongsangbuk-do, Gyeongsangnam-do, Busan, Ulsan, Deagu

Jeju Jeju

Table 2, Observation and Forecast Data,

Type

Attribute

T. Observation data (14)

PM10, PM2.5, TA, RH, U, V, Pa, Td, 03, NO2, CO, SO2Z, RN_ACC, radiation

T, Forecast data (16)

U, V), Temp_850-925

CASE04_PM25, TA, RH, U, V, Pa, MH, 850hpa(gpm, U, V, RH, TA), 925hpa(gpm,
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Fig. 1. PM2.5 Data Distribution,
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Fig. 3. Network structure,
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Table 3. Regression Model structure,

Layer Type Num. of Activa.tion
Layer Function
Output Layer 1 Sigmoid
Hidden Layer 4 8 Sigmoid
Hidden Layer 3 16 Sigmoid
Hidden Layer 2 24 Sigmoid
Hidden Layer 1 32 Sigmoid
Input Layer 42 -
Table 4, Categorical Model structure,
Layer Type Num. of Activa.tion
Layer Function
Output Layer 20 Softmax
Hidden Layer 4 26 Relu
Hidden Layer 3 30 Relu
Hidden Layer 2 34 Relu
Hidden Layer 1 38 Relu
Input Layer 42 -
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