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Hydrologic Modeling Approach using Time-Lag Recurrent Neural Networks Model
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Abstract

Time-lag recurrent neural networks model (Time-Lag RNNM) is used to estimate daily pan evaporation (PE) using limited climatic
variables such as max temperature (Tum), min temperature (Tnin), mean wind speed (Wixan) and mean relative humidity (RHpean). And,
for the performances of Time-Lag RNNM, it is composed of training and test performances, respectively. The training and test
performances are carried out using daily time series data, respectively. From this research, we evaluate the impact of Time-Lag
RNNM for the modeling of the nonlinear time series data. We should, thus, construct the credible data of the daily PE using
Time-Lag RNNM, and can suggest the methodology for the irrigation and drainage networks system. Furthermore, this research
represents that the strong nonlinear relationship such as pan evaporation modeling can be generalized using Time-Lag RNNM.
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Table 1. Time-Lag RNNM structure

Station Model Input Nodes Output Node
SEO-MOD-1 Toax PE
SEO-MOD-2 Toax . Toin PE
SEOUL
SEO-MOD-3 Toux , Tiin , Wonean PE
SEO-MOD-4 Torex , Tnin , Wncan , PE
SSP-MOD-1 Torax PE
SSP-MOD-2 Torax , Tnin PE
SEONGSANPO
SSP-MOD-3 Toax , Tiin , Winean PE
SSP—MOD—4 Trmx s Tmm N \Nmﬁ:an N Rmean PE
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Figure 1. Comparison of pan evaporation for training and testing performance (Seoul station)
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Fgure 2. Comparison of pan evaporation for training and testing performance (Seongsanpo station)






