
Abstract Flooding impacts are on the rise globally, and concentrated in urban areas. Currently, 
there are no operational systems to forecast flooding at spatial resolutions that can facilitate emergency 
preparedness and response actions mitigating flood impacts. We present a framework for real-time flood 
modeling and uncertainty quantification that combines the physics of fluid motion with advances in 
probabilistic methods. The framework overcomes the prohibitive computational demands of high-fidelity 
modeling in real-time by using a probabilistic learning method relying on surrogate models that are 
trained prior to a flood event. This shifts the overwhelming burden of computation to the trivial problem 
of data storage, and enables forecasting of both flood hazard and its uncertainty at scales that are vital 
for time-critical decision-making before and during extreme events. The framework has the potential to 
improve flood prediction and analysis and can be extended to other hazard assessments requiring intense 
high-fidelity computations in real-time.

Plain Language Summary Currently, we cannot forecast flooding depths and extent in real-
time at a high level of detail in urban areas. This is the result of two key issues: detailed and accurate flood 
modeling requires a lot of computing power for large areas such as a city, and uncertainty in precipitation 
forecasts is high. We present an innovative flood forecasting method that resolves flood characteristics 
with enough detail to inform emergency response efforts such as timely road closures and evacuation. 
This is achieved by performing complex analysis of information on flooding impacts well before a 
future storm event, which subsequently allows much faster predictions when flooding actually happens. 
This approach completely changes the demand for required resources, replacing the nearly impossible 
burden of computation in real-time with the easy problem of data storage, feasible even with a low-end 
computer. Example results for Hurricane Harvey flooding in Houston, TX, show that predictions of both 
flood hazard and uncertainty work well over different areas of the city. This approach has the potential to 
provide timely and detailed information for emergency response efforts to help save lives and reduce other 
negative impacts during major flood events and other natural hazards.
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1. Introduction
Between 1995 and 2015, flooding has affected ∼2.3 billion people, its impacts totaled US$662 billion 
(CRED-UNISDR, 2015), and flooding in densely populated areas has remained one of the deadliest of all 
weather-related hazards (Doocy et al., 2013, Figure S1 and S1b). Analyses from the National Oceanic and 
Atmospheric Administration (NOAA) reveal that three quarters of fatalities from 1995 to 2017 are classified 
as “driving” and “in water” (Table S1). These deaths typically occur in flooded roads and potentially could 
be avoided if real-time information on conditions in the impacted area were available (Sanders et al., 2020).

The number of global extreme floods is on the rise (Figure S1c, Text S1). While the co-occurrence of various 
factors makes it difficult to determine their relative importance in this trend (Mallakpour & Villarini, 2015), 
there is clear evidence that the global hydroclimate is undergoing intensification (Fischer & Knutti, 2016; 
Pfahl et al., 2017), and changes in flooding are consistent with the distribution of changes in precipitation 
extremes (Peterson et al., 2013; Sanderson et al., 2019).

Established and rapidly expanding urban areas have been hotspots of flood impacts, and estimates indi-
cate that the number of people residing in areas of high flood risk will reach 2 billion within two gener-
ations (Groeve et al., 2015). Flood impacts are thus poised to continue escalating in the future (Bevacqua 
et al., 2019; Moftakhari et al., 2017). Emerging needs include: (a) understanding how urban environments 
affect the propagation of extreme floods in order to inform mitigation measures, and (b) engineering com-
prehensive modeling capabilities to support real-time decision making in the times immediately before, 
during, and after flood events. Responding to both needs requires spatially explicit information on flood dy-
namics within urban areas at the level of detail that can inform both individual human decisions and efforts 
of emergency management personnel charged with public safety as they prepare for or react to flooding. 
We refer to the spatial scales of flood detail useful and consistent with these activities as “human action” 
scales that are within the range characteristic of a human dwelling, an evacuation route, or a vehicle, that 
is, 𝒪 (100–101) m. The short duration of most floods (hours to several days) offers only a narrow window for 
planning and response measures. Quantitative flood information thus needs to be available for emergency 
management personnel in short order for timely responses and to appropriately communicate with the pub-
lic to shape awareness and risk perceptions (Sanders et al., 2020). Nearly all operational frameworks focus 
on streamflow as the flood variable of key interest (Maidment, 2017; Salas et al., 2018), and thus there are 
presently few, if any, systems poised to make forecasts of flooding at “human action” scales in real-time, de-
spite significant advances in numerical weather prediction (Benjamin et al., 2018) and meteorologic hazard 
“now-casting” (Kirschbaum & Stanley, 2018).

Numerical modeling of runoff generation and overland flow has a rich history that dates back to the 1970s. 
Recent developments have led to the integration of watershed hydrology and flow hydrodynamics in com-
prehensive, first-principles based “flood models” (e.g., Brunner, 2016; Glenis et al., 2018; Kim et al., 2012; 
Ogden et al., 2015; Sanders & Schubert, 2019, to name a few). They however require advanced modeling 
techniques and their solution is computationally intensive (see Rosenzweig et al., 2021). Flood modeling 
in urban areas remains particularly difficult as the built environment creates a complex mosaic of hydro-
logic and hydraulic conditions. Surface flow confluences and obstacles due to buildings, bridge piers, flood 
control structures, and highly heterogeneous “patches” of developed and natural land cover typify urban 
environments. Adequate representation of these features and of their impact on physical dynamics in com-
putational models necessitates mesh resolutions of 𝒪 (100–101) m scale, with 𝒪 (104–106) computational 
cells per square km (Glenis et al., 2018; Schubert & Sanders, 2012). Considering that a small time step is 
required for accuracy and stability, flood models pose an enormous computational burden even for mod-
erate size efforts to represent a whole-city or region (𝒪(103–104) km2), and representation of larger areas 
remains infeasible (Text S2). New methods of upscaling fine-resolution land surface data in flood models 
show potential, but they may still not be able to capture small scale structures such as flood walls and levees 
(Sanders & Schubert, 2019).

Importantly, substantial uncertainty can exist in individual rainfall forecasts (Cloke & Pappenberger, 2009), 
necessitating ensemble simulations to ensure accuracy and uncertainty assessment in flooding estimates. 
The computational means typically available to a flood modeler, a workstation, a computational cluster, 
or cloud computing infrastructure, all continue to be modest for this task. Thus, despite computational 
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advancements (Glenis et al., 2013; Neal et al., 2010; Vivoni et al., 2011; Wittmann et al., 2017) and increasing 
evidence that flood simulations at “human action” scale are useful for shaping awareness and perceptions 
of flooding and informing decision-making (Sanders et al., 2020), real-time flood forecasting with appropri-
ate uncertainty quantification has been impossible so far (Echeverribar et al., 2019; Hosseiny et al., 2020; 
Wing et al., 2019). A fundamental change in the approach to modeling urban flooding is needed in order to 
address these challenges.

2. Overcoming the Computational Barriers
2.1. A Framework for Real-Time Urban Flood-Forecasting

We propose a framework for real-time urban flood modeling and uncertainty quantification that combines 
the physics of fluid motion and recent advances in probabilistic learning. This approach overcomes the 
computational limitations that preclude “human-scale” flood forecasting techniques.

The framework contains six steps outlined in Figure 1. In Step 1, the relevant uncertain inputs of a flood-re-
solving model of high fidelity are defined and their probability distributions are used to run the model a 
large number of times (e.g., 𝒪 (102–103)) to simulate runoff generation and surface flow hydrodynamics (for 
example, historical storm data can be used in these simulations). Step 2 creates a set of surrogate models 
of reduced complexity (e.g., polynomial functions, Text S3) from the response of the high-fidelity model 
to inputs in Step 1. Each surrogate model aims to mimic a single flooding variable, a specific quantity of 
interest (QoI) such as water depth at a given time and location: a road intersection, freeway underpass, or 
floodplain. Optionally, one can perform inference (Step 3a, Text S4), if observed data are available and can 
be mapped onto the state-space of the flooding model. This can be done, for instance, to infer hydraulic or 
hydrologic properties of the area that are input to the model, and account for their uncertainty (Step 3b). 

Figure 1. Workflow of a framework for real-time flood forecasting with uncertainty quantification. A set of uncertain 
inputs X is defined for a high-fidelity flood model E M  to simulate runoff generation and surface flow hydrodynamics. A 
surrogate E M  is a model of reduced complexity that is trained to represent any output quantity of interest (QoI) based on 
the model E M  response, given uncertain inputs X. Observed data linkable to the outputs of E M  can be used to learn the 
distributions of uncertain inputs of the model, resulting in inference (Text S4). This computational effort occurs during 
an inter-flood training period (blue box). Trained E M  permits computational feasibility in real-time (pink box), including 
propagation of uncertainties in X to get probabilistic estimates of QoIs. Pink box, bold face type: elements used in this 
study.
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While this was not done in the current study to keep the narrative streamlined and focused on the proposed 
novel framework, previous research indicates the high efficacy of surrogate-aided Bayesian inference (e.g., 
Dwelle et al., 2019; Sargsyan et al., 2015; Sargsyan et al., 2019). Once surrogate models are created, inputs 
of the high-fidelity model can be supplied to the surrogates (Step 4) to perform flood forecasting for any 
actual event at a significantly lower computational cost. Trained surrogates enable real-time estimation of 
flooding variables with full uncertainty quantification (Step 5) and assessment of sensitivity (Step 6, option-
al). By decomposing the response of the high-fidelity model into a set of targeted quantities of interest, the 
framework renders progressive “learning” of underlying physics with computationally inexpensive surro-
gate models, thereby enabling probabilistic space-time assessment of flooding variables.

A key element of the proposed approach is the reallocation of high-performance computations from im-
mediately prior to or during a flood event to the time interval(s) between major events (Figure 1, blue box). 
The temporal shift of arduous calculations to times other than the occurrence of floods critically changes 
the requirements of computational resources: instead of needing large numbers of processing cycles during 
the flooding event when resources are likely to be limited, one can perform these computations prior to the 
event and store simulation results. Effectively, the challenge of real-time computational burden is replaced 
with the problem of data storage to save the constructed surrogates and ensure a straightforward access to 
their parameters.

We note that there has been gradual percolation of surrogate modeling approaches into the domain of 
water resource applications (Razavi et al., 2012) but the few relevant studies (Berkhahn et al., 2019; Ber-
múdez et al., 2019; Kalinina et al., 2020; Zahura et al., 2020) have been so far case-specific and hampered 
in terms of their ability to provide uncertainty quantification of modeled outputs or parametric inference. 
The framework independently developed in this research provides a unifying, general platform for real-time 
flood-forecasting modeling with interpretable quantification of the uncertainty. Our prior work (Dwelle 
et al., 2019; Sargsyan et al., 2014; Tran et al., 2020) offers proofs of viability of individual elements in Fig-
ure 1 as well as specific details relevant to their implementation (omitted in this paper).

To illustrate, the framework is applied to the extraordinary urban flooding that occurred in August 2017, 
during Hurricane Harvey, in Houston, Texas. To mimic an operational setting of the real-world situation, 
we use quantitative precipitation forecasts (QPFs) provided by NOAA at the event onset. By treating this 
forecast as uncertain input, alternative realizations are generated and serve as input into a set of pre-trained 
surrogate models to provide probabilistic flooding estimates (see Section 3). The efficacy of the framework 
is demonstrated by illustrating simulated and observed streamflow, inundation patterns, and by quantifying 
both the uncertainties and the computational effectiveness of the simulations.

2.2. Pretraining of Model in the Calm Before the Storm

Many different types of surrogate models can be trained to represent outcomes of complex dynamics 
(Ghanem et al., 2017). Any scalar output can be used as a QoI, requiring development of a surrogate model 
for each QoI. In the flood forecasting context, surrogates can be trained to mimic relevant QoIs that are 
direct or derived outputs of the high-fidelity flood model such as discharge, level, pressure, shear stress, 
etc. Once a training set of results from the high-fidelity model is generated (performed only once, unless 
the model structure changes), surrogate models can be constructed and calculated very quickly, even with 
a low-end computer.

One surrogate form that offers flexibility in construction and simplicity in computation is the polynomial 
chaos expansion (PCE) of a quantity of interest (Ghanem & Spanos, 2003). PCE-based surrogate models 
offer several advantages for making probabilistic assessments. First, they can represent the complex, non-
linear behavior of high-fidelity models, as long as the input-output relationship is reasonably smooth. They 
also provide global sensitivity analysis (Sudret, 2008) and uncertainty decomposition without need for ad-
ditional simulations of either the surrogate or high-fidelity models beyond those that are required for QoI 
analysis. This allows identification of the major uncertainty contributors as the primary drivers causing 
modeled variations in flooding response. Finally, the polynomial form greatly reduces computational effort: 
the time it takes to train the surrogate model and use it to predict a QoI can be many orders of magnitude 
lower as compared to a high-fidelity model simulation. Importantly, these computational savings allow for 
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uncertainty quantification to take place in real-time, as the polynomial surrogates can be rapidly sampled 
thousands of times to construct empirical probability distributions of flood response.

The space-time resolution of the high-fidelity flood model may result in a large number of QoIs to be con-
sidered (e.g., spatial variations in inundation depth). One can decrease this number using dimensionality 
reduction methodologies by treating spatio-temporal outputs with strong correlations as stochastic fields. 
A dimensionality reduction approach (e.g., Karhunen-Loève decomposition, Text S5) uses the mean of the 
field and decomposes the variation around it using only a few eigenvalues and eigenfunctions of the field's 
covariance function. This approach can greatly reduce the number of QoIs, and therefore the number of 
the surrogate models that needs to be constructed and run during the forecast. Therefore, it can save hours 
of computational time.

Quantification of uncertainty sources and their impacts in QoI forecasts is a vital element of flood fore-
casting. Uncertainty quantification (UQ) is particularly relevant for urban areas to inform decision-making 
processes such as planning evacuation routes, manipulating flood control structures, or carrying out rescue 
operations. To illustrate UQ within the novel flood forecasting framework, we address the uncertainty as-
sociated with the precipitation forecast. Arguably, this is one of the most important sources of input un-
certainty (Pappenberger et al., 2005): even postevent, observation-informed analyses emphasize the issue 
of high variability among estimates (Text S6). The UQ approach is not limited to precipitation uncertainty 
only; similar applications in other contexts have proven the approach efficacy under multiple sources of 
uncertainty (Dwelle et al., 2019; Sargsyan et al., 2014; Tran et al., 2020).

3. A Blueprint for Real-Time Urban Flood Forecasting: Hurricane Harvey Case 
Study
Hurricane Harvey produced historic rainfall of more than 150 cm over southeastern Texas, causing exten-
sive flooding and dozens of fatalities (Blake & Zelinsky, 2018). We demonstrate the utility of the proposed 
flood forecasting framework in an urbanized watershed (Figure 2a) in the greater Houston area that expe-
rienced heavy flooding (Figures 2b and 2c). We concentrate on three locations of interest within the water-
shed (Figure 2d, Text S7). Subarea 1 focuses on transportation infrastructure along a potential escape route 
to Interstate 610; Subarea 2 captures an area of high inundation around the White Oak Bayou in downtown 
Houston; and Subarea 3 is in a high-density development impacted by inundation due to poor drainage. 
During pretraining, 1,000 simulations of the high-fidelity hydrologic and hydrodynamic flood model (see 
Text S8 and Kim et al., 2012) were carried out to represent flow conditions at the 𝒪 (100–101) m scale (Fig-
ure 2d). The number of necessary simulations can be assessed based on the number of uncertain inputs 
(e.g., see Dwelle et al., 2019; Sargsyan et al., 2014). Simulation outputs were used to construct surrogate 
models mimicking inundation in the three subareas and streamflow at the watershed outlet. Importantly, 
time series of input rainfall in pretraining simulations did not contain any information about the event 
(Text S9): by using a series of uncorrelated pulses as input the goal is to illustrate the efficacy of pretraining 
(Figure 1) that remains “ignorant” to circumstances of a flooding event for which a forecast would have to 
be issued.

Water depth is considered to be a primary QoI. Surrogate models were trained for each computational cell 
of the three subareas to represent spatial variations (Figure 2d) for each of 18 consecutive simulated hours. 
This was done for 7,057 cells, resulting in a total of 127,026 QoIs. Streamflow at the watershed outlet (Fig-
ure 2e) for each half-hour represents another set of QoIs. The forecast uncertainty due to uncertain rainfall 
is estimated for each QoI.

We emulate a real-time operational application of the framework in what is expected to be a typical forecast 
setting. The QPF from the High Resolution Rapid Refresh (HRRR) system (Benjamin et al., 2016) provides 
an 18-h rainfall forecast in the study area. Issued at the onset (0:00 UTC on August 27) of the storm's heavi-
est precipitation, this rainfall scenario is used to construct a stochastic description of the event precipitation 
process, providing its uncertainty (Figure 3a, Text S9). By sampling from the stochastic process, a set of rain-
fall realizations is generated for the forecast period and used as input into the surrogate models (Figures 3a 
and 3b) to forecast QoIs at different times within the 18-h window.
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To convey the full utility of this approach, we discuss the emulated forecasts and their probabilistic nature, 
also addressing how they can be used by different stakeholders.

Stemming from the uncertain rainfall of the 18-h lead forecast, the streamflow estimates reflect the un-
certainty bounds from the QPF (Figure 3a). They can be vital in decision making that, for example, aims 
to optimally control water volume in the domain. The estimated streamflow bounds may not always span 
observed streamflow: the latter are highly uncertain during extreme floods (Text S1).

The inundation “forecast” for Subarea 1 (Figure 3b, top left) focuses on the vicinity of the entrance ramp to 
Interstate 610. A timely forecast of high spatial resolution in this area can be assessed by a flood response 
team as one of potential evacuation routes and safest course for vehicle passage identified. Forecasted water 
depth in the White Oak Bayou Subarea 2 unsurprisingly exhibits higher flow depths in the river channel. 
It also shows larger associated uncertainty in the inundation extent in the surrounding areas and down-
stream levels (Figure 3b, bottom). However, the uncertainty of the forecasted inundation does not scale 
with depth: there are areas where the prediction has relatively low uncertainty for high flow conditions and 
vice versa. Inundation extent in the commercial district (Figure 3b, top right) illustrates that even without 
proximity to a channel, poor drainage characteristics can promote local inundation, commonly referred to 

Figure 2. Case study watershed and event simulation with the high-fidelity model. (a) Land use in the greater Houston area. The white line delineates the 
study watershed. (b) Distribution of rainfall from gage-adjusted radar rainfall at 11 UTC on August 27, 2017. (c) Event inundation depth for Subarea 2 shown 
in subplot 2d (FEMA data; Text S1). (d) Modeled inundation depth in the three watershed subareas at 23 UTC on August 27, 2017, using the high-fidelity 
model with gage-adjusted radar rainfall as input (white areas indicate buildings/structures). (e) Outlet streamflow series based on USGS measurements (“USGS 
streamflow”) and obtained with the high-fidelity model (“tRIBS-OFM”) with radar rainfall as input; the Nash-Sutcliffe model efficiency coefficient (N-Smec, 
Nash & Sutcliffe, 1970) is 0.8. The area shaded in blue is the 5%–95% regional of uncertainty associated with the stage-discharge relationship (Kiang et al., 2018, 
Text S1). Top of 3e shows basin-averaged precipitation: gage-adjusted radar, IMERG satellite-based observations, and the High-Resolution Rapid Refresh 
(HRRR) numerical weather model forecast (Text S6).
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Figure 3. Validation and forecasting with surrogate models. (a) Left: bars illustrate High-Resolution Rapid Refresh (HRRR) forecast rainfall rate, whiskers 
show two standard deviations of the Gaussian process (GP) fitted to the forecast rainfall (Text S9). Red dashed line shows the mean streamflow estimated using 
trained polynomial chaos expansion (PCE) surrogate models for 36 30-min intervals, using HRRR precipitation forecast as input (N-Smec is 0.68). The area 
shaded in pink is the 5%–95% posterior probability region obtained from the surrogates that used 10,000 realizations of rainfall input; area shaded in blue is 
the 5%–95% regional of uncertainty associated with the stage-discharge relationship (Kiang et al., 2018, Text S1). Right: validation of trained surrogate models 
for 36 half-hourly outlet discharges using 150 validation simulations of the high-fidelity model with uncorrelated rainfall series as input (Text S9). (b) Median 
depth and its uncertainty. Top panel: inundation depth at hour 12 UTC on August 27, 2017 for the three regions estimated using surrogate models, with HRRR 
precipitation forecast used as input. Bottom panel: the uncertainty of the depth estimates expressed as the difference between 95% and 5% of the posterior 
distribution for each location obtained from the surrogates that used 10,000 realizations from the GP. (c) Validation of the inundation depths simulated with 
the trained surrogate models using 150 simulations for the three regions of interest shown in (b) at hour 12 UTC on August 27, 2017. Blue-colored scatterplots: 
a comparison of each cell quantity of interest (QoI) (7,057) from the high-fidelity model (X-axis) and the surrogate models (Y-axis). Green-colored scatterplots: 
depths from the surrogate models (Y-axis) are constructed using the QoI dimensionality reduction method (as described in Text S5). Depths are in (m). In all 
regression plots, the coefficient of determination is higher than 0.999.
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as “pluvial flooding,”an important but poorly understood phenomenon because of the localized nature of 
its occurrence.

If it could not be produced in real-time, the development of the flood-resolving information shown in Fig-
ure 3b would have a limited value. Despite the extreme computational demand of the hydrodynamic model, 
the framework demonstrated here reduces the cost of the proposed real-time solution for a variable of inter-
est (i.e., a QoI surrogate model) by 2–4 orders of magnitude; for example, it takes only a few seconds to run 
all 127,026 surrogate models (Text S10).

While each of the PCE-based surrogates developed here to mimic the high-fidelity model is computation-
ally inexpensive and quite accurate (Figure 3c, left panels), running many thousands of them with full UQ 
(i.e., 127,026 and many thousand scenarios for each) can be burdensome. To further assure real-time feasi-
bility, one can significantly reduce the dimensionality of QoIs, for example, water depth spatial distribution. 
Specifically, the number of the QoIs can be reduced to only three for each subarea and each hour of the 18-h 
period (Text S5). With dimensionality reduction of the QoI set, the computational effort can be reduced by a 
further three orders of magnitude, making the execution feasible even with low-performance computation-
al systems available to any practitioner. Validation of this truncated set of 54 surrogate models testifies that 
such a reduction does not lead to an appreciable loss of accuracy (Figure 3c, right panels).

4. Discussion
The results demonstrated here assert the practical utility of complex, high-fidelity hydrodynamic models 
for real-time flood forecasting with full uncertainty quantification at the level of detail relevant for human 
decision-making immediately before, during, or after a flood occurs.

The central premise of the proposed framework is that most intense calculations can be performed offline 
during a period that does not have the urgency of an impending or ongoing extreme flood event. A crucial 
methodological point is that training of reduced-order models can occur without the knowledge of details 
of a future flooding event, an important feature in a non-stationary climate. Specifically, the skill of trained 
surrogate models is remarkable even though rainfall input to the high-fidelity model to develop the set of 
outputs for training is represented as a series of uncorrelated pulses. Incorporating realistic storm structures 
with embedded correlations (Fatichi et al., 2011; Peleg et al., 2017) would be a logical framework extension.

A “bridge” from the phase of model training to meet the demands of real-time forecasting is in the form of 
storage and manipulation of high-fidelity model outputs and polynomial information for the trained surro-
gate models. We show that this problem is trivial (Text S10) due to affordability of modern storage systems.

We note that while surrogates are becoming widespread in computationally intensive studies of physical 
models, their application as the carrier of the uncertainty information for global sensitivity analysis and 
model parameter inference has a particularly promising potential for urban flood modeling. The richness 
of high-fidelity model solutions and the computational efficiency permit explicit uncertainty quantifica-
tion for variables beyond those demonstrated here (streamflow and inundation depth). They may contain 
information critical for real-time assessments of flooding impacts, such as flow dynamic pressure, velocity, 
water volume within districts, etc. Additionally, the sensitivity assessment module embedded within the 
UQ framework (Figure  1) allows for a formal analysis of QoI dependence on the uncertain inputs. For 
instance, the case study assumed rainfall to be the dominant source of input uncertainty and sensitivity 
analysis could associate fractions of the QoI forecasted error bars with contributions from uncertain rainfall 
at different input intervals. Highlighting the periods during which input rainfall has the strongest impact 
on a QoI would call for focusing efforts on the quality of rainfall forecasts within these periods in real-time.

Importantly, given observations, the framework facilitates model inference (Figure 1, Text S4), even when 
data are diverse and disparate (e.g., Dwelle et al., 2019). Although not explicitly demonstrated in this study 
to keep the framework application straightforward, streamflow, stage, and flood areal extent data, for ex-
ample, can help improve the representation of channel and land hydraulic properties using the Bayesian 
inference. The addition of new data can lead to continuous adaptation of the high-fidelity model and surro-
gate machinery (by re-running the less computationally costly inference problem) and, likely, a reduction of 
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predictive uncertainty (Tran et al., 2020). Further, model-aided optimization of drainage and flood control 
characteristics can be incorporated into “flood-smart” urban design and disaster management planning.

The discussed framework is not without its challenges. Although there is a reduction in the number of com-
putational resources required during the real-time forecast, access to high performance computing facilities 
is needed to run thousands of model simulations of the high-fidelity model, train surrogates on the desired 
QoIs, and carry out inference.

Additionally, high-fidelity models never perfectly represent all of real-world physical processes, and there-
fore model error (or structural uncertainty) will always be present in simulations. Ignoring model error 
can lead to a significant bias in estimated parameter values and thus a lack of physical accuracy in the 
surrogates that reproduce the high-fidelity model. Nonetheless, one does not need to wait for physical flood 
models of choice to become perfect as both the conventional model correction approaches (Kennedy & 
O'Hagan,  2001) and embedded model error methods (Sargsyan et  al.,  2019) can remove this model-er-
ror induced bias, and both types of methods can operate within our framework using the preconstructed 
surrogates.

Another challenge is the applicability of the approach to a much larger dimension of uncertainty spaces, 
that is, when numerous model inputs and parameters need to be treated as uncertain. Surrogate models have 
been applied to such problems (Ricciuto et al., 2018) with the conclusion that they remain tractable if only 
a few parameters have an appreciable impact on the QoI variability. For extreme floods, experience shows 
that precipitation uncertainty dominates (Pappenberger et al., 2005) and methodological advancements in 
treating information from several sources (e.g., multimodel ensemble) continue to be warranted. We note 
that surrogate performance is not guaranteed to be flawless a priori. While theoretical considerations relate 
the number of uncertain inputs and characteristics of surrogate polynomials (Xiu & Karniadakis, 2002; 
Text S3), the degree of smoothness of the high-fidelity model solution determines the effort required in 
surrogate training. In general, surrogate model construction may be challenged by overfitting in cases when 
there is a large number of uncertain inputs and not enough training simulations due to the computational 
burden of the high-fidelity model. However, the simple parametric form of polynomials makes it less prone 
to overfitting than other surrogate model methodologies. Furthermore, sparse learning approaches, such 
as Bayesian compressive sensing (Dwelle et al., 2019; Sargsyan et al., 2014), facilitate adaptive selection of 
only relevant polynomial terms in surrogate, effectively enforcing the Occam's razor principle and further 
reducing the likelihood of overfitting.

Lastly, significant alterations within the urban landscape potentially impacting its runoff and drainage 
characteristics (e.g., through changes to water management infrastructure) can be accommodated with-
in this framework. Specifically, the sensitivities (Dwelle et al., 2019) of flood metrics with respect to key 
variables associated with potential alterations can be estimated. In the limiting case, however, significant 
changes can make the stored surrogates (and data) obsolete, thus requiring new high-fidelity simulations 
to update the surrogates.

Floods represent nearly half of all global weather-related disasters (CRED-UNISDR, 2015) and the combi-
nation of urban growth and an increase in rainfall extremes make a compelling case to rethink the current 
flood forecasting paradigm. We propose a framework that builds on classical fluid dynamics and recent 
advances in probabilistic learning, incorporates the most up-to-date knowledge of urban landscape, and is 
highly adaptive to include additional data. It has the potential to drastically improve our ability to compute 
and understand, in real-time, the hazards posed by channel and pluvial floods and assess uncertainties. 
Furthermore, the approach can be readily extended to a broad class of geophysical hazard assessments 
whose prediction accuracy and uncertainty quantification in real-time continue to be constrained by ex-
treme computational demand.
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Data Availability Statement
All data used are cited in the manuscript and supplementary materials. Specifically, data on U.S. flood-related 
fatalities from 1995 to 2017 were downloaded from https://www1.ncdc.noaa.gov/pub/data/swdi/stormev-
ents/csvfiles/. Global flood occurrence and severity data are from Brakenridge (2016). Maximum inunda-
tion depth data (FEMA, 2018) for the August 2017 flooding in Houston, Texas, is available at HydroShare 
repository: https://www.hydroshare.org/resource/165e2c3e335d40949dbf501c97827837. River stage data 
were collected by the U.S. Geological Survey at gage 08074540: https://waterdata.usgs.gov/nwis/uv?site_
no=08074540. Quantitative precipitation forecasts (QPF) from the High Resolution Rapid Refresh (HRRR) 
system is from Benjamin et al.  (2016). Integrated Multi-satellitE Retrievals for GPM from NASA is from 
Huffman et al. (2015). NEXRAD (Next-Generation Radar) rainfall data are available at https://www.ncdc.
noaa.gov/data-access/radar-data/nexrad-products. Rain gage time series from Weather Underground (Sta-
tion ID: KTXHOUST1941): https://www.wunderground.com/weather/us/tx/houston/KTXHOUST1941. 
River channel network and Digital Elevation Model (DEM) at 3 m resolution: https://viewer.nationalmap.
gov/. Houston building footprint data: https://koordinates.com/layer/12890-houston-texas-building-foot-
prints/. The land use information is available from the National Land Cover Database 2016: https://www.
mrlc.gov/data?f%5B0%5D=category%3Aland%20cover.

References
Benjamin, S. G., Brown, J. M., Brunet, G., Lynch, P., Saito, K., & Schlatter, T. W. (2019). 100 years of progress in forecasting and NWP appli-

cations. Meteorological Monographs, 59, 13.1–13.67. https://doi.org/10.1175/amsmonographs-d-18-0020.1
Benjamin, S. G., Weygandt, S. S., Brown, J. M., Hu, M., Alexander, C. R., Smirnova, T. G., et al. (2016). A North American hourly assimila-

tion and model forecast cycle: The rapid refresh. Monthly Weather Review, 144(4), 1669–1694. https://doi.org/10.1175/mwr-d-15-0242.1
Berkhahn, S., Fuchs, L., & Neuweiler, I. (2019). An ensemble neural network model for real-time prediction of urban floods. Journal of 

Hydrology, 575, 743–754. https://doi.org/10.1016/j.jhydrol.2019.05.066
Bermúdez, M., Cea, L., & Puertas, J. (2019). A rapid flood inundation model for hazard mapping based on least squares support vector 

machine regression. Journal of Flood Risk Management, 12, e12522. https://doi.org/10.1111/jfr3.12522
Bevacqua, E., Maraun, D., Vousdoukas, M. I., Voukouvalas, E., Vrac, M., Mentaschi, L., & Widmann, M. (2019). Higher probability of 

compound flooding from precipitation and storm surge in Europe under anthropogenic climate change. Science Advances, 5(9). https://
doi.org/10.1126/sciadv.aaw5531

Blake, E. S., & Zelinsky, D. A. (2018). National Hurricane Center tropical cyclone report: Hurricane Harvey (AL092017) (p. 77). NOAA/NWS. 
https://www.nhc.noaa.gov/data/tcr/AL092017_Harvey.pdf

Brakenridge, G. R. (2016). Global active archive of large flood events. Rep. Dartmouth Flood Observatory, University of Colorado. Retrieved 
from http://floodobservatory.colorado.edu/Archives/

Brunner, G. W. (2016). HEC-RAS, River analysis system hydraulic reference manual. Version 5.0. Davis: US Army Corps of Engineers—
Hydrologic Engineering Center (HEC). https://www.hec.usace.army.mil/software/hec-ras/documentation/HEC-RAS%205.0%20Refer-
ence%20Manual.pdf

Cleveland, W. S., & Devlin, S. J. (1988). Locally weighted regression: An approach to regression analysis by local fitting. Journal of the 
American Statistical Association, 83(403), 596–610. https://doi.org/10.1080/01621459.1988.10478639

Cloke, H. L., & Pappenberger, F. (2009). Ensemble flood forecasting: A review. Journal of Hydrology, 375(3-4), 613–626. https://doi.
org/10.1016/j.jhydrol.2009.06.005

CRED-UNISDR. (2015). The human cost of weather-related disasters 1995-2015. Brussels: Centre for Research on the Epidemiology of 
Disasters (CRED) - U.N. Office for Disaster Risk Reduction (UNISDR). https://www.cred.be/index.php?q=HCWRD

De Groeve, T., Thielen-del Pozo, J., Brakenridge, R., Adler, R., Alfieri, L., Kull, D., et al. (2015). Joining forces in a global flood partnership. 
Bulletin of the American Meteorological Society, 96(5), ES97–ES100. https://doi.org/10.1175/bams-d-14-00147.1

Doocy, S., Daniels, A., Murray, S., & Kirsch, T. D. (2013). The human impact of floods: A historical review of events 1980-2009 and system-
atic literature review. PLoS Currents, 5. https://doi.org/10.1371/currents.dis.f4deb457904936b07c09daa98ee8171a

Dwelle, M. C., J. Kim, K. Sargsyan, and V. Y. Ivanov, (2019). Streamflow, stomata, and soil pits: Sources of inference for complex models 
with fast, robust uncertainty quantification, Advances in Water Resources, 125, 13–31, https://doi.org/10.1016/j.advwatres.2019.01.002

Echeverribar, I., Morales-Hernández, M., Brufau, P., & García-Navarro, P. (2019). 2D numerical simulation of unsteady flows for large scale 
floods prediction in real time. Advances in Water Resources, 134, 103444. https://doi.org/10.1016/j.advwatres.2019.103444

Fatichi, S., Ivanov, V. Y., & Caporali, E. (2011). Simulation of future climate scenarios with a weather generator. Advances in Water Resourc-
es, 34(4), 448–467. https://doi.org/10.1016/j.advwatres.2010.12.013

FEMA. (2018). FEMA - Harvey Flood Depths Grid. HydroShare. https://doi.org/10.4211/hs.165e2c3e335d40949dbf501c97827837
Fischer, E. M., & Knutti, R. (2016). Observed heavy precipitation increase confirms theory and early models. Nature Climate Change, 6(11), 

986–991. https://doi.org/10.1038/nclimate3110
Ghanem, R., Higdon, D., & Owhadi, H. (2017). Handbook of uncertainty quantification. New York: Springer. https://doi.

org/10.1007/978-3-319-12385-1
Ghanem, R. G., & Spanos, P. D. (2003). Stochastic finite elements: A spectral approach. Dover Publications Inc.
Glenis, V., Kutija, V., & Kilsby, C. G. (2018). A fully hydrodynamic urban flood modelling system representing buildings, green space and 

interventions. Environmental Modelling & Software, 109, 272–292. https://doi.org/10.1016/j.envsoft.2018.07.018
Glenis, V., McGough, A. S., Kutija, V., Kilsby, C., & Woodman, S. (2013). Flood modelling for cities using cloud computing. Journal of Cloud 

Computing, 2(1), 1–14. https://doi.org/10.1186/2192-113x-2-7
Hosseiny, H., Nazari, F., Smith, V., & Nataraj, C. (2020). A framework for modeling flood depth using a hybrid of hydraulics and machine 

learning. Scientific Reports, 10(1), 1–14. https://doi.org/10.1038/s41598-020-65232-5

Acknowledgments
The authors acknowledge the support 
from the Sandia National Laboratories 
and the Uncertainty Quantification 
group for their help with navigating UQ 
and UQTk. Sandia National Laborato-
ries is a multimission laboratory man-
aged and operated by National Tech-
nology and Engineering Solutions of 
Sandia, LLC, a wholly owned subsidiary 
of Honeywell International, Inc., for the 
U.S. Department of Energy's National 
Nuclear Security Administration under 
contract DE-NA-0003525. The authors 
acknowledge the constructive criticism 
of two anonymous reviewers that has 
led to substantial improvements of this 
manuscript. The study was seed-funded 
by the “Catalyst Program” of Michigan 
Institute for Computational Discovery 
and Engineering at the University of 
Michigan, and partially supported 
by the NSF grant 1725654 and grant 
awarded by the Michigan Department 
of Natural Resources, Office of the 
Great Lakes to V. Y. Ivanov. J. Kim 
was supported by a grant 127554 from 
the Water Management Research 
Program funded by the Ministry of 
Environment of Korean government. K. 
Sargsyan was supported in part by the 
U.S. Department of Energy, Office of 
Science, Office of Advanced Scientific 
Computing Research, Scientific Discov-
ery through Advanced Computing (Sci-
DAC) program through the FASTMath 
Institute. G. Bisht was supported by the 
U.S. Department of Energy, Office of 
Science, Subsurface Biogeochemical Re-
search (SBR) program through the SBR 
Scientific Focus Area project at Pacific 
Northwest National Laboratory.

https://www1.ncdc.noaa.gov/pub/data/swdi/stormevents/csvfiles/
https://www1.ncdc.noaa.gov/pub/data/swdi/stormevents/csvfiles/
https://www.hydroshare.org/resource/165e2c3e335d40949dbf501c97827837
https://waterdata.usgs.gov/nwis/uv%3Fsite%5Fno%3D08074540
https://waterdata.usgs.gov/nwis/uv%3Fsite%5Fno%3D08074540
https://www.ncdc.noaa.gov/data%2Daccess/radar%2Ddata/nexrad%2Dproducts
https://www.ncdc.noaa.gov/data%2Daccess/radar%2Ddata/nexrad%2Dproducts
https://www.wunderground.com/weather/us/tx/houston/KTXHOUST1941
https://viewer.nationalmap.gov/
https://viewer.nationalmap.gov/
https://koordinates.com/layer/12890%2Dhouston%2Dtexas%2Dbuilding%2Dfootprints/
https://koordinates.com/layer/12890%2Dhouston%2Dtexas%2Dbuilding%2Dfootprints/
https://www.mrlc.gov/data?f%5B0%5D=category%3Aland%20cover
https://www.mrlc.gov/data?f%5B0%5D=category%3Aland%20cover
https://doi.org/10.1175/amsmonographs-d-18-0020.1
https://doi.org/10.1175/mwr%2Dd%2D15-0242.1
https://doi.org/10.1016/j.jhydrol.2019.05.066
https://doi.org/10.1111/jfr3.12522
https://doi.org/10.1126/sciadv.aaw5531
https://doi.org/10.1126/sciadv.aaw5531
https://www.nhc.noaa.gov/data/tcr/AL092017_Harvey.pdf
http://floodobservatory.colorado.edu/Archives/
https://www.hec.usace.army.mil/software/hec-ras/documentation/HEC-RAS%205.0%20Reference%20Manual.pdf
https://www.hec.usace.army.mil/software/hec-ras/documentation/HEC-RAS%205.0%20Reference%20Manual.pdf
https://doi.org/10.1080/01621459.1988.10478639
https://doi.org/10.1016/j.jhydrol.2009.06.005
https://doi.org/10.1016/j.jhydrol.2009.06.005
https://www.cred.be/index.php?q=HCWRD
https://doi.org/10.1175/bams-d-14-00147.1
https://doi.org/10.1371/currents.dis.f4deb457904936b07c09daa98ee8171a
https://doi.org/10.1016/j.advwatres.2019.01.002
https://doi.org/10.1016/j.advwatres.2019.103444
https://doi.org/10.1016/j.advwatres.2010.12.013
https://doi.org/10.4211/hs.165e2c3e335d40949dbf501c97827837
https://doi.org/10.1038/nclimate3110
https://doi.org/10.1007/978-3-319-12385-1
https://doi.org/10.1007/978-3-319-12385-1
https://doi.org/10.1016/j.envsoft.2018.07.018
https://doi.org/10.1186/2192-113x%2D2-7
https://doi.org/10.1038/s41598-020-65232-5


Geophysical Research Letters

IVANOV ET AL.

10.1029/2021GL093585

11 of 12

Huffman, G. J., Bolvin, D. T., Braithwaite, D., Hsu, K., Joyce, R., Xie, P., & Yoo, S.-H. (2015). NASA global precipitation measurement (GPM) 
integrated multi-satellite retrievals for GPM (IMERG). Algorithm theoretical basis document (ATBD) version, 4 (p. 26).

Kalinina, A., Spada, M., Vetsch, D. F., Marelli, S., Whealton, C., Burgherr, P., & Sudret, B. (2020). Metamodeling for uncertainty quantifica-
tion of a flood wave model for concrete dam breaks. Energies, 13(14), 3685. https://doi.org/10.3390/en13143685

Kennedy, M. C., & O'Hagan, A. (2001). Bayesian calibration of computer models. Journal of the Royal Statistical Society: Series B, 63(3), 
425–464. https://doi.org/10.1111/1467-9868.00294

Kiang, J. E., Gazoorian, C., McMillan, H., Coxon, G., Le Coz, J., Westerberg, I. K., et al. (2018). A comparison of methods for streamflow 
uncertainty estimation. Water Resources Research, 54(10), 7149–7176. https://doi.org/10.1029/2018wr022708

Kim, J., Warnock, A., Ivanov, V. Y., & Katopodes, N. D. (2012). Coupled modeling of hydrologic and hydrodynamic processes including 
overland and channel flow, Advances in Water Resources, 37, 104–126, https://doi.org/10.1016/j.advwatres.2011.11.009

Kirschbaum, D., & Stanley, T. (2018). Satellite-based assessment of rainfall-triggered landslide hazard for situational awareness. Earth's 
Future, 6, 505–523. https://doi.org/10.1002/2017ef000715

Maidment, D. R. (2017). Conceptual framework for the national flood interoperability experiment. JAWRA Journal of the American Water 
Resources Association, 53(2), 245–257. https://doi.org/10.1111/1752-1688.12474

Mallakpour, I., & Villarini, G. (2015). The changing nature of flooding across the central United States. Nature Climate Change, 5(3), 
250–254. https://doi.org/10.1038/nclimate2516

Moftakhari, H. R., Salvadori, G., AghaKouchak, A., Sanders, B. F., & Matthew, R. A. (2017). Compounding effects of sea level rise and 
fluvial flooding. Proceedings of the National Academy of Sciences, 114(37), 9785. https://doi.org/10.1073/pnas.1620325114

Nash, J. E., & Sutcliffe, J. V. (1970). River flow forecasting through conceptual models part I — A discussion of principles. Journal of Hy-
drology, 10(3), 282–290. https://doi.org/10.1016/0022-1694(70)90255-6

Neal, J. C., Fewtrell, T. J., Bates, P. D., & Wright, N. G. (2010). A comparison of three parallelisation methods for 2D flood inundation mod-
els, Environmental Modelling & Software, 25(4), 398–411, https://doi.org/10.1016/j.envsoft.2009.11.007

Ogden, F. L., Lai, W. & Steinke, R. C. paper presented at SEDHYD 2015, 10th Interagency Sedimentation Conference, 5th Federal Intera-
gency Hydrologic Modeling Conference, 2015.

Pappenberger, F., Beven, K. J., Hunter, N. M., Bates, P. D., Gouweleeuw, B. T., Thielen, J., & de Roo, A. P. J. (2005). Cascading model uncer-
tainty from medium range weather forecasts (10 days) through a rainfall-runoff model to flood inundation predictions within the Eu-
ropean Flood Forecasting System (EFFS). Hydrology and Earth System Sciences, 9(4), 381–393. https://doi.org/10.5194/hess-9-381-2005

Peleg, N., Fatichi, S., Paschalis, A., Molnar, P., & Burlando, P. (2017). An advanced stochastic weather generator for simulating 2-D high-res-
olution climate variables. Journal of Advances in Modeling Earth Systems, 9(3), 1595–1627. https://doi.org/10.1002/2016MS000854

Peterson, T. C., Heim, R. R., Jr, Hirsch, R., Kaiser, D. P., Brooks, H., Diffenbaugh, N. S., et al. (2013). Monitoring and understanding changes 
in heat waves, cold waves, floods, and droughts in the United States: State of knowledge. Bulletin of the American Meteorological Society, 
94(6), 821–834. https://doi.org/10.1175/bams-d-12-00066.1

Pfahl, S., O’Gorman, P. A., & Fischer, E. M. (2017). Understanding the regional pattern of projected future changes in extreme precipita-
tion. Nature Climate Change, 7(6), 423–427. https://doi.org/10.1038/nclimate3287

Razavi, S., Tolson, B. A., & Burn, D. H. (2012). Review of surrogate modeling in water resources. Water Resources Research, 48(7), W07401. 
https://doi.org/10.1029/2011wr011527

Ricciuto, D., Sargsyan, K., & Thornton, P. (2018). The impact of parametric uncertainties on biogeochemistry in the E3SM land model. 
Journal of Advances in Modeling Earth Systems, 10(2), 297–319. https://doi.org/10.1002/2017ms000962

Rosenzweig, B. R., Herreros Cantis, P., Kim, Y., Cohn, A., Grove, K., Brock, J., et al. (2021). The value of urban flood modeling. Earth's 
Future, 9, e2020EF001739. https://doi.org/10.1029/2020ef001739

Salas, F. R., Somos-Valenzuela, M. A., Dugger, A., Maidment, D. R., Gochis, D. J., David, C. H., et al. (2018). Towards real-time continental 
scale streamflow simulation in continuous and discrete space, JAWRA Journal of the American Water Resources Association, 54(1), 7–27, 
https://doi.org/10.1111/1752-1688.12586

Sanders, B. F., & Schubert, J. E. (2019). PRIMo: Parallel raster inundation model. Advances in Water Resources, 126, 79–95. https://doi.
org/10.1016/j.advwatres.2019.02.007

Sanders, B. F., Schubert, J. E., Goodrich, K., Houston, D., Feldman, D. L., Basolo, V., et al. (2020). Collaborative modeling with fine reso-
lution data enhances flood awareness, minimizes differences in flood perception, and produces actionable flood maps. Earth's Future, 
8(1). https://doi.org/10.1029/2019ef001391

Sanderson, B. M., Wobus, C., Mills, D., Zarakas, C., Crimmins, A., Sarofim, M. C., & Weaver, C. (2019). Informing future risks of record-lev-
el rainfall in the United States. Geophysical Research Letters, 46(7), 3963–3972. https://doi.org/10.1029/2019gl082362

Sargsyan, K., Huan, X., & Najm, H. (2019). Embedded model error representation for Bayesian model calibration. International Journal for 
Uncertainty Quantification, 9(4), 365–394. https://doi.org/10.1615/Int.J.UncertaintyQuantification.2019027384

Sargsyan, K., Najm, H. N., & Ghanem, R. (2015). On the statistical calibration of physical models. International Journal of Chemical Kinet-
ics, 47(4), 246–276. https://doi.org/10.1002/kin.20906

Sargsyan, K., Safta, C., Najm, H. N., Debusschere, B. J., Ricciuto, D., & Thornton, P. (2014). Dimensionality reduction for complex mod-
els via Bayesian compressive sensing. International Journal for Uncertainty Quantification, 4(1), 63–93. https://doi.org/10.1615/
int.j.uncertaintyquantification.2013006821

Schubert, J. E., & Sanders, B. F. (2012). Building treatments for urban flood inundation models and implications for predictive skill and 
modeling efficiency. Advances in Water Resources, 41, 49–64. https://doi.org/10.1016/j.advwatres.2012.02.012

Sudret, B. (2008). Global sensitivity analysis using polynomial chaos expansions, Reliability Engineering & System Safety, 93(7), 964–979, 
https://doi.org/10.1016/j.ress.2007.04.002

Tran, V. N., Dwelle, M. C., Sargsyan, K., Ivanov, V. Y., & Kim, J. (2020). A novel modeling framework for computationally efficient 
and accurate real-time ensemble flood forecasting with uncertainty quantification. Water Resources Research, 56(3). https://doi.
org/10.1029/2019WR025727

Vivoni, E. R., Mascaro, G., Mniszewski, S., Fasel, P., Springer, E. P., Ivanov, V. Y., & Bras, R. L. (2011). Real-world hydrologic assessment 
of a fully-distributed hydrological model in a parallel computing environment. Journal of Hydrology, 409(1-2), 483–496. https://doi.
org/10.1016/j.jhydrol.2011.08.053

Wing, O. E. J., Sampson, C. C., Bates, P. D., Quinn, N., Smith, A. M., & Neal, J. C. (2019). A flood inundation forecast of Hurricane Harvey 
using a continental-scale 2D hydrodynamic model. Journal of Hydrology X, 4, 100039. https://doi.org/10.1016/j.hydroa.2019.100039

Wittmann, R., Bungartz, H.-J., & Neumann, P. (2017). High performance shallow water kernels for parallel overland flow simulations 
based on FullSWOF2D, Computers & Mathematics with Applications, 74(1), 110–125. https://doi.org/10.1016/j.camwa.2017.01.005

https://doi.org/10.3390/en13143685
https://doi.org/10.1111/1467-9868.00294
https://doi.org/10.1029/2018wr022708
https://doi.org/10.1016/j.advwatres.2011.11.009
https://doi.org/10.1002/2017ef000715
https://doi.org/10.1111/1752-1688.12474
https://doi.org/10.1038/nclimate2516
https://doi.org/10.1073/pnas.1620325114
https://doi.org/10.1016/0022-1694(70)90255-6
https://doi.org/10.1016/j.envsoft.2009.11.007
https://doi.org/10.5194/hess-9-381-2005
https://doi.org/10.1002/2016MS000854
https://doi.org/10.1175/bams%2Dd%2D12-00066.1
https://doi.org/10.1038/nclimate3287
https://doi.org/10.1029/2011wr011527
https://doi.org/10.1002/2017ms000962
https://doi.org/10.1029/2020ef001739
https://doi.org/10.1111/1752-1688.12586
https://doi.org/10.1016/j.advwatres.2019.02.007
https://doi.org/10.1016/j.advwatres.2019.02.007
https://doi.org/10.1029/2019ef001391
https://doi.org/10.1029/2019gl082362
https://doi.org/10.1615/Int.J.UncertaintyQuantification.2019027384
https://doi.org/10.1002/kin.20906
https://doi.org/10.1615/int.j.uncertaintyquantification.2013006821
https://doi.org/10.1615/int.j.uncertaintyquantification.2013006821
https://doi.org/10.1016/j.advwatres.2012.02.012
https://doi.org/10.1016/j.ress.2007.04.002
https://doi.org/10.1029/2019WR025727
https://doi.org/10.1029/2019WR025727
https://doi.org/10.1016/j.jhydrol.2011.08.053
https://doi.org/10.1016/j.jhydrol.2011.08.053
https://doi.org/10.1016/j.hydroa.2019.100039
https://doi.org/10.1016/j.camwa.2017.01.005


Geophysical Research Letters

IVANOV ET AL.

10.1029/2021GL093585

12 of 12

Xiu, D., & Karniadakis, G. E. (2002). The Wiener-Askey polynomial chaos for stochastic differential equations. SIAM Journal on Scientific 
Computing, 24(2), 619–644. http://dx.doi.org/10.1137/s1064827501387826

Zahura, F. T., Goodall, J. L., Sadler, J. M., Shen, Y., Morsy, M. M., & Behl, M. (2020). Training machine learning surrogate models from a 
high-fidelity physics-based model: Application for real-time street-scale flood prediction in an urban coastal community. Water Resourc-
es Research, 56(10), e2019WR027038. https://doi.org/10.1029/2019wr027038

References From the Supporting Information
Abe, S. (2010). Support vector machines for pattern classification. London: Springer.
Alfieri, L., Burek, P., Dutra, E., Krzeminski, B., Muraro, D., Thielen, J., & Pappenberger, F. (2013). GloFAS – global ensemble streamflow 

forecasting and flood early warning. Hydrology and Earth System Sciences, 17(3), 1161–1175. https://doi.org/10.5194/hess-17-1161-2013
Artichowicz, W., & Gąsiorowski, D. (2019). Computationally efficient solution of a 2D diffusive wave equation used for flood inundation 

problems. Water, 11(10), 2195. https://doi.org/10.3390/w11102195
Balaji, V., Maisonnave, E., Zadeh, N., Lawrence, B. N., Biercamp, J., Fladrich, U., et al. (2017). CPMIP: Measurements of real computational 

performance of Earth system models in CMIP6. Geoscientific Model Development, 10(1), 19–34. https://doi.org/10.5194/gmd-10-19-2017
Fatichi, S., Ivanov, V. Y., & Caporali, E. (2013). Assessment of a stochastic downscaling methodology in generating an ensemble of hourly 

future climate time series. Climate Dynamics, 40(7-8), 1841–1861. https://doi.org/10.1007/s00382-012-1627-2
Fernández-Pato, J., Morales-Hernández, M., & García-Navarro, P. (2018). Implicit finite volume simulation of 2D shallow water flows in 

flexible meshes. Computer Methods in Applied Mechanics and Engineering, 328, 1–25. https://doi.org/10.1016/j.cma.2017.08.050
Ivanov, V. Y., Bras, R. L., & Vivoni, E. R. (2008). Vegetation-hydrology dynamics in complex terrain of semiarid areas: 1. A mechanistic 

approach to modeling dynamic feedbacks. Water Resources Research, 44(3). https://doi.org/10.1029/2006wr005588
Ivanov, V. Y., Vivoni, E. R., Bras, R. L., & Entekhabi, D. (2004). Catchment hydrologic response with a fully distributed triangulated irreg-

ular network model. Water Resources Research, 40(11). https://doi.org/10.1029/2004wr003218
Jaynes, E. T. (2003). Probability theory: The logic of science. Cambridge: Cambridge University Press.
Joyce, R. J., Janowiak, J. E., Arkin, P. A., & Xie, P. (2004). CMORPH: A method that produces global precipitation estimates from pas-

sive microwave and infrared data at high spatial and temporal resolution. Journal of Hydrometeorology, 5(3), 487–503. https://doi.
org/10.1175/1525-7541(2004)005<0487:camtpg>2.0.co;2

Karhunen, K. (1946). Zur spektraltheorie stochastischer prozesse. Zur spektraltheorie stochastischer prozesse. Annales Academiae Scien-
tiarum Fennicae. Mathematica-Physica, 34.

Kennedy, M. (2000). Predicting the output from a complex computer code when fast approximations are available. Biometrika, 87(1), 1–13. 
https://doi.org/10.1093/biomet/87.1.1

Kim, J., Ivanov, V. Y., & Katopodes, N. D. (2013). Modeling erosion and sedimentation coupled with hydrological and overland flow pro-
cesses at the watershed scale, Water Resources Research, 49, 5134–5154, https://doi.org/10.1002/wrcr.20373

Le Maître, O., & Knio, O. M. (2010). Spectral methods for uncertainty quantification: With applications to computational fluid dynamics. 
Springer Science & Business Media. https://doi.org/10.1007/978-90-481-3520-2

Liggett, J. A. (1968). Mathematical flow determination in open channels. Journal of the Engineering Mechanics Division, 94(4), 947–964. 
https://doi.org/10.1061/jmcea3.0001003

Marzouk, Y., & Xiu, D. (2009). A stochastic collocation approach to Bayesian inference in inverse problems. Communications in Computa-
tional Physics, 6(4), 826–847. https://doi.org/10.4208/cicp.2009.v6.p826

Marzouk, Y. M., Najm, H. N., & Rahn, L. A. (2007). Stochastic spectral methods for efficient Bayesian solution of inverse problems. Journal 
of Computational Physics, 224(2), 560–586. https://doi.org/10.1016/j.jcp.2006.10.010

Najm, H. N. (2009). Uncertainty quantification and polynomial chaos techniques in computational fluid dynamics. Annual Review of Fluid 
Mechanics, 41, 35–52. https://doi.org/10.1146/annurev.fluid.010908.165248

Noh, S., Lee, J.-H., Lee, S., Seo, D.-J. (2019). Retrospective dynamic inundation mapping of hurricane Harvey flooding in the Houston met-
ropolitan area using high-resolution modeling and high-performance computing. Water, 11(3), 597. https://doi.org/10.3390/w11030597

Nunes, A. M. B. (2016). Satellite-enhanced dynamical downscaling for the analysis of extreme events. Journal of Geophysical Research: 
Atmospheres, 121(18), 10–617. https://doi.org/10.1002/2016jd024927

Okabe, A., Boots, B., Sugihara, K., & Chiu, S. N. (2009). Spatial tessellations: Concepts and applications of Voronoi diagrams. Wiley Series 
in Probability and Statistics, John Wiley & Sons.

Rasmussen, C. E., & Williams, C. K. I. (2006). Gaussian processes for machine learning. MIT Press. https://doi.org/10.1007/978-3-540-28650-9_4
Ripley, B. D. (1996). Pattern recognition and neural networks. Cambridge University Press.
Tarantola, A. (2005). Inverse problem theory and methods for model parameter estimation (p. 354). Philadelphia, PA: SIAM. https://doi.

org/10.1137/1.9780898717921
Wiener, N. (1938). The homogeneous chaos. American Journal of Mathematics, 60(4), 897. https://doi.org/10.2307/2371268
Xiu, D., & Karniadakis, G. E. (2003). Modeling uncertainty in flow simulations via generalized polynomial chaos. Journal of Computation-

al Physics, 187(1), 137–167. https://doi.org/10.1016/s0021-9991(03)00092-5
Xiu, D., & Tartakovsky, D. M. (2004). Uncertainty quantification for flow in highly heterogeneous porous media. Developments in Water 

Science, 55(1), 695–703. https://doi.org/10.1016/s0167-5648(04)80092-3
Xu, D. (2020). Addressing uncertainty in understanding hydroclimate, hydrology and hydraulics across scales [Ph.D. dissertation, University 

of Michigan]. https://deepblue.lib.umich.edu/handle/2027.42/162926

https://doi.org/10.1137/s1064827501387826
https://doi.org/10.1029/2019wr027038
https://doi.org/10.5194/hess-17-1161-2013
https://doi.org/10.3390/w11102195
https://doi.org/10.5194/gmd%2D10-19-2017
https://doi.org/10.1007/s00382-012-1627-2
https://doi.org/10.1016/j.cma.2017.08.050
https://doi.org/10.1029/2006wr005588
https://doi.org/10.1029/2004wr003218
https://doi.org/10.1175/1525-7541%282004%29005%3C0487%3Acamtpg%3E2.0.co%3B2
https://doi.org/10.1175/1525-7541%282004%29005%3C0487%3Acamtpg%3E2.0.co%3B2
https://doi.org/10.1093/biomet/87.1.1
https://doi.org/10.1002/wrcr.20373
https://doi.org/10.1007/978-90-481-3520-2
https://doi.org/10.1061/jmcea3.0001003
https://doi.org/10.4208/cicp.2009.v6.p826
https://doi.org/10.1016/j.jcp.2006.10.010
https://doi.org/10.1146/annurev.fluid.010908.165248
https://doi.org/10.3390/w11030597
https://doi.org/10.1002/2016jd024927
https://doi.org/10.1007/978-3-540-28650-9_4
https://doi.org/10.1137/1.9780898717921
https://doi.org/10.1137/1.9780898717921
https://doi.org/10.2307/2371268
https://doi.org/10.1016/s0021-9991%2803%2900092-5
https://doi.org/10.1016/s0167-5648(04)80092-3
https://deepblue.lib.umich.edu/handle/2027.42/162926

	Breaking Down the Computational Barriers to Real-Time Urban Flood Forecasting
	Abstract
	Plain Language Summary
	1. Introduction
	2. Overcoming the Computational Barriers
	2.1. A Framework for Real-Time Urban Flood-Forecasting
	2.2. Pretraining of Model in the Calm Before the Storm

	3. A Blueprint for Real-Time Urban Flood Forecasting: Hurricane Harvey Case Study
	4. Discussion
	Conflict of Interest
	Data Availability Statement
	References
	References From the Supporting Information


