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[bookmark: _Hlk182592734]1 Background	Comment by Harrell, Jane M CIV CEIWR: Feel free to revise, added for context. 
[bookmark: _Hlk182592455]The modeling application outlined in this report was developed to improve the representation of regional climate and hydrological variability for planning purposes, with an initial emphasis on extreme precipitation and flooding in the Pacific Northwest (PNW). 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Editorial: Suggest moving all text describing study domain to Section 1. 
Throughout this project, ensemble-based datasets and tools were developed to provide a comprehensive representation of current and future climate and hydrological variability using state of the art numerical meteorological and hydrological models. The modeling framework included four major components to derive meteorological and hydrological datasets that will be used by USACE to support long term planning studies in the PNW. The framework is comprised of (1) Global Climate Models (GCMs); (2) the Intermediate Complexity Atmospheric Research (ICAR) quasi-dynamical atmospheric model; (3) the Structure for Unifying Multiple Modeling Alternatives (SUMMA) hydrologic model coupled with the streamflow routing model Mizuroute; and (4) the Bmorph streamflow bias-correction tool.  This effort included many enhancements to the existing model parameterizations and workflows to optimize their utility in the evaluation of extreme events.

[bookmark: _Hlk182592745]2 Numerical Weather Modeling 

1. [bookmark: _heading=h.ey5nmcsg7at]Downscaled Projections
[bookmark: _heading=h.q209ocl7en1o]2.1 Downscaled Climate Projections
a. Overview of the ICAR model/downscaling framework
A major component of this work was the downscaling of Global Climate Model (GCM) data output using the Intermediate Complexity Atmospheric Research (ICAR) model. ICAR is a quasi-dynamical downscaling method designed to represent 90% of the physical processes in the atmosphere for one percent of the computational cost of a traditional atmospheric model used for regional climate downscaling (Gutmann et al., 2016). While ICAR downscales the entire atmosphere, storage constraints prevented save the 3-dimensional fields, ultimately, 3-hourly fields for near surface air temperature, pressure, humidity, wind speed and direction, longwave and shortwave radiation, and precipitation (rain and snow) were saved. Only daily precipitation and daily minimum and maximum temperature have sufficient observational data to enable a high-fidelity final bias correction, as such only those variables were used for hydrologic modeling. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 2: Please clarify which variables were downscaled using ICAR, precipitation & temperature only?	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Perhaps instead, “a traditional, regional climate model. “	Comment by Warner, Michael D CIV USARMY CENWS (USA): ICAR is the atmospheric part, but being used in the regional climate downscaling framework.	Comment by Harrell, Jane M CIV CEIWR: Gutmann et al., 2016.
Many sensitivity tests were performed for the PNW domain . Many sensitivity tests were performed to configure ICAR with the best possible grid, vertical level structure, and internal physics parameterization. Although the hydrologic modeling domain is restricted to the PNW, the domain used for meteorological downscaling  simulations (Figure 1) was ultimately expanded to cover the entire western United States to better represent surrounding topographic barriers in simulations over the Columbia River Basin, and to enable the use of this downscaled dataset for a larger range of future applications.  The domain used for the simulations was The domain used for the simulations wasexpanded to cover the entire western United States to better represent surrounding topographic barriers in simulations over the Columbia River Basin, and to enable the use of this data set for a larger range of applications. During sensitivity testing, it was determined [image: ]
Figure 1. Map of domain used in ICAR downscaling simulations (inset black outline). 

that the convective parameterization within ICAR was not sufficient to reproduce warm season precipitation, so multiple additional convective parameterizations were added to ICAR and tested. We selected the BMJ (Betts & Miller, 1993) parameterization for use in this work because its patterns of precipitation best matched observed precipitation totals. Similarly, recent work has shown that the Noah-MP land surface model provides a better representation of land atmosphere feedbacks, and so to improve the air temperature simulations in ICAR, we added Noah-MP (Niu et al., 2011) to ICAR in place of the original Noah model (Chen & Dudhia, 2001).and tested. We ended up using the BMJ parameterization. Similarly, recent work has shown that the Noah-MP land surface model provides a better representation of land atmosphere feedbacks, and so we added Noah-MP to ICAR. To represent water vapor fluxes off of lakes in a changing climate, a multi-layer lake model was coupled within ICAR using the latest lake model from the Weather Research and Forecasting (WRF) model (Skamarock & Klemp, 2008). Finally, because changes in future long wave radiation and feedbacks due to greenhouse gases are important for climate projections, we added the Rapid Radiative Transfer Model for GCMs (RRTMG) radiation parameterization (Iacono et al., 2008) to ICAR. The additions of Noah-MP and RRTMG were found to improve ICAR temperature biases in the historical period.	Comment by Harrell, Jane M CIV CEIWR: Spell out acronym if possible, reference.
 
In Over the course of testing ICAR with GCM data, it was determined that raw climate modelGCM outputs had too many biases to realistically reproduce the regional hydroclimate of the Columbia River Basin using a physically based atmospheric model, and thus were not suitable as direct inputs to ICAR. To correct this, aprior to using the raw GCM data in ICAR, a statistical bias correction method was developed and implemented as part of this project to correct the 6-hourly, 3- dimensional atmospheric boundary conditions (temperature, humidity, and winds). The source code for this bias correction technique is now available on GitHub[footnoteRef:2] for other uses. The complete workflow is shown in figure 2.  [2:  https://github.com/NCAR/ESM_bias_correction] 

It was also determined that the convective parameterization within ICAR was not sufficient to reproduce warm season precipitation, so multiple additional convective parameterizations were added to the model and tested. We ended up using the BMJ parameterization. Similarly, recent work has shown that the Noah-MP land surface model provides a better representation of land atmosphere feedbacks, and so we added Noah-MP to ICAR. To represent water vapor fluxes off of lakes in a changing climate, a multi-layer lake model was coupled within ICAR as well.. Finally, because changes in future long wave radiation are important for climate projections due to the direct influence of greenhouse gasesses on long wave radiation, we added the RRTMG radiation parameterizations to ICAR. The addition of Noah-MP and RRTMG were found to improve ICAR temperature biases in the historical period. 
[bookmark: _Hlk182592846]2.2 Global Climate Model Ensembles 

b. [bookmark: _heading=h.t8ybklio5070]CMIP models included and CMIP model performance
ICAR was used to downscale spatially coarse output from 14 GCMs for over 150 years each to a 6 km grid.  This included eight GCMs from the Coupled Model Intercomparison Project phase 5 (CMIP5) for each of two Representative Concentration Pathways (RCP) scenarios, RCP 4.5 and RCP 8.5. This also included six models from CMIP phase 6 (CMIP6) for three Shared Socio-economic Pathways (SSP) scenarios, SSP2-4.5, SSP3-7.0, and SSP5-8.5 (Table 1). All downscaled simulations included the period 1950-2099. An additional.  One of the CMIP6 model, CESM2,s was added for SSP3-7.0 because it included 10 different ensemble members that each simulated the time period 1850 -- 2099 in a Large Ensemble (CESM2-LE), though only with the SSP370SSP370 future scenario. Large ensembles such as the CESM2-LE are useful to distinguish a forced climate change response from natural (random) variability.  Each of the ensemble members represents a different, plausible, natural variation in projected future climate.  In addition, the large historical simulation period enables a more complete evaluation of the natural variability that could have occurred over the past 150 years. The CESM2-LE was selected for this because there are relatively few such Large Ensembles at present that saved the necessary 6-hourly 3D atmospheric data to run ICAR. In total, this represented 39 model simulations and 6,850 simulation years, two of the CMIP5 RCP-4.5 simulations had problems in the data (Table 1).	Comment by Harrell, Jane M CIV CEIWR: Is it 2100 or 2099?
2.3 GCM and ICAR Model Evaluation

a. [bookmark: _heading=h.oqro2ugb9jln]Performance
[bookmark: _heading=h.ikztttrtaik5]2.3.1 Global Climate Model Skill
i. Global Earth System Models
To  the viability of the use of global GCMs ) to understand variability in extreme precipitation, it is necessary to evaluate their representation of the global circulation that matters most for this, atmospheric rivers (Gershunov et al., 2019; Ralph et al., 2011; Rutz et al., 2014; Warner et al., 2012).  While Atmospheric Rivers (ARs) can be identified by a large array of tracking methods (Shields et al., 2023), these primarily based Integrated Vapor Transport (IVT), a measure of the total (integrated from the land surface to the top of the atmosphere) amount of water vapor being  transported (mass times wind speed).  We compared both the mean and extreme IVT in GCMs along the west coast relative to the IVT computed from wind and specific humidity from the	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Suggest consistent reference as ESM or GCM and not switch back and forth	Comment by Bart Nijssen: In the previous we use GCM rather than ESM. Maybe make this consistent to avoid confusion.	Comment by Warner, Michael D CIV USARMY CENWS (USA): I think it is important to indicate why we are looking at ARs in this study. This will help to provide context for Chanel’s comment below about IVT. There are several AR references for ARs in the northwest as main cause of extremes (Ralph et al., Neiman, et al, Lackmann and Gyakum), IVT (Ralph et al.), inland penetrating ARs (Rutz et al.), and ARs and climate change (Dettinger, Warner et al). Not all of this needs to be included, but some of it should be.[image: A diagram of a model physics  Description automatically generated]
Figure 2. ICAR workflow from input datasets (blue), bias correction steps (purple), ICAR physics (orange), to output data (green). 



Table 1. CMIP GCMs, SSP, and RCP scenarios included in this application are indicated by an “x.” Blue shading represents ensemble members that have been carried through the streamflow modeling framework described in Sections 3 and 4. 	Comment by Harrell, Jane M CIV CEIWR: Please feel free to remove/update how you see fit. Table helpful for identifying what has been downscaled then carried through the streamflow modeling chain to date.
	CMIP6 GCMs
	SSP2-4.5
	SSP3-7.0
	SSP5-8.5

	CanESM5
	x
	x
	x

	CMCC-CM2-SR5
	x
	x
	x

	MIROC-ES2L
	x
	x
	x

	MPI-M.MPI-ESM1-2
	x
	x
	x

	NorESM2-MM
	x
	x
	x

	CESM2-LE
	
	x
	

	CMIP5 GCMs
	RCP 4.5
	
	RCP 8.5

	CanESM2
	x
	
	x

	CCSM4
	
	
	x

	CMCC-CM
	x
	
	x

	CNRM-CM5
	x
	
	x

	GFDL-CM3
	x
	
	x

	HadGEM2-ES
	
	
	x

	MIROC5
	x
	
	x

	MRI-CGCM3
	x
	
	x



European Centre for Medium-Range Weather Forecasts (ECMWF) interim ReAnalysis (ERA-interim) dataset (Dee et al., 2011).the west coast. We found that while the mean IVT in various GCMs exhibited a realistic spatial pattern, individual GCMs could be biased high or low (Figure 3, left).  Evaluating the frequency of extreme IVT events, most GCMs had a reasonably consistent spatial pattern and magnitude when compared to ERA5-based observations, but with larger variations between GCMs (Figure 3, right) than is present in the mean IVT..  This suggests that the GCMs are realistically representative of the weather patterns that control extreme precipitation events across the Columbia river basinPNW, but that persistent biases would limit their ability  use in direct downscaling without correcting those biases.  Prior GCM bias correction methods (Bruyère et al., 2014) have corrected only the mean state for each variable, here we show that for some 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 4: Please add some additional context for IVT and how it is computed and provide pertinent references. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 5: Please provide for a bit more explanation about why direct downscaling using ICAR without augmentation creates a problem in this case.  This is not currently entirely clear. 

GCMs biases in the extremes do not have the same spatial pattern or magnitude as the biases in the mean state. Because the biases identified were more pronounced in the extreme statistics, we implemented a more complex bias correction algorithm than has been used previously.  The quantile mapping bias correction algorithm systematically corrects the statistical distribution of magnitudes each variable including the extremes. Performing ICAR simulations with inadequately bias corrected GCM data would result in a worse representation of extreme precipitation in this domain. 	Comment by Harrell, Jane M CIV CEIWR: Why did it need to be more complex? Was it to preserve extremes (not mute them with bias-correction)? I don’t think we need to elaborate too deeply but without knowing what was previously done vs what was implemented for this work, it is hard to follow this statement. Is it the 3D correction method that adds complexity?
[image: ][image: ]
Figure 3. Latitudinal transects of mean IVT (left) and the frequency of extreme (>750 kg/m/s) IVT events (right) in 12 CMIP6 GCMs and the ERA-interim reanalysis. 

After bias correction of temperature, humidity, and winds independently, the models have minimal bias in the aggregate IVT mean spatial patterns, or frequency distributions (Figure 4), despite the fact that IVT itself is not corrected directly.  This suggests that the models themselves have a realistic covariance between large scale fields such that this independent bias correction is sufficient. 
[image: ][image: ][image: ][image: ]
Figure 4. Comparison of IVT from the original bcc-csm1-1-m GCM (blue), and after bias correction (orange) in comparison to ERA-Interim (black).  Left: latitudinal transect of mean IVT, Right: histogram of IVT magnitudes for only the most extreme magnitudes (750 kg/m/s)

The climate models selected for the initial dataset production in this study all have a reasonable performance in the Pacific Northwest.  They span a range of relative skill scores for the domain (Figure 5) based on the analysis of (Lybarger et al., 2024). Model selection was limited, ), this is partially due to the availability of 3D 6-hourly data needed to run ICAR, and partially due to complications that arose when processing some of the better models, e.g. missing or erroneous data in one variable or errors in associated metadata.  In some casesSome of these complications may be impossible to overcome as because they are thea result of errors in the source CMIP6 data that wereas archived by the global modeling centers, others can be overcome with individual discussions with the relevant modeling center.  The models with available 3-D 6-hourly data available are highlighted in figure 5. Models we have run ICAR for are outlined in purple, models deemed higher priority to run are outlined in orange, and lower priority but feasible models are in grey. Higher priority models are defined as those with better performance scores and not duplicative of another model already in the list (e.g. EC-EARTH3 and EC-EARTH3-Veg).  Some models with ICAR runs “available now” score lower in this analysis, and were included because they represent IVT reasonably well, they had data available for use earlier, and this more complete evaluation was not available at the time. More work is planned to add additional CMIP6 models. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 6: Is this based on the approach detailed in the Lybarger paper? Please provide 1-2 sentences description and reference. 	Comment by Bart Nijssen: What is the normalized error score used in this case?	Comment by Ethan Gutmann: yes	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 7: It would be beneficial to document which of the GCMs have vs don’t have 6-hr data available. 

Documenting the complications you ran into  would be beneficial here. [image: ]
Figure 5: Collection of CMIP6 global climate models ranked by a large scale evaluation (Lybarger et al;, 2023). Climate models downscaled in this study are outlined in purple, models deemed high priority to add next are in orange, and lower priority models in grey. 

2.3.2 ICAR Evaluation for the Western US[image: ]

i. [bookmark: _heading=h.yoq1udld05fn]ICAR
When ICAR is used to simulate the historical period (1980-2019) using the ERA-interim atmospheric reanalysis (Dee et al., 2011) for boundary conditions, ICAR simulates realisticarealistic patterns of precipitation across the domain with a high correlation coefficient between monthly modeled and observed (Livneh et al., 2013) precipitation (Figure 6). However, ICAR exhibits a dry bias across the domain that warrants future investigation to improve the internal representation of atmospheric processes.  This is likely  due to a tendency to underestimate turbulent variability in the atmospheric winds, , resulting in a weaker enhancement of precipitation than is actually caused by embedded convective processes. New work is developing methods to increase that variability in the wind field; however, for the purposes of this effort, we have bias corrected the final output of ICAR daily precipitation and temperature to enable its use for forcing hydrologic models.  	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 8: Please add reference and clarify comparison to Livneh	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 9: This relates to Comment 2, as well. It is a bit hard to follow the workflow in its entirety. Suggest adding  a flow chart detailing the process. My understanding is the following is done in sequence: (1) Acquire raw GCM based precipitation and temperature (2)  Apply 3-dimensional correction (3) run ICAR to produce downscaled P and T (4) secondarily bias correct ICAR to PRISM	Comment by Harrell, Jane M CIV CEIWR: Which variables were bias-corrected, P and T?
The high degree of month- to- month correlation between ICAR and the observational dataset (Figure 6) indicates that it can be used to project monthly variations in weather, and provides some confidence in the ability of ICAR to simulate the response of the atmosphere to future changes in weather and climate. The monthly correlation coefficient in ICAR varies around 0.5 to 1 across the domain, with a mean value of 0.74.  For comparison, the more complex, Weather Research and Forecasting (WRF) model has similar, though slightly higher, correlation coefficients, with a mean value across the domain of 0.78.. 
In addition to an evaluation of the mean patterns, the response of ICAR to IVT events was compared with the Weather Research and Forecasting (WRF) model (Figure 6). While ICAR was found to underestimate the magnitude of extreme precipitation events, the response of ICAR to IVT was similar to that of WRF, but at a small fraction of the computational cost of WRF (100x faster).  Multiple atmospheric river events were simulated with ICAR, and the correlation between IVT and precipitation in ICAR was between 0.76 and 0.83.  For comparison, the correlation between IVT and precipitation in WRF for these events varied between 0.80 and 0.86. This shows that ICAR is able to respond to extreme IVT events in a similar fashion as a much more complex atmospheric model, although the simulation of the most extreme precipitation events needs more evaluation.  	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 10: This comment relates to comments 2 and 9. Is this after the initial 3-dimmensional bias correction? Is that done first outside of ICAR and then applied to the ICAR inputs? Please clarify. 	Comment by Warner, Michael D CIV USARMY CENWS (USA): Which is expected, right. It might be helpful here to indicate how ICAR differs from WRF specifically, and why that tradeoff is beneficial for us (much faster, but similar performance) with this effort.[image: ]
Figure 5. Comparison if ICAR with the Livneh observational dataset mean annual precipitation (top) and the WRF atmospheric model skill at predicting month to month variations (bottom)

[image: ][image: ][image: ][image: ]
Figure 6. ICAR (solid) and WRF (dashed) modeled 6-hourly precipitation (right axis) during a two strong atmospheric river events, with ERA-interim IVT (black, left axis).

[bookmark: OLE_LINK1]Spatial patterns of extreme precipitation events in ICAR also correspond with the patterns of extreme precipitation observed across the Western US (Figure 7). The 50-year historical period (1950-2000) maximum daily precipitation event modeled by ICAR from nine different ensemble members of the CESM2-LE  Large Ensemble are shown below. The variability between these ensemble members is representative of the expected chaotic, natural variability in the real climate system.  All members exhibit the same large- scale features with similar magnitudes as observed; however, none of the members capture the more extreme events observed in the interior Rrocky Mrocky mountains in Idaho and Montana (Figure 7).. 	Comment by Warner, Michael D CIV USARMY CENWS (USA): And we are pretty sure we know why… Those events are likely convective in nature and are much harder to simulate at resolutions that are relatively lo compared to the scale of the events. Maybe some mention of that here and a reference?


[image: ]
 [image: A map of the united states  Description automatically generated]
Figure 7. 50-year historical period (1950-2000) maximum daily precipitation event modeled by ICAR from nine different ensemble members of the CESM2-LE (top) in comparison to the observed maximum over this period (bottom). The interior Idaho and Montana regions with extreme events that are not well characterized in the ICAR simulations are outlined in red box on the observations


[image: ]
As with precipitation, ICAR is able to simulate a very similar spatial distribution of temperature when compared to observations; however, while precipitation is biased too low in ICAR, temperature is typically biased too high at low elevations, and too low at high elevations (Figure 8). In particular, coastal and lower elevation northern regions are too warm in the simulations.  This is believed to stem primarily from near surface representation of land atmosphere coupling, and more work is needed to improve the representation of the land surface in ICAR. To minimize the impact of these biases on further hydrologic simulations, the output air temperature from ICAR is bias corrected before being used as input to the SUMMA hydrology model. 	Comment by Harrell, Jane M CIV CEIWR: Perhaps remind reader of bias-correction here again,  bias-correction was performed to address these to some extent 
3 Hydrologic Modeling	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Editorial: Suggest representing in deg Celsius instead of or in addition to Kelvin.  I would add additional figures showing a sampling across the whole calendar year and potentially for additional calendar years.  [image: A map of the united states  Description automatically generated][image: A map of the united states  Description automatically generated]
Figure 8. Comparison of mean annual daily maximum air temperature in an ICAR CESM2-LE simulation (left) and in the Livneh observational dataset (right)

[image: ]
2. [bookmark: _heading=h.ez15n6yxcspt]SUMMA-mizuroute
[bookmark: _heading=h.qjsn9sfla101]3.1 SUMMA-mizuRoute
a. Overview of SUMMA+mizuroute model configuration
This project  usedsuses hydrology and river routing models that are were run sequentially to produce routed streamflow across the PNW domain. Thesequen Structure for Unifying Multiple Modeling Alternatives (—SUMMA;   (Structure for Unifying Multiple Modeling Alternatives (Clark et al. 2015a,b) th land-surface water and energy fluxes. and mMizuRoutemizuRoute (Mizukami et al. 2016)   simulatehatsimulates routed runoff in rivers. In this modeling framework, SUMMA is run first and its runoff outputs are then used as input to mizuRoute.  Hereafter, the modeling framework is called SUMMA-mizuRoute.
The initial SUMMA-mizuRoute implementation for the project was developed in a series of prior projects (led by NCAR Co-PI Andy Wood) that were sponsored primarily by USACE, Reclamation and NASA. SUMMA was configured for the entire western US domain using a spatial resolution defined by catchments, rather than grids.  For the western US, the catchment boundaries are from the  USGS Hydrologic Unit Code Level 12 (HUC12) dataset, and these are extended to cover the remaining connected drainage areas (i.e., in Canada and Mexico) using similarly sized (slightly smaller) catchments defined in the MERIT-Hydro dataset (REF).  SUMMA also adopted a single Hydrologic Response Unit (HRU) -- i.e., where water-energy states and fluxes are computed independently -- for each catchment (termed a Grouped Response Unit, or GRU, in SUMMA). The configuration used a  3-hour time step to resolve diurnal weather patterns, with unique meteorological forcings and physiographic characteristics including slope, elevation, soil layer thickness, vegetation and soil types defined for every catchment (GRU by, HRU).  More details of thiscovering the SUMMA model setup are provided in several Reclamation project reports, available online at [REF ].  For the current project, a PNW-subset of this the Wwestern US SUMMA model was extracted, comprising approximately 10,000 catchments.  	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 11: It is difficult to understand the r the relationship between GRU and HRU as originally written. This terminology should be applied consistently throughout the document. 

Instead…

Within the configuration of SUMMA applied, water-energy states and fluxes are computed independently for each 12-digit HUC watershed or Hydrologic Response Unit (HRU), as referenced in SUMMA. Within SUMMA, this catchment based approached is termed a Group Response Unit (GRU). 

SUMMA offers several options for water and energy balance flux parameterizations (i.e., process algorithms). For this project, we used the flux parameterization choices that were selected in the pre-existing SUMMA modeling work.  These include a Ball-Berry parameterization for simulating stomatal resistance, one of the main physiological factors controlling transpiration, similar to the Noah-MP land surface model (Niu et al., 2011). A logarithmic wind profile below the vegetation canopy is used, described in Mahat et al. (2013).,), and also theThe Raupach (1994) parameterization is adopted for vegetation roughness length and displacement height. The configuration  uses Beer’s law (Mahat and Tarboton, 2012), similar to the Variable Infiltration Capacity (VIC) model (Liang et al. 1994),) to represent the radiation transmission through vegetation. For the vertical moisture transmission along the soil column, the mixed form of the Richards equation (Celia et al., 1990), a vertically constant hydraulic conductivity and a lumped aquifer model. For snow, a constant albedo decay rate is used, and the thermal conductivity was parameterized using the Jordan (1991) approach. Further, each HRU incorporates an unconfined aquifer at the bottom of the soil column, which contributes to baseflow generation, using an exponential baseflow curve that is a function of aquifer storage. No lateral water movement occurs between HRUs in SUMMA. However, SUMMA computes “delayed runoff” (often termed hillslope routing) by accounting for overland and subsurface travel time of runoff movement to the river channel through gamma distribution-based unit hydrograph. Daily mean water flux variables are output, while overland routed runoff is output at a 3-hour time step. This 3-hour  delayed runoff is input into mizuRoute for the river routing. MizuRoute also uses a 3-hour simulation step.	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 12: Please provide some background on the Noah-MP model including what MP stands for and describe how they are similar. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Awkward as written	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Editorial : Suggest add ing a few examples of what variable outputs are available	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): It is unnecessary and somewhat confusing to restate delayed runoff here
MizuRoute (Mizukami et al., 2016) uses  “vector-river network” defined based on the MERIT-basin (Lin et al. 2019).  The PNW-subset of the western US modeling framework includes 17,957 river reaches (blue lines in Figure 1) and their associated contributing catchments (HRUs) within the Pacific Northwest. Since SUMMA’s HRUs and mizuRoute’s MERIT basin HRUs differ in  size, runoff re-mapping remappedperformed within mizuRoute using 1st first order mass conserving averages approach. Then, the model performs a river reach routing to route the runoff for each in the order defined by the river network topology. Among several reach routing schemes offered by mizuRoute, we use the quickest routing method, Impulse Response Function (IRF) or Unit Hydrograph based routing. This scheme mimics Lohmann’s IRF routing, which was used in the hydrologic modeling for past climate change studies in the US. MizuRoute also uses a 3-hour simulation step.	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 13: What is meant by “1st order mass conserving averages”? Please define at what point mass is conserved? First order meaning by first order stream?	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): I don’t know that this sentence is necessary. 	Comment by Harrell, Jane M CIV CEIWR: Lohmann et al., 1996?

Lohmann, D., Nolte-Holube, R., and Raschke, E.: A largescale horizontal routing model to be coupled to land surface parametrization schemes, Tellus A, 48, 708–721, doi:10.3402/tellusa.v48i5.12200, 1996.	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): If you include this statement I recommend adding some specific reference studies. 

[bookmark: _heading=h.pw93z92itdvn]3.2 Hydrologic Model Calibration 
Overview of forcings (GMET/metsim) 3.2.1 Retrospective Forcing Dataset
b. 
We use an observation based 6-km climate dataset generated using the Gridded Meteorological Ensemble Tool (GMET; Newman et al. 2015; Bunn et al, 2022) as the retrospective forcing dataset for SUMMA. The GMET data are available from 1970 through 2023. GMET  multiple logistic and linear regression  static geophysical attributes to predict precipitation and temperature across a grid (Clark and Slater, 2006; Newman, 2015). The core algorithm is a spatial regression approach for interpolating between situ, point meteorological observations, by using spatially distributed terrain variables as predictor fields in an ordinary least squares (OLS) linear regression to explain the spatial distribution of point in situ observations of weather reflected in the observational records.. The spatial predictors are static geophysical attributes (south-north and east-west slopes, elevation, latitude, and longitude). The regression is applied to predict daily, accumulated precipitation, mean temperature, and diurnal temperature range (DTR) for each target grid cell, on each day, . Regression model inputs are based on the current observed values of those variables within a sample from the 30 nearest meteorological stations, taking into consideration  and given their relationship to the local terrain features at the station locations. This strategy generates dynamic (time-varying) mean and uncertainty estimates of the daily meteorological fields that are driven by daily observed meteorological conditions.  	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Ensemble-based?
In the prior westwide western US modeling projects, GMET was applied for the period 1970 to present at both 1/8th and 1/16th degree resolutions, yielding daily, accumulated precipitation and temperature minima and maxima. The resulting outputs were spatially remapped to SUMMA HUC12 modeling fabric and then disaggregated to 3-hourly time resolution and to a full set of meteorological fields (including radiation, pressure, humidity, wind variables) using MetSim (Bennett et al, 2020). MetSim is a python-based wrapper (i.e. hydrometerologic forcing disaggregator) based on ,), a python-based wrapper for the MTCLIM MtClim program (Running et al, 1989).  This approach was applied to the entire western US, and the model forcing inputs for the PNW domain were extracted from the larger domain forcing dataset. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Suggest referencing specific studies	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Editorial: Suggest defining “wrapper “- is this what is meant?
This project undertook multiple refinements of the SUMMA model calibration forcings dataset.  Early analysis led to a revision of several predictor fields (related to slope in particular) that were optimized to facilitate  precipitation prediction. An intensive comparison of the GMET forcings were made with other sources of meteorological forcings (NLDAS, WRF, PRISM).  A notable result of this analysis was that GMET precipitation appeared to be biased approximately 15-20% low in some areas as compared to PRISM.  We ultimately chose to scale GMET to match the PRISM precipitation and temperature climatology for forcings within the US, with a linearly damped scaling over 1 degree latitude to the north of the US border, where the PRISM dataset ends.  	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Missing a couple words?	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Add a minimal amount of explanation and references for each 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): All precipitation or just extremes?	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 14: Please clarify how the corrected GMET dataset was applied. I assume it was applied as a forcing dataset to facilitate SUMMA model  calibration. 

Because there are multiple references to scaling/bias correcting etc. of the various datasets used to produce the final product an overall workflow diagram detailing where these datasets are applied and how they are manipulated prior to application would be beneficial. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 15: Is the dataset not corrected in the Canadian part of the watershed? I am not sure I understand the impacts on application based on the highlighted text.  Please provide further clarification. 

3.2.2 Calibration Workflow

c. [bookmark: _heading=h.vl3u38cnrneo]Calibration overview
SUMMA was calibrated to the 2020-Level No Regulation-No Irrigation (NRNI) streamflow dataset. NRNI flows represent hydrologic conditions unaffected by human activities, adjusted to correct for river regulation, reservoir evaporation and irrigation diversions (RMJOC 2018). The 2020-Level NRNI dataset was derived from the 2020 Modified Flows Streamflow dataset (BPA 2020) and contains daily streamflow for the period 1928 to 2018 for 221 sites across the PNW domain.
The SUMMA calibration strategy adopted the core methods and workflows from the prior SUMMA-mizuRoute modeling work, as described in Wood et al. (2021), with some modification.  The primary parameter optimization method from that work is the Dynamical Dimensional Search algorithm (DDS; Tolson and Shoemaker 2007), which had been tested and refined in  dozens of smaller western US basins (e.g., the Shoshone R, the Flathead R, the Clearwater R, among others).  DDS is incorporated into the workflow through a software package called Ostrich [REF].  Prior work focused mostly on individual basins. An, with one example of a larger implementation, more analagous to the PNW domain being analyzed as part of this effort, (was an application  (for the upper Rio Grande R basin. For the upper Rio Grande R basin a strategy was developed) having developed a strategy for using DDS in a nested, headwaters-to-outlet sequence in which upstream areas (and headwaters) are calibrated before downstream areas.  	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 16: Clarify that the Rio Grand e River Basin application is most analogous to this  application and make this clear throughout. See suggested changes. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Clarify why the larger application is more important for this effort. 
Due to the size of the PNW spatial domain, one modification of this approach was to tackle the calibration in was conducted in two stages:  (1) a regional combined calibration,  in which the PNW domain is split into 4 four regions that are more hydro-climaticallyhydroclimatically similar than the region PNW domain as a whole — Cascade, Western Cascade, Snake, and Upper Columbia (Figure 2). This phase was not expected to obtain optimal parameters at each location, but to provide improved parameters that could serve as prior estimates for a second phase. The second phase  (2) that of calibration is  that focused on individual and nested basin calibration, using the core approach from the prior projects.  For both individual and multi-basin calibration, parameter multipliers are calibrated to optimize  the objective functions comparing simulated to observed streamflow involving the simulated streamflow at the individual or multiple basins, depending on the phase.  This strategy results in a mixture of spatially varying and spatially uniform parameters, depending on the prior/uncalibrated parameters being scaled.  The parameters of mizuRoute were not calibrated.   The SUMMA parameters that were calibrated are shown in Table 2. Most of the selected parameters were used in the prior studies (e.g., Wood et al., 2021), with a few calibration parameter additions to the list (critSoilTranspire, fieldCapacity, the van Genuchten parameters vgn_*, windReductionParam, and wettingFrontSuction).  Calibrated regional parameter multipliers are applied to all the HUC12 HRUs to update the parameters inside each region. The parameters of mizuRoute were not calibrated.	Comment by Harrell, Jane M CIV CEIWR: I am not sure if this belongs here, two stages were noted and there is a lonesome (1) 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Rio Grande Project? I would specify as much since the other referenced group of projects sounded to be single basin watersheds. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 17: You may want to define the original parameter set as being physically based to explain why it is important to preserve the associated intrinsic spatially variability or lack there of.  
After this initial, coarser regional calibration, we performed individual-basin (HRUs) calibrations at the flow sites, using the nested basin strategy from Wood et al. (2021). For this step, we first calibrated the headwater upstream areas HUC12 HRUs, upstream of 65 selected naturalized flow sites, denoted by the redred circles in Figure X, then subsequently continued calibrating the areas between each immediate upstream site and the next downstream site while fixing the parameters already calibrated in the upstream areas. This downstream basin Ccalibration was done progressively, working downstream continues tillto the sites calibration continu tll the most downstream sites in the river basins, which near the mouth of Columbia River. 33 downstream naturalized flow sites for the calibration; these sites arescalibrations, denoted by the orange trianglestriangle in Figure X. Thus, a tTotal otal 98 flow sites arere used for individual basin calibration, resulting in the areas with adjusted parameters covering  of the PNW domain. Areas upstream of each reference flow site consistare made ups of multiple HUC12 HRUs parameters at each HUC12 HRU arere adjusted  applying parameter multipliers determined using DDS with 300 iterations to all the HUC12 HRUs upstream of the a given flow site. We used normalized Kling-Gupta efficiency (Eq.1), nKGE’, as an objective function for the calibration. nKGE’ ranges from 0 to 1.     	Comment by Harrell, Jane M CIV CEIWR: Did we end up using 100 iterations for the method described here?
	          
  (1)
where 𝜇obs and 𝜇sim are mean reference and simulated flows, respectively;  CVobs area CVsim coefficient of variation reference and simulated flows, respectively; and r is correlation coefficient of reference and simulated flows.
Model calibration usesus the period between 1991 and 2001 which includes the driest and wettest years within 1980-2014 periodsperiod.  In general, each calibration used 100 iterations across the parameter space, which is relatively limited given the dimensionality of the calibration parameter sparames.. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): It says 300 iterations above?
 
 Table 2. List of the SUMMA parameters included in the calibration.
	Parameter names
	Process
	Descriptions
	min-max

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

	tempCritRain
	climate
	critical temperature where precipitation is rain (K)
	269-275

	frozenPrecipMultip
	climate
	frozen precipitation multiplier (-)
	0.5-1.5

	routingGammaScale
	Hillslope routing
	scale parameter in Gamma distribution used for sub-grid routing (s)
	 

	routingGammaShape
	Hillslope routing
	shape parameter in Gamma distribution used for sub-grid routing (-)
	 

	k_soil
	soil
	Saturatedaturated hydraulic conductivity (m s-1)
	10-7, 10-4

	theta_sat
	soil
	Porosityorosity (-)
	0.3, 0.6

	critSoilTranspire
	soil
	critical vol. liq. water content when transpiration is limited (-)
	0.1, 1.0

	fieldCapacity
	soil
	Fieldield capacity (-)
	0, 1

	k_macropore
	soil
	saturated hydraulic conductivity for macropores (m s-1)
	10-7, 10-1

	qSurfScale
	soil
	scaling factor in the surface runoff parameterization (-)
	1, 100

	aquiferBaseflowExp
	soil
	Baseflowaseflow exponent (-)
	1, 10

	aquiferBaseflowRate
	soil
	Baseflowaseflow rate when aquifer storage is equal to aquiferScaleFactor (m s-1)
	10-7, 0.1

	vGn_alpha
	soil
	van Genuchten "alpha" parameter (m-1)
	-1.0, -0.01

	vGn_n
	soil
	van Genuchten "n" parameter (-)
	1.0, 3.0

	wettingFrontSuction
	soil
	Green-Ampt wetting front suction (m)
	0.1, 1.5

	summerLAI
	vegetation
	Maximumaximum leaf area index at peak of growing season (m2 m-2)
	0.01, 10.0

	heightCanopyTop
	vegetation
	height of top of the vegetation canopy above ground surface (m)
	0.05, 100

	windReductionParam
	vegetation
	canopy wind reduction parameter (-)
	0.0, 1.0



[image: ]Figure x. Modeled river network in the Pacific Northwest with 221 naturalized flow sites. Red areas are headwater catchments calibrated using the flow data at the sites denoted by red circle 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.
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Figure 2. 4 subregions and basins used for regional multi-basin calibrations.

1. [bookmark: _heading=h.4dki2266gwzz]NRNI – Jane can contribute to documentation on NRNI
d. [bookmark: _heading=h.24cr1owr2e2o]Performance
i. [bookmark: _heading=h.l18plz6ja9hf]Post-calibration Results: 
1. Map of daily KGE, other stats (e.g., q90, seasonal pBias)?
2. CDF calib examples, some good figures were shown at workshop
3.3 Hydrologic Model Evaluation

[image: ]	Comment by Harrell, Jane M CIV CEIWR: Note missing descriptions of this figure/performance results. In general, mainstem Columbia best in terms of KGE, lower performance in headwaters of the Upper Snake, Deschutes in terms of KGE. This is similar to RMJOC-II (VIC) results which were attributed to “land use and geological characteristics” that are difficult to capture by models developed for a large spatial domain. i.e., irrigation withdrawals and groundwater effects not well-captured by hydrologic models.
[image: ]
Figure 3. Maps of 219 flow sites with KGE and its three components (variability ratio, mean flow ratio, and correlation) and percent bias of high flow (>90% in FDC: FHV) and low flow (<10% in FDC: FLV). The error metrics are computed using 2001-2014 daily streamflow aggregated from 3hr simulations.

[image: ]
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Figure x. Comparison of cumulative distributions of KGE and its components at 219 naturalized flow sites between SUMMA and VIC (Chegwidden et al.,2019). The error metrics are computed using 2001-2014 daily streamflow aggregated from 3hr simulations.	Comment by Harrell, Jane M CIV CEIWR: Will be helpful to introduce VIC when discussing figure, CMIP5 PNW dataset developed by UW used in RMJOC-II. I am not sure it has been mentioned before.

High flow simulations are evaluated based on >90 percentile (high flow) and >99 percentile (extreme high flow) of flow duration curves. Histograms below show that the extreme high flow tends to be underestimated.  
[image: ]
[bookmark: _heading=h.qiotzua2vi7v][bookmark: _Hlk182593280]4 
3. 
[bookmark: _heading=h.g8rdbxgzgrfb][bookmark: _Hlk182593313]4.1 Bmorph
a. 
By performing a good calibration of the SUMMA-mizuRoute model using observation based forcing and reference datasets, the model is able to mimic basin response, thus minimizing the uncertainty associated with transforming precipitation into runoff. 
The calibration of SUMMA parameters  bias in historical streamflow simulations over PNW. . in streamflow 
. 
To reduce the streamflow bias in SUMMA-mizuRoute simulation forced by the downscaled GCMs, we use the software package called bmorph (Bennett et al. 2022). The bmorph package first constructs two cumulative distribution functions of long-term, observed and simulated, GCM-based streamflow from the historic simulation period, 1950-2014. , which areThis relationship is
To reduce the streamflow bias in SUMMA-mizuRoute simulation forced by the downscaled GCMs, we use bmorph (Bennett et al. 2022). 




  
4.2 Bmorph Evaluation

.
i. .

evaluated   KGE components —bias ratio (in mean),, variability ratio (of prediction error), and correction. How effective Bmorph bias correction, is, is evaluated by comparing to the KGE components derived by evaluating observed streamflow, and corretion. . For this evaluation, we use a validation ion period of 2001-2020not used for SUMMA calibration nor bmorph bmorph. 
. Figure x shows cumulative distributions   each component, as  across the 200 flow sites, between . . Overall, SCBC KGE improves relative to raw KGE (Figure x, bottom, right). This shift is primarily derived from bias improvements (Figure x, top left). Figure x shows shows spatial maps of the error metrics for raw and SCBC streamflows. SCBC improves long term bias,  Northern Cascade. ariability. Variability error are seen in the Willamette River and Snake River. SCBC causes  but some deterioration (in alpha) in the model’s ability to mimic observed streamflow response is seen inalongeast the northern Cascade area. KGE improvement. KGE improve 
[image: ]
[image: ]
Figure x. Comparison of cumulative distributions of KGE and its components between raw streamflow simulations and SCBC bias corrected streamflows. The error metrics are computed using 2001-2020.

[image: ]	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): It might be beneficial to label the Northern Cascades, Willamette, Snake somehow. It would be beneficial to clearly state that beta, alpha and the correlation coefficient all improve as they reach 1. I think it is a bit misleading to have the blue dots actually reflect poor calibration for beta and alpha. 	Comment by Warner, Michael D CIV USARMY CENWS (USA): Maybe different colored boxes, then reference those colors in the caption?
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Figure x. Spatial distributions of KGE components for raw streamflow simulations (left column) and SCBC bias corrected streamflows (right column). The error metrics are computed using 2001-2020.
Flow summary plots include comparisons of the magnitude of annual maximum and minimum flow based on 7-day flow (top left 4 panels), timing (top right 3 panels), long-term mean seasonal cycle (bottom left), 30-day flow probability density (bottom middle), and daily Flow Duration Curve (bottom right). flow summary plots are constructed to compare bomorphbmorph bias corrected GMET flow and raw GMET flow during each 20-year period–control (WY1980-2004) at all the sites. 
 example  on the Columbia Rriver–ARD (iver.  ARD site, though the simulated 20-year mean seasonality (seasonal peak) captures observations well. ighhigh flow events are  at other sites in the upper Columbia River. (e.g., TDA),).
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Figure xx. Flow summary plots at ARD (upstream Columbia River) during the control period (WY1980-2004). Light blue line: raw simulation using GMET forcing. Blue line: bmorph bias corrected flow.

[image: ]
Figure xx. Flow summary plots at TDA (downstream Columbia River) during the control period (WY1980-2004). Light blue line: raw simulation using GMET forcing. Blue line: bmorph bias corrected flow.

[bookmark: _heading=h.w1tibmo2c71v]4.3 Sub-daily Disaggregation of Flows
b. Temporal disaggregation from daily to sub-daily
timestep. Temporal disaggregation from daily to 3hr is performed for several sites by using sub-daily patterns in raw simulation. . On each day, fractions of 3hr flow to daily flow (8 fraction value per day) is  computed using the raw 3hr simulation, then multiplymultipl3h3hr fraction is multiplied  to obtain 3h biascorrected flow. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 22: Please clarify what the “raw simulation” is forced with. I would use the observed datasets to replicate sub- daily disaggregation. Is this what was done?   I would also make it clear that because sub-daily disaggregation is based on historically observed flows this aspect of the analysis is not reflective of climate change influenced shifts in sub-daily patterns of hydrometeorology (thinking perhaps along the lines of shifts in diurnal patterns) 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 23: It is unclear how daily data is being disaggregated. Are you simply equally distributing flow across the 8 3hr intervals? Is the raw GCM based output available at a 3-hr time step, so you are using that to disaggregate? Are 3-hr GCM-based outputs reliable at that temporal resolution or would it be better to create a disaggregation scheme based on observations that could be randomly sampled by month (?) to project future, disaggregation of daily to 3h flows?
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[image: ]
Figure xx. 

[bookmark: _heading=h.xdvwa2ipl3px]5 Model Application Results 
4. Results 
5.1 Downscaled Temperature and Precipitation Projections
a. Summary of trends in ICAR max/mean
5.1.1 CMIP6 Annual Change Signal	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): All three sets of figures should be cross-referenced in the preceding text, interpretation and significance should be described. Figures would benefit from some labeling to aid in spatial orientation for someone unfamiliar with the region. 
i. Annual change signal
When averaged across ICAR downscaled global climate model results, the modelssmodels, ICAR projects increases in mean annual precipitation across most of the western United States, with small decreases along the mountains of the west coast, particularly on the leeward (Easteastlee (East) side of those mountain ranges. The increases are larger in SSP585 than in SSP370 or SSP245. The variation in changes between climate models is greatest in the central latitudes of the western US (37° to 45° N) and inland from the first major mountain ranges. Variation is amplified when a higher emission scenario is assumed (larger in SSP585 relative to SSP370 or SSP245). . This implies greater uncertainty in the changes in basins like the Snake Rriver andriver, but more confidence in output within the upper Columbia River basin and along the coast ranges and windward (Westwest) side of the Cascade mountain range. 	Comment by Warner, Michael D CIV USARMY CENWS (USA): Did we ever do any seasonal breakdowns for these? I think there is likely some conflicting signs here in changes (wetter in the winter, but drier in the summer) that wash out the signal on an annual basis, especially along the coast and especially in the Pacific Northwest.	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Be consistent in using US vs spelling it out	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Be specific about which mountain ranges are being referenced here. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Be specific in terms of which mountain range
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[image: ]	Comment by Warner, Michael D CIV USARMY CENWS (USA): Are these annual maxes?
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[image: ]
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Air temperature increases across the domain, with the greatest increase observed in the interior, and the least increase observed along the coast.  There are significantly greater increases in air temperature in the SSP585 emissions scenario and particularly in the CanESM5 climate model (Figure). 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Comment 24: Because the differences are so significant for CanEM5 I would include a bit more discussion. I assume CanEM5 is a “hot model”?	Comment by Warner, Michael D CIV USARMY CENWS (USA): Agree. I wonder if there is any value in indicating in the early tables which models are “hot models”.
[image: ][image: ]

5.1.2 CMIP6 Seasonal Change Signal[image: ][image: ]

ii. Seasonal change signal
The patterns of changes in precipitation have a strong seasonality to them (Figure).  The winter season (December, January, and February: DJF) has a decrease in precipitation on the leewardlee side of the mountains, and in the southern part of the western US, with increases in precipitation in at lower elevations. Spring (March, April, and May: MAM) has a pronounced latitudinal gradient, with significant decreases in precipitation expected across the southern part of the domainwestern U.S, and increases dominant projected north of 40° latitude. Summer (June, July and August: JJA) has the greatest increases in precipitation being projected across the majority of the wester U.S domain.; However, this effect is likely amplified because change is being reported as a percentage, and much of the region with large percent increases receives very little precipitation currently. Finally, fall (September, October, and November: SON) have a similar pattern of change as in winter (DJF), but with more increases in precipitation in the southern part of the western US.across the domain; however, this is as a percentage, and much of the region with large percent increases receives very little precipitation currently. Most of the Columbia Rriver basin is projected to have increases in precipitation, though the coast range in the Pacific Northwest have decreases in mean precipitation. Finally, Autumn (September, October, and November: SON) have a similar pattern of change as in DJF, but with more increases in precipitation in the southern part of the western US. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Please be more specific, perhaps, “Along the coast and on the windward side of the mountain ranges (at lower elevations). Notable, precipitation begins to increase substantially towards the east. “	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Domain is confusing because it could be interpreted as the CRB or the full western U.S	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): I would discuss seasonal differences and similarities, specifically since this is the focus of this section. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Is this on leeward side of the Mountains to be consistent with what is said above? I would be specific in terms of which mountains, as well. In Summer there appear to be decreases along the coastline as well. 
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In the Columbia River basin, t[image: ]
[image: ]

The greatest increases in air temperature are projected to occur in JJA and SON (Figure). This is a feature that is consistent across climate models. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): To be more complete and consistent with precip discussion I would discuss and display temp changes for the whole western US and the CRB. I would also go into a bit more detail. 
[image: ]	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Add legend

[image: ]

As shown west wide, Iindividual basins within the Columbia Rriver basin are expected to see significant increases in extreme precipitation. A subset of the domain near Libby in the Kootenai River bBasin show consistent increasing trends in annual daily maximum precipitation averaged across the region Kootenai River basin in for in all climate models (Figure) evaluated. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): You don’t have a figure demonstrating this west-wide	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): define	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Annual daily maximum?	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): The Kootenai basin?
[image: ]
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Changes in extreme precipitation for multiple time scales exhibit similar patterns (Figure).  Single day mean annual maximum precipitation totals were compared with the mean annual maximum for 3-day accumulated and a 7-day accumulated totals.  Changes in annual extreme maximum 1-day, 3-day and 7-day accumulated precipitation for multiple time scales exhibit similar patterns (Figure).  Single day mean annual maximum precipitation totals were compared with the mean annual maximum for 3-day accumulated and a 7-day accumulated totals.  In all cases, maximum precipitation increases, with the largest increases in absolute changes occurring along the upwindwardupwind side and the crest of the Cascades, and the largest percentage increases occurring in the interior of the domain where the absolute magnitudes are low to begin with.  There are some suggestions of decreases in extreme precipitation on the Northeast side of the Olympic Peninsula. For 7-day totals, there are some slight decreases predicted on the downwind side of the coast range. More work is needed to understand if these changes are robust. 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Clarify	Comment by Warner, Michael D CIV USARMY CENWS (USA): Yes, this tells us something about changes in ARs (3-day, 7-day). But 24-hour may be showing various things in various areas of the domain (convection in different seasons, for instance).	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): From the figures you can’t really see this - looks like either increases or no change for the vast majority
[image: ]	Comment by Warner, Michael D CIV USARMY CENWS (USA): These figures look horizontally compressed...

5.1.3 Evaluation with Respect to other Downscaling Methods[image: ]	Comment by Harrell, Jane M CIV CEIWR: This is a great inclusion, could use elaboration but interesting to see these differences… statistical vs dynamical, ICAR wetter west of Cascades, WRF wetter east. Will be helpful to include a brief description of the downscaling methods we are looking at	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Agree - section needs to be expanded upon but interesting comparison

iii. Evaluation with respect to other downscaling methods
It is currently impossible to validate future climate change projections from ICAR; however, it is useful to compare the changes predicted by ICAR to those derived from using other downscaling methods.  This helps reveal places that the new dataset may differ from guidance previously used by USACE,other frequently used products and shows that the simplifications in ICAR still result in changes that are consistent with a full physics dynamical downscaling approach (WRF PGW), as compared to the more simplistic statistically downscaled products (LOCA and BCSD)..  
[image: ]	Comment by Warner, Michael D CIV USARMY CENWS (USA): I can’t find where the cold season is defined. Maybe I missed it, but should be defined.


5.2 Streamflow Projections

b. Summary of streamflow trends
Two types ofFlow duration curves (FDCs) and decadal mean seasonality plots are available for each site to compare historical flow and projected flows during the mid and late 21st century. These are flow duration curves and decadal mean seasonality. Here the plots at selected sites are provided. 
Flow duration curves are constructed for three each 2030-year  periodepochsperiod–control historic baseline (WY1980-2004), 2040s (WY2029-2060), and 2080s (WY2069-2099). Results are,), shown at 4 four example reference sites located on large rivers in the Columbia River system– Snake (BRN; Brownlee), Pend Oreille (BDY; Boundary), and Columbia (ARD; Arrow Lakes  and TDA; The Dalles). [May need a map showing the sites and river reaches?]. Ensemble envelopes for each period are based on maximum and minimum values among all the ESMs (CMIP5 and CMIP6 combined). Future periods (2040s and 2080s) include only high emission scenarios (RCP8.5 for CMIP5 ESMs and SSP5-8.5 for CMIP6 ESMs). 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): Shouldn’t the period be the same length as the two future periods so maybe 1980-2010? 	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): 2030?	Comment by Mueller, Chanel CIV USARMY CEMVP (USA): It looks like flows are underestimated during the control period here as well, I would discuss since you discuss for the smaller tributaries. 
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Figure xx. Flow duration curves during control, 2040s, and 2080s periods at 4 sites on the large rivers.
FDCs at the flow sites on smaller, or tributary rivers to the mainstem, Snake, and Columbia are shown below– LIB (Libby; Upper Columbia), CSC (NF Payette; Snake), SVN (T.W. Sullivan; Willamette), HAH (Howard Hanson; Western Cascade), KIOW (Yakima River at Kiona; Yakima). High flow events above 99 percentile are underestimated during the control period at KIOW site. Such underestimation of the high flow events are seen at the sites on the eastern side of the Cascade range. 
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Figure xx. Flow duration curves during control, 2040s, and 2080s periods at 5 sites on the tributaries basin of the Columbia and Snake rivers.
20-year mean seasonality are shown at the same sites below. Mainstem sites:[image: ][image: ][image: ][image: ][image: ][image: ][image: ]
Tributary sites:
[image: ][image: ][image: ][image: ][image: ]
6 Data Availability	Comment by Harrell, Jane M CIV CEIWR: Is it possible to include a statement on model and data availability? Where the data is planned to be hosted, which models and tools are or will be made publicly available, or are available to USACE and our federal partners upon request? If it is too early to include, that is ok - but if there are plans to host daily hydrology, it will be a great inclusion for when we have data and model requests (which we receive from all directions regularly and I anticipate this will increase as awareness spreads that we have CMIP6 data).
The data for this project have been made available directly to the USACE, and are in the process of being posted to the NCAR Research Data Archive. https://rda.ucar.edu/ 
References

BPA (Bonneville Power Administration). 2020. 2020 Level Modified Streamflow: 1928–2018. DOE/BP-4352. Portland, OR: Bonneville Power Administration. https://www.bpa.gov/-/media/Aep/power/historical -streamflow-reports/2020-level-modified-streamflow.pdf.
RMJOC (River Management Joint Operating Committee). 2018. Climate and Hydrology Datasets for RMJOC Long-Term Planning Studies: Second Edition (RMJOC-II) Part I: Hydroclimate Projections and Analyses. Portland, OR: River Management Joint Operating Committee. https://usace.contentdm.oclc.org/digital /collection/p266001coll1/id/10562/rec/3.

Betts, A. K., & Miller, M. J. (1993). The Betts-Miller Scheme. In K. A. Emanuel & D. J. Raymond (Eds.), The Representation of Cumulus Convection in Numerical Models (pp. 107–121). Boston, MA: American Meteorological Society. https://doi.org/10.1007/978-1-935704-13-3_9
Bruyère, C. L., Done, J. M., Holland, G. J., & Fredrick, S. (2014). Bias corrections of global models for regional climate simulations of high-impact weather. Climate Dynamics, 43(7–8), 1847–1856. https://doi.org/10.1007/s00382-013-2011-6
Chen, F., & Dudhia, J. (2001). Coupling an advanced land surface-hydrology model with the Penn State-NCAR MM5 modeling system. Part I: Model implementation and sensitivity. Monthly Weather Review, 129(4), 569–585. https://doi.org/10.1175/1520-0493(2001)129<0569:Caalsh>2.0.Co;2
Dee, D. P., Uppala, S. M., Simmons, A. J., Berrisford, P., Poli, P., Kobayashi, S., et al. (2011). The ERA-Interim reanalysis: configuration and performance of the data assimilation system. Quarterly Journal of the Royal Meteorological Society, 137(656), 553–597. https://doi.org/10.1002/qj.828
Gershunov, A., Shulgina, T., Clemesha, R. E. S., Guirguis, K., Pierce, D. W., Dettinger, M. D., et al. (2019). Precipitation regime change in Western North America: The role of Atmospheric Rivers. Scientific Reports, 9(1), 9944. https://doi.org/10.1038/s41598-019-46169-w
Gutmann, E., Barstad, I., Clark, M., Arnold, J., & Rasmussen, R. (2016). The Intermediate Complexity Atmospheric Research Model (ICAR). https://doi.org/10.1175/JHM-D-15-0155.1
Iacono, M. J., Delamere, J. S., Mlawer, E. J., Shephard, M. W., Clough, S. A., & Collins, W. D. (2008). Radiative forcing by long-lived greenhouse gases: Calculations with the AER radiative transfer models. Journal of Geophysical Research, 113(D13), D13103. https://doi.org/10.1029/2008jd009944
Livneh, B., Rosenberg, E. A., Lin, C. Y., Nijssen, B., Mishra, V., Andreadis, K. M., et al. (2013). A Long-Term Hydrologically Based Dataset of Land Surface Fluxes and States for the Conterminous United States: Update and Extensions. Journal of Climate, 26(23), 9384–9392. https://doi.org/10.1175/Jcli-D-12-00508.1
Lybarger, N. D., Smith, A., Newman, A. J., Gutmann, E. D., Wood, A. W., Frans, C. D., et al. (2024). Improving Earth System Model Selection Methodologies for Projecting Hydroclimatic Change: Case Study in the Pacific Northwest. Journal of Geophysical Research: Atmospheres, 129(7), e2023JD039774. https://doi.org/10.1029/2023JD039774
Niu, G. Y., Yang, Z. L., Mitchell, K. E., Chen, F., Ek, M. B., Barlage, M., et al. (2011). The community Noah land surface model with multiparameterization options (Noah-MP): 1. Model description and evaluation with local-scale measurements. Journal of Geophysical Research-Atmospheres, 116(D12), D12109. https://doi.org/10.1029/2010jd015139
Ralph, F. M., Neiman, P. J., Kiladis, G. N., Weickmann, K., & Reynolds, D. W. (2011). A Multiscale Observational Case Study of a Pacific Atmospheric River Exhibiting Tropical–Extratropical Connections and a Mesoscale Frontal Wave. Monthly Weather Review, 139(4), 1169–1189. https://doi.org/10.1175/2010MWR3596.1
Rutz, J. J., Steenburgh, W. J., & Ralph, F. M. (2014). Climatological Characteristics of Atmospheric Rivers and Their Inland Penetration over the Western United States. Monthly Weather Review, 142(2), 905–921. https://doi.org/10.1175/MWR-D-13-00168.1
Shields, C. A., Payne, A. E., Shearer, E. J., Wehner, M. F., O’Brien, T. A., Rutz, J. J., et al. (2023). Future Atmospheric Rivers and Impacts on Precipitation: Overview of the ARTMIP Tier 2 High‐Resolution Global Warming Experiment. Geophysical Research Letters, 50(6), e2022GL102091. https://doi.org/10.1029/2022GL102091
Skamarock, W. C., & Klemp, J. B. (2008). A time-split nonhydrostatic atmospheric model for weather research and forecasting applications. Journal of Computational Physics, 227(7), 3465–3485. https://doi.org/10.1016/j.jcp.2007.01.037
Warner, M. D., Mass, C. F., & Salathé, E. P. (2012). Wintertime Extreme Precipitation Events along the Pacific Northwest Coast: Climatology and Synoptic Evolution. Monthly Weather Review, 140(7), 2021–2043. https://doi.org/10.1175/MWR-D-11-00197.1
[image: ][image: ][image: ][image: ][image: ]

2
image1.png
3500
50°N
3000
45N 2500
2000
40°N L 1500
L 1000
35°N
L 500
30°N It o

125°W 120°W 115°W 110°W 105°W 100°W

Elevation [m]




image2.png
ICAR

LCinear:
High-res DEM Emmmmeedl  Nountain

\Wavenliheory.

l Model Physics

GCM
3D-6hrly
Temperature
Pressure
Wind
Humidity

High-res

AdVECTIon;
VIicrophy/SICS;
LSV PBLC; radiation);
convection

High-res 3D ===

correction

ERA-Interim
“‘observed”
3D-6hrly
atmospheric
states

Bias correction

Observed
Precipitation

and
Temperature

Output
Precipitation
and
Temperature





image3.png
Average IVT [kg m-1 s-1]

250

200

150

100

50

20 30 40 50 60
Latitude (degrees N)

Number of 6-hourly timesteps over 750 kg m-1 s-1

700

600

500

400

300

200

100

CESM LE
CanESM5
CMCC-CM2-SR5
CMCC-ESM2
CNRM-CM6-1
CNRM-ESM2-1
MPI-ESM-1-2-HAM
MPI-ESM1-2-HR
MPI-ESM1-2-LR
=1 ACCESS-ESM1-5
[ HadGEM3-GC31-LL
=1 UKESM1-0-LL

gronnooo

20 30 40 50 60
Latitude (degrees N)





image4.png
Average IVT [kg m-1 s-1]

250

200

150

100

50

126.5 W, 1981-1999

—— bcc-csml-1-m
~— bcc-csm1-1-m bias corrected
--=- ERA-

20 25 30 35 40 45 50 55 60
Latitude (degrees N)





image5.png
00

350

-3
8

g
g

Number of 6-hourly timesteps
g 3

100

1981-2019

3 bec-csml-1-m

=1 bce-csm1-1-m bias corrected

[ ERA-Interim

700

80

%00

8 8 H g
2 = i) a

IVT at 4347 *N,128-132 *W [kgm™s™"]

_|—l———._

1400
1500




image6.png
Most other models do not have

Models Available Now
Priority Models to Add
Second Priority Models

the necessary data available

F 0-T-vn-WoW
VONI-ZVSWO-1SdI
TWS3-208
WS3I-WLI
€6-57v094
0-SIWD-WNI

[ 8- PWO-WNI

- VONI-Y1-VIWI-1SdI
[ SWs3ued

[- Joued-cWs3uey

YT-VIWD-1SdI

S TIWS3-SS300V
9-2-23-SSI19

Y1 T TWS3 1MV
9°€3-SS19
EWS3IN
ZA3TWS3D
H-Z-Z3-SSI9
0-ZWS3-SYO
ZA4-WOIYM-ZWSID
W1-ZWS3J0N
WVH-Z-T-WS3-1dW

[- H1-Z3-SSI19

w
asch D
()
O

F 501
FdTRES

L T1-T-TWs3din
| mozracm o m—|

[ YH-T-9WD-WYND

[ 0-Z-WSE3
I 1"€4-STv094
-6~ yye:

b vO3-T-T-Wse3
I 0-Z-Ws3-0l

= GaleE
FATS 1
I~ NOJINN-OWVS

- WOOVM-ZWS3D

[ YA T-T-WO 1MV
Fowa

1.0

T T T T T
© © < N )
o

©.102S J0.ldIo pazl|eWwJoN




image7.png
TINS3-DD9
€6-51v0D4
YH-T-9ND-WYND
T-9ND-IWYND
T-ZINST-INYND
0-T-VYN-WDI
Y1-VOWD-1SdI
INSI-INLII

0-ZIA Y,

A ue
Joued-GWs3ue)d
9004l
9-0-T-30V
Y1-baA-€ype3-03
HIN-ZINSD-004
T1-€3-STVOS54
0-ZINST-IdIN
0-SIND-IANI
LinS3el
d1-¢-TINS3-IdIN
SYS-ZIND-DDND
WVH-Z-T-WS3-IdIN
T1-0-TINSIAN
CINS3-DDID
G-TINS3-SS3D0V

8-7IND-WNI
WT-ZINS34ON
ZIND-SS3DDV
VINS3-1d49
dH-¢-TINS3-IdIN
9-1-¢3-SSI9
0-TINSO-SIWVD

e Q o S N et
— o o o o o

9102S J0JJ3 PazZI|eWIoN

wayDIsY-gy1e3-d3

Models




image8.png
48°N (C

45°N

42°N

39°N

36°N

33°N

500

250

ICAR vs. Livneh (1981 — 2013)
Correlation = 0.74

[

3 -
e —

123°W 120°W 117°W 114°W 111°W 108°W 105°W

=
o
o
o
ecipi

Annual Avg. Pr

© © o © o o o ~
w B (6,1 . o)) ~ oo_ (e} o
Annual Correlation Coeffecient [0-1]

o
[N}




image9.png
[z-w 6] didaid uesw Aunoy-9

~N © n ¥ m N o O

2000
1500

o
g Q
=

[T-s T-w B3] LAl 2104syo

£2-0T-£00C

12-01-£00C

6T-0T-£00C

LT-0T-£00T

GT-0T-£00C

£1-0T-£00C

11-0T-£00C




image10.png
~

-w 6] dppaid uesw ALnou-o
© 1w ¥ m N oo

w
4
=

2000

1500
1000
0

[T-s T-w 6] 1Al 210ysyo

€1-11-900Z

TT-11-9002

60-11-900Z

£0-T1-900Z

S0-11-900Z

€0-11-900Z

T0-11-900Z
T€-01-900Z




image11.png
9 CESM2-LE-ICAR 50-year max

250

250 250
50°N 50° 50°N
200 200 200
475°N — 415N — 415N -
£ E £
. E - E . E
as°N 150 = 45°N 150 2 as°N 1502
g g g
42.5°N £ asN g aswN £
005 1005 1008
40°N £ 40°N L 40°N £
50 50 50
37.5°N 37.5°N 37.5°N
0 0 0
124°W 120W 116°W  112°W 124°W 120°W 116°W 112°W 124°W 120W 116°W  112°W
250 250 250
50°N 50°N 50°N
200 200 200
a75°N ~  a1sN — 415N -
£ E £
E E E
aseN 150 asN 150 2 asen 1502
g g g
42.5°N £ asN £ asN £
005 100 008
0N £ an g g
50 50 50
37.5°N 37.5°N 37.5°N
0 o 0
124°W 120°W 116°W  112°W 124°W 120°W 116°W  112°W 124°W 120°W 116°W  112°W
250 250 250
50°N 50°N 50°N
200 200 200
a75°N — 415N — 415N -
E E £
E E E
aseN BoC e 1502 asN 1502
g g g
425N E a5 2 asw &
1008 100 1008
a0°N £ a0°N g a0°N £
50 50 50
37.5°N 37.5°N 37.5°N
50
o

o 3
124°W 120°W 116°W 112°W 124°W  120°W 116°W  112°W 124°W 120°W 116°W 112°W




image12.png
Observed 50-year single day max

3 - ’ _| _VT
e 2 250
50°N R =
47.5°N oo
‘e
TR 150 £
c
o
42.5°N IS -
100 &
O
40°N :
K 50
37-5°N -----§. _______ Q.
0

124°W




image13.png
50°N [

47.5°N

45°N |

42.5°N

40°N

37.5°N

Observed 50-year single day max
; =3

124°wW

250

200

150

100

50

Precipitation [mm]




image14.png
50°N

45°N

40°N

35°N

30°N

125°W 120°W 115°W 110°W 105°W

100°W

- 30

25

20

15

10

Tmax (° C)




image15.png
51°N

48°N =

45°N

42°N

39°N

36°N

33°N

30°N

Livneh

- N

L
v, \*‘\,/\ \
“r

120°W 115°W 110°W 105°W 100°W

30

25

20

15

10

-10

Tmax (° C)




image16.png
ICAR: RRTMG 2-m Air Temperature

September 2009 Average

300

I+
vl
2-m Air Temperature [K]

2
B

WRF: 2-m Air Temperature
September 2009 Average

: i B TE LY
-123 -120 -117 -114 -111 -108 -105

300

it}
&

]
S
2-m Air Temperature [K]

280




image17.png
Site with flow [224]
calib-downstream [33]
calib-headwater [65]




image18.png
region # of calibration sites

® Flow sites
[ regional calibration basin




image19.png
otoatraenate

iperconie

® Flowsies
[ regional calbraton basin




image20.png
beta alpha

1.25 1.25
1.20 1.20
1.15 1.15
1.10 1.10
1.05 1.05
0.95 0.95
0.90 0.90
0.85 0.85
0.80 0.80
0.75 0.75
0.9 4 0.9
[ ]
0.8 \ ® 0.8
0.7 0.7
0.6 0.6
0.5 0.5
0.4 0.4
0.3 0.3
pbias_FHV pbias_FLV
60 80
70
50 | . I
40 50
30 4 40
PR ? 20 PSS . 30
o . o % P e 20
~ ® e 10 [ é % 9 10
) & g0 -10 ! % < ‘. e o -10
£ —20 L o \. -20
‘ i ‘.&" = -30
) g s - ° ) a -40
) » D) s —
S S| "o gl
o —-50 Q e 00
P . @ .3..0" —-70

—-60 -80





image21.png
CDF

CDF

— vicer
— SUMMA-mizuRoute
075 075
050 & 050
8
025 025
000 000
000 025 050 075 100 125 150 175 200 000 025 050 075 100 125 150 175 200
Oin i
T =
075 075
050 & 050
8
025 025
000 000
o 02 04 6 s 10 2 oo 02 o0a os 08 10
Correlation KGE




image22.png
count

count

—100

—100

-75

-75

—50

—50

=25 0 25

=25

bias FDC>90%

0 25
bias FDC>99%

— VIC_P1
—— SUMMA-mizuRoute

75 100

75 100




image23.png
CDF

CDF

0.75 1

0.50 1

0.25 1

—— flow_scbc_u
— flow_raw

0.00

0.75 1

0.50 1

0.25 1

0.00
0.0

0.2

Tsim
Oobs

0.4 0.6
Correlation

0.8

T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

1.0

CDF

CDF

0.75 1

0.50 1

0.25 1

0.00

T T T T

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

0.75 1

0.50 1

0.25 1

0.00

Hsim
Hobs

0.0 0.2 0.4 0.6 0.8 1.0




image24.png
beta-flow_raw

.o
° : e,
R
.‘ [ ] 5
a
cd w o=
"y .
L\
alpha-flow_raw
. ® ¥
® A .,
¢ -, t
| o es L
L3 ¢
° é e 8
T £
¢ ~ A
.. @ .
A
corr-flow_raw
.
.
.
¢ 90 ‘ ° o bS
o (. Qf ~. K]
} 43 000ge

beta-flow_scbc_u

I e

(OO

alpha-flow_scbc_u

g el

| 33 000qe
lé-ooq. ’;0

e, . A
: .5 LW
LY

1.25
1.20
115
1.10
1.05
0.95
0.90
0.85
0.80
0.75

1.25
1.20
115
1.10
1.05
0.95
0.90
0.85
0.80
0.75

0.9

0.8

0.7

0.6

0.5

0.4

0.3




image25.png
simulated flow [cms]

daily flow [cms]

Cumulative fequency

1.0

0.8

0.6

0.4

1000

3000

2000

1000

Annual max 7-day flow Annual min 7-day flow

T T T T T
2000 4000 6000 0 100 200

observed flow [cms] observed flow [cms]

Climatological annual cycle

ARD (control period)

Annual maximum timing

07

06 08

05
04

03

02 12

01

—— gmet bc

Density: 30-day daily mean

0.005

0.004

0.003

0.002 -

density

0.001

0.000

Octl Janl Aprl

T T T T
1000 2000 3000 4000

daily flow [cms]

10

Annual minimum timing

Annual centroid timing

07 07
06 08 06 08
05 09 05 09
04 10 04 10
03 1 03 11
02 12 02 12
01 01
gmet == obs
Flow duration curve
6000
i
£
A
= 4000
2o
=
>
T 2000
o
0T T T T T

.02.051 .2 5

.8 .9.95 .99

Non-exceedance probability




image26.png
simulated flow [cms]

daily flow [cms]

TDA (control period)

10

Annual minimum timing

06

05

04

03

02

—— gmet bc

Annual max 7-day flow Annual min 7-day flow
1.0 1.0
>
o
g 0.8 0.8 -
= Annual maximum timing
ﬂ) - <
£ 0.6 0.6 o7
06 08
'E 0.4 4 0.4
K]
=}
2 02+ 024 05 09
=1
(s}
0.0 0.0
T
2500 04
25000 -
2000
20000 - 03 11
15000 1500 1 02 12
01
10000 1000
5000
T T T T T
0 10000 20000 30000 0 1000 2000
observed flow [cms] observed flow [cms]
Climatological annual cycle Density: 30-day daily mean
17500 0.00030 4
15000 0.00025 -
12500 -
> 0:00020 1
10000 7 2 0.00015
- ()
7500  0.00010
5000 7 0.00005 -|
2500
0.00000 -

T
Octl Janl Aprl Jull

T T T T T T
0 5000 10000 15000 20000 25000

daily flow [cms]

30000

25000

20000

15000

10000

daily flow [cms]

5000

0

Annual centroid timing

07 07
08 06 08
09 05 09
10 04 10
11 03 11
12 02 12
01 01
gmet == obs

Flow duration curve

T T T T T T T T T
.02.051 .2 5 .8 .9.95 .99

Non-exceedance probability




image27.png
—e— 3hr-orig
1day-bc 3hr-disagg
0 1day bias-corrected flow

60

delayed runoff in each reach





image28.png
51°N

48°N

45°N

42°N

39°N

36°N

33°N

Change in Mean Precipitiation

Ensemble mean (top) and Std.Dev (bot) (2070-2099 vs 1970-1999)

51°N

48°N

45°N

42°N

39°N

36°N

33°N

123°wW 117°W 11°W 105°W 123°W 117°wW 111°W 105°W

123°W 117°W 123°wW 117°W

123°wW

117°W

111°W

o
/080

60
40

20

%Bt00

80

60

40

20




image29.png
Change in Mean Precipitiation
Ensemble mean (top) and Std.Dev (bot) (2070-2099 vs 1970-1999)

ssp370

eV e e




image30.png
51°N |-

48°N

45°N

42°N

39°N

36°N

33°N

Change in 3hour Maximum Precipitiation

Ensemble mean (top) and Std.Dev (bot) (2070-2099 vs 1970-1999)

51°N

48°N

45°N

42°N

39°N

36°N

33°N

51°N b

48°N

45°N

42°N

39°N

36°N

33°N

123°W 117°wW

111°W

123°w 117°wW

111°w

105°W

123°w

117°W

111°wW

117°w

111°w

117°wW

111°w

105°w

123°W

117°wW

111°wW

o
/080

60

40

20

80

60

40

20




image31.png
Change in 3hour Maximum Precipitiation
Ensemble mean (top) and Std.Dev (bot) (2070-2099 vs 1970-1999)

ssp370





image32.png
ssp585 CanESM5

ssp585 MIROC-ES2L

ssp585 MPI-M.MPI-ESM1-2-LR

ssp585 NorESM2-MM

ssp370 MPI-M.MPI-ESM1-2-LR

\T\

ssp245 NorESM2-MM

ssp245 CanESM5

ssp245 MIROC-ES2L

WY

Yt\\w





image33.png




image34.png
Change in Mean Precipitiation - by season
Ensemble mean (2070-2099 vs 1970-1999)

ssp245

s5p370 s5p585

w N -

L Y b

LRSS | { e
= s
£ S 0
Bs oo i -io S chs ol ciesfis am Sns i
50

=

3

%,

o -0 s -1

S -ns -t -ios

50

.

nA

©
»

0 N
Y ho a5 -ho

e
o iosDizs i -ms  -iwo





image35.png
Change in Mean Precipitiation - by season
Ensemble mean (2070-2099 vs 1970-1999)

T}

8 7

&

g " 3

n } 2 12 12

1 ek

8 ) Y s s s
: !@ § &
&Qa&.s}\; ] i

) i o

O

s o

ET)

s

)

fon




image36.png
Change in mean 2m air temperature: 2050-2099 vs 1950-2014 - ssp370
CanESM5 MIROC-ES2L

S

MPI-M.MPI-ESM1-2-LR NorESM2-MM

DJF





image37.png
Maximum Daily Precipitation : CMIP5 & CMIP6

s ssp245 (rcp45) s ssp370 s ssp585 (rcp85)
| —— CanEsMs
—— CMCC-CM2-SR5
70 70 704 —— MIROC-ES2L
~—— MPI-M.MPI-ESM1-2-LR
~— NorESM2-MM
65 651 — CcMIP6 Ensemble Mean
CanESM2
60 cMcc-em
MIROCS
- CCsM4
551 —- MRI-CGCM3
CMIP5 Ensemble Mean
50 -
45
40
35 35 v t 35 v T
1960 1980 2000 2020 2040 2060 2080 2100 1960 1980 2000 2020 2040 2060 2080 2100 1960 1980 2000 2020 2040 2060 2080 2100




image38.png
1-day
precipitation
totals

3-day rolling
precip totals

7-day rolling
precip totals

Absolute change

Percent change

1970-1999 annual max precip 500 2070-2099 annual max precip 500
52 2 52 100 52
™ %0
© 0 © o @
LIRSS m%“!* Wiy ® 5@
B H ] $ ° E
“f | & ®] | & ®] ¥ Es
|4 ¥ | ¥
«“ “ § @ + S0 g
0 0
ol o ® o
100
-125 -120 -115 10 © -125 -120 -115 -110 o -125 -120 -115 -110 -125 -120 -115 -110
1970-1999 annual max precip 500 2070-2099 annual max precip 500 Absolute change Percent change
52 2 52 100 52
% 400 400
© 0 © ©
v ©
b, _ _ =
® T 4 W ~ fa
§ H , &
“ b ® mf @ Ee
3
“ : ¢ 4 uq b S0 g
100 ¥ 100 " y
2 @ 2 2
100
-125 -120 -115 10 © -125 -120 -115 -110 o -125 -120 -115 -110 -125 -120 -115 -110
1970-1999 annual max precip 500 2070-2099 annual max precip 500 Absolute change Percent change
52 K 52 52 100 52
A 400 400
© 4 © \ © 0 @
" WE o WE Te
< §€ P fe i
2§ 1 £
“ “ et » “ 0y
100 | %] 100 ¥
a2 2 e 2
100
-125 -120 -115 110 © -125 -120 -115 -110 ° -125 -120 -115 -110 -125 -120 -115 -110

100




image39.png
LOCA: Cold Season

BCSD: Cold Season

100
75
50
R
25 o
(@)]
C
o 2
(@]
—25 %
Q
-50 &
-75
-100
100
75
50 %
5 g
C
P
0 (]
Q.
-25
a
-50
-75




image40.png
Discharge [m3/s]

ESM ensembles at BRN

10000 { == obs
= control
[0 20405
8000 { EEE 2080s

6000

4000

2000

0102 05 1 2 5 8 9 95 99
Non-exceedance probability [-]




image41.png
Discharge [m3/s]

7000

ESM ensembles at BDY

—= obs

= control
[ 20405
[ 20805

01.02 05

1

2

5 8 9
Non-exceedance probability [-]

95

99




image42.png
Discharge [m3/s]

ESM ensembles at ARD

7000
—= obs
= control

60007 1 20405
[ 20805

5000

4000

3000

2000

1000

0102 05 1 2 5 8 9 95 99
Non-exceedance probability [-]




image43.png
Discharge [m3/s]

40000

35000

30000

25000

20000

15000

10000

5000

ESM ensembles at TDA

—= obs

= control
[ 20405
[ 20805

01.02 05

1

2

5 8 9
Non-exceedance probability [-]

95

99




image44.png
Discharge [m3/s]

3500

3000

ESM ensembles at LIB

—= obs

= control
[ 20405
[ 20805

01.02 05

1

2

5 8 9
Non-exceedance probability [-]

95

99




image45.png
Discharge [m3/s]

600

ESM ensembles at CSC

—= obs

= control
[ 20405
[ 20805

01.02 05

1

2

5 8 9
Non-exceedance probability [-]

95

99




image46.png
Discharge [m3/s]

800

ESM ensembles at HAH

—= obs

= control
[ 20405
[ 20805

01.02 05

1

2

5 8 9
Non-exceedance probability [-]

95

99




image47.png
Discharge [m3/s]

17500

15000

12500

10000

7500

5000

2500

ESM ensembles at SVN

—= obs

= control
[ 20405
[ 20805

2

5 8 9
Non-exceedance probability [-]

95





image48.png
Discharge [m3/s]

2000

ESM ensembles at KIOW

—= obs

= control
[ 20405
[ 20805

01.02 05

1

2

5 8 9
Non-exceedance probability [-]

95

99




image49.png
Discharge [m3/s]

ESM ensembles at BRN

3000 ~

2500 ~

2000 ~

1500 A

1000 A

500 4

== obs

[ control
1 2040s
[ 2080s

Oct Nov Dec Jan

Feb Mar Apr May Jun
Month

Jul

Aug Sep





image50.png
Discharge [m3/s]

ESM ensembles at BDY

3000 ~

2500 ~

2000 ~

1500 A

1000 A

500 4

== obs

[ control
1 2040s
[ 2080s

Oct Nov Dec Jan

Feb Mar Apr May Jun
Month

Jul

Aug Sep





image51.png
Discharge [m3/s]

ESM ensembles at ARD

3500 ~

3000 ~

2500 ~

2000 ~

1500 A

1000 A

500 4

== obs

[ control
1 2040s
[ 2080s

Oct Nov Dec Jan

Feb Mar Apr May Jun
Month

Jul

Aug Sep





image52.png
Discharge [m3/s]

ESM ensembles at TDA

20000 ~

17500 A

15000 A

12500 A

10000 A

7500 ~

5000 ~

2500 ~

== obs

[ control
1 2040s
[ 2080s

Oct Nov Dec Jan Feb Mar Apr May Jun Jul
Month

Aug Sep





image53.png
Discharge [m3/s]

ESM ensembles at LIB

1600 -

1400 A

1200 A

1000 A

800 ~

600

400 -

200 4

== obs

[ control
1 2040s
[ 2080s

Oct Nov Dec Jan

Feb

Mar Apr May Jun
Month

Jul

Aug Sep





image54.png
Discharge [m3/s]

ESM ensembles at CSC

140 ~

120 A

100 ~

80

60 -

40 -

20 A

== obs

[ control
1 2040s
[ 2080s

Oct Nov Dec Jan

Feb Mar Apr May Jun
Month

Jul

Aug Sep





image55.png
Discharge [m3/s]

ESM ensembles at HAH

80

60 -

40 A

20 A

== obs

[ control
1 2040s
[ 2080s

Oct Nov Dec Jan

Feb

Mar Apr May Jun
Month

Jul

Aug Sep





image56.png
Discharge [m3/s]

ESM ensembles at SVN

3000 ~

2500 ~

2000 ~

1500 A

1000 A

500 4

== obs

[ control
1 2040s
[ 2080s

Oct Nov Dec Jan

Feb

Mar Apr May Jun
Month

Jul

Aug Sep





image57.png
Discharge [m3/s]

ESM ensembles at KIOW

500 4

400 -

300 4

100 ~

== obs

[ control
1 2040s
[ 2080s

Oct Nov Dec Jan Feb Mar Apr May Jun Jul
Month

Aug Sep





