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ABSTRACT

Hydrologic science lacks a comprehensive theory of stormflow generation, preventing the development of a general hydrologic
model. Studies show that models focusing on dominant local processes often outperform general models that rely on parameter
tuning, leading to higher confidence solutions. For continental-scale hydrologic and hydraulic prediction, regional mosaics of
models may outperform a single-model approach. However, variations in model inputs, programming languages, solvers, and
discretizations hinder interoperability and comparisons. To address these challenges, we developed the Next Generation Water
Resources Modeling Framework (NextGen): a model-agnostic, standards-based architecture for model interoperability and eval-
uation. Two standards enable the Framework: (1) the Basic Model Interface (BMI) version 2.0, for model control, coupling, and
querying; and (2) the Open Geospatial Consortium WaterML 2.0 part 3 Hydrologic Features (HY_Features) conceptual data
model to describe the “hydrofabric” of surface water hydrologic and hydraulic features. In the NextGen Framework, models
retain their unique solution methods while becoming interoperable through BMI variable exchange tied to a common hydro-
fabric. The Framework enables scientific evaluation of water prediction models that simulate diverse hydrologic and hydraulic
processes. Its design supports models written in multiple programming languages and runs on laptops, cloud and distributed
memory supercomputers.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
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1 | Introduction

The motivation for the developments reported in this paper
comes from the need to provide accurate water resources model-
ing results for a variety of purposes, including flood forecasting,
reservoir operations, and drought prediction. While research
in hydrologic and water resources science often involves devel-
opment of specialized codes to simulate single or coupled pro-
cesses, these models seldom advance to a “technical readiness
level” (NOAA 2025) suitable for operational implementation.
Typically, that function falls on national-level institutes, labora-
tories, or government agencies. Historically this has resulted in
creation of a set of model-specific requirements and tools aimed
at bolstering the capabilities of individual models or enabling
specific coupled model configurations. This path does not ad-
dress model interoperability and can impede robust testing and
comparison with other models.

In the United States (US) and in many other countries, models
used to predict and forecast water resources often originate from
or are endorsed by one or more federal agencies. In the US, agen-
cies are directed by Congress to develop and operate capabilities
that allow them to assess, forecast and manage water resources.
Federal agencies produce timely information on the state of
water resources and the risks of extreme hydrologic events over
time scales ranging from hours to decades, under a variety of
future scenarios. This has resulted in a proliferation of different
agency- and mission-specific models and modeling approaches.
Various federal, state, and local regulatory authorities often re-
quire the use of specific federally developed or certified mod-
els because of their perceived unbiased development, scientific
rigor and robustness.

For example, the US Department of Commerce, National
Oceanic and Atmospheric Administration (NOAA), National
Weather Service (NWS), Office of Water Prediction (OWP) is
transforming its hydrologic service delivery and its provision of
impact-based decision support services (IDSS) in its mission to
protect lives and property and promote the national economy.
A 2012 study by the National Research Council found that the
hydrologic forecasting process in place required too much in-
tervention by human forecasters. The report recommended
that the NWS hydrology program upgrade forecasting tech-
nology to place the forecaster “above the loop” in forecast gen-
eration (National Research Council 2012). In 2015, Congress
responded to this recommendation by appropriating resources
to the OWP to develop and demonstrate an advanced continen-
tal scale forecasting capability to operate on NOA A's operational
supercomputer.

In response, NOAA/NWS developed and deployed the National
Water Model (NWM) to provide stormflow forecasts on over
3.6 million miles of rivers. Versions 3.1 and earlier of the NWM
are based on the hydrologic extension to the Weather Research
and Forecasting Model Hydrological modeling system (WRF-
Hydro), which uses direct data assimilation of USGS streamflow
observations to remove the forecaster from the loop (Cosgrove
et al. 2024). NOAA-NWS also develops and operates models
to predict the occurrence and intensity of drought, compound
flooding in coastal regions and along the shores of the US Great
Lakes, and subseasonal, seasonal, and annual water supplies.

With passage of the Bipartisan Infrastructure Law in 2021,
Congress further directed OWP to improve coastal and inland
streamflow forecasts through the development of a next gener-
ation water resources prediction capability, and to produce and
publicly disseminate flood inundation forecasts that serve nearly
100% of the US population by 2026; the public availability of this
flood inundation mapping information is a Key Performance
Indicator tracked by the US Department of Commerce (US
Public Law 117-58 2021 TITLE II—COMMERCE, JUSTICE,
SCIENCE, AND RELATED AGENCIES). This highlights the
need to accurately predict stormflow nationwide, particularly
peak river discharges as they are highly correlated with flood
inundation.

Other federal water prediction agencies use hydrologic and hy-
draulic models to predict water supply and availability, oper-
ate reservoirs, and manage water quality and associated risks
to water supplies and aquatic habitat. These demands are only
growing. For example, Congress has directed the US Army
Corps of Engineers (USACE) to consider comprehensive flood
risk for the United States. Section 8106(a) of the Water Resources
Development Act (WRDA) 2022 requires that when perform-
ing feasibility studies for flood risk management, USACE be
prepared to account for both isolated and compound risk due
to the effects of (among others) riverine discharge; rainfall
events; inundation, wave attack, and erosion due to hurricanes
or coastal storms; tidally driven flooding in coastal, riverine, or
estuarine areas; seasonal variation in water levels; sea level rise;
and groundwater emergence (Conor 2024). These and other re-
quirements provide additional impetus for the continued invest-
ments into hydrologic and hydraulic models with capabilities to
help guide flood risk and coastal storm risk mitigation design
decisions.

The US Congress assigned the US Geological Survey (USGS) the
responsibility of performing regular and thorough evaluations
of water availability in the United States under Subtitle F of the
Omnibus Public Land Management Act of 2009, also referred to
as the SECURE Water Act. A preliminary report (Evenson et al.
2018) highlighted the necessity for enhancing modeling capa-
bilities to better estimate water availability across the country.
Recentadvancements in these capabilities were applied in the US
Geological Survey's Integrated Water Availability Assessment
(USGS 2025). These developments included models for calculat-
ing water withdrawals for agricultural irrigation, thermoelectric
power generation, and municipal supply (Luukkonen et al. 2025;
Medalie et al. 2025), enabling water use estimates with signifi-
cantly improved temporal and spatial detail compared to past
methods. The assessment also employed two national hydro-
logic model codes: the USGS National Hydrologic Model using
the Precipitation Runoff Modeling System (Regan et al. 2018),
and WRF-Hydro (Rafieeinasab et al. 2024). In ongoing assess-
ments of water resource availability at various scales—national,
regional, and local—the USGS is enhancing its suite of model
codes, accompanying data, and workflows to boost the accu-
racy, reliability, and efficiency of simulations, as well as the re-
producibility of scientific methods. Like other Federal agencies,
the USGS is embracing open science principles and is actively
partnering with collaborators on various aspects, including cod-
ing and the geospatial framework used to model the states of
landscape features.
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The Department of Energy (DOE) develops and applies a diverse
suite of hydrologic and hydro-biogeochemical models to support
its diverse nonregulatory mission in water and energy security
for the nation. Targeting fundamental processes, the Office of
Science (SC) focuses on advancing our understanding of system
function with respect to water quantity and water quality and
leads the effort to utilize DOE's high performance computing
facilities with process-driven models. This work underpins
and supports the Water Power Technologies Office assessment
of global climate change risk on hydroelectric power genera-
tion consistent with the SECURE Water Act, and the Office of
Environmental (EM) Management in its mission to predict the
fate of legacy waste in ground and surface water. For example,
DOE-EM leverages new modeling capabilities from the DOE-SC
to better understand and explore water quality issues at legacy
waste sites while relying on a suite of established operational
and legacy codes from the DOE and other agencies for its regu-
latory work. The diversity of applications and relevant codes in
DOE has generated significant activity in software ecosystems
and standards-driven approaches such as those described here.

In the US, NOAA has responsibility for streamflow prediction
and warning at hourly to seasonal timescales, while responsibil-
ities for management of water resources are shared across multi-
ple federal, state, and local agencies. Each of these agencies has
unique research, operational, and design requirements that they
strive to meet. These unique needs have led to the creation of
extensive data and modeling capabilities, but these capabilities
are neither integrated nor employed in a way that allows them
to have a national impact. This paper addresses the question:
“How can we better develop water prediction models to promote
model interoperability in a way that speeds advances and allows
scientific evaluation to identify and select the best performing
models?”

1.1 | Why Use Hydrologic Models?

There are myriad reasons why one may use a hydrologic model.
Perhaps most importantly, models allow us to account for unob-
served, uncertain hydrologic processes. While some watersheds
can be treated as “simple dynamical systems” (Kirchner 2009),
hydrologists seldom know the path taken by water that becomes
streamflow in most catchments and how long the water took to
traverse the path. To make matters more challenging, the rela-
tive importance of different pathways varies spatially and tem-
porally (e.g., Bloschl et al. 2019; McDonnell et al. 2007), while
different runoff generation mechanisms often exhibit similar
behaviors that prevent diagnosis using streamflow observa-
tions alone (Ameli et al. 2015). As a result of these complexities,
the literature contains many different hypotheses regarding
streamflow response to rainfall and snowmelt, tested using hy-
drography and sometimes aided by streamflow geochemistry
(Sklash and Farvolden 1979; Rice and Hornberger 1998), spe-
cific conductance (Kunkle 1965; Pinder and Jones 1969; Pellerin
et al. 2008; Lott and Stewart 2013), introduced and naturally
occurring tracers such as light stable and radioactive isotopes
(Kendall and McDonnell 2012; Cartwright et al. 2017; Cook and
Herczeg 2000), geophysical observations (Robinson et al. 2008),
and applied rainfall and irrigation experiments (Montgomery
et al. 1997; Polyakov et al. 2018).

To address the sizable gaps in our understanding, hydrologists,
and water resources engineers complement field studies by
employing or developing computational models that represent
the full hydrologic balance or components thereof (e.g., Horton
et al. 2022; Clark, Hendrikx, et al. 2011; Clark, Kavetski, and
Fenicia 2011), relying on various structures and paradigms
(Beven and Young 2013). Such computational models come
in various forms, including conceptual, physical-conceptual,
physically based, and statistical. Developers of such hydrologic
models apply an assumed set of valid water flux estimators and
integrate calculated water fluxes over time using a variety of
discretizations to compute approximations to the mathematical
representations of the processes of interest (Clark et al. 2017;
Ogden 2021).

Recently, the development and application of data-driven ma-
chine learning techniques have added a new dimension to
modeling paradigms. A common approach is long short-term
memory (LSTM) networks (Kratzert et al. 2018) that are applica-
ble at hourly to daily time steps (Gauch, Kratzert, et al. 2021), can
incorporate data assimilation (Nearing et al. 2021), and enforce
conservation laws (Frame et al. 2023). More recent advances in
AI/ML have involved “differentiable models” consisting of func-
tions that are mathematically differentiable. Differentiability
is crucial because it allows practitioners to efficiently use AI
techniques to train the model's parameters using gradient-based
optimization methods such as backpropagation or gradient de-
scent. Tests of this approach have demonstrated skill in improv-
ing the conceptual understanding of deep learning approaches
(Wang et al. 2023; Shen et al. 2023; Bindas et al. 2024).

The above information means researchers, water resources
managers, and operational forecasters now have their pick of
model types, structures, and paradigms. The ability of research-
ers to develop new model types has unfortunately not been
matched by a commensurate increase in understanding of pro-
cesses and model appropriateness criteria. To this latter point,
the hydrologic modeling community continues to struggle with
the appropriate choice and interpretation of performance met-
rics. The lack of consistent standards with regard to metrics and
the use of different metrics hampers model intercomparison.

1.2 | Model Selection and Performance

Despite the diversity of model types, assumptions, and suitability
for different applications, the literature suggests that research-
ers do not often select models for valid reasons (Dooge 1986;
Kirchner 2006). Addor and Melsen (2019) analyzed published
hydrological modeling studies to ascertain why particular mod-
els were used in those studies. They found that hydrologists
seemed to favor familiarity over appropriateness in selecting a
model to meet their study objectives. In other words, researchers
preferred to use models they know how to use rather than for
their applicability or appropriateness. Addor and Melsen (2019)
also detected regional preferences in model use, with certain
models being consistently preferred by researchers with current
or former affiliation with particular research universities or in-
stitutes. The influence of model adequacy on selection was less
clear. A major reason modelers tend to rely on familiar models is
the time and effort required to learn the details of setting up and
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FIGURE1 | Conceptual model showing the relative size of the parameter space required (brown band) and resulting predictability (green band)

for modeling stormflow generation as a function of land surface-, soil-, and groundwater-dominated mechanisms. This conceptual model considers

infiltration-excess and saturation-excess storm flow generation mechanisms as highly predictable end members.

running an unfamiliar model. Working with a new model also
increases the likelihood of making mistakes. Together, these
factors create a strong incentive to “stick with what you know”
rather than explore alternative model formulations. Therefore,
any approach that lowers the barrier to using multiple models
is appealing.

Model selection depends on a number of factors, including the
hydrologic processes simulated and the quantity and quality
of observed or modeled forcing inputs used for parameter esti-
mation and forecasting skill evaluation. Given the focus of this
manuscript on computational models and not observational
data, we pay more attention to the former than the latter. In
terms of stormflow generation, for example, there exist two
highly predictable situations. The first occurs when potential
infiltration is small or nearly zero and the majority of precipi-
tation and snowmelt runs off, often referred to as the “infiltra-
tion excess” runoff generation mechanism (Horton 1933). The
second occurs when all rainfall and snowmelt infiltrates into
the soil; in humid climates or situations where the water table is
near the land surface, this can result in the “saturation excess”
runoff generation mechanism (Dunne and Black 1970). These
two processes, saturation-excess and infiltration-excess, might
be considered as end members of a complex set of stormflow
generation behaviors. Between these two highly predictable end
members, infiltration processes are determined by particular

properties of the soil or land cover, which is often complicated
by hard-to-observe vertical (Cuthbert and Tindimugaya 2010)
and lateral (Beven and Germann 1982, 2013; Cheng et al. 2017)
preferential flow paths.

Figure 1 illustrates how the stormflow generation process af-
fects both the predictability and the number of parameters re-
quired for process-based modeling. The land surface-dominated
infiltration-excess and groundwater-dominated saturation-ex-
cess mechanisms are highly predictable using a small number
of parameters. Between these two end members lie the complex-
ities of soil-dominated runoff generation, where the properties
of the soil profile and many other factors such as freeze/thaw,
shrink/swell, tillage practices, and soil compaction can domi-
nate. In the case of soil-dominated runoff generation, difficult-
to-observe phenomena such as soil macropores and land-use
history can play important roles. In this case, hydrologic science
lacks a comprehensive theory of stormflow generation. This has
led to an over-reliance on infiltration theory and perhaps on
topographic wetness index theory as well (Beven 2021), because
these end members represent the most mature theoretically
based techniques for partitioning rainfall/snowmelt at the land
surface and require only a small number of parameters.

At the left-hand limit of the plot shown in Figure 1 lies land-
surface-dominated stormflow generation, which occurs in the
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FIGURE 2 | Photograph showing complexities of soil-dominated hydrology, looking down a fence line after an intense springtime rain in Iowa.

At the time that this photo was taken, the field on the left side of the fence was farmed using standard tillage practices while the field on the right was

farmed using minimum tillage practices. Photo credit: David Keusel, used with permission, previously published in chapter by Ogden et al. (2021).

case of impervious surfaces, or those with a small potential in-
filtration rate due to disturbance, compaction, or surface sealing
by wind-blown clays. This situation offers high predictability
when modeled using infiltration-excess models with a small
number of parameters yet exhibits high sensitivity to rainfall
rate. At the right-hand limit of the plot on Figure 1, soils with
high infiltrability allow all rainfall or snow melt to infiltrate,
and stormflow is produced on areas where the soil is saturated
from below by the saturation-excess mechanism. Topmodel
(Beven and Kirkby 1979) and other topographic wetness index
models such as TOPKAPI (Ciarapica and Todini 2002) and the
so-called “One Parameter Model” (Pradhan and Ogden 2010)
exhibit considerable skill at simulating saturation—excess storm-
flow generation using a small number of parameters, albeit with
considerable sensitivity to water balance errors. Some studies
suggest a correlation between saturation—excess stormflow gen-
eration and curve number-like approaches as well (Steenhuis
et al. 1995).

In the case of soil-dominated hydrology, stormflow generation
is dominated by a host of phenomena occurring below the land
surface that are difficult to observe and that evade quantification

and representation in models (e.g., McDonnell et al. 2010;
Bloschl et al. 2019). These include soil layering (Phillips and
Lorz 2008), preferential flow paths (Zhang et al. 2018), trampling
by hooves and compaction by farm equipment (Mulholland and
Fullen 1991; Alaoui et al. 2018; Baumhardt et al. 2017), freeze/
thaw (Sjoberg et al. 2021), shrink/swell processes (Stewart
et al. 2016), shallow groundwater table dynamics (Scaife
et al. 2020), evapotranspiration over different land cover and
terrain types (Wang and Dickinson 2012). Figure 2 illustrates
the challenge associated with modeling areas where land use
practices influence soil hydrologic behavior.

Furthermore, it is not just soil hydrology that complicates model
representations. Cold-region processes, for example, comprise
another complex set of phenomena that are difficult to ob-
serve. These include energy-driven rapid snowmelt plus the
storage and release of liquid water during rain-on-snow events
(Marks et al. 1998; Rdssler et al. 2014), the distribution of snow
in complex terrain (Lopez-Moreno et al. 2013; Clark, Hendrikx,
et al. 2011; Clark, Kavetski, and Fenicia 2011), snow sublimation
in windy environments (Sexstone et al. 2016), and river ice for-
mation and breakup, among others.
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Understanding the challenges associated with model selection
and how they relate to hydrologic processes, Spieler et al. (2020)
proposed calibration of model structure as an alternative solu-
tion to the model selection problem. Using calibration routines
to identify effective model structures eliminates a priori identifi-
cation of model structure. Use of this approach can be straight-
forward with regard to lumped/conceptual models (Chlumsky
et al. 2021) but becomes much more difficult when considering
models that employ some kind of spatial discretization such as
physics-based or semi-distributed models.

Alternatively, model intercomparison projects (e.g., Smith
et al. 2004, 2012; Reed et al. 2004; Rutter et al. 2009; Xia
etal. 2012; Essery et al. 2013; Cai et al. 2014; Maxwell et al. 2014;
Tegegne et al. 2017; Kollet et al. 2017; Krinner et al. 2018; Baroni
et al. 2019; Tijerina et al. 2021) can provide valuable information
at the level of model structure, but often do not provide infor-
mation about the advantages offered by individual components.
They may reveal that one model performs better than others in a
particular setting, but not necessarily why. Scientific evaluation
to get at the answer to this question requires controlled compar-
isons at the level of individual process models/modules, ideally
in an environment where as much as possible is equal in every
regard outside of the process under evaluation (Clark, Hendrikx,
et al. 2011; Clark, Kavetski, and Fenicia 2011). This need places
the emphasis on interoperable and swappable models and mod-
ules, which is promoted by standardization.

Recently, Knoben et al. (2025) illustrated that uncertainties in
model structure, parameters, and forcing can hamper the iden-
tification of optimal model formulations on a regional basis. For
this reason, Knoben et al. (2025) suggest execution of multi-
model ensembles, where a set of candidate formulations are ap-
plied over an entire domain of interest and evaluated regionally.
Evaluation might determine weights to apply to different en-
semble members in forming a prediction. This solution is signifi-
cantly more computationally intensive and does not eliminate
the uncertain step of model parameter regionalization.

In the above intercomparison projects and other modeling liter-
ature, there is ample evidence in support of three main points:

1. Hydrologic models specifically designed to simulate dom-
inant local processes generally outperform models with
a larger number of parameters that emphasize process
through parameter tuning (Beven and Freer 2001; K. J.
Beven 2005; Roberts 2007; Chlumsky et al. 2021). This
is known in the literature as the “Uniqueness of Place
Hypothesis” (K. J. Beven 2000).

2. Conceptual or physical-conceptual hydrologic models
with an appropriately small number of parameters gener-
ally perform as well and with higher confidence compared
to models having a larger number of parameters, while
requiring less calibration effort and improving parameter
identifiability (Stedinger and Lettenmaier 1996; McMahon
et al. 2006; Perrin et al. 2001). This is known in the litera-
ture as the “Parsimonious Model Hypothesis.”

3. There is also growing evidence from the machine learning
literature suggesting improved predictive power from data-
driven models using robust training on large catchment

samples (Gauch, Mai, and Lin 2021; Xu and Liang 2021).
This also extends to ungauged basins (Kratzert et al. 2019;
Nearing et al. 2024), ungauged regions (Feng et al. 2023;
Nearing et al. 2024), and extreme events (Frame et al. 2022).
However, machine learning models are not exempt from
the challenges of Uniqueness of Place (K. Beven 2020) and
Parsimony requirements (de La Fuente et al. 2023). While
these methods show promise for predictions of hydrologic
quantities, rigorous comparisons and model evaluation
must continue in parallel with process-based modeling,
particularly when phenomena that are difficult to observe
are important.

As evidenced by the above three points, there is no one perfect
model. This fact suggests the need to consider and apply differ-
ent models in different portions of a model domain and in ser-
vice of different applications, which creates challenges related to
model-specific computing and data needs. One possible solution
to this is to identify a means to improve model interoperability
in a way that also promotes model evaluations and intercompar-
isons in a consistent and fair manner.

1.3 | Community Modeling

The above paragraphs make clear that there is no lack of hydro-
logic models and that the preponderance of data models, model
ecosystems, and proprietary development processes restrain the
advancement of hydrologic modeling and understanding. This
is not a new observation. The literature contains calls for uni-
fication of hydrologic modeling dating back to the 1990s. The
thinking started out along the lines of “if we can all agree on a
community model, we can advance and stop reinventing mod-
els/data models, etc.” Jakeman and Hornberger (1993) proposed
a framework for environmental model development and evalua-
tion. Refsgaard et al. (1996) discussed the need for a structured
approach to hydrologic model development and evaluation. By
the end of the 1990s, the promise of spatial hydrology ushered
in by the start of the GIS era in the late 1980s seemed exhausted.
Both K. J. Beven (2001) and Singh and Woolhiser (2002) con-
cluded that because of uncertainties in process, process rep-
resentation through model structure, and parameters, the
likelihood of identifying skillful model formulations from spa-
tial information related to topography, physiography, and land-
use/cover was very small.

Weiler and Beven (2015) asserted that there are currently too
many hydrologic models, which has led to duplication of effort
and a lack of agreement on process representations. They pro-
posed a community model as a platform for testing different
modeling concepts and promoting interdisciplinary applica-
tions. However, they acknowledged challenges such as agreeing
on modeling concepts and securing long-term financial support
for such an effort. The paper emphasized the benefits of collab-
oration, knowledge sharing, and the development of a unified
framework for hydrological modeling.

A series of workshops involving over 200 hydrologic researchers
sought to identify the most pressing needs in hydrologic model-
ing. That effort assessed research community interest in devel-
oping a “community model” (Bloschl et al. 2019). Accordingly,
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this issue was given low priority, with Bloschl et al. (2019) con-
cluding that “... the context-dependence or uniqueness of place
(K. J. Beven 2000) continues to be considered a relevant factor
in hydrology, notwithstanding a range of modular models and
model repositories that have been developed in the past decades
(e.g., Clark et al. 2015; CSDMS 2019).”

1.4 | Modeling Frameworks

Given persistent constraints in getting researchers and institu-
tions to agree on a single community model, modeling frame-
works may provide a more likely avenue of collaboration. For
example, Addor and Melsen (2019) suggested that adopting
modular modeling frameworks can enhance model adequacy
and foster a collaborative and responsive model development
environment. This represents a paradigm shift in hydrologic
modeling resulting from our deepening understanding over
time of the range of valid options and strategies available for rep-
resenting hydrologic phenomena. The global hydrologic model-
ing community has introduced a broad variety of models that
vary in structure, complexity, process specification (“physics”
or “parameterization”), physical realism, inputs, and parameter
estimation approaches (Fatichi et al. 2016). Flexible modeling
frameworks allow researchers to entertain competing hypoth-
eses about the most suitable modeling approach to apply in a
given region, yet without forcing the choice of a single model.

K.J.Beven (2001) discussed the concept of a six-part “Alternative
Blueprint” for distributed modeling as a modeling framework.
K. J. Beven (2001) also suggested using an uncertain or fuzzy
landscape space to model space mapping as the basis for this
framework. This framework included a priori rejection of model
structures inconsistent with a perceptual (i.e., an observation-
informed) model of the catchment, then testing of remaining
models and rejection of those that produce unacceptable pre-
dictions. The Alternative Blueprint emphasized prior evaluation
of models in terms of physical realism and the value of data in
model rejection. It also emphasized the need for testable hy-
potheses and the potential for learning about different places
through distributed modeling. While K. J. Beven (2001) focused
on distributed process-based hydrological models, the proposed
Alternative Blueprint seems equally applicable to conceptual
models as well.

Wagener et al. (2001) similarly proposed the use of a hydrolog-
ical modeling framework that balances the level of model com-
plexity with the available data and the desired application. Their
proposed framework would seek optimal use of the available
data to identify model structure and parameters and allow for
detailed analysis of model behavior. The proposed framework
emphasized the importance of considering the modeling pur-
pose, characteristics of the hydrological system, and available
data in determining the appropriate level of model complexity.

Since 2001, the development of several model construction
frameworks has moved towards more generalized modeling.
David et al. (2002) introduced the Object Modeling System
(OMS), a multi-modeling framework related to work by
Leavesley et al. (2002) to develop a Modular Modeling System
(MMS), which centered on the USGS Precipitation-Runoff

Modeling System (PRMS). David et al. (2013) later discussed
broader issues around the engineering and institutional require-
ments of such “environmental modeling frameworks” (EMFs).
Clark et al. (2008) developed the Framework for Understanding
Structural Errors (FUSE), which allowed for flexible selection
of conceptual models (lacking a snow component) to diagnose
differences in model structures and their effects on simulated
streamflow. Others developed modeling systems that allow
ready comparison of different model structures. Examples in-
clude SUPERFLEX (Fenicia et al. 2011), MARRMoT (Knoben
et al. 2019), and Raven (Craig et al. 2020), which tend to apply
modules formulated for HRU or catchment scales to construct
models.

Clark and Kavetski (2010) noted that many commonly used
models in hydrology were undermined by inadequate numer-
ical implementations, with first order impacts on their perfor-
mance. In part, this motivated Clark et al. (2015) to develop a
flexible and process-agnostic framework called the Structure for
Unifying Multiple Modeling Alternatives (SUMMA), in which
all process schemes use an independent numerical solver. The
separation of physics and numerics is more common in other
branches of geosciences, for example, atmospheric and ocean
science, than in surface hydrology (Keyes et al. 2013; Miller
et al. 2013). The primary reason for this is that atmospheric and
oceanic sciences tend to use solver-centric continuum models,
some with adaptive grids and time-stepping, whereas hydrologic
states, such as overland flow (Fiedler and Ramirez 2000), chan-
nel flow (Godsey and Kirchner 2014), permafrost, and perched
groundwater, are often discontinuous in space and time and re-
quire an adaptive solution of some sort.

The approach used in SUMMA contrasts with other multi-
modeling strategies that couple existing model codes, such as
with simple “wrappers” (e.g., Leavesley et al. 2002; Pomeroy
et al. 2007; Werner et al. 2013), tight “couplers” that control the
time-stepping and flow of information between models (e.g.,
Craigetal. 2011; Hutton et al. 2020), or probability-based theoret-
ical frameworks such as in Montanari and Koutsoyiannis (2012).

Notably, many frameworks often require new modules to be
written in a single programming language, representing a chal-
lenge to interoperability. Wholesale re-writing of model codes
into a different programming language increases the likelihood
of “orphaned code,” where the original author no longer recog-
nizes their own creation and cannot provide support.

1.5 | The Challenges of Having Many Models
and the Open-Source Solutions

Over time model developers have employed a variety of pro-
gramming languages to create models, including Fortran, C,
C++, R, Python, and others. Some models run easily on a small
computer with a single CPU, while others require a supercom-
puter. Some models have self-contained source code, while oth-
ers require a long list of external code dependencies—that is,
other software stored in libraries that the user must install in
order to run the model. New models often apply new mathemat-
ical representations of processes that describe fluxes, changes
in storage, and resulting changes in residence times. However,
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significant advances regarding novel solutions of the fundamen-
tal equations or constructs occur infrequently. Instead, much of
the reinvention around development of new models arises from
peculiarities related to input/output data requirements and for-
matting or specialized use cases.

Nearly all hydrologic models require custom or heavily mod-
ified datasets with derivative, new, or adapted data models to
represent the discretization of landscape and river components
(Blodgett et al. 2021). Not only are there a variety of gridded,
lumped, and graph-based (i.e., dendritic) data models, but even
when the same conceptual landscape discretization is identified,
differences can arise from issues related to data resolution, time
of collection, and the software and settings used to identify and
manipulate the modeling units. For example, the NOAA/NWS
NWM version 3.1 and earlier uses a derivative of the National
Hydrography Dataset Plus (NHDPlusV2; McKay et al. 2012) net-
work within the contiguous US (CONUS) and a combination of
NHDPIlus and NHDPlus-High Resolution derivatives, and cus-
tom derived hydrography sets for the areas outside of CONUS
(0CONUS), including the Canadian portion of the Laurentian
Basin, tributaries originating in Mexico and flowing to the Rio
Grande, Alaska, Hawaii, Puerto Rico and the U.S. Virgin Islands
(Cosgrove et al. 2024).

Early versions of NOAA's continental scale Flood Inundation
Mapping capabilities also began with the NHDPlusV2 as a
source network (Maidment 2017; Johnson et al. 2019); how-
ever, as capabilities evolved, the underlying hydrography and
landscape discretization was modified such that it yielded
different realizations of the surface water drainage network
inconsistent with that of the NWM. The long history of large
modeling enterprises (e.g., USGS, NOAA, NCAR) making
individual modifications to NHDPIusV2 without a means of
contributing and rectifying these changes in the source data-
set have led to the creation of the National Reference Network
(Blodgett et al. 2023) and its supplementary activities (e.g.,
Modaresi Rad et al. 2024) used for water resources modeling
efforts across the USGS and NOAA.

The existence of varied data models impedes interoperability
and scientific evaluation of outputs because of mundane issues
related to format, coordinate reference systems, discretization,
data source, forcing requirements, and a litany of other pre-
processing steps that drive many assumptions and the applica-
bility of a given model. As such, model interoperability typically
involves a series of steps to identify how one model represents
the same area of the earth's surface, regardless of the underlying
assumptions of the model and its inputs.

The variety of modeling formulations, programming languages,
compilers, data models, and required inputs create unique
“model silos” (Nativi et al. 2013), which require considerable
effort to understand and apply. In practice, this means that the
work that goes into preparing and running one model is often
neither reproducible nor transferable to another model, even
when run on the same compute platform (Tucker et al. 2022).
This impedes model interoperability.

The complexity of model setup can be mitigated by develop-
ment of model-specific user interfaces to reduce the burden

placed on a model user to understand, configure, and generate
the underlying inputs required to run a model. In some cases,
government agencies and research institutes develop such inter-
faces along with software ecosystems that aid in the execution
of their mission but impede interoperability with those of other
groups. While such interfaces and model ecosystems can be
powerful and greatly reduce the knowledge required to set up
and run models supported by those interfaces, models outside
those supported remain a challenge to understand, set up, and
run. Furthermore, proprietary or closed-source models are fre-
quently walled off from community improvements. All of these
factors impede model development progress and the optimiza-
tion of simulated outputs.

Community model development that leverages frameworks
and standards and considers interoperability while supporting
model development needs represents an alternative to model-
centric development. The creation of open-science communities
depends on shared foundations, including open-source software
and community standards. These give users a shared under-
standing of the computational elements of a system, what they
are called, and how they are referenced. This is central to devel-
oping core conceptual and logical models. Only with a common
foundation can software and data models be written that sup-
port making data more findable, accessible, and ultimately more
reusable and, most critically, interoperable. By using such a sys-
tem, researchers and operations professionals can spend less
time on the mundane—and often error-prone—pre-processing
steps—and place more effort on model development, evaluation,
and integration.

The open development of standards through entities such as the
Open Geospatial Consortium (OGC) and Community Surface
Dynamics Modeling System (CSDMS) community, along with
widely accepted software development and version control sys-
tems like Git, allows for broader engagement. They also provide
arecord of the assumptions made by developers. Together, these
features result in a process that can achieve the FAIR (findable,
accessible, interoperable, reusable) data objective (Wilkinson
et al. 2016).

1.6 | Experience of the NOAA/NWS National
Water Model

One model application or use case for successful, interoper-
able frameworks is operational water prediction in support
of extreme water event forecasting/mitigation and water
resources management. The US National Weather Service
(NWS), Office of Water Prediction (OWP) regularly produces
operational streamflow guidance using the National Water
Model (NWM) (Cosgrove et al. 2024). OWP made version 1.0
of the NWM operational in August 2016, based on a specific
configuration of the WRF-Hydro model (Gochis et al. 2020).
Configured as the NWM, WRF-Hydro represents land surface
column physics using the Noah-MP point-process land sur-
face model on a 1km grid (Cosgrove et al. 2024). In addition,
the NWM configuration of WRF-Hydro adds surface and lat-
eral subsurface flow routing components, each running on a
250m grid, plus a nonlinear reservoir groundwater model. All
land surface model routing outputs and groundwater outflows
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FIGURE 3 | Violin plots for normalized Nash-Sutcliffe Efficiency (NSE) (a), mean relative bias (b), and root mean squared error (RMSE) (c) for
NWM versions 1.1 through 3.0 based on historical streamflow simulations from 2013-10-01 to 2016-10-01 compared to USGS streamflow observa-

tions at 4571 gages. The lines within each violin denote the 25th percentile, the median, and the 75th percentile. To better view the data, we limited

the y-axis range of subpanel (b) to —100% to +200% (excluding 5.7% of the data set with outlying mean relative bias values) and the y-axis range of
subpanel (c) to 0-100m3s~! (excluding 8.2% of the dataset with outlying RMSE values).

TABLE 1 | Median error metrics for NWM versions 1.1 through 3.0
based on historical streamflow simulations from 2013-10-01 to 2016-10-
01 compared to USGS streamflow observations at 4571 gages.

NWM Normalized RMSE
version Rel. bias (%) NSE m3s~!
vl.l -10.4 0.55 14.98
vl.2 —10.0 0.58 13.95
v2.0 —-3.2 0.63 12.19
v2.1 9.3 0.64 12.35
v3.0 5.4 0.64 11.45

are input as lateral inflows to a Muskingum-Cunge hydrologic
channel routing model. The channel routing model simulates
water storage/flood control reservoirs using a level-pool “fill-
and-spill” approximation, or using measured or forecast reser-
voir releases where available.

In the intervening years of NWM operations, the WRF-Hydro
based NWM has undergone a series of upgrades. Each upgrade
included a comprehensive assessment characterizing changes
in model skill from version to version, ensuring that each ver-
sion represents an improvement in streamflow simulation skill
over the last. These assessments used a multi-year set of NWM
streamflow outputs, generated as part of the overall NWM cal-
ibration, parameter regionalization, and validation process.
While version-over-version gains have been achieved for every
iteration of the NWM, in some regards, performance improve-
ments through calibration and regionalization have diminished
over time (Figure 3, Table 1). In both cases, while version-on-
version improvements continue, the pace of improvements is
beginning to plateau.

Another pattern emerges when analyzing the skill of NWM
peak discharge across regions of the US. Figure 4 shows the
median absolute error (MdAE) in peak discharge from analysis
of NWM version 3.0 retrospective output (2013-2018) using an

event detection algorithm during the warm season. Errors were
calculated by comparing NWM output against observations at
the USGS GAGES II network, selected because the influence of
reservoirs and diversions was minimal (Falcone 2011). Figure 4
uses larger dots to show stations where the MAAE was less than
25%. The violin plot shows the distribution of event-scale peak
discharge MdAE across the entire GAGES II network. This
figure clearly shows that in terms of peak discharge, the cur-
rent operational NWM formulation performs best in the Pacific
Northwest and northern Rocky Mountains. These results pro-
vide support for the need for mosaic modeling capabilities as
previously described. These patterns, combined with the ever-
present need for improving hydrologic forecast accuracy, serve
as one of the key drivers for considering the development de-
scribed in this paper.

1.7 | Objective: A New Way Forward

The accuracy of hydrologic forecasts produced by the NWM and
other operational systems depends on the accuracy of a series of
models and a number of observations. These include observed
and simulated meteorological forcings, earth observations and
their assimilation. Advances in each of these areas improve hy-
drological predictions. For the work reported here, however, ad-
vancing hydrological modeling is our foundational focus. Here
we rely on our experience in producing operational streamflow
forecasts and a synthesis of the existing literature, which pro-
vides support for two important needs to advance hydrologic
modeling (e.g., Clark et al. 2015) and move beyond the limiting
assumption that one model formulation will work well every-
where. These objectives include:

1. Identify a common representation of the important sur-
face water hydrology features of the landscape. The setup
of any surface water hydrologic model involves a common
set of steps. These include: application of contributing
area thresholds to identify streams, catchments, and their
connectivity; identifying lakes; reducing noise in underly-
ing topographical data sets to eliminate “pits” or “digital
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FIGURE 4 | Median absolute error (%) in event peak discharge during the warm season from the 1979-2023 NWM 3.0 retrospective evaluated

against the USGS GAGES II network in the contiguous US.

dams” that artificially create regions of adverse (upslope)
flow; etc. After identification of these “hydrofeatures,” dig-
ital representations of catchment boundaries, stream loca-
tions, etc. allow sampling of other georeferenced data sets
for estimation of model parameters. Most existing models
have a unique workflow that performs this process and
produces outputs in a model-specific format. In reality,
transforming the same underlying topographical inputs
into myriad model-specific creations represents a huge im-
pediment to model interoperability. Identifying a common
representation and developing the tools that create it will
prevent a great deal of duplication of effort and promote
model interoperability.

2. Identify the characteristics of a computational environ-
ment that provides the capability to test and scientifi-
cally evaluate different representations of hydrologic
processes, using different discretizations to describe
spatial variability and hydrologic connectivity, using dif-
ferent model structures and paradigms (e.g., conceptual
vs. process-based vs. data-driven). Many existing mode-
ling frameworks impose limitations on allowable model
structures (e.g., spatial and temporal discretizations and
resolutions, solvers, programming languages, operating
environments). A framework that successfully over-
comes these limitations in a way that allows a diversity of
model formulations, resolutions, and discretizations and
selection of different dominant fluxes will represent an
advance.

Meeting these objectives requires identification of commu-
nity needs. A successful framework based on these objectives

promises to facilitate community contributions to its develop-
ment. Over the past 20years, the rise of open-source software
in computer science and the education of a generation of com-
puter and domain scientists to think in terms of collaborative,
shared, and open frameworks have transformed large software
development projects. These transformations have enabled ad-
vancements in other scientific fields. One prominent example is
in the geospatial sciences, where researchers have built a prolif-
eration of open-source data manipulation and display packages
(e.g., QGIS), data formats (Cloud Optimized GeoTIFF [COG],
Zarr, Geopackage), and functional programming language
extensions (e.g., sf and terra in R, and fiona and geopandas in
Python) using the open source GDAL library (GDAL/OGR con-
tributors 2022). Each of these resulted from user-driven commu-
nities where companies such as Microsoft and Esri, individuals,
and governments contributed to open science (https://makep
ath.com/history-of-open-source-gis/). A similar community
in hydrologic modeling could be just as impactful, but such a
community has not yet gained the same momentum and con-
tributions. Possibly this results from a lack of a community-led,
community-developed open-source, model-agnostic, standards-
based, interoperable modeling framework.

2 | Advancing Community Hydrologic Modeling
With the Next Generation Water Resources
Modeling Framework

What would such a framework look like? Perhaps the chal-
lenge of developing the long-advocated-for-but-unrealized
“community model” can be met by developing a “community
modeling framework” designed to promote interoperability
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and allow scientific evaluation of different modeling ap-
proaches using standards for model coupling and geospatial
data. This approach avoids challenges associated with the
questions considered above regarding the starting-point, dis-
cretization, purpose, and temporal nature (e.g., run duration,
output interval, timestep, etc.). The proposed solution would
not constrain the simulation type or purpose; rather, research-
ers can bring their own models and assumptions to the “com-
munity modeling framework.” In the context of this paper,
“models” might be an assemblage of different coupled process
simulation codes that simulate more than one process, or a
well-defined module that simulates one process, or a “process
module.”

To incorporate the wide range of hydrologic/hydraulic mod-
els and their paradigms, we need a framework that is truly
interoperable and model-agnostic, relying on standards simi-
lar to those underpinning the previously discussed geospatial
science tools. This would provide a way past the previously
described difficulties with community models and hydrologic
models in general. The framework should seek to minimize
built-in assumptions about its potential use cases. A domain
scientist should be free to use the framework for whatever
purpose they see fit, provided that the standards it employs
are compatible with their codes. We call this framework the
Next Generation Water Resources Modeling Framework
(NextGen).

2.1 | Origins of the Next Generation Water
Resources Modeling Framework

In response to NWM performance evaluations (e.g., Cosgrove
et al. 2024) and evidence from the literature regarding the gen-
eral challenges of hydrologic modeling, in 2019 OWP commis-
sioned a review (Dunkman et al. 2019) of the NWM code by the
18F Group, which was a component of the U.S. Government's
General Services Administration that helped federal agencies
develop software and technology that better serves the public.
That review recommended “refactoring,” or essentially rewrit-
ing the code to eliminate unused features, clarify components,
and improve usability with modern software design standards.
The report suggested that refactoring the NWM code to im-
prove modularity should treat coupling interfaces as “products”
with the aim of increasing community involvement (Dunkman
et al. 2019).

The first exploratory refactoring attempts sought to increase
the modularity of WRF-Hydro to ease code swapping and sci-
entific evaluation of different process modules. These attempts
revealed several limitations with that approach. These largely
arose from the evolution of WRF-Hydro from a research code
to operations; the codebase contained relic code left over from
its developmental history that slows interpretation by people
trying to make improvements, which is known as “intellectual
debt.” Furthermore, as applied in the NWM configuration, the
WRF-Hydro model applies a fixed, structured-grid discreti-
zation, which hampers consideration of hydrologic modeling
approaches that use other discretizations. Finally, the code
base is written in Fortran, making it difficult or in some cases

impossible to couple with models written in other programming
languages.

Discussions around refactoring led to clean-sheet thinking
and meetings with other federal agencies about how to over-
come these limitations by creating a new modeling frame-
work with increased flexibility, modularity, and extensibility.
The guiding question for the early stages of this process was:
“How can we refactor the NWM to accomplish these desired
outcomes?” We called the project NextGen in a nod to the
evolution of operational water resources forecasting. As envi-
sioned, NextGen is not a model. Rather, it is a model-agnostic,
standards-based, interoperability software tool that enables
construction and execution of water prediction models and
evaluation of model outputs.

2.2 | Requirements

To meet the objectives and guide NextGen development, an
initial meeting was held in August 2020 to discuss desired
features in a refactored NWM. That meeting involved partici-
pants from NOA A and OWP, the US Dept. of Defense (US Army
Corps of Engineers, Engineering Research and Development
Center, USACE-ERDC), US Dept. of the Interior (US Bureau of
Reclamation USBR, and US Geological Survey, USGS), and the
National Center for Atmospheric Research (NCAR). The out-
come of that meeting was a consensus that the solution would
take the form of some kind of modular system that supported
the needs of all federal water prediction agencies and promoted
model interoperability. The federal agencies agreed to further
meetings (Figure 5) to explore the concept.

A follow-on meeting focused on requirements was held in
October 2020 involving only personnel from US water predic-
tion agencies including: NOAA, USACE-ERDC, USBR, USGS,
and the US Dept. of Energy. The outcome of that meeting was
a set of requirements that the participants agreed represented
desirable features of a water resources prediction model interop-
erability system:

1. Provide maximum flexibility. In short, do not make
decisions outside of the standards selected that pre-
vent someone from using the framework as they see fit.
Furthermore, such flexibility will allow that as models,
data sources, and modeling needs evolve, the framework
can support those changes and additions.

2. The framework design shall be model agnostic. In prin-
ciple, the framework might find uses outside of the tradi-
tional water prediction needs of hydrology/hydraulics.

3. Employ standards to establish a common architecture
that helps avoid duplication and promotes interopera-
bility. Identify or develop needed standards for coding,
coupling, data and metadata, and model verification/vali-
dation and test data.

4. Develop the framework in an open-source repository.
This will promote code reuse and development efficiency
and ease/encourage participation by partners and the
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2019 Background Research and Decisions

e 18F research report on National Water Model and WRF-Hydro
codebase compiled and published

® NOAA/NWS OWP decision to redesign National Water Model using novel,
model-agnostic framework

Ideation and Prototyping

e Interagency meetings to discuss and identify framework requirements and

2020

2021

2022

2023

® Contract bid evaluations

2024

® Evaluation of deliverables

2025

version 4.0

community. It will also allow for creation of an authorita-
tive repository for federal water models.

. Provide user-friendly development paths to domain sci-
entists and engineers. Implementation of models in the
framework shall be as minimally invasive as possible so
as to not require a rewriting of domain science code. The
original author of a model should be able to recognize
their code.

. Commit to sharing model codes, evaluation tools, and
datasets.

. Establish and maintain a glossary and define terms to
communicate clearly across disciplinary boundaries. This
requires that definitions be established in a disciplinary
context, because the same term often means different
things in different disciplines.

. Use mature open-source libraries where appropriate.

. Provide support for multiple programming languages.
The set identified included the following widely used sci-
entific programming languages: C, C++, Fortran, and

identify existing model coupling and data standards for interoperability
® |nitial design and development of a prototype framework to run a mosaic
of different hydrology and hydraulic models

Minimally Viable Product

® |mplementation of additional models, development of process models,
framework capabilities, and hydrofabric tools

® |nitial testing and calibration of model formulations in the prototype
® |dentification of needed capabilities and feature gaps

Prototype & Feature Development
® Bipartisan Infrastructure Law resources provided to NOAA

® NextGen hydrofabric developed jointly by NOAA/USGS

® |nitiated NextGen focused research grants to new NOAA Cooperative
Institute for Research to Operations in Hydrology (CIROH)

Contract Let to Develop Operational Capability

® Development of Performance Work Statement (PWS)

® Contract let in Sept. to consortium led by Raytheon

Development Under Contract

® Technology transfer to contractor Raytheon

® Formulation benchmarking in Framework

Formulation Testing & Selection

® Finalization of formulation selection for inclusion in National Water Model

FIGURE5 | Development timeline of the Next Generation Water Resources Modeling Framework.

Python. This list is not exclusive but a consensus opinion
of the present minimum set.

10. Support execution of models on diverse hardware ranging
from laptops to supercomputers. Contemporary libraries
for shared- and distributed-memory run time environ-
ments and container/cloud solutions represent enabling
technologies.

11. Establish a 2-week target for a graduate student or new
employees to add a model or module to the framework.
This will require excellent documentation and step-by-
step examples/tutorials. For accessibility to domain sci-
entists, this will require that they possess programming
skills but not a computer science background.

2.3 | Adopted Design Standards

A third meeting, held in February 2021, focused on the iden-
tification and selection of the most appropriate standards for
widespread adoption and consistency with the framework re-
quirements. The meeting identified the need for two different
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standards. The first was a standard providing a common de-
scription of surface water hydrologic and hydraulic features to
unify model applications, because all models simulate some
version of the same physical system, albeit with unique internal
discretizations and scales of interest. The second was a standard
method for coupling diverse hydrologic, hydraulic, and coastal
models and promoting interoperability in a wide range of com-
puting environments.

In February 2021, only one standard existed for describing
the hydrologic and hydraulic features of the land surface and
was deemed suitable to support modeling. That standard was
the Open Geospatial Consortium (OGC) WaterML 2: Part 3—
Surface Hydrology Features (HY_Features) conceptual model
(Blodgett and Dornblut 2018). HY_Features identifies and de-
fines the core concepts underpinning surface hydrologic and hy-
drographic data across a range of use cases and solidifies these
concepts into a common system with codified associations. The
group in the February 2021 meeting agreed this standard was
sufficient to increase interoperability of surface water hydrology
and hydraulic models.

As a conceptual model, the HY_Features standard defines rel-
evant surface hydrologic and hydraulic features, but not the
functional elements that support modeling applications and
data creation. The set of surface water hydrologic and hydrau-
lic features considered by the HY_Features conceptual data
model is defined as a “hydrofabric.” Since its introduction in
2018, the HY_Features conceptual model has been extended
to support a logical model for dataset integration (Blodgett
et al. 2021), a general data model for hydrofabric and river
corridor information, and an explicit, interoperable data prod-
uct that supports a range of large-scale modeling tasks (Bock
et al. 2022; Johnson 2022). Questions still remain around the
completeness of this paradigm for supporting other unique
model types such as groundwater in aquifers and snow pro-
cesses; however, the process for adopting, refining, and ex-
tending the standard is well documented.

Four different model coupling strategies were also discussed: the
Basic Model Interface 2.0 (BMI) standard developed by the US
NSF-funded Community Surface Dynamics Modeling System
(CSDMS) (Peckham et al. 2013; Hutton et al. 2020; BMI 2023),
the OpenMI shared-memory model coupling standard (Dagum
and Menon 1998), the Coupling Approaches for Next Generation
Architectures (CANGA) Tasked-Based standard developed by
the US Dept. of Energy (Coon et al. 2019), and the Earth System
Modeling Framework (ESMF) standard developed by NOAA
(Hill et al. 2004). After discussing the requirements, the group
identified the paramount importance of a “thin” standard offer-
ing maximum flexibility while being minimally invasive. This
latter point was viewed as extremely important to attract com-
munity involvement. The assembled group unanimously agreed
that the BMI standard is most appropriate to meet the previously
stated design requirements.

Computational models in hydrology and other fields are nu-
merous and exhibit considerable differences in terms of pro-
gramming language, dimensionality, discretization of space
and time (i.e., grid and time stepping scheme), input and out-
put variable names, variable units, and data types. The BMI

standard is a lightweight, standardized API (i.e., an Application
Programming Interface or a wrapper or adapter) for computa-
tional models that enables models and even datasets to interop-
erate and share the values of their variables, despite all of these
possible differences (Gan et al. 2023).

The letter “B” in BMI stands for “Basic.” The BMI standard is
not comprehensive, and other useful metadata describing mod-
els such as design minimum/maximum/optimal time step,
spatial scale limitations, seasonality limitations, and design
assumptions might not be available through the BMI interface.
For this reason, an auxiliary model metadata description might
be desired to help a coupling framework determine the appro-
priateness of coupling two models, or for comparison against a
perceptual model (McMillan et al. 2023) to evaluate formulation
completeness.

The BMI functions can be grouped into five categories: Model
Control Functions (i.e., initialize, update and finalize), Model
Information Functions, Variable Information Functions,
Variable Getter and Setter Functions, and Discretization
Information Functions. These standard BMI functions allow a
centralized framework to start and stop a model; execute one or
more timesteps; query model information; and get, set, and pass
variable values, among other capabilities. By design, the BMI
functions are noninvasive and employ the so-called “Hollywood
principle” from computer science—“Don't call us, we'll call
you.” That is, a model coupling framework can query and con-
trol a BMI-compliant model, but the model does not make any
calls to other components or tools and is not modified to use
new data structures. Making a model BMI compliant introduces
no new or external dependencies into a model so that it can still
be used in a “stand-alone” manner or within a model-coupling
framework. The framework and its mediators, not the models,
are responsible for passing the values of variables between mod-
els and for performing any required transformations. This con-
forms to the computer science concept known as “separation of
concerns.”

The BMI functions are implementable in any programming lan-
guage, including C, C++, Fortran (all years), Java, and Python.
It is more straightforward in the case of memory address-aware
languages, While BMI implementations exist for Javascript,
Octave, Julia, Rust, R, and other languages, those were not
called out in the NextGen requirements as being widely used
by the agency personnel involved to develop hydrologic/hydrau-
lic modeling codes. Even though some languages are object-
oriented and support user-defined types (i.e., classes), the BMI
functions use only simple (universal) data types. CSDMS pro-
vides templates to further simplify implementation in C, C++,
Fortran, Java, and Python.

Once implemented using the BMI, a user may run a model as
a single unit or couple it with one or more models. Given two
coupled models, the framework (1) uses the BMI interface to get
values of state variables or fluxes from the first model using its
BMI get_value() function, (2) obtains information about each
model (e.g., variables, units, grid(s), time step, etc.) via BMI calls,
(3) passes this information to framework utilities, often called
mediators, that perform transformations such as spatial interpo-
lation/extrapolation, temporal interpolation/averaging, and unit
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conversions, and (4) sets values of variables in the second model
using its BMI set_value() function.

Since model developers must do extra work to implement the
BMI for their model, it is important for them to see an overall
benefit in doing so. One such benefit is more widespread use
of their model, partly stemming from the ability to easily cou-
ple it to other models. Another is that the framework can help
provide suitable meteorological forcing data, or other input data
for topography, land use, and soils. A third benefit is that the
framework can access the values of output variables via BMI
and then write them to files at any given sampling rate and in
any framework-supported file format (e.g., netCDF), with sup-
porting metadata. A fourth benefit is that it is much easier for
a new user to understand, use, and modify the model, due to
the standard layout and self-description. In addition, it has been
shown (Peckham et al. 2014) that a BMI-compliant component
can often be used in other model-coupling frameworks that use
a different component interface (without change) by applying a
general-purpose adapter that maps the BMI interface to some
other interface.

2.4 | Identified Gaps

In a component-based, or plug-and-play approach to modeling,
another question that arises is that of “granularity,” which refers
to the relative size of the source code modules (or components)
that are wrapped to expose a coupling interface like BMI. While
it is possible to wrap complete hydrologic (multi-process) models
with BMI, this limits the options for coupling and reusability. In
hydrology, these processes include stormflow generation, open
channel flow, radiation balance, precipitation, evaporation, in-
filtration, snowmelt, etc. Therefore, process formulations are
a natural “scale” for component granularity because differ-
ent formulations of the same process may be more suitable in
a given context, perhaps based on what input data is available.
Moreover, much of the research and the resulting advances in
our understanding involve new formulations, which may use
new equations, algorithms, assumptions, approximations, or
numerical methods for modeling a given process. The ability
to easily “swap out” one process component for another while
keeping everything else the same enables intercomparison stud-
ies, isolating problems, rapid prototyping, and accelerating the
science.

Given the characteristics of the selected BMI and HY_Features
standards, the group identified the following gaps where further
development is needed to facilitate realization of the NextGen
Framework:

1. Devise methods that employ the BMI standard to increase
its utility on HPC systems. This would include serializing
model states for checkpointing and hotstarting of models
and for HPC load balancing. This can be performed using
the current BMI standard provided that all variables re-
quired to entirely save the state of a model and reload it are
exposed to the BMI interface.

2. Add component-level coupling, making it possible to con-
struct mimic or novel models.

3. Enable support within the framework for adoption of
“complete” model formulations or construction of “compo-
nentized” models. This will allow construction of mimic
and novel model formulations in the framework.

4. Because it is impossible to anticipate all the different model
formulations that might be adapted for use in the frame-
work, model setup workflows must be provided by model
developers. Where necessary, these workflows must inter-
pret and use the HY_Features conceptual model for full
interoperability.

5. Indeveloping the BMI standard, CSDMS used the “adapter”
and “mediator” patterns from computer science. Adapters
correspond to “wrappers” or standardized interfaces like
BMI (or mappings from one interface to another), that enable
“plug-and-play” interoperability. Mediators, as framework
utilities, perform transformations like unit conversions and
space/time interpolation/extrapolation. It appears that a
third type of entity, perhaps called Couplers, will sometimes
be needed for more complex domain science codes that ena-
ble coupling between models having different states, fluxes,
or dimensionalities at their interface (e.g., a river model cou-
pled to an ocean model at a coastline). Where possible, in-
cluding these in the framework will prove useful.

6. A thin interface like BMI is perceived as beneficial and
desirable from a domain scientist perspective. Making a
model work within the framework should require added
functionality, but models should still run in a stand-alone
fashion outside of the framework.

7. Preventing coupling of incompatible models is a frame-
work responsibility. This will require establishment of a
model definition standard that contains enough informa-
tion to achieve this goal. Preliminary attempts at this in-
clude the CSDMS standard variable names (http://cdsdms.
colorado.edu/wiki/CSN_Metadata_Names).

8. Sub-setting of the model domain by space, time, and model
is an important need.

3 | NextGen Framework Prototype
3.1 | High Level Design Concept

Synthesis of the outcomes of the requirements and design
meetings, coupled with the specific needs of the NOAA/NWS
National Water Model use-case led to a modular design for the
NextGen Framework. This design consists of components that
each perform a singular function and can run as a subset for al-
ternative configurations or uses. The design shown in Figure 6
resulted from multiple iterations within the NOAA-N'WS Office
of Water Prediction (OWP), which contains all the functionality
needed to evaluate and optionally calibrate a mosaic of mod-
els. OWP is currently working with contractors to realize this
design starting from an initial prototype development effort
which lacks some of the functionality shown in Figure 6.

Specifically, the components that make up the NextGen
Framework calibration/evaluation cycle shown in Figure 6
include:
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1. Runtime Environment (RE): This is the Framework “orches-
trator.” The user may interact with component 1 through a
command line, graphical user, or application programming in-
terface to select which models to run where, specify the source
and time-span of the forcings data, which outputs are produced
and evaluated using which metrics, and optionally, which au-
tomated calibration routines and objective functions shall
be applied to calibrate which models. The RE reads a “Model
Definition File” or (MDF) that provides model metadata and al-
lows the framework to understand which models are available
in the model library, their capabilities and limitations, input
needs including the base physiographic data required to gener-
ate initial parameter values and state variables. The MDF also
contains information on how to run the workflow scripts that
produce initial parameter values and state variables. This MDF
contains all metadata needed by the RE to evaluate formula-
tion appropriateness and completeness (Ogden et al. 2024) in
accordance with an optional perceptual model created by the
user. Consistent with the BMI philosophy, the RE is the only
component of the framework that is aware of all the other com-
ponents in the framework; it launches all other components in
sequence, and each of those components reports their comple-
tion back to it.

Objectlve
functlon(s)

High level design diagram of the Next Generation Water Resources Modeling Framework showing all components.

Evaluation
data sets

2. Model Checker: This component performs two important
functions. First, it compares the user-specified formulations
against a user-specified perceptual model to evaluate model
completeness. Secondly, it uses metadata about models from the
model definition file to verify that user-specified model formu-
lations use compatible models/modules and that the exchange
variables used are recommended and compatible, a check of
model appropriateness.

3. Model and Data Subsetter: This component produces a spa-
tial subset of all relevant geospatial data describing the physiog-
raphy of the study area, coinciding with the relevant portions
of the hydrofabric. The relevant physiographic data are those
described in the MDF as required by setup workflows for each
selected model that estimate model parameters and initial state
variables for each model in the simulation mosaic. The purpose
of the subsetter is to reduce the quantity of data processed by the
model setup workflows.

4. Model Input Library: Includes the underlying user-generated
hydrofabric and all geospatial data needed to estimate model
parameters and initial state variables by the model setup
workflows.
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5. Model Setup Workflow Manager: This component executes
scripts designed by model developers or model experts that read
hydrofabric and physiographical data from the subset and es-
timate initial model parameters and initial state variables. On
completion, it populates the model input stack (Component 6).
If running in an optional calibration loop, it can read updated
parameter values computed by the Automated Calibration
Manager (Component 11) and substitute them back into the
model input stack for further calibration runs. In that instance,
it can also re-run model setup workflows to estimate new initial
model state variable values if necessary.

6. Model Input Stack: The set of files that provide parameter
and initial state variable values for the various models in the
model mosaic. Models may directly read their own input files.
Alternatively, these input files may be read by the model engine
with values inserted into the models at startup through the BMI.
Both cases are useful in different situations.

7. Model Engine: This component executes the simulation using
the BMI to drive execution of models and modules. When
started by the RE, it reads the “Realization Configuration” file
containing all the details about the simulation in terms of do-
main, models, input stack contents and location, simulation pe-
riod, forcing data source, and desired outputs. It reads forcing
inputs using the BMI with the forcing engine, executes models
using the BMI, and writes desired outputs. It also provides reg-
ular status updates to the RE, allowing it to inform the user of
simulation progress and detect anomalies.

8a. Forcing Engine: This component is customized to read, pro-
cess, and re-grid commonly used forcing data for the NWM and
provide it to the model engine using the BMI interface.

8b. Assimilation Engine: This component accepts input obser-
vations for assimilation. Examples might include discharges,
water levels, periodic updates to soil-moisture or snow extent,
and maps of observations such as NDVI that affect ET parame-
ters or burned areas that affect infiltration parameters.

9. Model/Module Library: This contains compiled versions of
BMI compliant models/modules, having the capabilities de-
scribed in the Model Definition File.

10. Evaluation Manager: The RE calls the evaluation manager to
perform time-series analysis of observations or previous simula-
tion results at multiple points in the hydrofabric. It also has the
ability to perform point-to-grid, grid-to-point, and grid-to-grid
time-series evaluations using re-gridding functionality provided
by the Earth System Modeling Framework (ESMF) re-gridder.

11. Automated Calibration Manager: Applies specified param-
eter estimation routines for particular models using objective
functions specified by the user to estimate new parameter
values.

The design allows execution of N different models and evaluation
of model outputs with optional automated calibration, showing
major components as numbered and colored blocks. Execution
proceeds along increasing component numbers. Parallelograms
represent information exchanged between them. The model

engine (Component 7) repeatedly interacts with components 8a,
8b, and 9 using the BMI standard until the simulation is com-
plete. Dashed lines denote optional information flows.

The modular design of the NextGen Framework enables a vari-
ety of configurations, additions, and substitutions. Components
not necessary for particular applications need not be included.
For example, an operational forecasting configuration might in-
clude only components: 1, 6, 7, 8a, 8b, and 9, because the model
input stack (Component 6) will be prepared in advance, and the
calibration and evaluation components are not required for fore-
casting. Because the framework is model agnostic, models in the
model library can discretize the land surface features described
by a hydrofabric unit in any way, or not at all as in the case of
catchment-based conceptual or machine learning models.

3.2 | Example Applications

The first step in setting up models in the NextGen framework is
production of a HY_Features hydrofabric on the desired model
domain. The hydrofabric tools provide the user with the ability
to determine whether the focus is on catchment size distribution
and channel reach lengths, or points of interest such as USGS
stream gauge locations.

Figure 7 shows how the HY_Features data model allows exe-
cution of different model formulations simultaneously in the
NextGen Framework at user desired resolutions. Starting from
the original topographic data, catchment and stream delinea-
tion occur at using user-specified scale criteria. The National
Hydrographic Dataset One definition might focus on points of
interest such as stream gaging locations. Another might desire
a catchment size distribution and/or minimum reach length.
The reach length criterion is particularly useful to produce a
computational stream network that is amenable to solution
without requiring tiny timesteps as required by the Courant
number.

The high-level design of the NextGen prototype provides flexibil-
ity in configuring and running model simulations. The simplest
use case would involve setting up and running one hydrologic
model in one basin without coupling to a channel routing mod-
ule. A complex configuration would involve multiple linked
models, including those of different paradigms (e.g., conceptual,
physical, and machine learning), across multiple basins with a
mixture of hydrologic and hydraulic routing modules. The three
following example NextGen realizations illustrate how a user
might take advantage of these capabilities.

In the example shown in Figure 8a, a user wishes to test/cal-
ibrate a snow ablation process module (Snow-17) in a single
hydrofabric catchment by evaluating prediction of snow water
equivalent (SWE). In this example, the NOAA Snow-17 tem-
perature index model is linked to the Conceptual Functional
Equivalent (CFE) to the National Water Model (described in:
Araki et al. 2025), which provides partitioning and flow rout-
ing and a soil freeze/thaw (SFT) module to simulate frozen soil
effects. The NextGen Framework calibration manager is used
to optimize parameters applying a calibration objective function
based on catchment average SWE.
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FIGURE 7 | Development of a hydrofabric that merges topographic information and user desired catchment sizes and nexus density for the ap-

plication of different models.

In the second example shown in Figure 8b, another researcher
wants to simulate more components of the hydrologic cycle
over a larger spatial domain. They subset multiple contiguous
basins from the NextGen hydrofabric with a USGS gage at the
outlet point. They run a mixed configuration involving a vari-
ety of coupled modules in the various hydrofabric catchments
and route the runoff output from each basin through the stream
network using a hydrologic (Muskingum) routing module. To
improve streamflow output, they deploy the ngen-cal calibra-
tion package and apply the calibrated model parameters after
calibration.

In the third example shown in Figure 8c, water resources fore-
casters deploy a fully optimized model configuration over the
continental US domain. They first subset multiple basins with

USGS outlet gages from the NextGen hydrofabric and run ngen-
cal in each larger basin grouping to calibrate model parameters
for a large set of coupled models that may include land-surface
routines such as Noah-OWP-Modular, Snow-17, and standard
PET estimator, plus stormflow generation models such as CFE,
TOPMODEL, HBYV, and Sac-SMA. These catchment hydro-
logic models are coupled to the hydrofabric in a variety of ways.
Hydrologic routing using the Muskingum-Cunge method is ap-
plied in low-order streams and rivers. In higher order streams,
a diffusive-wave module allows simulation of backwater effects.
Larger rivers are coupled to coastal models using a dynamic-
wave channel routing module. Simulation outputs from differ-
ent catchment hydrologic models are compared using multiple
continuous, event, and categorical metrics against outputs from
the previously trained long short-term memory (LSTM) model.
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FIGURE 8 | Different use cases/configurations of the Next Generation Water Resources Modeling Framework showing increasing complexity.

Panel (a) one hydrofabric catchment to calibrate one snow ablation model (e.g., Snow-17); (b) a coupled multi-model mosaic run across several hydro-

fabric catchments using hydrologic channel routing between hydrofabric nexuses; and (c) a variety of coupled models and modules running across

the CONUS domain with either hydrologic or different hydraulic routing schemes depending on the importance of backwater effects and possibility

of flow reversal.

This methodology might allow identification of the best per-
forming model formulation on a regional basis.

4 | Conclusions

In the introduction to this paper, we detailed a series of chal-
lenges that researchers, developers, water managers, and opera-
tional forecasters all face when it comes to hydrologic prediction.
In short, much of hydrology is concerned with hard-to-observe
phenomena that necessitates computational models to overcome
shortcomings in measurements, process understanding, and
forecasting. Over time, the number of models, programming
languages, and paradigms has grown, creating challenges in
model selection and coupling, and evaluation of suitability and
appropriateness. Facing this buffet of choices, researchers and
practitioners often choose models based on familiarity instead of
using the model that is most appropriate for their study domain
and objective. To mitigate such heuristic issues, some research-
ers have proposed building community models that integrate
modeling efforts. Unfortunately, these endeavors have largely
failed as result of challenges in agreeing on allowed model struc-
ture, process representations, model domain discretization,

input and output data requirements, parameter estimation, and
calibration techniques, among others (e.g., getting researchers to
agree on a final product).

In response, we propose a modular, standards-based, model-
agnostic framework that works with existing models and
standards so that researchers, students, and practitioners can
experiment with a number of approaches and develop optimized
solutions appropriate to their domains and objectives. We call
this set of software tools the Next Generation Water Resources
Modeling framework, or NextGen for short. NextGen applies
an existing hydro-physiographic conceptual model, the OGC
WaterML 2 HY_Features conceptual model, because it provides
a means to represent relevant surface water hydrologic/hydrau-
lic features at any desired resolution. This “hydrofabric” forms
the basis of the development of standard hydro-feature descrip-
tions. Model setup workflows that are compatible with this stan-
dard description offer a way forward and eliminate the need for
new model developers to re-invent equivalent functionality.

The NextGen Framework also relies on the Basic Model
Interface (BMI) model coupling standard to control model run-
time and couple independently developed models written in
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different languages, such as C, C++, Fortran, and Python. The
“B” in BMI, which stands for “Basic,” means that the standard
provides a minimum yet complete set of functions to allow for
outside execution control, exchange of values using the widely
available mechanisms that run on individual computers and
HPC systems, and awareness of a wide variety of model dis-
cretizations. It also means that it represents a minimum set of
required functionalities and helps to increase its appeal to the
model development community. The BMI standard is model-
agnostic. This allows the model developer to apply their solver
and discretizations to the model domain. Extensions are pos-
sible. For example, the eXtended Model Interface extension
(XMI), which allows tighter coupling between models/modules
that require an iterative solution to improve simulation results
(Hughes et al. 2022), provides a means to grow the capabilities
of the framework as model coupling needs evolve.

Together, the use of the HY Features and BMI standards en-
ables several key NextGen capabilities, such as (1) the use of
user-defined, not model-specific, geospatial data to define model
domains, initialize parameter values and model states, and to
build stream networks for flow routing, (2) the execution of vari-
ous models and modules in the same framework using the same
configuration system and execution commands, and (3) the pro-
duction of model outputs in a standardized format over a consis-
tent domain regardless of the chosen model(s) or module(s). We
believe these NextGen capabilities promise to advance hydro-
logic and hydraulic modeling by providing a common operating
environment that allows evaluation of different models.

The model-agnostic and standards-based Next Generation
Water Resources Modeling Framework aims to maximize in-
teroperability and promote scientific evaluation of different
water prediction models in a common environment, leading
to fair assessments and advancement of more capable mod-
els. The use of standards increases collaboration between the
research community and federal agencies and speeds identifi-
cation and operational implementation of superior modeling
approaches. Enhanced interoperability means rapid coupling of
verified domain-specific models in a way that allows users to
take advantage of the expertise of others. Ultimately the ben-
efits provided by such a standards-based modeling framework
include an increased pace of discovery, more accurate and less
redundant modeling as demonstrably superior models advance.
It also supports the application of FAIR (Findable, Accessible,
Interoperable, Reusable) (Wilkinson et al. 2016) principles in
water prediction.
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