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ARTICLE INFO ABSTRACT

Keywords: Hydrologic models are a powerful tool to predict water-related natural hazards. Of all hydrologic models, CREST
Hydrologic model (Coupled Routing and Excess STorage) was developed to facilitate hydrologic sciences and applications across
CREST model

various spatial and temporal scales. The CREST model was the earliest implementation of a quasi-global flood
model integrating remote-sensing data and is the first operational deployment of a real-time model in the Na-
tional Weather Service functioning at flash flood scales across a continent. Since being published in 2011, the
CREST model has been evolving to empower flood predictions and to inform water resources management
practices. Moreover, the CREST model is convenient to couple with other models/schemes (e.g., weather forecast
model, snowmelt model, land surface model, hydrodynamic model, groundwater model, landslide model, vector-
based routing) for border practices of investigating water-related natural hazards. To date its 10th anniversary,
more than 80 peer-reviewed journal articles that have used the CREST model are curated and reviewed from the
aspects of model development, worldwide applications, and outreach to emerging regions. Finally, the future
directions for the CREST model family are outlined in the hope of stimulating new research endeavors. A digital
collection of CREST model family is archived online at https://crest-family.readthedocs.io/en/latest/.
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1. Introduction per event (Gourley et al., 2017; Li et al., 2021a). In a warmer climate,

floods in the US are becoming 7.9% flashier (higher magnitude and

Floods are one of the most devastating and deadliest natural hazards
across the globe. About 1.6 billion people were affected during
2000-2019, the highest figure of all disasters (UNDRR, 2020). A
growing number of people have been exposed to flood risks for the last
two decades, as revealed by satellite images (Tellman et al., 2021).
There was a median of 81 flood fatalities per year from 1959 to 2005
(Ashley and Ashley, 2008), and almost ten percent of the flash floods
have resulted in agricultural and economic losses beyond $100,000 USD
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shorter rising time), leaving less response time for people at risk (Li
et al., 2022a, Li et al., 2022b).

The advent of remote sensing technology has dramatically revolu-
tionized traditional hydrological simulation, transforming it into a scale-
independent process. This technology provides comprehensive and
high-resolution spatial-temporal data, including meteorological factors,
soil moisture, and land-use characteristics, serving as critical inputs for
hydrologic simulation models (Schmugge et al., 2002). As such, the
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reliance on in-situ data has significantly reduced. By leveraging remote
sensing technology, we can now access a more holistic view of hydro-
logical systems, enabling a shift towards more accurate, data-rich, and
reliable flood forecasting models (Hong et al., 2007). In this new para-
digm, the Coupled Routing and Excess STorage (CREST) model stands as
a seminal innovation. The CREST developed at the University of Okla-
homa (OU) and National Aeronautics and Space Administration (NASA),
is a distributed hydrologic model that resolves water re-distribution
across spatial and temporal scales (Wang et al.,, 2011; Li, 2022a).
Conceived with the specific primary objective of facilitating global flood
forecasting, the CREST model integrates seamlessly with remote sensing
data. This paves the way for the first-ever global streamflow simulation
powered by the real-time satellite precipitation product - Tropical
Rainfall Measuring Mission (TRMM) operated by NASA (Wu et al.,
2012). Since its success in its global application, a testament to its effi-
cacy and robustness, CREST model was later coupled with the National
Mosaic Quantitative Precipitation Estimation system in the US (now
called the Multi-Radar Multi-Sensor system), achieving kilometers scale
streamflow prediction across a continent. Today, the CREST model is the
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first real-time model operationally deployed at the National Weather
Service, functioning at flash flood scales (kilometer and sub-hourly)
across the continent, which includes the entire US and outer terri-
tories. It makes a significant milestone in flood prediction and man-
agement. Several capacity building projects were carried out in
emerging counties in Africa for addressing their local flood risks (Clark
et al., 2017). The CREST model’s proven success demonstrates the
transformative potential of integrating traditional hydrologic models
with remote sensing in the realm of flood forecasting, paving the way for
more advanced and effective flood applications globally. Additionally,
CREST model has not only revolutionized flood forecasting but also
stimulated the development of a multi-hazard and multi-scale frame-
work by facilitating coupling with an array of other environmental
models. These include weather forecast model, land surface model,
landslide model, hydrodynamic model, groundwater model, etc (Chen
et al., 2022b; Li et al., 2022a). This integration approach acknowledges
the interconnectedness and cascading effects of various natural hazards,
creating a comprehensive, systems-based model that accurately mirrors
the complexity of real-world environmental phenomena. This approach,
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Fig. 1. Evolution of the family of CREST models.



Z. Lietal

made possible by the technological advancements embodied in the
CREST model, heralds a new era in multi-hazard disaster management,
moving towards a future where the devastating impacts of natural
hazards can be better predicted, managed, and mitigated (Kappes et al.,
2012).

As the CREST model was announced in 2011, we review the devel-
opment of CREST and its applications to water-related issues over the
past decade in the following sections (see Fig. 1). To date (July 2022),
CREST has been widely accepted by the community, and 87 + publi-
cations have used the CREST model family for a range of applications,
including 3,524 citations in total (data from Google Scholar). We
collected those papers through the keyword search “CREST hydrologic
model” and applied manual inspection to filter non-relevant ones. Fig. 2
highlights the time series of publications and citation numbers for the
CREST model family, indicating a prevailing trend in recent years
(peaking in 2017). In the following sections, we follow the chronological
order and focus on the model core, which is the main package to reveal
the relative changes to the source. At last, we summarize the limitations
and provide outlooks for the CREST model family in terms of new
components to be considered for development.

2. CREST model evolution

There have been three significant version upgrades of CREST since
2011 - CREST v1.0 (Wang et al., 2011), CREST v2.0 (Xue et al., 2013),
CREST v2.1 (Shen et al., 2017), and CREST v3.0 (Kan et al., 2017). The
building blocks for the mass balance component of CREST are concep-
tual “bucket” models at each grid cell to represent the spill-fill nature of
water storage and movement (McDonnell et al., 2021). Fig. 3 depicts the
evolution of the CREST model structure in these iterations. Overall,
CREST v1.0 has three-layer soil and incorporated linear reservoir rout-
ing; followed by CREST v1.6, CREST v2.0 enhanced model efficiency
with advanced calibration schemes; CREST v3.0 added a groundwater
component to extend model capacity.

2.1. CREST version 1.x

CREST v1.x represents the major version vl and minor versions v1.0
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Fig. 2. Time series of the number of publications and citations. We curated
papers and citations from Google Scholar, as well as manual inspection to sift
through relevant ones.
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and v1.6. The software packages were written in FORTRAN 95 and C. It
features three important characteristics: 1) distributed rainfall-runoff
generation process and cell-to-cell routing, 2) coupled routing and
runoff generation mechanisms, and 3) sub-grid variability of soil mois-
ture capacity (Wang et al., 2011). CREST has featured a seamless inte-
gration of distributed rainfall and runoff process, making it unique to
readily accommodate these distributed forcings. The atmospheric forc-
ing, the deficit of rainfall and evaporation, encounters the canopy layer
whose capacity (Canopy Interception Capacity - CIC) is parameterized as
a linear function of the Leaf Area Index (LAI), vegetation coverage (d),
and a coefficient of land cover (k.) (Dickinson, 1989). The canopy layer
acts as a simple excess storage reservoir that receives whatever rainfall
comes through. Then the remaining water Py, if CI > CIC, infiltrates
into soil layers along with incoming interflow (SS) from upstream cells.

CIC =k, x d x LAI (@)
P,y = P— (CI — CIC) &)

where CI is the intercepted water in the canopy.

The Variable Infiltration Curve (VIC) describes water partitioning in
soils, which is a classic method originally formulated in the Xinanjiang
model (Zhao, 1992) and adopted by the University of Washington VIC
model (Liang et al., 1996). In CREST v1.0, three soil layers are incor-
porated to characterize upper (0-0.5 m), lower (0.5-2 m), and deeper
(greater than2 m) soils. The infiltration process is mathematically rep-
resented by the following equations (Egs. 3-5).

i= [l = (1—4)"""] ®3)
im = W,(1 + b)) (€]
Wm = Wml + WmZ + Wm3 (5)

where i is the point infiltration capacity while i, is the maximum infil-
tration capacity, A is the fractional area of the cell, and b; is the exponent
of the curve. Wy, is the maximum soil tension water capacity which is the
sum of tension water capacity at three soil layers: W1, Wiz, Wis. The
infiltrated water (I) is the deficit of maximum soil water capacity (W,,)
and the soil water state (W), if available soil water P,,; plus point
infiltration capacity (i) is larger than maximum infiltration capacity (ir,).
Otherwise, it follows the exponent function shown in. Eq. (6).

i+ Pgoir

Im

14,
I1=Ww, {1 - ] S+ Py < iy (6)
To be noted, since CREST v1.6, the three-layer soil columns have
been reduced to one layer (see Fig. 3). The one bulk soil layer in lieu of
three layers is attempting to represent soils within five meters of the
surface. The rationale behind this is threefold: (1) to ease data prepa-
ration; (2) to reduce the number of model parameters, especially those
that are not readily linked to observations; (3) and to speed up model
implementation. The previous parameterization in the VIC model (Egs.
3-6) has changed to Eq. (7), thereby reducing the number of parameters
in the VIC model from 7 to 3.

= e X [1 = (1 = W/W,)"%] )

The runoff generation in CREST v1.x is primarily based upon excess
saturation runoff in which interflow is produced from the ratio of excess
rain (R) and soil water (Py,;) and soil hydraulic conductivity (K) (Egs.
8-10). The overland runoff (RS) is the deficit of excess rain (R) and
interflow (SS).

R=Pyu—1 ®

R
Pm[l

SS=K (C)]
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Fig. 3. Model structure of three versions of CREST model: (a) CREST v1.0, (b) CREST v1.6, (c) CREST v2.0, and (d) CREST v3.0.

RS =R—-SS (10)

The potential evapotranspiration (PET) value is required as a direct
input to CREST v1.x, which is the maximum amount of water that can
potentially be evaporated, determined by atmospheric conditions (such
as temperature, wind, radiation, etc.). The actual evaporation is calcu-
lated by distributing PET in canopy and soil layers. The rule of redis-
tribution is based on successive depletion (from canopy to soil) and
water depth in each bucket. First, it assesses whether the amount of
water in the canopy layer is enough for PET. If so, ET is derived entirely
from canopy water through transpiration. Otherwise, soil water con-
tributes to the remaining part via evaporation. ET in the shallow soil
layer (first layer) is similar to the canopy layer based on the depletion
rule (Eq. (11), as they both are open and directly connected to the air. If
the first soil layer and canopy layer jointly cannot fulfil the PET demand,
the second and/or third soil layers start to contribute based on an
exponential separation until it is completely depleted.

w

E, =E, A 1D

where E, is evaporation in the second or third soil layer, and E; is the
deficit of PET and canopy layer plus first soil layer evaporation.

The routing scheme in the original CREST model is based on linear
reservoirs applied to surface flow and subsurface flow with different
parameterizations. The linear reservoir scheme accounts for sub-grid-
scale routing, meaning that the grid spacing of DEM does not impact
routing results. It makes the CREST model scalable and especially suit-
able for global applications (Wu et al., 2012). The surface flow reservoir
(SF) at time t + 1 receives upstream flow (Q;) at time t and excess surface
runoff (RS) and produces outflow (Ogp) for downstream routing. The
interflow reservoir (SI) receives subsurface flow (SS) and deep soil spill
flow (ES), if any. Equations 12-14 represent these two processes in first-
order approximated Ordinary Differential Equation (ODE) which ad-
vances in time. For in-channel routing, we calculate the time of con-
centration at jth pixel (T) with Eq. (15), given the distance grid (/') and
slope grid (§/) as input and runoff velocity coefficient Kx as a parameter.
From there, we can solve how many grid cells’ runoff at the jth pixel can
advance within a given time step. Finally, the discharge (Q) equals the
sum of surface runoff and subsurface runoff multiplied by drainage area
(A) and divided by time step (At) (Eq. (16).
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@ =P—-E,+ (QO.in - QO,aw) + (Ql.in - Ql,oul) (12)
dt
SF,.1 = SF,+RS,+ Q, x At (13)
SI..1 = SI, +SS,+ES, 14)

— as)
V=——

KxVS
A

Ori1 = (SFri1 +SIy1) % AL (16)

Some minor updates have been released, such as CREST v1.6, which
has become more readily suited for both basin-scale (Khan et al., 2011)
and global-scale applications (Wu et al., 2012). The input parameters are
derived from soil survey data, land cover maps, and vegetation
coverage. Notably, the CREST vl.x considers lumped parameters
(Table 1) which are averaged over the study domain.

2.2. CREST version 2.x

2.2.1. CRESTv2.0
Xue et al. (2013) introduced the next generation of the CREST model
— CREST v2.0, written in FORTRAN and featuring more advanced

Table 1
Inputs and parameters used in CREST v1.x.
Symbols  Description Source Unit
Model inputs
P Gridded rainfall data Remote sensing, mm/
weather/climate timestep
model, and gauges
PET Gridded potential evaporation Remote sensing, mm/
data weather/climate timestep
model, and gauges
LAIL Leaf Area Index Remote sensing m?/m?
DEM Digital Elevation Model Remote sensing/ M
survey
FDIR Flow direction Derived from DEM N/A
FAC Flow Accumulation Derived from DEM Cells or
km?
S Slope Derived from DEM Degree
1 Distance between cells Derived from DEM M
Model parameters
Wi Maximum soil water capacity at  Soil survey mm
soil layer 1
Wi Maximum soil water capacity at  Soil survey mm
soil layer 2
Wiz Maximum soil water capacity at ~ Soil survey mm
soil layer 3
by Exponent parameter of the VIC Soil survey N/A
model at soil layer 1
b, Exponent parameter of the VIC Soil survey N/A
model at soil layer 2
bs Exponent parameter of the VIC Soil survey N/A
model at soil layer 3
Ksat Mean saturated hydraulic Soil survey mm/hr
conductivity
d Vegetation coverage Remote sensing N/A
coeM The overland runoff velocity N/A N/A
coefficient
expM The overland flow speed N/A N/A
exponent
coeR The multiplier used to convert N/A N/A
overland flow to channel flow
speed
coeS The multiplier used to convert N/A N/A
overland flow speed to
interflow speed
Ks Surface runoff velocity N/A m/s
coefficient
K; Subsurface runoff velocity N/A m/s

coefficient
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options. The paradigm has been shifted thereafter towards fast imple-
mentation and is dedicated to operational flood systems. Thus, several
major changes have been made to the previous generation, including:
(1) model implementation with options of either spatially uniform,
semi-distributed, or distributed parameter values, (2) including imper-
vious area ratio parameter to emulate fast runoff generation, (3)
including a rainfall multiplier parameter to mitigate the impact of
rainfall bias on hydrologic predictions, (4) automatic calibration using
the SCE-UA algorithm (Duan et al., 1992), (5) parallel computing, (6)
modular design framework and enhancement of the computation
capability using FORTRAN matrix operation to make the model more
efficient.

Satellite precipitation products, in particular, can exhibit bias
because of systematic and random error due to instruments, infrequent
sampling, and limitations of the algorithms, especially in the early stages
of algorithmic development with TRMM (Li et al., 2020; Xue et al., 2013;
Tang et al., 2016). To account for the systematic bias, Xue et al. (2013)
introduced the RainFact parameter applied to remote sensing precipi-
tation (Eq. (17). As such, it is a prerequisite to conducting a pre-analysis
of the precipitation product in use to derive this parameter.

P.4in = RainFact x P a7

where P, is the corrected rainfall rate at the ground.

CREST vl.x generates surface runoff based upon saturation excess
runoff, which is not readily suited for an urban environment where
pavement and the built-up environment can impede rainfall infiltration.
On the other hand, flooding is devastating and disastrous in populated
urban regions. Urbanization has proved to sharpen the response
hydrograph - increasing the magnitude and reducing the flood-rising
time (Smith et al., 2002; Yang et al., 2011; Zhang et al., 2018). It is of
particular importance to consider such factors in an urban environment.
In doing so, Xue et al. (2013) split P4, into fast surface runoff (FS) and
Py, in Egs. 18-19, where IM is the impervious area ratio (%). Higher IM
leads to greater amounts of fast runoff.

FS = IM X P (18)
Pyoit = Prain — FS 19

2.2.2. CRESTv2.1

After CREST v2.0, Shen et al. (2017) published CREST v2.1, written
in MATLAB, dedicated to improving the existing routing schemes. The
proposed Fully Distributed Linear Reservoir Routing (FDLRR) scheme
replaces the Quasi-Distributed Linear Reservoir Routing (QDLRR) in
CREST v2.0. Specifically, the newer version addresses the underesti-
mation of in-channel flow and discontinuous flow after storms because
QDLRR only considers the donor-to-receiver relationship while ignoring
water moving through the routing nodes between the donor node and
receiver node. As pointed out by Shen et al. (2017), the QDLRR does not
account for water continuity along river reaches, resulting in a sub-
stantial bias. Fig. 4 depicts the difference between the two schemes,
where the newer version redistributes water along its pathway and thus
conserves both mass and momentum. The Eq. (12) for discharge at the
jth pixel has been modified to Eq. (20), where SF,;; and SI,, are the
surface runoff passing through node j.

(SFpur + SLou)Ag + > SFyiaAg + > SLidA,
At

o= (20)
2.2.3. CREST version 3.x

CREST v3.0 adopted a conceptual groundwater model to further
improve results, which makes it not only a flood-centric tool but also
suitable for predicting water scarcity (Gao et al., 2021; Li et al., 2018).

The conceptual groundwater model inherits the classic fill-spill
strategy, which is the current implementation in the US National
Water Model (NWM) v2.1, as shwon in Fig. 5 (Towler et al., 2022). The
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Fig. 5. A conceptual groundwater model used in CREST v3.0.

groundwater bucket receives recharge from the upper layer soil or
vadose zone, while water simultaneously evaporates. The spill scheme
generates lateral groundwater flow when the groundwater level (Zg,)
reaches its maximum level (Zg,max) in Eq. (21). The opening at the
bottom of the bucket generates slow and continuous flow with Eq. (22),
where parameter GWC is a multiplier, and GWE is an exponent factor.
Compared to CREST v2.x, we added three parameters Zg, max, GWC, and
GWE, which are inferred from aquifer depth or groundwater table data,
if available.

ng,exc = recharge + Zgw - Zgw,max (21)

Ouwerp = GWC(i — 1) (22)
gW,max

Although there are several publications indicating the development
of CREST v3.0 and its applications (Kan et al., 2017; Li et al., 2018),
source code (developed by using C++) was not yet available for open
access. This is because the version 3.0 model is still under development,
and more modules such as soil water transport (by solving the Richards’
equation numerically using the finite difference method), water-energy
balance, and hydrodynamic routing (by solving the full dynamic wave-
based Saint-Venant equations and shallow water equation numerically
using the Godunov-type finite volume method) are continuously
developed. This means that the further objective of v3.0 development is
to improve the physical basis of the distributed hydrologic model.

3. Ensemble framework for flash flood forecasting (EF5)

Motivated by the efficiency, accuracy, and spatially distributed na-
ture of the CREST model developments at a quasi-global scale, EF5 has
been developed since 2012 as a joint effort by OU and NOAA/National
Severe Storms Laboratory (NSSL) to supply meaningful forecasts of flash
flooding at every pixel location in the US and outer territories. Since
then, EF5 has become operational in the National Weather Service
(NWS) in the US and has rapidly evolved tools and services for flash
flood warnings issued by local NWS forecast offices (Clark et al., 2017;
Gourley et al., 2017; Vergara et al., 2016). The code is written in C++
and works across common platforms, including Windows, Linux, and OS
X/macOS (Flamig et al., 2020). The current version of EF5 (v1.3) sup-
ports nine different model configurations to adapt to a broader working
environment, starting from the snowmelt model, to the water balance
model, to the inundation scheme, as shown in Fig. 6.

The EF5 framework adopts a snow accumulation and ablation model
(Snow-17) to parameterize the snow processes (Anderson, 1976, 2006).
The Snow-17 model takes air temperature and precipitation as inputs to
calculate energy and water exchange. The accumulation in snow cover
happens when precipitation falls, and the air temperature drops below
the freezing threshold. The energy exchange occurs between the snow-
air interface to determine the melted water mass contributing to the
runoff. Outflow from snowmelt is computed along with rain-on-snow.

The water balance modules in the EF5 framework include — CREST
v2.0 (Xue et al., 2013), CREST v3.0, SAC-SMA (Koren et al., 2004), and a
hydrophobic model to generate ensemble predictions. SAC-SMA is a
classic hydrologic model used by the US NWS, which has been modified
in EF5 to run in a spatially distributed mode. Readers are referred to
Koren et al. (2004) and Yilmaz et al. (2008) for a detailed description of
the SAC-SMA model. The hydrophobic model is the simplest model in
EF5 that requires no land surface parameters, treating the surface as
completely impervious. The essence of the hydrophobic model is to
provide a “worst-case” scenario. Forecasters have also found it to be
useful to define the upper envelope in ensemble hydrologic forecasts and
to account for situations with biased rainfall forcing and highly imper-
vious land covers such as burn scars.

EF5 includes two routing options: (1) linear reservoir routing and (2)
kinematic wave routing. The kinematic wave model is a physically-
based representation of the horizontal surface water movement over
hillslopes and channels, which solves the Saint-Venant Equations of
mass conservation and momentum conservation in Eqs.23-24.
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where Q is the volumetric flow, A is the cross-sectional area, x is lon-
gitudinal distance, y is the water depth, Sy is the bottom slope, and Sy is
the friction slope. The terms on the left-hand side of Eq. (24) represent
local acceleration, convective acceleration, pressure force, gravity force,
and friction force, respectively. Solving Eq. (24) in full constitutes the
dynamic wave model for 1-D open channel flow. The kinematic wave
model approximates the full solution neglecting the acceleration and
forcing terms, leaving the gravity force and friction force to be balanced,
to seek faster computational speed. Because it is assumed that flow is
uniform and steady, Eq. (24) is finally simplified to Eq. (25), where the
flow is dependent on cross-sectional area alone with parameters a and f.
Substituting into Eq. (23), we arrive at the final form (Eq. (26) for the
kinematic wave model used in EF5. The solution for Eq. (26) in EF5 is
obtained through a non-linear finite-differences implicit scheme and
Newton’s numerical method (Chow et al., 1988): we used an iterative
method to solve flow Q by substituting it repeatedly until it converges
within a threshold.

0= aA? (25)
00 100 .
a +apQ’ = inflow (26)

To enhance flood hazard forecast capacity, two simple inundation
mapping schemes were incorporated into EF5 — mass-conserving and

stage-discharge model. The mass-conservation model utilizes the flow
output and calculates the total river volume at a given time step for
basins of interest. Then, the exact amount of water is redistributed by
pouring it into the basin based on the DEM data. The stage-discharge
model is dependent upon a rating curve that relates discharge to the
river stage at the channel pixel using an exponential function. The river
stage indicates the elevation in the DEM that is then compared to
neighboring elevations to compute the spatial inundation map. The
latter method, called Height Above Nearest Drainage (HAND; Nobre
et al. 2011) is also adopted by the operational National Water Model
v2.1 for generating flood inundation at large scales.

In addition to model structural developments, EF5 integrates several
utilities to facilitate and improve simulation results. First, model cali-
bration is a central component for hydrologic models, especially in cases
where a-priori estimates of model parameters are not available for the
study area. The Differential Evolution Adaptive Metropolis (DREAM)
algorithm by Vrugt et al. (2008) was adopted in lieu of the SCE-UA al-
gorithm used in CREST. The DREAM algorithm is an adaptive Markov
Chain Monte Carlo (MCMC) algorithm that runs several chains in par-
allel to search for optimal parameter space. Second, a simple data
assimilation module enables direct insertion of observed streamflow at a
gauge location (i.e., nudging), serving as a boundary condition for hy-
drologic simulations.
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4. Coupling with other models
4.1. Weather forecast model

Flash floods, a subtype of floods, are largely driven by rainfall from
storms organized at mesoscale or storm scales (Merz et al., 2021; Ning
etal., 2019). As such, coupling weather forecast models with hydrologic
models hold great promise in predicting flood risks and protecting
human lives and assets. A community model - Weather Research Fore-
cast (WRF) - has been widely applied for short-term meteorological
simulations. WRF is configurable with multiple physics, dynamics, and
parameterizations to be applied under varying atmospheric conditions.
It has served as the backbone for several US operational weather fore-
casts, such as the High-Resolution Rapid Refresh (HRRR) and Rapid
Refresh (Dowell et al., 2022).

Blanton et al. (2020), for the first time, coupled WRF with CREST and
the ADvanced CIRCulation (ADCIRC) storm surge, tide, and wind-wave
model to generate ensemble predictions of winds, streamflow and
inundation during Hurricane Isabel. The imperfect knowledge of model
physics and parameterization schemes yields diverging results in pre-
cipitation and land surface components. In this study, they perturbed the
model settings based on different initial conditions and physics schemes
to output a series of streamflow values. It was found that the 6-day
forecast generally captures the streamflow trends and peaks.

The NOAA Warn-on-Forecast (WoF)-FLASH program initiated an
integrated framework to couple storm-scale numerical weather forecasts
with the EF5 framework to generate probabilistic short-term flash flood
predictions over the contiguous US in real-time (Yussouf et al., 2020).
The experimental WoF uses 36 ensemble members with boundary con-
ditions generated by the HRRR ensemble (HRRRE) at every hour and re-
initializes the system to run every 15 mins. The WoF system assimilates
readily available data such as the MRMS (Multi-Radar Multi-Sensor)
radar reflectivity, radial velocity, cloud water path, and other meteo-
rological observations (Jones et al., 2016). These probabilistic flash
flood forecast products embrace the uncertain nature of weather fore-
casts and enable earlier detection of damaging flash floods in a sys-
tematic way.

4.2. Snowmelt model

The original implementation of snow processes in the CREST model
is rather simplified, limiting its application in high-mountain regions
such as the Rockies in the US and the third pole — Tibetan Plateau. Chen
et al. (2017) introduced the snow-resolving version of the CREST model
(CREST-Snow) that readily fills the gap. In the first stage, the total
precipitation is separated into solid and liquid phases using a tempera-
ture threshold. Snowpack and glaciers accumulate with an increase in
solid precipitation. The land surface receives melted water from the
snowpack and glaciers in addition to the rainfall-runoff process.

As the hydrologic process becomes complex, more inputs and pa-
rameters are assigned therein. CREST-snow requires 19 parameters, nine
of which are for the snowmelt and glacier melt process. In addition to
precipitation data, CREST-snow necessitates remotely sensed air tem-
perature for determining the precipitation phase and snow/glacier
melting rates. It can be envisioned that model calibration is becoming
challenging with many newly added parameters. Chen et al. (2017)
proposed a two-stage calibration strategy: the snow parameters are
calibrated in the first stage and then the others (e.g., Ksat and WM) in the
second stage. The rationale behind this is that the snowmelt process is
relatively independent of the rainfall-runoff process, and more impor-
tantly, there are intermediate observational states available for model
calibration. For instance, the Snow Cover Area (SCA) and Snow Water
Equivalent (SWE) can be retrieved from MODIS (Moderate Resolution
Imaging Spectroradiometer) because of the high reflectance of snow. In
doing so, the calibration burden is much alleviated.
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4.3. Land surface model

One of the limitations of the CREST model, as compared to other land
surface models such as Noah and Noah-MP models, is the simplified
representation of land surface processes, especially for snow- and forest-
covered regions where runoff generation mechanisms are more com-
plex. Motivated by these challenges, Shen & Anagnostou (2017) intro-
duced a framework to solve the full cycle of the Soil-Vegetation-
Atmosphere-Snow process, named CREST-SVAS. CREST-SVAS gener-
ates runoff by solving coupled water and energy balances in a closed
form. Correspondingly, more model inputs are required, such as radia-
tion, temperature, wind, etc. In fact, CREST-SVAS pushed the envelope
making the CREST model adaptable in different environments, including
cold climates.

4.4. Hydrodynamic model

Although a simple inundation module based on water balance or
HAND exists in the current CREST/EF5 framework, the flood dynamics
are not adequately simulated because the module does not consider
unsteady conditions. A coupling framework between the hydrologic
model and hydrodynamic model (H&H model) has been promising for
simulating complex flood dynamics and risk assessments (Sampson
et al.,, 2015). On the one hand, hydrologic models provide accurate
water balance over the land surface, which is compromised in tradi-
tional hydrodynamic models. On the other hand, the physically-based
2D or 3D routing in the hydrodynamic model readily resolves water
distribution over land and channels, which overshadows the simplified
routing process in hydrologic models (Teng et al., 2017). Li et al.
(2021b) and Chen et al. (2021) promoted an H&H framework, termed
CREST-iMAP (CREST inundation MApping and Prediction), by coupling
the CREST model with the Anuga hydrodynamic model. Different from
common one-way and offline coupling, the CREST-iIMAP seamlessly
integrates hydrologic and hydrodynamic simulations into a fully
coupled mode. The most computationally demanding part (finite vol-
ume solver in Anuga) was written in C language, and the model interface
including CREST was written in Python interface for readability and
accessibility. The CREST-iMAP framework has been successfully
demonstrated in the Houston region during Hurricane Harvey by
comparing simulated streamflow, inundation extent, and water depth
with USGS stream gauges, SAR-derived flood area, and USGS High
Water Marks (Chen et al., 2021, Chen et al., 2022a; Li et al., 2021b; Sun
etal., 2023). It is found that CREST-iMAP outperforms the CREST model
regarding streamflow simulation, as kinematic wave routing in CREST
typically encounters problems in flatter terrain (Flamig et al., 2020). It
was also coupled with Quantitative Precipitation Forecast (QPF) data to
hindcast Hurricane Harvey (Chen et al., 2022b). Similar to CREST-iMAP
v1.0, the recent development of CREST-iMAP v1.1 renders two-way
coupling, allowing re-infiltration or run-on infiltration processes to be
activated in flood simulation (Li et al., 2022c). Such a process is
corroborated to be nontrivial even in extreme flood cases such as Hur-
ricane Harvey. Furthermore, the coupling of the water balance model
with a hydrodynamic model was shown to improve the accuracy of
inundation extent as compared to the simpler, DEM-based inundation
models, sometimes referred to as “bathtub models”.

4.5. Groundwater model

The simple conceptual groundwater (GW) module in the CREST
model is subject to uncertainties in parameterizations, boundary con-
ditions, and hydrologic stresses. In contrast, physical GW models offer
more realistic simulations by solving physical governing equations. The
MODFLOW (MODular 3-D finite-difference) model with NWT solver (a
Newton-Raphson formulation) is promising in GW model communities,
especially for its open interface to be coupled with other models. Kha-
dim et al. (2020), for the first time, coupled the CREST model with
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MODFLOW and applied it to the Blue Nile Basin in Ethiopia. The CREST
model provides boundary conditions of recharge rate after infiltration
and streamflow to force MODFLOW. They also manifest the deviation of
GW depth simulated from the physical model and global conceptual
model in the same region.

4.6. Landslide model

The CREST model has been extended throughout its decade of
development to be coupled with other models for predicting water-
related natural hazards. He et al. (2016) published a coupled
hydrological-geotechnical framework for landslide prediction, called
CRESLIDE (Coupled Routing Excess Storage and Slope-Infiltration-
Distributed Equilibrium). They coupled the CREST model with the
SLIDE model, which computes slope stability as a factor of safety. The
relatively more accurate subsurface hydrologic variables from CREST
were fed to the SLIDE model in an integrated way. CRESLIDE assumes
shallow depth landslide and simplifies the infinite-slope equation. Later,
Wang et al. (2020) further developed an effective and computationally
efficient coupling method to couple the CREST model with the SLIDE
model by downscaling coarser-resolution CREST soil moisture to a finer
resolution to meet the input requirements of the SLIDE model.

Unlike the simplified landslide model mentioned above, Zhang et al.
(2016b) coupled the CREST model with a process-based landslide model
- Transient Rainfall Infiltration and Grid-Based Regional Slope-Stability
(TRIGRS), which uses the analytical Richard’s equation to solve an
infinite-slope equation, termed as iCRESTRIGRS. Similar to the SLIDE
model, TRIGRS only provides a simple representation of soil infiltration
and runoff generation. Placing the CREST model upstream of TRIGRS
can better predict landslides, as both infiltration rates and runoff are
nontrivial for landslide models. Though a loose coupling, the integrated
system is seamlessly executed in a distributed manner at every time step.
Specifically, this system takes distributed runoff and infiltration rates
from the CREST model and passes them to TRIGRS to output pore-
pressure and factor of safety for each grid cell.

4.7. CREST with vector-based routing

Real-time flood forecasting entails fast and accurate streamflow
prediction at a continental scale or global scale, in which flow routing is
a key factor in model efficiency and accuracy. At present, most opera-
tional flood prediction systems meet such timely requirements at the
expense of resolving streamflow at coarse resolutions, namely at km
scales (e.g., Flamig et al., 2020; Wu et al., 2012; Yamazaki et al., 2011).
Recently, the paradigm has shifted towards replacing the grid-based
routing scheme with a vector-based routing scheme (David et al.,
2011; Mizukami et al., 2016, 2021; Lin et al., 2019; Yang et al., 2021b).
In a nutshell, the advantages of vector-based routing can be summarized
as follows. First, it is more scalable and computationally efficient,
regardless of grid resolutions. The advent of burgeoning
continental-scale and global-scale hydrography datasets such as
HydroSHEDS and NHDPlus empower the use of vector-based routing at
30 m or even 10 m (Lehner & Grill, 2013). Second, river networks, by
nature, are represented in vector forms that take river topology into
account, which are seamlessly integrated into vector models. In contrast,
grid-based river network data fail to represent topology and thus can
lead to discontinuous river discharge. In addition, the river network in a
vector form is more accurate than derived from DEM, as the resampling
process loses fidelity. Third, vector-based routing permits a more flex-
ible flow direction, namely from all directions. However, conventional
grid-based routing advocates the traditional eight flow direction strat-
egy, meaning that water in the central grid can only flow through one of
its neighboring grid cells, despite ongoing research to solve this issue.

In light of the advantages of vector-based routing, Li et al. (2022d)
attempted to couple the core of the CREST model (water balance model)
with a vector-based routing scheme (mizuRoute), termed CREST-VEC,
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and apply it for real-time flood prediction. Of all existing vector rout-
ing models, CREST-VEC is thus far the only one to account for not only
hillslope and channel routing but also subsurface flow routing, which is
essential for representing the baseflow. Building upon this, CREST-VEC
also enables lake routing for natural lakes and regulated lakes. From the
continental simulation for hourly streamflow, CREST-VEC can achieve
over ten times speedup, as compared to the operational framework. Not
only can CREST-VEC fulfil the time requirement, but it also improves
streamflow simulation by increasing the Nash-Sutcliffe Efficiency co-
efficients by 62.5%, reducing 36.7% bias, and mitigating over 20% of
the falsely alarmed floods, primarily due to the enabled lake module (Li
et al., 2022d). The model efficiency opens avenues for generating an
ensemble prediction given the three pivotal hydrologic uncertainties:
data, parameters, and models (Beven and Freer, 2001; Ajami et al.,
2007).

5. Applications and outreach

Over the past ten years, the CREST model family has been used
worldwide for a range of purposes. Fig. 7 depicts the distribution of
CREST model applications (from published journal articles) by country.
Overall, CREST model has been applied in 29 countries for solving
water-related issues. The US and China, two leading countries, have
utilized the CREST model the most, reaching 33 and 30, respectively.
They also have similar focuses regarding modeling purposes, with flood
simulation ranked as the top concern and followed by the evaluation of
hydrologic utilities of satellite precipitation products. In fact, these ap-
plications are on par with the original objectives of developing the
CREST model. Due to the lack of in-situ observations, researchers have
been devoted to developing strategies combining remote-sensing data
and frameworks to predict streamflow or other terrestrial water com-
ponents in ungauged basins. These strategies made the CREST model
amendable to calibration and validation in every corner of the world.
There are also some instances of the use of the CREST model in devel-
oping countries, especially in Africa, owing to the capacity-building
project in cooperation with NASA. In the following sections, we break
down this topic into specific applications to illustrate the capacity and
popularity of the CREST model family.

5.1. Flood simulation and forecasting

Of all the applications of the CREST model, flood and flash flood
simulations and prediction are regarded as the primary utility (Fig. 8). It
was the first hydrologic model coupled with a global precipitation sys-
tem - TRMM and implemented at a quasi-global scale for real-time flood
monitoring (Wu et al., 2012). It was the first hydrologic model coupled
with the National Mosaic Quantitative Precipitation Estimation system
in the US for streamflow simulation (Zhang et al., 2011). It is the first
model to yield distributed forecasts of flash flooding at a continental
scale (Gourley et al., 2017).

The CREST model has its advantages in flood simulation. First, the
CREST model considers the full scope of runoff generation schemes,
including fast surface runoff caused by impervious areas in urban areas,
saturation-excess runoff, and infiltration excess-runoff. Second, the
rapid simulation by CREST delivers timely flood information to stake-
holders, which makes it operational in several frameworks. Last, the
CREST model is scalable and proven to work at spatial scales ranging
from 10 m to 1000 km, which targets local flooding or pluvial flooding
caused by intense rainfall and large-scale flooding or fluvial flooding.

The operational framework FLASH (https://inside.nssl.noaa.
gov/flash/) demonstrates the capacity of CREST/EF5 for continental
flood and flash flood simulation, driven by the highest available reso-
lution observational radar precipitation product — MRMS at 1-km?2/2-
min (Gerard et al., 2021; Gourley et al., 2017; Zhang et al., 2016a; Li
et al., 2023). This operational implementation represents the first
deployment of a real-time, distributed hydrologic model functioning at
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flash flood scales across a continent, which includes the entire US and prototyped the Global Flood Monitoring Framework (GFMS) using
outer territories. Funded by the NASA SEVIR project, CREST/EF5 has TRMM-era precipitation as forcing and CREST as a hydrologic model to
been deployed in African countries such as Namibia, Ethiopia, Kenya, run at 3-hr and 0.125-deg. Taking advantage of advanced weather
Uganda, and surrounding areas to aid in local decision-making (Clark forecast datasets in the US, there are experiments and frameworks using

et al., 2017; Macharia et al., 2010; Yami et al., 2021). Wu et al. (2012) quantitative precipitation forecasts (QPF) and probabilistic QPF (PQPF)
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data to alert local residents (Martinaitis et al., 2017; Yussouf et al.,
2020). Zhang et al. (2015) evaluated the flood detectability of the Global
Hydrological Prediction System (GHPS) forced by Global Forecast Sys-
tem (GFS) and CREST model.

Besides these real-time services worldwide, there are individual ef-
forts to validate the efficacy of CREST simulated flood events. Khan et al.
(2010) evaluated a simple inundation mapping scheme in CREST and
compared it to the Earth-observing satellite — Advanced Microwave
Scanning Radiometer for the Earth Observing System (AMSR-E),
providing insights into using remote sensing data to validate hydrologic
simulation in ungauged basins. Similarly, Gao et al. (2017) used
satellite-based precipitation products and the CREST model to develop
flood frequency analysis in ungauged basins. A number of studies have
used CREST model to investigate flood risks under a warmer climate. Li
et al. (2022a) showed the US floods on average are becoming 7.9%
flashier in a high-emissions scenario. In a follow-up study, we demon-
strated that future floods are becoming more frequent, wider spread, yet
less seasonal, which poses challenges to flood risk management (Li et al.,
2022d).

5.2. Water resources management

Water resources management is a central component of human so-
ciety. Groundwater, soil moisture, surface water, snow, and ice are the
five main components of available water resources on Earth. The dy-
namic changes of the five states have been of considerable interest in
recent years as (1) a warmer climate accelerates the terrestrial water
cycle (Huntington, 2006) and (2) more regions are under water stress
due to climate change and anthropogenic influences (Rodell et al.,
2018). Hydrologic models such as CREST are well equipped to simulate
the dynamic changes of terrestrial water storage over a long time for
water resources management.

Khan et al. (2011) first applied the CREST model to inspect the
hydroclimatology of Lake Victoria in Africa. From there, they not only
proved that CREST simulated states agree well with observations but
also analyzed the hydrologic behavior in such a region. Habib et al.,
(2012, July) found that reduced streamflow and groundwater by CREST
simulation cannot sustain societal needs in the MENA region — Morocco,
Tunisia, Egypt, Lebanon, and Jordan. Rossi & Ares (2015, 2016) applied
the CREST-IRRIGATION model to improve agricultural irrigation effi-
ciency in Argentina. Similarly, the soil moisture simulated by CREST can
be used to inform crop yield (Yang et al., 2021a). Li et al. (2019) used the
streamflow by CREST to examine the benefits of water sharing for the
transboundary Lancang-Mekong River. Additionally, other applications
sought to simulate terrestrial water components over long-term water
cycles (Gathecha, 2015; Lazin et al., 2020; Ren et al., 2015; Rossi & Ares,
2016; Shen & Anagnostou, 2017).

5.3. Hydrologic simulation in ungauged basins

The Prediction of Ungauged Basins (PUB) is a long-standing chal-
lenge for the hydrologic community (Hrachowitz et al., 2013). Unfor-
tunately, there has been a decline in hydrometric stations over recent
years due to insufficient funding, inadequate institutional frameworks,
criticisms of operating a network, and other factors such as wars or
hazards (Mishra & Coulibaly, 2009). Under these pressures, developing
new prediction methods that embrace remote sensing data is imperative.
For hydrologic simulations, model calibration and validation are
deemed necessary, although we hope models to be calibration-free if all
physical processes are correctly represented.

The CREST model was born to integrate remote-sensing products and
is ready to be calibrated or evaluated by them. Back in 2012, Khan et al.
(2012) provided implications in PUB by evaluating the CREST model
against AMSR-E derived inundation maps. Later, Zhang et al. (2014)
extracted streamflow signals from TRMM and AMSR-E to calibrate the
CREST model. Chen et al. (2017) calibrated the CREST model against
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SWE (first stage) and GRACE (Gravity Recovery and Climate Experi-
ment; second stage) to ungauged basins. Han et al. (2020) used the
CREST model along with satellite altimetry data to infer reservoir
operation curves, filling data voids in ungauged basins, or by the
reluctant data-sharing policy. The CREST-RS framework proposed by
Huang et al. (2020) does not rely upon stream gauges in the calibration
and validation stages. They tested two schemes: one was water level
from satellite altimetry, and the other one was river width plus rating
curve parameters to emulate SWOT-like (the Surface Water and Ocean
Topography) data. Although not yet explored, remote-sensing soil
moisture products such as SMAP (Soil Moisture Active Passive) can be
used to calibrate and evaluate the model in ungauged basins as well. It is
also worth mentioning the project strives to relieve heavy-lifting cali-
bration procedures in the hydrologic framework. That is the continental-
and global-scale parameter estimate by Vergara et al. (2016), which sets
the foundations for the operational flash flood forecast framework
(Gourley et al., 2017). It makes the CREST model easy to implement
worldwide, with provided a-priori parameter sets.

5.4. Evaluating the hydrologic utility of the remote sensing precipitation
products

As the original development of the CREST model was largely moti-
vated by accommodating remote-sensing precipitation datasets across
the globe, one of its principal uses is to assess and compare different
precipitation products from a hydrologic perspective (Hou et al. 2014;
Skofronick-Jackson et al. 2017). Conventional evaluation of satellite
precipitation products was done by comparing them to more trust-
worthy estimates from surface instruments such as in-situ rain gauges.
However, such an approach is effective only at well-instrumented lo-
cations when considering all of them across the globe only cover the size
of a football field (e.g., Kirstetter, 2021; Kidd et al., 2017). Alternatively,
the hydrologic utility of satellite or radar remote-sensing products offers
additional insight, especially when considering the errors that propagate
from precipitation to streamflow (Hong et al. 2006). Because streamflow
is a basin-integrated variable, some trivial changes (including location,
magnitude, and timing) among precipitation products can be accumu-
lated and magnified in the simulated streamflow (Kirstetter, 2021).

Meng et al. (2014) provided some insights into the applicability of
the TRMM Multi-satellite Precipitation Analysis (TMPA) product,
concluding that the daily rainfall rates by TMPA do not have much
hydrologic utility, but monthly rates agree quite well. Tang et al. (2016)
assessed the hydrologic utility of the after-launch Global Precipitation
Measurement (GPM) mission compared to its predecessor TRMM using
the CREST model in China. They experimented with two sets of model
parameters: (1) static parameter set calibrated from rain gauges and (2)
dynamic parameter set that is calibrated for each GPM and TRMM
dataset at their optima. The hydrologic simulation results present a clear
outperformance of GPM IMERG over TRMM-based products, which is
not discernable by precipitation evaluations alone. Other evaluation
studies can be found in Tang et al. (2015), Lakew et al. (2017), Li et al.
(2017), Jiang et al. (2017), Ma et al., (2018a,b), Sun et al. (2018), Yuan
et al. (2018), Ma et al. (2019), Chen et al. (2020).

5.5. Capacity building and outreach

As mentioned above, CREST model developments and applications
are funded by the NASA SERVIR program (https://www.nasa.gov,/missi
on_pages/servir/overview.html) to help local government agencies
build up their skills for model simulation and decision-making. It was in
2011 when the CREST development team delivered its first training
course to the East Africa node of NASA and the U.S. Agency for Inter-
national Development’s (USAID) SERVIR project, covering Kenya,
Tanzania, Uganda, and surrounding areas. In the consecutive year, with
the release of CREST v2.0, the development team spawned a new
training course, aiming to help local specialists upgrade the CREST
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model. Ever since, training courses and hands-on workshops have been
offered annually to local specialists, although some joined the sessions
from other countries or virtually (Clark et al., 2017, Yami et al., 2021).
The participants from private sectors, government agencies, environ-
mental scientists, and academics were able to foster modeling skills
owing to the concise model structure, minimum parameter preparation,
well-structured model interface, cross-platform functionality, and min-
imal computational requirements.

Beyond hands-on and in-person workshops, tutorial videos were
developed that remain publicly accessible online, from basic training
such as model description and simulation to more advanced training
such as flood frequency analysis and inundation mapping. The upfront
web interface (https://ef5.ou.edu) hosts a body of learning materials,
videos, and model codes. We strongly support open-source model codes
and request community efforts to extend model capacities. Upon
marking the tenth-year anniversary of the CREST model family, we
operate a brand-new website (https://crest-family.readthedocs.io/en/
latest/) where a collection of model codes (from CREST vl.x, v2.x,
and v3.0), training materials, applications, and publications are made
fully online.

6. Discussion and outlook
6.1. Comparisons with global hydrologic models

Hydrologic models have been catalysed to resolve global scale hy-
drologic states and fluxes since the remote-sensing era and empowered
by high-performance computing systems. Sood & Smakhtin (2015)
reviewed 12 global operational hydrologic models, including VIC,
WaterGAP, PCR-GLOBWB, etc. NASA Global Land Data Assimilation
System (GLDAS) operates three land surface models — VIC, Noah, and
Catchment at 3-hourly and 0.25-degree resolution (Rodell et al., 2004).
The Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) pro-
vides climate-scale hydrologic simulation including multiple models (e.
g., VIC, HO8, WaterGAP, MacPDM, WBM) at variable spatiotemporal
resolutions. Similarity exists in model structure comparing CREST to
those well-known global hydrologic models. One is the single soil layer
used in Macro-PDM, MPI-HM, WaterGAP, and H08, etc. Such simplifi-
cation enables faster computation and requires less parameters. The
CREST water balance model originated from the VIC model despite that
the VIC model refines soil layers to account for heterogeneity (Liang
et al., 1994). These land surface models diverge for different purposes.
Some model developments place primary focus on resolving complex
land surface processes (Pitman, 2003). For instance, the Noah and Noah-
MP models, since their inception, are designed to predict the energy,
water, and carbon exchange between the land surface and atmosphere,
so they are beyond the scope of flood-forecasting hydrology (Niu et al.,
2011). The WaterGAP model addresses global water resources and use
(Schmied et al., 2021). The CREST model, however, was developed to
provide early warnings to water-related natural hazards, which requires
timely and high-resolution prediction. Currently, the CREST model
operates at 5 km and 30 min resolution, empowered by the GPM IMERG
precipitation system. Over the CONUS, the EF5 model provides 1 km?
and 10 min streamflow estimates at a flash flood-resolving scale
(Gourley et al., 2017). These are so far, to our knowledge, the highest
resolution of hydrologic simulation around the globe and CONUS.

The original CREST model development led the way for accessibility,
adaptability, scalability, and efficiency. We ensure the source code of
each version of the model is accessible to the public. As it evolves, it
becomes easily adaptable to other environmental models beyond the
scope of streamflow prediction, such as landslide model, groundwater
model, weather forecast model, etc. To achieve this, we refactored the
code into modular format so that not only are the codes more readable
but also easier to access intermediate results to provide initial and
boundary conditions for other environmental models. The CREST model
becomes highly scalable because of less complexity compared to other
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land surface models without sacrificing its streamflow prediction per-
formance. Reducing complexity leads to less required parameters and
lower dimensions of parameter uncertainty (Merz et al., 2022). The only
required inputs for global configuration include catchment topography
and derivatives (DEM, Flow Direction, Flow Accumulation), precipita-
tion, potential evapotranspiration (PET), soil properties (hydraulic
conductivity, maximum soil water capacity, exponent parameter of the
VIC soil model), routing parameters (channel properties alpha and beta).
With the burgeoning remote sensing data, the dynamic inputs (i.e.,
precipitation and PET) are available at the global scale with low data
latency. We also made the a-priori parameters available at 5 km over the
globe (https://github.com/HyDROSLab/EF5-Global-Parameters) and 1
km over the CONUS (https://github.com/HyDROSLab/EF5-US-Para
meters), so one can easily set up the model in any place around the
world. The CREST model is one of the most efficient hydrologic systems
for streamflow prediction, making it informative for water-related
hazard forecasting. Efficiency is computationally achieved through
vectorization and matrix operation instead of heavy-lifting for-loops in
FORTRAN and MATLAB. This practical coding style offers great effi-
ciency but has not been implemented by most ESMs. Owing to these
development guidelines, the CREST model was used for three “first”
systems: (1) the first quasi-global flood monitoring system, (2) the first
national streamflow prediction framework coupled with national
mosaic precipitation quantitative estimation, and (3) the first national
flash flood forecast system.

6.2. Outlook for future development

From our past experience and lessons learned, we lay out some key
aspects to advance the CREST model family:

1) Model physical structure. As shown in Fig. 3, the core physical
structure of the CREST model has not been significantly updated,
even though we understand its physical limitations. Taking soil
moisture as an example - it underpins correct (sub)runoff and
evaporation generation — the singular bulk layer soil configuration
cannot well represent the soil heterogeneity and complex processes.
For instance, root zone soil moisture, the layer from which vegeta-
tion can freely access water, has a different representation than deep
soil moisture, where soil water interacts with groundwater (Boone
et al., 1999). Even within the root zone, modern land surface models
(e.g., Noah, Noah-MP, etc.) discretize several sublayers to consider
different vegetation types (Niu et al., 2011). Other land surface
representations could be considered, but the primary focus is tilted
towards flood simulation, and more complex physical schemes may
add more computational expense without a significant improvement
in flood prediction accuracy.

2) A unified modeling system. Since a one-size-fits-all model structure is
not feasible for hydrologic models, it is of particular interest to
developing a “malleable” structure, which is adaptable to environ-
mental conditions (Clark et al., 2015; Fenicia et al., 2011; Savenije,
2009). The key to model development is to refactor the code in a
modular manner, meaning that users have the option to switch be-
tween different model physics in a configuration file. The EF5 pro-
vides a reusable framework upon which a comprehensive CREST
family framework can be built. We also anticipate a unified multi-
hazard and multi-scale framework that captures compound water-
related natural hazards.

Upgrades to an operational flood monitoring system. Current conti-

nental (1 km in the US) and global flood monitoring systems (5 km)

are still adopting the conventional grid-based routing, but with

CREST-VEC, it is promising for channel routing to operate at 10-m

scale (in the US) and 90-m scale (worldwide) for streamflow simu-

lation. In addition to the framework change, parameters for the
water balance model and routing model need to be updated

accordingly. Strategies such as parameter regionalization are a
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remedy to large-scale calibration (Samaniego et al., 2010). In par-
allel to model advancements, input rainfall data have been under-
going major revolutions throughout the years. One example is
Probabilistic Quantitative Precipitation Estimation (PQPE), which
explicitly includes uncertainties in precipitation forcing for ensemble
hydrologic prediction. Another example is the advent of the Phased
Array Radar, the next generation of weather radars can have five
times finer temporal resolution than conventional radars, collecting
rainfall data at a sub-minute scale (Wen et al., 2021). It has
far-reaching implications for predicting flash floods, landslides, and
other water-related natural hazards. Equipping our model with
modern technology is a pivotal way to improve flood prediction skills
and is thus informative for decision-makers.

Embrace open source, interoperability, and outreach. Over the ten-
year development of the CREST model, our core modeling team
strived to promote and advocate open-source codes and data (past
model codes and documentation have been archived to https://cre
st-family.readthedocs.io/en/latest/). Beyond that, we encompass a
wide range of tools (tutorial videos, manuals, online documentation,
and test cases) to make the CREST model easy to use and easy to
understand. The Graphic User Interface (GUI) and some free online
computing platforms (e.g., Google Colab) facilitate potential users to
run the model even without a programming background. The easy-
to-integrate modular design empowers a wide range of extensions
to be integrated with the CREST model. We will continue to devote
time and effort to developing and improving models while bridging
to end users in the future. We also encourage community contribu-
tions to the CREST model family to extend model capacity.

4

—

7. Summary

The CREST model has been a widely recognized hydrologic modeling
tool over the past ten years and will continue making its contribution to
our community on many fronts, with its core anchored in flood pre-
diction. For this paper, we have reviewed over 80 + papers that have
used the CREST model for their advances in hydrologic modeling, ap-
plications in solving domestic and global water security issues, and
outreaches to educate and help the community to build capacity. We
showed the evolution of the CREST model family from its mainstem
(CREST v1, v2, and v3) to branches, featuring the coupling with weather
forecast models, land surface model, hydrodynamic model, vector-based
routing model, and landslide model. The flexibility owing to its modular
design is highlighted and makes it amendable to coupling. Meanwhile, it
is readily available to operate in real-time to address water security is-
sues, thanks to its adaptability, scalability, and efficiency. The capacity-
building and outreach work conducted over the years feature commu-
nity stewardship. We further provide some insights for future model
development, focusing on improving model physics, unifying multi-
models, enhancing real-time flood forecast, supporting open science.
These insights not only apply to CREST model development but also are
adaptable to other community models.
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