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Abstract

Data assimilation can be used to update the state variables of a model, thereby representing the initial state of
a watershed more accurately than in open—loop simulations. In hydrology, data assimilation is often a prerequisite
for forecasting. Machine learning can learn all nonlinear relationships between inputs and outputs. In this study,
we hypothesized that machine learning can learn the relationship between simulated river discharge and corresponding
state variables in a hydrological model. Once learning is complete, this relationship can be applied to observed
river flows rather than simulated river flows to obtain corrected state variables. Based on this, a machine learning—based
data assimilation approach is proposed. The proposed data assimilation method was applied to a long—term continuous
rainfall-runoff model with two state variables. Well-known performance metrics such as R?, NSE, KGE, and pBias
were used to compare the assimilated river flow time series with open—loop river flow, river flow assimilated using
an ensemble Kalman filter, and observed river flow. The results demonstrate that machine learning can be successfully
applied to data assimilation, with significantly improved performance metrics compared to open—loop simulations
and ensemble Kalman filter.

Key words : Data assimilation, Ensemble Kalman filter, Long—term continuous rainfall-runoff model, Machine
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Fig. 1. Namgang Dam watershed
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Table 1. Performance of Random Forest models based on the
number of preceding days of input data

lag S—model R-model
(day) | R2 NSE | KGE R2 NSE | KGE
0 091 | 090 | 087 | 086 | 063 | 044

0.97 0.97 0.94 0.98 0.98 0.93

0.99 0.99 0.96
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Table 2. Implementation of data assimilation using RF models

date 2018.9.4 | 2018.10.5 | 2018.10.7 | 2018.10.8
P (mm) 59.5 70.0 0 0

Q, (mm) 17.9 13.2 10.3 11.9
Q, (mm) 474 3.5 18.0 7.6
S (=) 0.59 0.44 0.57 0.54
St (=) 0.63 0.40 0.57 0.54
R (mm) | 3.42 0.41 5.62 6.48
R (mm) | 3.42 0.41 7.23 4.96
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Fig. 3. Time series of various simulation results
(a) Year 2015 (b) Year 2016 (c) Year 2017 (d) Year
2018
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Table 4. Performance metrics of various simulation results A8 el 2 & olot AR 2 Aol ZIAlEE Aid A
1 p=} [e] = 1 S = [e]
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