Journal of Wetlands Research ISSN 1229-6031 (Print) / ISSN 2384-0056 (Online)
Vol. 23, No. 2, May 2021, pp. 144-153 DOI https://doi.org/10.17663/JWR.2021.23.2.144

£27|NOIZREE BES HHE Chi-a 374 MHoEHT
2Rp’
AL SUELENL

A Study on the 3-month Prior Prediction of Chl-a Concentraion in the
Daechong Lake using Hydrometeorological Forecasting Data

'
Kwak, Jaewon

Han River Flood Control Office, Ministry of Environment. Seoul, Republic of Korea
(Received : 01 April 2021, Revised : 21 April 2021, Accepted : 21 April 2021)

29%
3 RS g S A K 2 SR s olc @) Bl 72 Belel Auiddas
B el ® ok sjov WA 24 ol F o P12 0] At dgelct ool & ol
Lt 5] nebtE A th350] Chi-a SE2 1Y ARelZsh] Sish e Aot 1 A84S AEskud
e, oI siskel eel s ol ECANIS] 457 kA S oxae ot AP Aol 54
2 BAsgeh. 429 Chi-a S=ete] 4o 2 Jolsl BAS uigom FRI4IAE AHskn AdAE 7}
A5 NARKSE o}getel H29] Chiaol et V1Y 4% BRE FHGA0R, 2] o ML 56
o Bgo| g2 ANt

S{AIR0] : AHe]Z, Chl-a BB, NARX 2.4, flo] 23 2.4

Abstract

In recently, the green algae bloom is one of the most severe challenges. The seven days prior prediction is in operation
to issues the water quality warning, but it also needs a longer time of prediction to take preemptive measures. The
objective of the study is to establish a method to conduct a 3-month prior prediction of Chl-a concentration in the
Daechong Lake and tested its applicability as a supplementary of current water quality warning. The historical record
of water quality in the Daechong Lake and seasonal forecasting of ECMWEF were obtained, and its time—series characteristics
were analyzed. The Chl-a forecasting model was established using a correlation between Chl-a concentration and
meteorological factor and NARX model, and its efficiency was compared.
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Fig. 1. ECMWEF projection for global scale
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Fig. 2. NARX scheme
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Fig. 7. Validation result of NARX model for Chl-a
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