EEMD 7]4Wte] tAHA] T o= nd

e - olEA - oxY
e ET e L]

Particular Matter Concentration Prediction Models Based on EEMD
Yong-jin Jung - Jong-sung Lee - Chang-heon Oh’
Korea University of Technology and Education

E-mail : jungyj0211@koreatech.ac.kr

UHRA] oI5 FEE FYL 9s) TRt A7) o 2olA| T oLt nHA] S=o] ulE chy
& 540= o8] el ne] shgol A o] RolA|A S BAIL AUtk B 2oL ulA9A
£o E4g Baflsto] SA2 wrish] gt EEMD Z[5k] D[RRl B o5 R@e Algraict oA
YA w2 EEMDE §ol 2ol ¥, 247 =59 54 e o A2 FYEsil A% oA
= e SEUAC. 2R Y W A 917% 0NTA B o5 HHeg Hesion

ABSTRACT

Various studies are being conducted to improve the accuracy of fine dust, but there is a problem that deep learning
models are not well learned due to various characteristics according to the concentration of fine dust. This paper
proposes an EEMD-based fine dust concentration prediction model to decompose the characteristics of fine dust
concentration and reflect the characteristics. After decomposing the fine dust concentration through EEMD, the final
fine dust concentration value is derived by ensemble of the prediction results according to the characteristics derived

from

each. As a result of the model's performance evaluation, 91.7% of the fine dust concentration prediction accuracy

was confirmed.
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