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Focal Areas
Advanced computational methods that integrate AI, physics, and observations to provide pre-
dictive landscape hydrological modeling over large areas (regional, continental, worldwide) while
incorporating increasingly available high-resolution data from drones, lidar and satellite.
Science Challenge
Landscape data is available at finer scales than can be used in physics-based hydrological (PBH)
models for regional or continental terrestrial water modeling. Thus, we throw away observable
detail to achieve computability. We argue that integration of AI with PBH models and ob-
served data can be used to provide upscaling for predictive models that are computable, retain
physical conservation properties, and represent the fine-scale features that affect complex flow
physics through both natural and urban environments. Developing such next-generation capabil-
ities requires outside-the-box thinking that melds the different approaches of AI modeling, PBH
modeling, and observation across multiple scales from local drones to satellites.
Rationale
Overview: State-of-the-art AI is routinely applied in place of catchment-based hydrological mod-
els for prediction of runoff based on historic data, but presently cannot be used for understand-
ing/predicting how changes at small scales (e.g., urban development, climate change) will non-
linearly transform into impacts at regions scales. This area remains the forte of distributed, high-
resolution, PBH models that can handle the meter to sub-meter scale data that is increasingly
available through advanced lidar, drone, and satellite sensors. Features at meter to sub-meter
scales play a controlling role for many flux paths through the terrestrial landscape and PBH
models are presently needed to ensure appropriate conservation modeling of mass, momentum,
and thermal energy. However, PBH models run up against a computability barrier when trying to
upscale from local to regional or continental scales while retaining fine-resolution fidelity. Indeed,
global earth surface models typically run at grid scales larger than 50 km, which requires replacing
the detailed processes of PBH models with simplistic approximations that distort nonlinear effects
of landscape heterogeneity. Because PBH computational runtime increases by 8× for a 50% re-
duction in length scale, it will be more than 100 years1 before we have the computational power
to run a global PBH simulation at the true scales of landscape heterogeneity. High resolution
terrestrial modeling was recently accomplished at ORNL to look at flooding from Hurricane Har-
vey with DOE’s multi-GPU machines [3]. However, it is clear from the performance metrics that
we are a long way from taking the 7000 km2 modeled at 10×10 m and moving to a continental
scale at 1×1 m. Thus, there is a need for research focused on how AI can be melded with PBH
to address the upscaling challenge and create an entirely new computationally-efficient approach
that can be applied in the next decade rather than waiting for the next century to roll by.

1Assuming the doubling of computational power every 2 years will continue indefinitely.
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Research Needs/Gaps: AI has already been coupled with mechanistic models in fluid mechanics,
both as a subgrid turbulence closure in atmospheric modeling and as “Physics Informed Neu-
ral Networks” or “Hidden Physics Models” to replace traditional Computational Fluid Dynamics
(CFD) models [2, 4, 5]. However, in these approaches the fine-scale processes are represented
against a homogeneous background boundary conditions; that is, turbulence is the same every-
where so a model trained in one place is transferable to another. Unfortunately, the same cannot
be said of the meter to sub-meter feature scales that control flux paths across the land surface.
Both natural and man-made landscapes are heterogeneous at almost any scale, so any AI model
naively trained for upscaling using a particular landscape is unlikely to be transferable to another
location without significant retraining. Thus, the Key Research Question: How do we combine
AI, PBH, and observational data to represent effects of fine-scale features at a coarse scale
while (i) ensuring conservation of properties and (ii) creating a transferable approach across
heterogenous landscapes with minimal retraining?
Barriers to Progress: There is a need for out-of-the-box thinking and investigation of new ap-
proaches to address coupling of AI and PBH models. It seems likely that there will be a number
of dead-ends before a truly scalable and transferable method is developed. The Key Barrier to
Progress is that prior approaches to melding AI and physics require transferable subgrid be-
haviors, which is not directly applicable to melding AI and PBH for heterogeneous landscape
fluxes driven by unique, local, small-scale features.
Justification and Benefits: Methods for melding AI models, PBH models, and observational
data are needed to integrate earth surface modeling frameworks with the high-resolution earth
surface data that is becoming more widely available. Thirty years ago our PBH models typically
had finer resolution than our known terrestrial data. About 15 years ago we quietly crossed a
threshold into a regime where we almost always have higher-resolution boundary condition data
than we can directly represent in a regional PBH model. We can expect the disparity to grow if
we follow the present PBH modeling paradigm. New methods to meld high-resolution data into
integrated AI/PBH modeling frameworks will transform our ability to produce reliable predic-
tions of upscaled nonlinear effects. Such capabilities are needed to be able to understand how
anthropogenic landscape changes will interact with climate change to alter the hydrosphere..
Narrative
Technical Description of Opportunities and Approach: We don’t know whether the best approach
to melding AI and PBH will be AI→PBH, i.e., trained AI of small-scales feeds a coarse-resolution
PBH model, or a PBH→AI, i.e., fine-resolution physics model trains a large-scale AI to interpret
flux effects of features. Each approach has different advantages and its impacts on computational
efficiency and predictive capability will only become apparent through detailed investigations.
Furthermore, out-of-the-box thinking inspired by this challenge might provide entirely new ways
of integrated modeling. Evaluation of different approaches will hinge on (i) ability to conserve
fundamental properties, (ii) transferability across different landscapes, and (iii) computational
efficiency in training and application over large scales.
Activities to Advance Science:

Hydrological testbeds – The major barrier to developing new modeling ideas is obtaining test
data of sufficient resolution and variety. Thus, there is a need to organize several computational
testbeds at different sites covering a range of hydrological regimes. These testbeds should have
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high-resolution lidar data (1 m or better) and extensive hydrological monitoring. It seems likely
that ongoing observation programs funded by NSF, EPA, USDA, and USGS might be leveraged
in selecting the testbed sites. In particular, DOE should make contact with the NSF-sponsored
CUAHSI2 and the NSF Earthcube project. A workshop will be needed to pull together community
knowledge and evaluate possible sites.

Evaluation metrics – Since we don’t know what modeling approach will be most effective,
there is a need to develop common evaluation metrics that will be used by different research
teams to provide consistent quantitative comparisons.

Baseline models – Few modeling teams will have balanced expertise in both PBH and AI
modeling. Thus, science will advance more rapidly if we can develop a baseline PBH model for
AI researchers to use and vice-versa. Naturally, teams would be free to develop/use their own
models, but having a set of baseline models would likely increase the number of research teams.

Proof-of-concepts – Simultaneous funding for multiple research teams to explore different
AI/PBH approaches should be provided. These should be directed at teams with different visions
to provide proof-of-concepts for the testbed sites. Such teams will probably be relatively small.
Once the testbeds, baseline models and evaluation metrics have been developed, the research
thrusts to develop new modeling algorithms should likely be 2 years or less.

Integration into earth modeling framework – Community comparison of the proof-of-concept
models should lead to a consensus on the best candidate for integration AI/PBH into the larger-
scale earth modeling framework. Work to integrate the new ideas into existing models will
undoubtedly require several years and a much larger team to build and test the software.
Examples:

Figure 1: Comparison of small scales using satellite, 1×1 m lidar, and
20×20 m gridded terrain for PBH model in a high-resolution model.

As an example of the un-
derlying challenges, Fig-
ure 1 shows how terrain
processing loses informa-
tion that is readily visi-
ble in satellite and lidar
data. The red line across
Fig. 1(b) is a railroad dike
and trestle, which is sub-
stantially distorted even at a 20×20 scale. A PBH flux model at this scale (or larger) cannot
capture correct flux blockages and paths [1].

Figure 2: Background terrain and discrete ob-
jects (only positive objects shown).

Figure 2 shows filtered background terrain and
an inventory of discrete objects. The challenge for
melding AI, PBH, and observations is to use AI
to represent flux effects of objects on the PBH
model. This challenge is beyond PBH modeling
alone, but arguably is a place where creative linking
with AI provide efficient upscaling and, linked with
PBH, conservation of properties.

2Consortium of Universities to Advance Hydrological Science, Inc.
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