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Abstract

In recent, the hydrological regime of the Mekong river is changing drastically due to climate change and haphazard watershed
development including dam construction. Information of hydrologic feature like streamflow of the Mekong river are required for water
disaster prevention and sustainable water resources development in the river sharing countries. In this study, runoff simulations at the
Kratie station of the lower Mekong river are performed using SWAT (Soil and Water Assessment Tool), a physics-based hydrologic
model, and LSTM (Long Short-Term Memory), a data-driven deep learning algorithm. The SWAT model was set up based on
globally-available database (topography: HydroSHED, landuse: GLCF-MODIS, soil: FAO-Soil map, rainfall: APHRODITE, etc) and
then simulated daily discharge from 2003 to 2007. The LSTM was built using deep learning open-source library TensorFlow and the
deep-layer neural networks of the LSTM were trained based merely on daily water level data of 10 upper stations of the Kratie during
two periods: 2000~2002 and 2008~2014. Then, LSTM simulated daily discharge for 2003~2007 as in SWAT model. The simulation
results show that Nash-Sutcliffe Efficiency (NSE) of each model were calculated at 0.9(SWAT) and 0.99(LSTM)), respectively. In order
to simply simulate hydrological time series of ungauged large watersheds, data-driven model like the LSTM method is more applicable
than the physics-based hydrological model having complexity due to various database pressure because it is able to memorize the
preceding time series sequences and reflect them to prediction.
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MXNet Python, C++, others Linux, macOS, Windows, iOS, Android 2015
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Fig. 1. Basic concept of the LSTM (Olah, 2015)
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Table 3. Summary on country share of Mekong basin territory and water flows (MRC, 2009)
.. Country China Myanmar Lao PDR Thailand Cambodia Vietnam Total
Characteristics
Area in basin (km?) 165,000 24,000 202,000 184,000 155,000 65,000 795,000
Catchment as % of Mekong river basin 21 3 25 23 20 8 100
Flow as % of Mekong river basin 16 2 35 18 18 11 100
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(a) Main water level stations of the Mekong river
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Fig. 2. The Mekong river basin and water level stations
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Table 4. Mean annual discharge at main water level stations

Mean annual

Station Name Catchmegt discharge as % total

area (km®) (ms) Mekong
1 Chiang Saen 189,000 2,700 18
2 | Luang Prabang 268,000 3,900 26
3 | Chiang Khan 292,000 4,200 28
4 Vientiane 299,000 4,400 29
5 Nong Khai 302,000 4,500 30
6 |Nakhon Phanom| 373,000 7,100 47
7 Mukdahan 391,000 7,600 51
8 Pakse 545,000 9,700 65
9 Stung Treng 635,000 13,100 87
10 Kratie 646,000 13,200 88
Basin total 795,000 15,000 100
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Fig. 3. Basic data for SWAT modeling for the study basin
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Fig. 5. Comparison of hydrographs between SWAT and LSTM
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Table 6. LSTM results based on different sequence length information
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