A Ensemble data assimilation for operational water quality forecasting
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Abstract

Due to large dimensionality of the state vector and sparsity of observations, the initial conditions (IC) of watershed water quality models are subject to large uncertainty. To improve forecast accuracy
and to quantify uncertainty in the ICs, an ensemble data assimilation (DA) procedure has been developed for the Hydrologic Simulation Program — Fortran (HSPF). To utilize all available hydrologic and
water quality observations, it is important that the DA technigue be able to handle strong nonlinearity in hydrologic and biochemical observation equations in addition to nonlinear model dynamics. The
procedure, which is being implemented for operational use at the Water Quality Control Center of the National Institute of Environmental Research in Korea, uses maximum likelihood ensemble filter
(MLEF) which combines strengths of variational assimilation (VAR) and ensemble Kalman filter (EnKF). The observations assimilated are water temperature, dissolved oxygen (DO), biochemical
oxygen demand (BOD), ammonium (NH,), nitrate (NO), phosphate (PO,), chlorophyll-a (CHL-a) and streamflow. Verification of the control results has been carried out for the Kumho Catchment in the
Nakdong River Basin in Korea (Kim et al. 2014). Verification of the ensemble results is currently under way using the Ensemble Verification System (EVS, Brown et al. 2010).
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