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Focal Area(s) 

(2) Predictive modeling through the use of AI techniques and AI-derived model components. In

this white paper, we propose the design and development of a high-performance computing (HPC)

–powered cyberinfrastructure to provide a computation-efficient downscaling solution that can

interpolate high- resolution predictions of hydrometeorological variables (e.g., precipitation and

flood depth grid) using low-resolution raster-based simulation outputs. The cyberinfrastructure

adopts a theory-guided machine learning approach to enable timely and high-resolution

hydrometeorological predictions for supporting decisions in hydropower operations and mitigation

of multiple water-related hazards (e.g., flood, sedimentation, stream bank instability).

Science Challenge 

What are the empirical connections among hydrometeorology data across different spatial scales? 

What role does the process-related parameter (e.g., land use land cover, soil type, and topography) 

play in this connection? How can we interpolate high-resolution hydrometeorological data (e.g., 

precipitation and flood depth grid) from low-resolution simulation outputs without a tremendous 

increase in the simulation run time and computation cost? How can the generated high-resolution 

hydrometeorology data be validated? 

Rationale 

High-resolution predictions of hydrometeorological variables are critical for supporting 

hydropower generation decisions and flood control at hydroelectric power plants. Traditional 

climate and hydrologic models rely on the numerical simulation of detailed physical processes. 

Therefore, running these simulations is time-, labor-, and computation-intensive. Improving the 

spatial and temporal resolution in these modeling outputs could lead to cubic increases in both the 

simulation time and computational demands, rendering high-resolution hydrometeorological 

predictions expensive and impractical. Many past studies (Rodrigues et al., 2018; Shi et al., 2016; 

Chang et al., 2018) apply the super resolution (SR) technique (Park et al., 2003) to downscale 

climate models using deep learners. However, deep learners are deemed “black-boxes,” as their 

derivation processes from low-resolution outputs to high-resolution outputs are often hidden. Their 

results are difficult for domain scientists to interpret and validate. Thus, there is a need for an 

exploratory machine learning approach that can partially integrate domain-specific theory and 

knowledge into the data-driven mapping process between simulation outputs of different spatial 

scales. The domain-specific theory and knowledge can be incorporated into the data model through 

an inductive approach (Olden et al., 2012; Wagener et al., 2010, 2007) in which process-related 

environmental variables are used and analyzed as key drivers (i.e., environmental surrogates) to 

reflect the complex physical processes (Auerbach et al., 2015). Many of these variables, such as 

land use land cover, soil types, topography, digital elevation, air temperature, and various watershed 

characteristics, can be directly measured through sensors or remote sensing techniques. 

Additionally, SR applications that can downscale hydrological and hydrodynamics models to 

efficiently produce high-resolution (1 m) flood depth grids are still rare. Since the flood depth 
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grid can be used to support critical decisions for flood control operation at hydroelectric power 

plants, it is crucial to enable an SR-based capability for interpolating high-resolution flood 

inundation maps. 

Narrative 

We propose an HPC-powered cyberinfrastructure based on the theory-guided machine learning 

approach (Karpatne et al., 2017). The approach is designed to leverage domain knowledge and 

scientific models to improve the effectiveness of data analytics models in optimizing the 

performance of traditional physical- based models (Shi et al., 2016; Bar-Sinai et al., 2018). The 

cyberinfrastructure aims to provide an exploratory problem-solving environment that allow 

researchers and hydropower managers to accomplish the following: 

1. Upload and share hydrometeorology data, such as precipitation and flood depth grids.

2. Explore the empirical relationships between data of different spatial resolution scales derived

from a combined workflow of machine learning techniques, with the consideration of

environmental- process variables defined based on the domain knowledge.

3. Enable computation- and time-efficient interpolation of high-resolution results from low- 

resolution hydrometeorology data and simulation outputs defined by users.

This proposal's deliverable is a cyberinfrastructure with the capability to interpolate high-

resolution simulation results as a web service. This capability will be generic and adaptive so that 

it can be applied to interpolate raster-based data/simulation outputs that characterize various types 

of hydrometeorological variables. In the prototyping stage, we target the interpolation of 

precipitation outputs from the WRF- Hydro Modeling System and flood inundation depth grids 

from the National Water Model and the Height Above Nearest Drainage tool. 

As a use-case scenario, a user would upload the simulated flood inundation map (as raster-based 

depth grids within the same spatial extents) at different spatial resolutions (e.g., 1 m, 10 m, and 30 

m) to train the theory-guided machine learning model behind the proposed cyberinfrastructure. The

machine learner, consisting of multivariate clustering and classification algorithms, would create

a regionalization based on the relevant process variables (e.g., slope, elevation, and soil

permeability) and establish the empirical communication between the simulated hydrologic data

of different resolutions within individual regions. The process variables should be selected based

on domain-specific knowledge and should be readily available through public sources. In this use

case scenario, the watershed slope and elevation data can be retrieved from Terrain Analysis Using

Digital Elevation Models (TauDEM), and the soil-related information is available from Soil Survey

Geographic Database (SSURGO). Once reliable communication is established, the user can upload

a coarse-resolution depth grid (e.g., 30 m) of a new spatial extent (e.g., a catchment) to the

cyberinfrastructure, and then expect in return an interpolated 1m flood inundation depth grid.

Meanwhile, interactive visual interfaces are provided to allow users to explore the derived across-

scale data communication (as multivariate relationships between data of different resolutions and

process variables). In this setting, the user can justify the derived results using domain-specific

knowledge. The derived across-scale data communication can also provide users with additional

data-driven insights that can benefit hydropower operation and flood mitigation.

We will employ a unsupervised deep self-organizing map (SOM) (Sakkari and Zaied, 2020) to map 

high- dimensional input data—consisting of multi-resolution hydrometeorological data and 

various process- related variables—to lower-dimensional map space, establishing physically 
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interpretable linkages among different resolutions of data and their associated process variables. 

The map space can readily be visualized through the SOM hexagonal layout and other 

multivariate visualizations to help domain scientists explore and understand the linkages, as well 

as to justify the interpolated high-resolution results. The overall design of the cyberinfrastructure 

and the SOM-based data analytics is illustrated in Figure 1. For the cyberinfrastructure 

implementation, we propose the adoption of the Tensorflow-based SOM package (Khacef et al., 

2020) in this project, as the package can be readily deployed on the Summit supercomputer at 

ORNL. 

Figure 1. Overall design and data analytics pipeline of the cyberinfrastructure. 
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