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Abstract

In the Pacific Northwest, ensemble projected streamflow datasets are valuable for assessing
vulnerabilities and the resilience of reservoir systems across the region. These datasets are
typically generated using a climate-hydrologic modeling chain that begins with coarse-resolution
outputs from selected Earth System Model (ESMs) and socioeconomic scenarios, which are
spatially downscaled, followed by hydrologic simulations driven by the downscaled
meteorological forcing. In this work, a calibrated catchment-based hydrology and river model is
forced by ESM outputs for several socioeconomic scenarios from the archives of the Coupled
Model Intercomparison Project phases 5 and 6, which are downscaled using a computationally
efficient weather model. The dataset comprises twenty-nine daily hydrologic traces from 1950 to
2099 for 18,000 river reaches. The dataset also includes a retrospective hydrologic simulation
forced by an observation-based meteorological dataset used for hydrologic model calibration.
Naturalized flows for 221sites are used to assess historical simulation fidelity. This dataset
supports a variety of applications including reservoir modeling, ecological impact assessments,
and hydrologic analyses under historical to projected climate conditions.

Background & Summary

Long-term observational meteorological datasets indicate a significant warming trend in the
Pacific Northwest during the latter part of the 20th century®. Their impacts on snowpack and
runoff, such as an earlier timing shift of the annual peak, have been documented accordingly?.

These trends have been projected to continue throughout the 21st century’s,

Under such changing hydrologic conditions, long-term water resources planning is critical. In the
Pacific Northwest, more than 250 reservoirs serve multiple purposes including power generation,
irrigation, recreation, and flood risk management. Traditional approaches to long-term water
resources planning rely primarily on historical hydrologic observations, supplemented with
statistical scaling applied to historical events where synthetic events are derived from statistical
extrapolation of the historical record. However, such approaches do not fully incorporate the
process understanding of hydrological variability driven by climate dynamics and potential

future change.



With new information on the meteorological projections through the recent Coupled Model
Intercomparison Projects (CMIPs), and improved modeling capability, recent studies®*2
generated hydrologic projection datasets for the Pacific Northwest using a climate-hydrology
modeling chain®®. The climate-hydrology modeling chain begins with the selection of ESMs and
socioeconomic scenarios, followed by spatial downscaling of each of the ESM outputs, before
running the selected hydrologic models. Bias-corrections are often performed at multiple stages
in this modeling chain, e.g. before and/or after spatial downscaling of the ESM outputs.
Hydrologic model outputs are often bias-corrected where streamflow observations are available.
The outcomes of the modeling chain are applied by end users for a wide range of purposes, for
example reservoir modeling to assess vulnerability under future projected conditions. Individual
elements in the modeling chain introduce uncertainties associated with the “methodological
choices”, such as selection of ESMs, scenarios, and model methodological choices for
downscaling methods and hydrologic models**. For example, Chegwidden et al.'? selected two
emission scenarios, ten CMIP-Phase 5 (CMIP5) ESMs, two statistical downscaling methods, and
four process-based hydrologic model configurations to generate a 160-member ensemble of
streamflow projections over the Pacific Northwest. Their study provided insights into the sources
of the projection uncertainty. In their study, the choice of emission scenario and ESM had the
largest impact on regional hydrologic projections, though the hydrological model choice strongly

affected low flow projections.

Although previous applications of climate-hydrology modeling chains have contributed to an
improved process-understanding of future hydrologic change in the Pacific Northwest, most of
these modeling chains implement statistical downscaling methods to spatially downscale ESM
outputs. Statistical downscaling methods are computationally inexpensive sufficiently to apply
multiple ESM outputs (e.g., 20 outputs of ESM-scenario combination over the Pacific Northwest
by Chegwidden et al.!?). Statistical-downscaling methods popular for hydrologic projection
studies are 1) Bias-Correction and Spatial Downscaling (BCSD)*®, 2) Constructed Analogues
(CA)*'7 and 3) Localized Constructed Analogues (LOCA)*®. These statistical methods share
several well-documented limitations*”°. First, the statistical method assumes stationarity. That
is, statistical relationships identified during a historical period remain the same under future
climates. This is unlikely for century-long projections of variables such as temperature. Second,

the above statistical methods downscale meteorological variables separately; therefore may not



preserve the climate model’s projected coherence among meteorological fields. Though multi-
variate downscaling methods?>?! have been recently developed to mitigate this caveat, these
methods have not been used practically for the hydrologic projection studies. Finally, some
statistical downscaling methods applied at monthly resolution prefer to resample and perturb
sequences from the historical record rather than downscaling daily meteorological sequences that
are based on the atmospheric outputs of the very coarse-scale ESMs. This practice may introduce
artifacts such as an unrealistic frequencies or sequence of precipitation events, which can
adversely affect hydrologic simulations?-4, Sequences of meteorological events affecting
hydrological processes are as critical to water resources infrastructure vulnerability as the
impacts of individual events. These limitations are not universal, however; for instance,
Gutmann et al.?2 shows that the monthly BCSD method can produces realistic sequences that

scale well spatially.

Our study contrasts a few elements of the climate-hydrologic modeling chain with the previous
CMIP based hydrologic projection study'? to generate a new ensemble of streamflow projections
in the Pacific Northwest. First, we leverage a computationally efficient quasi-dynamical
downscaling capability instead of statistically methods, specifically using meteorological forcing
data downscaled by the Intermediate Complexity Atmospheric Research model (ICAR)%. This
ICAR-downscaled data preserves the weather event sequences from the ESMs and provides
process-based atmospheric fields and meteorological variables at finer resolution, offering a
novel forcing for our projected hydrologic simulations. Second, we use catchment-based
hydrologic modeling, which is calibrated with hundreds of sites that provide naturalized flow
data to adjust the model parameters over 84% of the domain. The river routing model is also
catchment-based, representing the river reaches and catchments more accurately than traditional
gridded river models, including small basins. Finally, the dataset of hydrologic projections
includes six ESMs from CMIP5 with two emission scenarios for each ESM and six ESMs from
CMIP-Phase 6 (CMIP6) with three emission scenarios for each ESM. Including both CMIPs for
the hydrologic projection simulations allow a user to carefully evaluate difference between two

CMIPs in hydrologic changes.

The uncertainty of the simulated projection is based solely on multiple ESMs and scenarios.
Though a use of multiple hydrologic models may reveal hydrologic model uncertainty*, well-

calibrated models may reduce hydrologic model uncertainty?®, therefore the effort of this study is



made toward the hydrologic model calibration. We also do not consider meteorological forcing
uncertainty based on ESM’s initial conditions (i.e., ensemble members). Recently, downscaled
large ensemble ESMs datasets?”?® that incorporate uncertainty due to ESM, scenarios, and
ensemble members have been developed based on statistical downscaling methods for the
continental US domain. The use of these datasets for hydrologic projection studies is on-going
effort. We also do not include any statistical downscaling methods; therefore, direct comparison

between dynamical and statistical methods are not possible.

As in all the past studies, our hydrologic modeling aims to simulate the natural hydrologic
conditions without human influences such as reservoir operations, irrigations, and inter-basin
transfer. By minimizing confounding anthropogenic effects, such dataset enables clearer
attribution of hydrologic variability and change to climate forcing and facilitate more robust
model evaluation across regions. From a water resources perspective, the dataset serves as a
counterfactual baseline for quantifying the human alterations, including streamflow changes,
ecosystem impacts, and long-term water availability. For example, the current practice of water
resources uses the naturalized streamflow simulations as an input into their impact models such
as reservoir models for their planning, where future management strategies and infrastructure are
uncertain. Hence, the dataset is valuable both for climate change impact assessments and

planning applications.

Methods

Climate-hydrologic modeling chains

Overall climate-hydrologic modeling chains are illustrated in Fig. 1. Our climate-hydrology
modeling chain consists of 26 different ESM and scenario combinations, one downscaling
method and one hydrologic model configuration, therefore, uncertainty quantification can be
made based on ESM and scenario choices. The simulation period is from 1950 to 2099, split into
historical periods (1950-2004 for CMIP5 and 1950-2014 for CMIP6) and future scenario periods
(2005-2099 for CMIP5 and 2015-2099 for CMIP6). As a final post-processing step, our study

also added streamflow bias correction using an open-source software package called bmorph?.



Our specific choices used for each modeling chain component in Fig. 1 are described in the
following subsections. Because this paper focuses on streamflow simulations, we discuss the

ICAR downscaling only briefly and focus on the hydrologic model description.
Figure 1 inserted
ESM selection

ESMs simulate global weather patterns, with the model’s own evolution of natural variability
based on simulated surface and atmospheric states. Thus, each model simulation has its own
sequence of natural variability for historical and future periods. The CMIP5 and CMIP6 each
host climate outputs simulated using more than 30 ESMs. For most of these ESMs, multiple
simulations are available representing different combinations of initial conditions and future CO2
concentrations from different possible global emissions scenarios. Table 1 shows all the ESMs
and socioeconomic scenarios included in this study. There are 11 and 15 historical through future
climate traces from CMIP5 and CMIP6 ESMs, respectively. The CMIP6 ESM selections are
based on ranking based on skill scores evaluated against multiple observed dataset®, as well as
availability of all the vertical profile dataset necessary for ICAR simulations. The CMIP5 ESM
selections were based on a combination of skill scores, literature review, and past usage
assessments®L, For each ESM, one ensemble member is selected, therefore uncertainty due to
internal variability is not accounted for.

Table 1. List of the 26 ESM-scenario pairs selected from the CMIP5 and CMIP6 archives

including the specific ensemble member and model resolution. ESMs from CMIP6 (CMIP5)
archive are blue (red) highlighted.

ESMs Scenarios ESM Resolution
CanESM5 SSP245, 370, 585 1.875° x 1.25°
CMCC-CM2-SR5 SSP245, 370, 585 0.942° x 1.25°
MIROC-ES2L SSP245, 370, 585 1.865° x 1.875°
MPI-ESM1-2-LR SSP245, 370, 585 2.791° x 2.813°
NorESM2-MM SSP245, 370, 585 1.25° x 0.9375°
CanESM2 RCP45, 85 2.023° x 2.5°
CCsm4 RCP85 0.94° x 1.25°
CMCC-CM RCP45, 85 1.5°x2°
CNRM-CM5 RCP45, 85 14°x1.4°
MIROC5 RCP45, 85 1.401° x 1.406°



MRI-CGCM3 RCP45, 85 1.121° x 1.125°

Quasi-dynamical downscaling method

While the physical process representations of ESMs have become more detailed, CMIP ESM
simulations use spatial resolutions of 50-200 km which do not adequately capture finer-scale
processes such as local interactions of the atmosphere with the land surface and its topography.
Using coarse ESM outputs as boundary conditions for complex, process-based, finer-scale
numerical weather models, termed dynamical downscaling, is generally accepted as the gold
standard to generate consistent, finer-scale solutions of atmospheric fields in regions with
complex terrain and is ideal for hydrological applications, particularly for the representation of

extreme events.

However, computational demands of dynamical downscaling still prohibit thousands of model
years simulation, even for regional domains like the Pacific Northwest. ICAR simulates
atmospheric physical processes similar to those in the widely used Weather Research and
Forecasting model (WRF)3? for mountainous areas, but with greater computational efficiency?°.
ICAR is over 100 times faster than comparable WRF simulations for the same domain; however,
to archive this efficiency, ICAR simplifies the solution for the dynamics by relying on linear
mountain wave theory. The model has been validated against simulations using WRF and against
PRISM® estimates of surface meteorology over the US: ICAR explains 85-95% of the
variability represented in WRF in complex terrain, and ICAR’s precipitation fields are highly
correlated with observations. The simplifications in ICAR mean that it does not represent non-
linear atmospheric dynamics such as blocking or explicit convection; ICAR relies on the Tiedtke
cumulus parameterization to simulate convective precipitation as in coarser resolution WRF
simulations. In these simulations, ICAR used the Thompson-Eidhammer microphysics
parameterization®*, the Noah-MP land model®, a simplified planetary boundary layer scheme,
the RRTMG radiation code® for longwave radiation, and an empirical formulation for shortwave
radiation®’. As in Currier et al®!, the ESM three-dimensional fields are first interpolated to the
ERA-Interim® three-dimensional grid and then performed a bias correction to match the ERA-
Interim data on that grid, then bias-corrected ESMs are downscaled to 6-km spacing grid. This
harmonizes the boundary conditions across ESMs and mitigates some of the disparities in the

underlying ESM grids and biases.



Although ICAR simulates all the atmospheric variables at the surface needed for the hydrologic
model: precipitation, temperature, specific humidity, short- and long-wave radiations, wind,
pressure at an hourly time step, we use the MetSim program®® to estimate all the meteorological
forcing data needed for the hydrologic model from ICAR’s daily aggregated precipitation and
temperature data. MetSim uses the MTClim v3.4% algorithm to disaggregate daily precipitation
and temperature (maximum and minimum) time series to a sub-daily time step and also estimates
humidity, shortwave, and longwave radiations at the same sub-daily time step. MetSim is run at
the hydrologic model’s spatial discretization, using ICAR daily precipitation and temperature
remapped from the 6km grid data. This approach ensures that the final forcing for the hydrologic
model is consistent with the observational-based retrospective meteorological dataset used for
hydrologic model calibration and for the retrospective hydrologic model simulations. Before
performing the daily disaggregation, we compare historical ICAR downscaled daily temperature
and precipitation to the observational dataset, then adjust ICAR temperature and precipitation for
the entire 150-year simulation period to reduce biases between the downscaled data and

observational data using quantile mapping.

Hydrologic modeling

We use land surface hydrology and river routing models that run in sequence to produce
streamflow across the Pacific Northwest domain. The Structure for Unifying Multiple Modeling
Alternatives (SUMMA)*+42 simulates land-surface water and energy fluxes. MizuRoute*® routes
the total runoff simulated with SUMMA to produce streamflow estimates at many locations in
the river network. Hereafter in this paper, the modeling framework is called SUMMA-
mizuRoute. The initial SUMMA-mizuRoute model configuration and parameters used in this
study were developed in prior SUMMA and mizuRoute applications projects*-®, for which a
western US domain SUMMA-mizuRoute model, forcing dataset, and parameter estimation (i.e.,
calibration) approach for streamflow had been created. The details of this default implementation
(which had not been specifically calibrated for the Pacific Northwest) are described further

below.

SUMMA enables a hierarchical hydrologic simulation for spatial units in which grouped
response units (GRUS) of arbitrary shape (grid or polygon) may enclose smaller hydrologic

response units (HRUSs), also of arbitrary shape and size. The west-wide SUMMA modeling from



which the Pacific Northwest subset model adopts a configuration in which each GRU contains
only one HRU, and the majority of these are specified using US Geological Survey Hydrologic
Unit Code Level 12 (HUC12; median area: 59 km? 4 16 km? standard deviation). Canadian
portions of the domain that extend beyond the HUC12 dataset are drawn from the global
vectorized river hydrography dataset (MERIT-basin)*’. This meso-scale representation of
regional hydrology has approximately the spatial resolution of previous gridded hydroclimate
datasets that used 1/16th-1/8th degrees, or 36-144 km?, and was chosen to balance the
computational demand (of century-scale ensemble projection and prediction applications) with a
need to represent the spatial heterogeneity of the region.

SUMMA computes the water and energy states and fluxes for each HRU at a 3-hour time step,
based on meteorological forcings and physiographic characteristics including slope, elevation,
soil depth, vegetation and soil type. SUMMA offers several water and energy flux
parameterization schemes (i.e., process algorithms). In this study as in the earlier ones, we use
the Ball-Berry parameterization® for simulating stomatal resistance, one of the main
physiological factors controlling transpiration, similar to the Noah-MP land surface model®*. We
also adopt a logarithmic wind profile below the vegetation canopy, described in Mahat et al.*°,
and implement the parameterization for vegetation roughness length and displacement height by
Raupach®. We use Beer’s law®?, similar to the Variable Infiltration Capacity (VIC) model®? to
compute the radiative transfer through vegetation. For the vertical moisture transmission in the
soil column, the mixed form of the Richards equation® is used with a vertically constant
hydraulic conductivity. For snow, we use a constant albedo decay rate, and the thermal
conductivity is parameterized using the approach by Jordan®*. Further, each HRU incorporates an
unconfined aquifer at the bottom of the soil column, which contributes to baseflow generation.
Soil column depth varies by HRU based on depth to bedrock data®, which was an update for this
study (prior applications had used a fixed depth of 1.5 m). No lateral water movement occurs
between HRUs in SUMMA. However, SUMMA computes “delayed runoff” or hillslope routed
runoff, by accounting for travel time of total runoff (surface and subsurface runoffs) to the river
channel using the gamma distribution-based unit hydrograph. The gamma distribution provides
flexibility of unit-hydrograph distribution that allows us to calibrate travel time of runoff from
several hours to multiple days. However, one limitation is that this does not capture much slower

groundwater recharge to river. Water fluxes and states, including evapotranspiration (ET), snow



water equivalent (SWE) and volumetric soil moisture, are output at a daily time step, except for
routed runoff which is output at a 3-hour time step. This sub-daily runoff is input into mizuRoute

for river routing, which is performed at a 3-hour time step.

MizuRoute*®, as applied in this study, uses a vector-river network based on the MERIT-basin
river network dataset. The Pacific Northwest domain subset of the larger western US model
includes 17,957 river reaches (median length 6 km + 7 km standard deviation) and their
associated contributing catchments or HRUs (median area: 37 km? + 36 km? standard deviation).
Since SUMMA'’s HRUs and mizuRoute’s MERIT-basin HRUs differ in size, runoff is remapped
within mizuRoute using a mass conserving averaging approach. MizuRoute routes runoff
through each river reach in the order defined by the river network topology or downstream-
upstream reach connectivity. Among several reach routing schemes offered by mizuRoute, we
use unit hydrograph-based routing as this is the most computationally efficient method. This
scheme uses an unique unit hydrograph (or impulse response function) for each reach, derived
from diffusive wave equation with two physical parameters (slope and length) of reaches as well
as two hydraulic parameters (wave celerity and diffusivity), to route the inflow from upstream
reach(es) to the downstream end of reach. Outflow of each reach, which is an output of
mizuRoute as river discharge at each reach, is computed as a sum of local lateral flow and routed

inflow from upstream reach(es).

Hydrologic model parameter estimations

While hydrologic model calibration is straightforward for smaller basin studies where river
gauge data is available®, it is difficult for large domains with limited observations. We have
previously used techniques such as multi-scale parameter regionalization®’, which uses transfer
functions to relate geophysical characteristics to model parameters. In that case, we calibrate the
parameters of the transfer functions, which results in parameter fields that mimic the spatial
organization of the geophysical characteristics. However, for most model parameters, the form of
the transfer function and their geophysical predictors are largely unknown, resulting in ad-hoc
transfer function formulations and sub-optimal performance in the calibrated model®®. Here we
regionalize individual basin calibrations, an approach that improves the retrospective streamflow
simulations at many target locations, but which also creates a patchwork pattern of hydrologic
states and fluxes (i.e., SUMMA outputs). Calibration is performed for the period 1991-10-01 and



2001-09-30, which includes the driest and wettest years within the 1970-2014 period for which

we have retrospective meteorological forcing data used for the calibration.

The SUMMA calibration is conducted in two stages: first, the selected reference flow sites
within a region are calibrated simultaneously (combined basin calibration) to provide improved
a-priori parameter fields. For this calibration, the Pacific Northwest domain is split into four
regions that are hydro-climatologically similar (Cascade, eastern Cascade, Snake, and Upper
Columbia) and several sites are selected for each region (Fig. 2a). For the combined basin
calibration, regional parameter multipliers, which are applied to adjust spatially distributed
SUMMA parameters, are calibrated so that the simulations improve at the selected naturalized
flow sites. The goal of this stage of calibration is not to obtain optimal parameters at each site,
but to provide improved parameters that could serve as prior estimates for the second stage.
Following the earlier applications of SUMMA-mizuRoute*¢, we use a calibration workflow
that applies the Dynamical Dimensional Search algorithm (DDS)®° via the multi-method general
parameter optimization program called Ostrich®, using 100 iterations. The calibrated SUMMA
parameters are shown in Table 2. The selection of the calibration parameters is based one-at-a-
time method that analyzes the effect of one parameter on the error metric at a time, keeping the
other parameters fixed, at 91 CAMELS (Catchment Attributes and Meteorology for Large-
sample Studies)®! sites within the Pacific Northwest. Calibrated regional parameter multipliers
are applied to all the HUC12 HRUs inside each region to update the parameter fields. Compared
to the prior applications, this study adds parameters of tempCritRain, vGN_n, and

windReductionParam as calibration parameters, based on sensitivity analyses.

The second stage of the calibration focuses on individual basin calibrations, following a nested
basin approach that proceeds from upstream to downstream*>#®. For this step, we first calibrate
the headwater upstream areas of 65 naturalized flow sites, denoted by red circles in Fig. 2b. We
then continue calibrating the areas between each headwater site and the next downstream site
while keeping the upstream parameters fixed. This downstream basin calibration continues till
the most downstream flow site, which is near the mouth of the Columbia River. We used 33
naturalized flow sites for the downstream calibrations, denoted by the orange triangles in Fig. 2b.
Ultimately, we used a total of 98 flow sites for individual basin calibration, covering 84% of the
entire domain (red and orange areas in Fig. 2b). Areas upstream of each flow site consist of

many HUC12 HRUs and we adjusted the same parameters as the combined basin calibration



(i.e., first stage calibration) for each HUC12 HRU by applying parameter multipliers determined
using DDS with 300 iterations. Due to the stochastic nature of DDS algorithms®®, some basins
show limited improvement of the objective function. For basins with less than 10% improvement
of the objective function, additional calibrations are performed by re-running DDS with a
different random seed. An objective function for the calibration uses modified version of Kling-
Gupta efficiency (KGE')®?, which is scaled or normalized as Eq. 1 so that the value ranges from 0
to 1:

1

nKGE' = ——
2—-KGE

KGE'=1—-(1—-a)2+ (1 —-B)2+(1—1)2 (1)

CVobs ,B — Hobs
CVsum , Hsum

where u,ps and ug;,, are the means of the reference and simulated flows, respectively; CV,,;, and

a =

CVs;m are the coefficients of variation (ratio of standard-deviation to mean) of reference and
simulated flows, respectively; and r is the Pearson correlation coefficient between the reference
and simulated flows. The objective function (i.e., all the KGE’ components) is computed with
daily aggregated streamflow as the reference flow is given at daily step. Note that modified
KGE, which uses the coefficient of variance as a measure of flow variability, instead of the
original KGE® which uses the standard-deviation. nKGE’ is used for only calibration, and all the

evaluations of streamflow simulations with the calibrated models use KGE'.
Figure 2 inserted

Table 2. List of the SUMMA parameters included in the calibration.

Parameter names Process Descriptions min, max

. capillary retention as a fraction of the total
Fcapil snow oore volume (-) 0.009, 0.110

o critical temperature above which

tempCritRain meteorology precipitation is rain (K) 269, 275
frozenPrecipMultip meteorology frozen precipitation multiplier (-) 05,15

. . . scale parameter in Gamma distribution used
routingGammasScale Hillslope routing for sub-grid routing (s) 360, 72000
routingGammaShape  Hillslope routing shape parameter in Gamma distribution 1.0,5.0

used for sub-grid routing (-)

k_soil soil saturated hydraulic conductivity (m s™) 107, 10



theta_sat soil porosity (-) 0.3,0.6

critical volumetric liquid water content

critSoil Transpire soil below which transpiration is limited (-) 01,10
. scaling factor in the surface runoff
qSurfScale soil parameterization (-) 1, 100
aquiferBaseflowExp soil baseflow exponent (-) 1,10
aquiferBaseflowRate  soil baseflt_)w flux when aque_rlstorage is equal 107, 0.1
to aquiferScaleFactor (m s™)
vGn_n soil van Genuchten "n" parameter (-) 1.0, 3.0
summerLAl vegetation maximum leaf areazlnd_zex at peak of 0.01, 10.0
growing season (m- m™)
. . height of top of the vegetation canopy
heightCanopyTop vegetation above ground surface (m) 0.05, 100
windReductionParam  vegetation canopy wind reduction parameter (-) 0.0,1.0

Streamflow bias corrections in river network

The calibration of SUMMA parameters results in reducing bias (8 component in KGE') in
historical streamflow simulations over the Pacific Northwest. However, the calibrated SUMMA-
mizuRoute simulations still show errors because of shortcomings in the model
conceptualizations and parameter settings. Additional errors in simulated streamflow appear
when the calibrated SUMMA-mizuRoute models are forced with the downscaled ESM outputs.
One source of the error is due to differences between observation-based forcing and downscaled
ESMs forcing sequences that lead to different hydrologic states such as seasonal snow

accumulation and soil moisture state.

To reduce the streamflow bias in SUMMA-mizuRoute simulation forced by the downscaled
ESMs, we use an open-source software package called bmorph?®. The bmorph bias correction
used 200 sites for the CDF matching training during the period between 1981-01-01 and 2000-
12-31, which provide complete reference flow data without any missing values. Also, this period
includes the driest and wettest year for 45 years (1970-2014) based on GMET data.

The bmorph package first constructs two cumulative distribution functions (CDF) of long-term
observed and simulated streamflow, which are used to correct the simulated flows by quantile-
mapping from the simulated to observed flows at individual flow sites. This is a traditional

streamflow bias correction, which poses one shortcoming. This independent bias correction



(IBC) at flow sites fails to maintain the spatiotemporal consistency of the streamflow simulations
at multiple sites across a river network. This can result in inconsistent and nonsensical

incremental flows between gauge locations.

As a separate option, bmorph can also adjust flows at non-gauged reaches in the entire river
network to maintain spatial consistency. For this bias correction—Spatially Consistent Bias
Correction (SCBC), lateral flow, instead of routed flow, is adjusted based on interpolated CDFs
of observed flow at reaches between flow sites. Then, adjusted lateral flow is re-routed with
mizuRoute over the entire river network to generate adjusted or bias corrected routed flow at

each reach. The daily flow from SCBC is a final simulated streamflow dataset in this study.

Reference datasets

Reference streamflow and retrospective meteorological datasets are needed for retrospective
hydrologic simulations, hydrologic model calibration, hydrologic model evaluation, and bias

correction of the simulated streamflow.

Retrospective meteorological data

We use observation based, 6-km meteorological data generated using the Gridded
Meteorological Ensemble Tool (GMET)®%-%¢ as the retrospective forcing dataset for SUMMA.
The GMET forcings are drawn from prior SUMMA-mizuRoute applications*¢, and are
available from 1970 through 2023. The detailed GMET methodology is omitted here. The
gridded dataset, including daily maximum and minimum temperature and precipitation, are
remapped to each SUMMA HRU using a mass conserving mapping. The remapped GMET daily
meteorological data is then processed using the MetSim program in the same way as ICAR

downscaled meteorological data to estimate all the forcing data for SUMMA.

For this study, we post-process the GMET forcing dataset before using it as input to MetSim. A
comparison of the GMET forcings with PRISM®? reveals that GMET annual total precipitation
was biased up to 15-20% low in some areas relative to PRISM, though such biases varied
throughout the domain. To ameliorate this bias and bring the precipitation climatology closer to
the widely-used PRISM, we compute monthly GMET and PRISM climatology and then scaled
GMET to match the monthly PRISM precipitation climatology at each HRU, with a linearly

damped scaling extrapolated to the north of the US border because PRISM does not cover



Canada. As a result, precipitation in the Canadian portion of the basin is largely unmodified.
However, the calibration of SUMMA with the adjusted GMET produces reasonable model
behaviors at a few sites in Canada (KGE’=0.89, NSE=0.79 at DCD, and KGE’=0.94, NSE=0.88
at MCD for calibrated flow; See the site locations in Figure 2b). Moreover, even using original
GMET, calibration results in quite reasonable calibration results (KGE’=0.86, NSE=0.77 at
DCD, and KGE’=0.93, NSE=0.89 at MCD for calibrated flow). This adjusted GMET dataset
was used in the calibration of the SUMMA model and was used as the reference dataset for the
bias correction of ICAR datasets (Hereafter, GMET dataset refers to this adjusted GMET dataset

unless indicated otherwise).

Naturalized historical streamflow data

We use daily “naturalized” or “de-regulated” streamflow data derived at 221 locations for the
period from 1928 to 2018 (Fig. 2a) from Bonneville Power Administration, referred to as No
Regulation-No Irrigation®’. The naturalized streamflow dataset is reconstructed by correcting for
river regulation, reservoir evaporation and irrigation diversions. Naturalized flow should be
distinguished from “observed” streamflow, which is affected by human intervention such as
dams and irrigation diversions. We subset the dataset for the period between October 1950 and
September 2018 for the data archive because the simulations start at 1950. The dataset is
complete from October 1950 through 2018 at 179 sites out of 221 sites. All the sites that include
missing data are in the Cascade region.

Data Records

SUMMA and mizuRoute output data are available from the NSF NCAR Research Archive
(https://doi.org/10.5065/8SAK-HM25)%. Table 3 summarizes the datasets for each ESM-
scenario combination. All the datasets are stored in a single NetCDF file January 1950 through
September 2099 (1970-2020 for GMET based output) for each ESM-scenario combination. The

streamflow dataset includes lateral flow at MERIT-basin catchment (i.e., SUMMA total runoff

remapped to MERIT-basin catchment from HUC12) and river discharge (i.e., routed flow) at
each MERIT-basin river reach. An ancillary geospatial dataset including SUMMA HUC12
catchments, MERIT-basin river reaches and catchments, with metadata for naturalized gauge



locations also available. The daily naturalized flow dataset from October 1951 through
September 2018 is provided in NetCDF format.

Table 3. List of the archived data.

Dataset name Descriptions

mizuRoute daily mean flow at all the reaches in the river

<ESM>_sscenario>_mizuRoute_daily.nc network (daily mean of 3hr raw output from mizuRoute).

<ESM>_<scenario>_mizuRoute_daily_site.nc mizuRoute daily mean flow at 414 sites!

bmorph at-site bias corrected flow (IBC, SCBC) and raw
<ESM>_<scenario>_bmorph_site_univariate_daily.nc |simulated flow at 200 sites that were used for bmorph bias
correction.

Daily SUMMA outputs including SWE, soil moisture,
<ESM>_<scenario>_summa_daily.nc aquifer storage, canopy water, runoff, and ET at each
SUMMA HUC12 catchment.

Daily SUMMA variables averaged over upstream HUC12

< > < io> i i .
ESM>_<scenario>_summa_daily_basin_mean.nc catchments for 414 sites

Daily max. and min. temperature at each SUMMA HUC12

<ESM>_<scenario>_ daily_t_p.nc S ent

Daily max. and min. temperature averaged over upstream

<ESM>_<scenario>_ daily_t_p_basin_mean.nc HUC12 catchments for 414 sites

1414 sites include 221 naturalized flow sites used for the model validation and additional 193 sites of US Army
Corps of Engineer’s interest without Naturalized flow available.

Technical Validation
Historical streamflow simulations

We evaluate daily retrospective streamflow simulated with SUMMA-mizuRoute forced by
GMET forcing data during the validation period (2001/10-2014/09) against the naturalized flow
data at the 221 sites. Since naturalized flow is daily values, 3-hour streamflow simulations from

SUMMA-—mizuRoute are aggregated to daily values for the evaluation.

Figure 3 shows the six error metrics for daily streamflow values from SUMMA-mizuRoute at
each naturalized flow site. The error metrics are KGE’and its three components; variability ratio
(«), mean flow ratio (), correlation (r) as well as the error metrics of high flow and low flow®’;
percent bias in flow duration curve (FDC) high-segment volume (%biasFHV; high volume is
defined as the flow at 98 percentile or above of FDC) and percent bias in FDC low-segment
volume (%biasFLV; low volume is defined as flow at 10 percentile or below of FDC). There are

noticeable spatial patterns in the error metrics. Overall, the KGE'spatial pattern is influenced by



that of the correlation coefficient, but sub-regional KGE' patterns are locally modified by the bias
or/and variability error. For example, localized areas with poorer performance include the
headwater areas of the Snake River (Upper Snake), Puget Sound basins, and Deschutes (See Fig.
2f). These areas show a larger bias and variability error than other regions, resulting in a lower
KGE'. The reasons for these high bias and variability errors are unique to each region. In the
Deschutes basin, a deeper aquifer with groundwater generates sustained streamflow during the
dry summer season, which is not accounted for in SUMMA. The SUMMA-mizuRoute
calibration struggles with reproducing naturalized flow at the headwater sites in the Snake River.
Naturalized flows may be more uncertain in regions like the Upper Snake due to challenges

estimating the effects of intensive irrigation.
Figure 3 inserted

In the Puget Sound area, the large errors are associated with a mismatch in drainage areas
between naturalized flow sites and the MERIT-basin network, which is a known challenge in
comparing simulated with naturalized or observed flows™. Figure 4 illustrates an example of a
site located near the upstream end of a reach. MizuRoute outputs discharge at the downstream
end of the reach, combining routed inflow from all upstream reaches and local lateral flow from
the catchment corresponding to the outlet reach. In contrast, the naturalized flow represents the
upstream end of the reach and does not include the contributions from local inflow. In wet and
small basins in the Puget Sound area where local lateral inflow contributes significantly to total
discharge, mizuRoute can appear to overestimate streamflow at sites located near the upstream
end, as shown in the Figs. 4b-c. One possible way to mitigate this impact would be to subtract a
proportionate amount of the local lateral HRU inflow from streamflow output at the sites located
closer to the upstream end. The proportionate local lateral inflow at the site could be estimated
based on a ratio of distance between the upstream end of the reach and the site (Lsite) to the total
reach length (Lr). The flows provided in the dataset do not account for this, and users should be

aware of this issue particularly for smaller catchment points.
Figure 4 inserted

Finally, high flow is better simulated than low flow. At 48% of sites, %biasFHV is within 10%,
while %biasFLV is within 10% at only 8% of sites. For some sites, daily low flows are

underestimated by more than 80% in the SUMMA-mizuRoute model. Low flow simulations are



more difficult to improve than high flow simulations. For example, Lema et al.’? calibrated
SUMMA using an objective function that balances errors in high-flow and low-flow simulations
at several Chilean basins and still struggles with improving low flow simulations though overall
hydrograph errors are reduced. Low flow simulations are sensitive to both objective functions’

and model structures related to subsurface flow generation.

Figure 5 shows the downscaled ESM forced simulations preserve similar biases (), variability
errors (a), and high-flow/low-flow error metrics to the errors in the non bias-corrected GMET
based streamflow simulation during the validation period (2001/10-2014/09). Correlations (r)
between ESM based flow simulations and naturalized flow data should not be evaluated, due to
discrepancies in the day-to-day sequences of the ESM forced simulations compared to the
observation. This difference arises because dynamical downscaling inherits the unique day-to-
day weather sequence from the native ESM model, which is shaped by their unique initial
conditions and model physics. Although the streamflow daily sequence derived from ESM
forcing is dissimilar to observation, long-term annual cycles computed with ESM forced
simulation maintain higher correlation as seen in Fig. 5e. This implies that use of long-term daily
scale streamflow seasonality for further analysis or water resources application can be

appropriate.

Figure 5 inserted

Bias corrected simulated streamflow

The effectiveness of bmorph bias correction was evaluated by comparing the KGE' values for the
raw and bias-corrected retrospective streamflow series, relative to the naturalized flows. For this
evaluation, we used the simulations derived by GMET forcing during the period of 2001-2018.
This period was outside the SUMMA calibration period and the period used in bmorph to
establish a quantile mapping between the reference and simulated flows.

Figure 6 shows the cumulative distribution functions of KGE' and its three error components for
the raw streamflow simulations and the bias-corrected streamflows across the 221 flow sites.
Overall, bmorph bias correction improves the KGE’ values, although the highest KGE' values do

not change much (Fig. 6d). This shift is primarily derived from bias improvements (Fig. 6a) and



moderate improvement of the variability error. The correlation values are largely similar for the

raw and bias corrected streamflow.

Figure 6 inserted

Spatial pattern in SUMMA simulations

Selected daily moisture fluxes and states from the SUMMA simulations are made available for
each ESM and scenario. Figure 7 displays annual mean precipitation, evapotranspiration (ET),
total runoff and annual maximum SWE during the control period; Water Year (WY)1980-2004
(top panel) as well as changes for two future periods; WY2030-2060 (middle panel) and
WY2070-2099 (bottom panel). Ensemble mean annual precipitation increases overall, but there
is slight decrease leeward of the Cascade Mountains. In the future, the precipitation type
becomes rainfall frequently, and liquid precipitant is less likely to be carried across the mountain
ridge by westerly wind than snow, depending on wind speed and precipitation intensity®!. This is
a unique feature in dynamical downscaled precipitation patterns in the mountain regions, not
seen in statistical downscaled precipitation fields, and contributing to slight reduction of total
runoff in the leeward side of the Cascade Mountains. However, localized areas of decreased
runoff in the interior regions such as the Snake River and upper Columbia is likely an artifact of
the individual basin calibration, though runoff during the control period is small (less than 20
mm/year). Users should be aware of this patchwork patterns in the hydrologic states and fluxes
when analyzing spatial analysis of the SUMMA outputs.

Figure 7 inserted

Projected streamflow characteristics

Figure 8 shows the mean annual cycle at a daily timestep for the control period (WY 1980-2004;
black lines) and WY2070-2099 period (red line; RCP8.5 for CMIP5 and SSP5-8.5 for CMIP6
and blue line and RCP4.5 for CMIP5 and SSP2-4.5 for CMIP6) at two sites with distinct climate
regimes. Libby Dam on the Kootenai River (top panel) is a snow-dominated river, while winter
precipitation is a mix of rain and snow along the Snohomish River (bottom panel). The locations
of the sites are shown in Figure 1la. At Libby dam, peak flow during the spring occurs earlier and
increases with higher emission scenarios, while runoff during fall becomes more frequent due to

more frequent snowmelt. In coastal areas like the Snohomish basin (Fig. 8b), a significant



increase in streamflow is expected during fall through mid-winter due to a transition from snow
to rain under future warming. At the same time, future spring streamflow is expected to decrease
due to less snow accumulation. For both basins, future increases in flow magnitude during the

high flow season are due to increases in precipitation.

As expected, the peak flow timing (Fig. 8a) is shifted earlier at all sites. The magnitude of this
shift is larger in the interior regions where streamflow seasonality is driven by snowmelt than in

coastal regions where streamflow is rainfall-dominated, even during winter.
Figure 8 inserted

To characterize the projected streamflow at all the 221 sites, Figure 9 shows the centroid of the
annual cycle of daily flow, the mean flow, the annual maximum flow for the control period and
their future changes. Future changes in the metrics are evaluated for two future periods:
WY2030-2060 and WY2070-2099. and the metrics are mean values of all the ESMs with high
emission scenarios (RCP8.5 for CMIP5 forced simulations and SSP5-8.5 for CMIP6 forced
simulations). As expected, timing of annual peak flow (Figs. 9a-c) is shifted earlier at all the
sites, indicated by earlier days of year for annual hydrograph centroid. The magnitude of this
shift is larger in the interior regions where streamflow seasonality is driven by snowmelt rather
than the coastal regions where rainfall events occur during winter even on present days. For the
change in the flow magnitude, the simulations indicate that the mean flow increases in the future
at most of the sites, with greater increases in the interior region (>20% for the late 21° century)
than in the western part of the domain such as the Cascade region (~10% for the late 21°
century). This pattern is similar to that for precipitation and runoff changes. The Deschutes river
basin shows a reduction in annual mean flow, consistent with reductions in precipitation and
runoff. However, note that the retrospective simulation with GMET forcing shows large bias and
variability errors in the Deschutes River. Compared to the annual mean flow, the annual
maximum flow increases to a greater degree across the domain. Particularly, many sites in the
Cascade region show increases in annual maximum flow over 60%, compared to an increase in

annual mean flow of about 20%.
Figure 9 inserted

One way to visualize the shift in annual extremes is to evaluate changes in the return period for

flows of a certain magnitude. Figure 10a shows the change in the return period for a flow that is



equal to the 20-year flow during the 1954-2004 period at MROW site. At many sites, the return
period for the historic 20-year flow decreases to 2-year return period for 8.5 emission scenarios
(RCP8.5 and SSP5-8.5; Fig. 10b). The changes in the future return periods are consistent with
annual maximum flow changes shown in Figs. 9g-i, though the changes also depend on the

shapes of annual peak frequency curves.
Figure 10 inserted

We also compare the projected changes of annual mean and maximum flows from the two
previous studies®". The previous streamflow projections are based on the calibrated VIC forced
by BCSD downscaled meteorological data (BCSD-VIC)*? and uncalibrated VIC forced by
LOCA downscaled meteorological data (LOCA-VIC)™. Figure 11 shows the maps of %changes
in annual mean flow (top panels) and annual maximum flow (bottom panels) for WY 2070-2099
under RCP8.5 (5 CMIP5 ESM ensembles: CanESM2, CCSM4, CNRM-CM5, and MIROCS) at
144 sites commonly available for three studies. Our study is more aligned with BCSD-VIC,
except that our study overall projects increase in annual maximum flows in the mainstem of the

Columbia River while BCSD-VIC shows slight decrease there.

Figure 11 inserted

Usage notes

The dataset is suitable for a variety of applications, including serving as input to water-resource
models (e.g., reservoir model) or ecological models (e.g., stream temperature models) or specific

studies of long-term streamflow characteristics.

However, based on the evaluation of historical simulations, we note that the dataset shows a
tendency to underestimate low flows. As such, applications focusing on low flow conditions
such as drought projection or analysis should be approached with caution. Scientists and
practical water managers must be aware of another limitation related to ESM derived streamflow
simulations and ensure that the dataset is used appropriately for their specific applications. The
quasi-dynamical downscaling, like fully dynamical downscaling, preserves day-to-day weather
sequences derived from large-scale atmospheric dynamics simulated by ESMs, which evolve

their own weather sequences. Therefore, during historical periods, ESMs’ weather sequences do



not match actual observed conditions. This limitation imposes several important considerations

for the usage of the streamflow dataset:

e Do not analyze specific historical events. The downscaled weather sequences during the
historical period differ from observations, so the dataset should not be used to evaluate
specific historical hydrologic events.

e Avoid evaluating daily, monthly, and annual series. Instead, use long-term (decadal or
longer) climatological mean.

e Use for long-term hydrologic metrics. The dataset is suitable for computing various
hydrologic metrics averaged over long period, including extreme flow metrics such as
long-term mean annual maximum flow, frequency of high flow event etc. (See Coxon et
al.”® for various hydrologic metrics).

e Do not use daily streamflow series based on ESM ensemble mean for further analysis or
applications. Averaging daily streamflow series across ESMs smooths the data, reducing
flow variability and leading to an unreliable evaluation of extreme values.

e Use individual ESM-based simulations for analysis. Hydrologic metrics should be
computed individually for each ESM derived simulation before applying statistical

summary or ensemble interpretation.

Data availability

SUMMA and mizuRoute output data are available from the NSF NCAR Research Archive
(https://doi.org/10.5065/8SAK-HM25)%. This archive includes an ancillary geospatial dataset
including SUMMA HUC12 catchments, MERIT-basin river reaches and catchments, naturalized

gauge points.

Code availability
All the model codes are available from the following GitHub repositories.

1. SUMMA v3.1.2: https://github.com/CH-Earth/summa/tree/v3.1.2
2. mizuRoute v1.2.3: https://github.com/ESCOMP/mizuRoute/tree/v1.2.3
3. MetSim v2.4.1: https://github.com/UW-Hydro/MetSim/tree/2.4.1
4. Bmorph v1.0.0: https://github.com/UW-Hydro/bmorph/tree/1.0.0




5. GMET v2.0: https://qgithub.com/NCAR/GMET.
6. ICAR v2.1: https://github.com/NCAR/ICAR/tree/2.1

Examples of python notebooks are available at

https://github.com/nmizukami/pnw_hydrology _analysis for majority of the technical validations

used in this paper. These notebooks are compatible with the dataset downloaded from

https://doi.org/10.5065/8SAK-HM?25, and users are free to use and customize the codes as

desired.
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Figure legends

Figure 1. Overview of climate-hydrology modeling chain. Each component of the modeling
chains is detailed in the following subsections.

Figure 2. a) Combined basin calibration (first calibration stages). 4 subregions (Cascade, east
Cascade, upper Columbia, and Snake) and basins used for regional combined basin calibrations.
Modeled river network is also shown in blue lines. b) Individual basin calibration (second
calibration stages). Pink areas are headwater catchments calibrated using the flow data at the red
circle sites first, and then their downstream areas in orange are subsequently calibrated using the



flow data at orange triangle sites with calibrated parameters of their upstream areas fixed.
MROW (Snohomish River near Monroe) and LIB (Libby dam) sites are used for annual cycle
time series in Figure 8. SUMMA HUC12 HRU not shown in both figures.

Figure 3. Performance metrics of the simulation at 221 flow sites—variability ratio («), mean
flow ratio (B), correlation (r), KGE’, %biasFHV and %biasFLV. The error metrics are computed
using daily streamflow aggregated from 3hr simulations. Three locations with darker gray shade
are mentioned in text as examples of areas with poor performance.

Figure 4. a) Map of an example of a site that is located near the upstream end of the MERIT-
basin reach (HAH: Green River at Howard Hanson). Thin blue lines are the stream network
represented in mizuRoute and catchment areas associated with the stream network are grey
highlighted. The red dot is the location of HAH site. MizuRoute outputs the outflow (local lateral
flow and inflow from upstream) at each reach as river discharge. b) 2001-2010 mean annual
cycle of naturalized flow at HAH and simulated inflow and outflow at the dark blue reach. c) a
scatter plot of annual flows between at-site naturalized flow and simulated flow (blue; inflow,
red; outflow) at the thick blue flowline. d) The same as panel c) except for spring (April through
June) mean flow.

Figure 5. Distributions of the five error metrics for daily historical streamflow simulated using
GMET and ESMs forcings: a) flow variability error « (i.e., ratio of observed flow standard
deviation to simulated flow standard deviation), b) mean flow ratio g (i.e., ratio of mean
observed flow to simulated flow), ¢) %biasFHV and d) %biasFLV and e) correlation coefficient
of 1980-2014 mean daily seasonal cycle between observed and simulated flows. Distributions
are based on 221 flow sites. The whiskers extend from the edge of the box to the farthest data
point lying within 1.5x the inter-quartile range (IQR) from the box.

Figure 6. Cumulative distribution functions of a) variability ratio («), b) mean flow ratio (), c)
correlation (c) and d) KGE' at 221 naturalized flow sites for the daily simulated streamflow
derived by GMET forcing (black) and the streamflow after bmorph bias correction (red). The
error metrics are computed for the period 2001-2014.

Figure 7. Top row: Mean annual precipitation, ET, runoff and annual peak SWE during the
control period. Middle and bottom rows: Relative changes during the WY2030-2060 (middle
row) and WY2070-2099 (bottom row), based on all ESM ensemble means for control period and
ensemble mean of high emission scenarios for future changes.

Figure 8. Long-term mean day-of-year streamflow at LIB (Libby Dam in Kootenai River: top)
and MROW (Snohomish River near Monroe: bottom). Black dash denotes naturalized flow
while black solid line denotes retrospective streamflow simulation with GMET forcing during
the WY 1980-2004 period. Shades are based on all the ESM forced simulations with 1) grey for
control period, 2) red for high emission scenarios (RCP8.5 for CMIP5 and SSP5-8.5 for CMIP6)
and 3) blue for low emission scenarios (RCP4.5 for CMIP5 and SSP2-4.5 for CMIP6). Blue and
red shades are mean during the WY2070-2099 period.



Figure 9. Maps of ESM ensemble mean metrics at 221 sites during the control period (WY 1980-
2004): a) annual centroid, d) annual mean flow and g) annual mean flow, and their changes in
two future periods (WY2030-2060 and WY2070-2099) for high-emission scenarios (RCP85 for
CMIP5, SSP585 for CMIP6). Circle marker indicates mean difference is statistically significant
at 95% level while triangle marker is not significant at 95%.

Figure 10. a) change in annual maximum flow frequency curve from WY 1955-2004 to WY 2050-
2099 at MROW site and black arrows show how return period of historical 20-yr annual
maximum flow is translated to future return period. Shades indicate ESM uncertainty and point
with line is median values of the ESM ensemble. Future flood frequency curve is based on high-
emission scenarios (RCP85 for CMIP5, SSP585 for CMIP6). b) Map showing the future return
period (during WY2050-2099) for historic flows with a return period of 20 years (during

WY 1955-2004) at all the sites. Inset figure is a histogram of the future return period.

Figure 11. Percent changes in annual mean flow (top) and annual maximum flow (bottom) for
WY2070-2099 period under RCP8.5 at 144 flow sites commonly available for three studies.
Marker size is scaled based on values during WY1980-2004. The flow metrics are based on 5
CMIP5 ESMs; CanESM2, CCSM4, CNRM-CMS5, and MIROCS.



Climate-hydrology modeling chain

ESMs & Scenarios

ESM selections
* 6 ESMs (CMIP5)
* 5ESMs (CMIP6)

Scenario selections
* RCP4.5, 8.5 (CMIP5)
* SSP245, 370, 585 (CMIP6)

ICAR( Quasi-dynamical
downscaling)

® Extract daily surface temperature
and precipitation

* Areal weight mapping from 6km
grid to HUC12 catchment

® Bias correction to GMET
retrospective temperature and
precipitation

* METSIM to produce SUMMA
forcing

Hydrologic model

SUMMA
® 9,877 HUC12 catchment
(~60km?)

* Areal weight mapping of
total runoff from HUC12 to
MERIT-basin catchment

River model

MizuRoute

® 18,164 MERIT-basin
catchment (~40km?) & river
reaches (~6km)

Streamflow bias
correction

BMORPH

* Streamflow bias
correction at 200
Naturalized site



Flow site (not used for calib) [123]

A calib-downstream [33]
® calib-headwater [65]
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