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Conservation planners and resource managers seek information about how the availability and locations of coldwater habitats will change in the future and how these predictions vary among models. We used a physical
process-based model to demonstrate the implications of climate change for streamflow and water temperature in
two watersheds with distinctive flow regimes: the Snoqualmie watershed (WA) and Siletz watershed (OR), USA.
Our model incorporated a downscaled ensemble of global climate model outputs and was calibrated with in situ
and remotely sensed water temperatures. We compared predictions from our processed-based model to those
from a publicly available and widely used statistical model. The process-based model projected greater changes
in summer maximum water temperatures for the mixed-rain-snow Snoqualmie watershed than for the raindominated Siletz watershed as a result of the near-complete loss of winter snowpack and significant reduction in
summer flow in the Snoqualmie watershed expected by the 2080s. Both models projected generally similar
future spatial patterns of maximum water temperature in the two rivers, with cool reaches distributed farther
upstream and fewer in number. However, the process-based model projected higher spatial heterogeneity in
water temperature due to our spatially explicit simulation of streamflow and because we calibrated the model
with spatially continuous remotely sensed water temperature data. We used stream temperature projections to
assess the vulnerability of Pacific salmon and trout to changes in the spatial distribution of cold-water habitats
during August by the 2080 s. Results suggest that salmonids may have fewer summertime cold-water habitats in
both watersheds. Projected stream warming may further limit particular species and life stages, especially in the
Snoqualmie watershed. Our comparison of models highlights the importance of considering what might be
gained by using a process-based model for evaluating and prioritizing management actions that mitigate climate
impacts on cold-water habitats for stream fishes.
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1. Introduction
Climate change is likely to increase river temperatures and alter
flow regimes in many parts of the world (Döll and Zhang, 2010; Ficke
et al., 2017; Mauget, 2003; Orr et al., 2015; van Vliet et al., 2013). For
rivers at high latitudes, the projected warming climate is anticipated to
reduce the amount of precipitation falling as snow and advance onset of
snowmelt, leading to lower flow and/or extended low flow periods
following the snowmelt season (Nijssen et al., 2001). Global climate
models (GCMs) for the Pacific Northwest (PNW), USA project increases

in air temperature, and most GCMs project decreases in summer precipitation and increases in cool season precipitation (Dalton et al.,
2013; Hamlet et al., 2013). As air temperatures in the PNW rise, a
greater fraction of winter precipitation will fall as rain rather than
snow, and snowmelt will occur earlier in the year, decreasing stores of
water available later in summer (Jefferson, 2011; Tohver et al., 2014).
Lower summer flows may exacerbate warming in rivers where water
temperatures have already increased (Isaak et al., 2012; Kaushal et al.,
2010; but see Arismendi et al., 2012), and are expected to continue to
warm (Cristea and Burges, 2010; Mantua et al., 2010). As coldwater fish
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face warmer, drier summer conditions, knowledge about locations and
connectivity among cold-water habitats is needed by managers. In
order to conserve or protect sensitive coldwater species and their habitats, managers need predictions of how the distribution of thermal
refuges in rivers will change in the future.
Existing water temperature models have demonstrated the ability to
reproduce observed temporal patterns at discrete locations (e.g.,
Arismendi et al., 2014) or spatial patterns at discrete times (e.g., Steel
et al., 2016). However, none have demonstrated the ability to simultaneously predict patterns in both space and time at a high resolution (i.e., tens of meters) across a stream network. Moreover, many
existing approaches rely on statistical relationships that may not extrapolate well to future conditions (e.g., relationships may change between water temperature and covariates such as flow or the composition and coverage of riparian vegetation and land use; Arismendi et al.,
2014). Process-based models, which are based on mechanistic relationships as opposed to correlations, are useful for predicting water
temperature at locations/times for which no empirical data exist (Boyd
and Kasper, 2003; Dugdale et al., 2017). The DHSVM-RBM model (Sun
et al., 2015) couples the Distributed Hydrology Soil Vegetation Model
(DHSVM; Wigmosta et al., 1994) with a process-based water temperature model (the River Basin Model, RBM; Yearsley, 2009) and has been
used to estimate streamflow and water temperature in relation to
changes in climate and land cover (Cao et al., 2016; Yearsley et al.,
2019).
Here, we use DHSVM-RBM to investigate the potential impact of
climate change for streamflow and water temperature and to demonstrate the implications of these climate-driven changes for thermal
habitat for protected Pacific salmon, trout and char (Oncorhynchus spp.
and Salvelinus spp.). To ensure representation of observed spatial heterogeneity, we used remotely sensed spatially continuous water temperature data collected along the mainstems of the two study rivers: the
mixed-rain-snow Snoqualmie River, Washington (WA) and the raindominated Siletz River, Oregon (OR), USA. An earlier version of
DHSVM was used to estimate effects of climate change and restoration
actions on salmonids in the Snohomish basin, which contains the
Snoqualmie River (Battin et al., 2007). We compared our model output
to predictions from a regional spatial stream network model (SSNM;
Isaak et al., 2017) to better understand the tradeoffs between a processbased and a statistical model of stream temperature. We are unaware of
any previous studies where DHSVM-RBM has been spatially calibrated
or compared to an SSNM. Our specific objectives were to (1) demonstrate that the DHSVM-RBM can reproduce observed spatial and temporal patterns of water temperature; (2) compare water temperature
predictions from DHSVM-RBM to predictions from an SSNM; and (3)
project future water temperatures at high spatiotemporal resolution
across entire stream networks that can be used in climate-ready management applications, which we demonstrate with a summer vulnerability analysis for salmonids in our case study watersheds.

as belonging to classes 1 and 7 with limited contributions from deep
groundwater (see their Table 4). Class 1 encompasses the Coast Range,
Cascades, and Klamath Mountain ecoregions in Oregon and Washington, and is described as having a hydrological landscape region
characterized by wet mountains, winter seasonality, and low aquifer
permeability (i.e., water surplus, rapid runoff in direct response to
rainstorms, and low base flow with limited contributions from deep
groundwater). Class 7 encompasses the Puget Lowland ecoregion in
Washington and is described as having a hydrological landscape region
characterized by wet flatlands-transitions, winter seasonality, and low
aquifer permeability (i.e., water surplus, runoff in direct response to
rainstorms, and limited deep groundwater contributions to streamflow). Whereas Leibowitz et al. (2014) and Leibowitz et al. (2016)
characterized the Siletz River as a watershed with limited groundwater
storage, observations collected in a nearby headwater catchment suggested deep groundwater sources (Anderson et al., 1997; Hale and
McDonnell, 2016; Hale et al., 2016). Due to the lack of in-situ
groundwater observations in the Siletz River basin, we cannot confirm
whether deep groundwater is a significant localized source of summer
baseflow.
The Snoqualmie River is a Puget Sound watershed that drains
1,813 km2. The three main forks (North, Middle, and South) flow
through mostly forested public land before converging near the city of
North Bend, WA and combining to form the mainstem Snoqualmie
River. The river flows over Snoqualmie Falls, an anadromous fish barrier, and continues northwest where anthropogenic influence becomes
more prevalent. The Tolt River (protected as a drinking water source)
then joins from the north. The Snoqualmie River merges with the
Skykomish River to form the Snohomish River near Monroe, WA, which
then enters Puget Sound and the Pacific Ocean. Logging in the
Snoqualmie watershed peaked during the early 20th century, largely
eliminating old-growth trees. Due to continued logging (outside of a
designated wilderness area), most of the current forest is third- or
fourth-generation regrowth (Bethel, 2004). The area below Snoqualmie
Falls is a productive agricultural district. The river provides habitat for
wild populations of Chinook (Oncorhynchus tschawytcha), chum (O.
keta), coho (O. kisutch) and pink salmon (O. gorbuscha), steelhead and
rainbow trout (O. mykiss), and cutthroat trout (O. clarkii). Bull trout
(Salvelinus confluentus) and Dolly Varden (S. malma) may have been
present historically but have not been observed recently (Thompson
et al., 2011). Puget Sound Chinook, steelhead, and bull trout are listed
as threatened under the U.S. Endangered Species Act (ESA).
The Siletz River is a coastal Oregon watershed that drains about
970 km2. It has two major forks (South and North) and flows into Siletz
Bay south of Lincoln City, OR. Timber harvest has removed old-growth
in riparian zones within the watershed. As a result, young conifer stands
(< 70 years) are dominant along streams. The Siletz River contains
Oregon Coast coho salmon that is listed as threatened under the ESA.
The Siletz River has one of the two unique native populations of wild
summer steelhead in the Oregon Coast region and chum salmon that are
“sensitive” in status, whereas Chinook salmon, winter steelhead, and
cutthroat trout populations are all “strong” (ODFW, 2014).

2. Methods
2.1. Study area

2.2. Thermal infrared (TIR) data

The Snoqualmie (WA) and Siletz (OR) rivers, USA (Fig. 1) have
reaches where water temperature exceeds regulatory thresholds established for salmonids that are protected by the U.S. Endangered Species
Act. A Total Maximum Daily Load (TMDL) analysis for stream temperature impairment was developed for the Snoqualmie River (Stohr
et al., 2011), and a similar TMDL is being prepared for the Siletz River.
The two watersheds have different flow regimes (mixed-rain-snow vs.
rain-dominated, respectively; Reidy Liermann et al., 2012) and are
expected to respond differently to climate change. Streamflow in the
Siletz has a winter/fall seasonality from winter precipitation whereas a
large portion of the Snoqualmie also has a spring seasonality from
snowmelt. Both watersheds are characterized by Leibowitz et al. (2016)

We used airborne thermal infrared (TIR) surveys (Torgersen et al.,
2001) conducted in August 2001 and 2006 in the Siletz and Snoqualmie
rivers, respectively, to calibrate the DHSVM-RBM model predictions of
water temperature along the mainstem (Fig. 1). The TIR imagery and
data were georeferenced and sampled at 150- to 200-m intervals along
the centerline of each river. The one-dimensional longitudinal profile of
water surface temperature was plotted versus distance along the
mainstem. Our study rivers were advection-dominated and well-mixed
vertically, but thermal stratification may have been present in deep
pools (> 3 m). Temperature data loggers placed in the mainstem,
north, and south forks of the Siletz River (n = 7) and the mainstem and
2
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Fig. 1. Locations of the two case study watersheds: (a) the Snoqualmie River, Washington and (b) the Siletz River, Oregon (USA). A color version is available online.

middle fork of the Snoqualmie River (n = 6) at the time of TIR surveys
indicated that radiant water temperatures measured using remote
sensing were within ± 0.5 °C of kinetic water temperatures measured
by the instream temperature data loggers (Fullerton et al., 2015). There
was no consistent bias in the differences between radiant and kinetic
temperatures, and this error was consistent with airborne TIR surveys
conducted throughout the PNW (Torgersen et al., 2001).
To make quantitative comparisons between longitudinal temperature profiles simulated by DHSVM-RBM and those produced from TIR,
we averaged all TIR data points within each river segment defined by
the stream network file used by DHSVM-RBM (as described in section
2.3.1). These high-resolution remotely sensed data were collected for
the mainstem and Middle Fork of the Snoqualmie River, and the major

tributaries and the mainstem Siletz River (thick black lines in Fig. 1). In
the Snoqualmie River, the TIR survey was not synoptic on 13 August
2006; however, both surveys took place between 15:00 and 19:00 when
water temperatures were high (Stohr et al., 2011). The first survey
began in the upper Middle Fork (at the confluence with the Taylor
River) at 15:00 when water temperatures had not yet reached daily
maxima and proceeded in a downstream direction. The section of the
mainstem below the confluence of the Snoqualmie and Tolt rivers was
surveyed after 18:00 (Stohr et al., 2011; Watershed Sciences, 2007)
when water temperatures were near daily maxima. August air temperature, precipitation and streamflow in 2006 were in the 75th, 19th,
and 6th percentiles, respectively, of the long-term record (Fig. S1a). In
the Siletz River, TIR surveys were conducted on 5 August 2001 for the
3
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mass transfer processes. To explicitly represent riparian shading, RBM
characterizes riparian vegetation with segment-by-segment parameters
consisting of canopy height, crown diameter, leaf area index, and canopyto-bank distance (Sun et al., 2015). Riparian tree height and crown diameter were used as calibration parameters. We estimated initial tree height
from tree diameter (Interagency Vegetation Mapping Project; https://
databasin.org/galleries/f501215b248743039dd805a78b0ac74b) using the
relationship described by Nord-Larsen and Nielsen (2015). We estimated
initial crown diameter from tree diameter based on Gill et al. (2000).
Stream width was obtained from NetMap (www.terrainworks.com), which
estimates width based on drainage area. Although changes in riparian vegetation and stream width may occur in future climates, we held these
factors constant because adding this level of detail was beyond the scope of
the modeling objectives.

mainstem and North Fork. Data for the tributaries were collected on
6–7 August 2001. All the Siletz TIR data were collected after 18:00
when water temperatures were expected to be near daily maxima
(Watershed Sciences, 2002). August air temperature, precipitation and
streamflow in 2001 were in the 50th, 82nd, and 75th percentiles, respectively, of the long-term record (Fig. S1b).
2.3. DHSVM-RBM
2.3.1. Model description
DHSVM-RBM is a process-based model that couples a hydrologic
model (DHSVM) and a process-based temperature model (RBM) to
produce spatially distributed simulations of streamflow and water
temperature (Sun et al., 2015). It includes a riparian vegetation module
that simulates the effect of riparian shading on water temperature. For
the Snoqualmie and Siletz watersheds, DHSVM-RBM was implemented
at a 150-m spatial resolution and a 3-h time step to detect changes in
cold-water patches at an intermediate scale (i.e., 0.15–1 km) corresponding to thermal refuges for salmonids (Torgersen et al., 2012).
Meteorological variables such as precipitation, air temperature, wind
speed, relative humidity, and incoming shortwave and longwave radiation were prepared at a 150-m spatial resolution and a 3-h time step
as inputs to DHSVM (Table 1). Geospatial inputs such as digital elevation models (DEM), soil, and vegetation cover were used in DHSVM
to represent spatially distributed land surface characteristics (Table 2).
DHSVM was initially developed and subsequently has been very
widely applied for simulating hydrological processes in mountainous
areas where shallow subsurface flow can dominate the hydrograph
(Wigmosta et al., 1994; Wigmosta and Lettenmaier, 1999). DHSVM
explicitly solves the water and energy balance at the grid level (150-m)
for simulating the physical processes of canopy interception, evapotranspiration, surface and subsurface runoff generation driven by climate and geospatial input. DHSVM provides key inputs to RBM such as
air temperature, downward short- and long-wave radiation, vapor
pressure, wind speed, and inflows and outflows for each river segment,
which are aggregated as the length-weighted average of the 150-m
grids that intercept a stream segment (Sun et al., 2015). Stream networks composed of stream segments with a range of lengths (from 100s
to 1000s of meters) were created in DHSVM based on a DEM. Each river
segment was characterized by unique attributes of length, width, orientation, and Strahler stream order. DHSVM’s stream network was
used by RBM to establish the topology for its numerical solution, and
stream segment connectivity was used to define the network topology
for RBM’s particle tracking scheme. Wigmosta et al. (1994) and
Wigmosta et al. (2002) outline the DHSVM model physics and structure, and Yearsley (2009) describes RBM physics and structure. DHSVM
input/output data, model parameterizations and performance in a
range of climate and physiographic conditions are described by Cristea
et al. (2014), Du et al. (2014), Thyer et al. (2004), and Sun et al. (2018).
RBM calculates water temperature dynamics using in-stream heat and

2.3.2. Flow and temperature calibration and validation
For each watershed, DHSVM streamflows were calibrated against
monthly flow measurements at one U.S. Geological Survey gage and
were validated at multiple gages distributed across the basin (Table 3).
We calibrated DHSVM using a multi-objective complex evolution global
optimization method (MOCOM-UA, Lee et al., 2018; Naz et al., 2014;
Yapo et al., 1998). The objective of the DHSVM calibration was to
maximize the Nash-Sutcliffe Efficiency (NSE) between observed and
simulated monthly streamflow and log-transformed streamflow by adjusting key DHSVM parameters. Key parameters selected based on literature review (e.g. Cuo et al., 2011; Sun et al., 2016; Surfleet et al.,
2010) included precipitation lapse rate (m/m), temperature lapse rate
(oC/m), and soil lateral saturated hydraulic conductivity (m/s). The
NSE and Pearson’s r (COR) were used to indicate the goodness of the fit
between observed and simulated streamflows. NSE ranges between -∞
and 1.0, and a value of 1 corresponds to an exact match of simulated to
observed data. Positive NSE values indicates that the model is a better
predictor than the observed mean and values > 0.5 as satisfactory
performance (Moriasi et al., 2007). COR ranging from −1 to 1 indicates
the degree of linear relationship between simulation and observation;
values > 0.7 are considered acceptable (Moriasi et al., 2007).
We then calibrated RBM-simulated water temperatures along the
mainstem against the TIR data for the locations and times when TIR
imagery was collected. For instance, simulated water temperature at
18:00 on 5 August 2001 was used for the Siletz River, and simulations
at 15:00 and 18:00 on 13 August 2006 were used for the upstream and
downstream sections of the Snoqualmie River, respectively. RBM
parameters used in the calibration included segment-specific riparian
tree height and stream width. In addition to Pearson’s r (COR), Root
Mean Square Error (RMSE) and BIAS were used to measure the discrepancies between observed and simulated stream temperature. RMSE
indicates the absolute fit of simulations to observations and lower
RMSE shows better model performance (Moriasi et al., 2007).
To evaluate spatial predictions at non-mainstem locations, we used
the maximum weekly water temperatures observed at 40 locations

Table 1
The two approaches for modeling spatiotemporal patterns in future water temperature compared in this study.
Model

DHSVM-RBM (Cao et al., 2016; Sun et al., 2015)

Spatial Stream Network Model (Isaak et al., 2017; Peterson & Ver
Hoef, 2010)

Approach
Spatial scale

Process-based
Grain: 150 m
Extent: entire stream network for ≥ 1 watershed
Grain: 3 h
Extent: decades in past and future
Time series at ≥ 1 sites; Longitudinally continuous data
collected on 1 d from airborne remotely sensed thermal
infrared surveys or similar approaches
Meteorological data such as air temperature, precipitation,
wind speed, relative humidity, and incoming shortwave and
longwave radiation

Statistical, network
Grain: ≥1 km
Extent: entire stream network for ≥ 1 watershed
Grain: 0.5 h to annual
Extent: past matches observed data, future matches covariates
Time series at ~ 30–80 sites per watershed

Temporal scale
Empirical water temperature data
needed to build or calibrate model
Data needed for predicting water
temperature

4

Covariates such as predicted future air temperature and precipitation,
elevation, slope, base flow, drainage area, land cover, riparian canopy,
latitude, presence of glaciers or lakes
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Table 2
Input datasets and sources used for DHSVM.
Database

Source

Application

National Elevation Data set (NED)
State Soil Geographic (STATSGO)
National Land Cover Database for Year 2011 (NLCD)
Meteorological Forcing

U.S. Geological Survey
U.S. Department of Agriculture National Resources Conservation Service
U.S. Geological Survey
Livneh et al. (2013); Mauger, et al. (2016); Taylor et al. (2012)

Digital Elevation Model
Soils Information
Vegetation Information
Meteorology

Table 3
Streamflow data for the Snoqualmie and Siletz watersheds.
Site Name
Calibration
Snoqualmie River near Snoqualmie, WA
Siletz River at Siletz, OR
Validation
Raging R. near Fall City, WA
SF Snoqualmie R. AB Alice Creek near Garcia, WA
MF Snoqualmie near Tanner, WA
NF Tolt R. near Carnation, WA
NF Snoqualmie near Snoqualmie Falls, WA
Big Rock Creek near Valsetz, OR
Sunshine Creek near Valsetz, OR
1

U.S. Geological Survey gage ID

Water Years

COR1

NSE2

12144500
14305500

1980–2013
1980–2013

0.93
0.97

0.82
0.94

12145500
12143400
12141300
12147500
12142000
14304850
14304350

1980–2013
1980–1989, 1991–2013
1980–1991, 1993–2013
1980–2013
1980–1989, 1991–2013
1986–1989
1986–1991

0.97
0.85
0.88
0.93
0.92
0.95
0.95

0.90
0.59
0.50
0.54
0.84
0.76
0.43

Pearson’s correlation coefficient; 2Nash-Sutcliffe Efficiency coefficient

Table 4
Water temperature data for the Snoqualmie and Siletz watersheds.
Site Name/Description

Source/Site ID

Water Years

BIAS

RMSE1

COR2

Snoqualmie River at Snoqualmie, WA
Siletz River at Siletz, OR
Longitudinal thermal profile for the Snoqualmie River from the mouth to the confluence of the Middle
Fork Snoqualmie River with the Taylor River, from airborne remote sensing thermal infrared surveys
Longitudinal thermal profile for the Siletz River from the mouth through the upper North Fork, from
airborne remote sensing thermal infrared surveys
30 sites in major tributaries throughout the Siletz River watershed from airborne remote sensing thermal
infrared surveys
40 sites throughout the Snoqualmie River watershed collected by U.S. Forest Service and NOAA

WDOE 07D130
USGS 14305500
Watershed Sciences
(2007)
Watershed Sciences
(2002)
Watershed Sciences
(2002)
Steel et al. (2016)

2002–2009
1980–1983
13 Aug 2006

−0.57 °C
0.66 °C
0.00 °C

1.57 °C
1.90 °C
1.31 °C

0.89
0.93
−0.26

5 Aug 2001

0.08 °C

0.79 °C

0.93

6–7 Aug 2001

–

–

0.81

2012–2013

–

–

0.66

1

Root Mean Square Error; 2Pearson’s correlation coefficient

Adaptive Constructed Analogs (MACA) method (Abatzoglou and
Brown, 2012). For consistency with the corrected Livneh et al. (2015)
dataset, the MACA data were also bias-adjusted (Mauger et al., 2016).
Both historical and future meteorological data (both produced with
daily forcings) were then disaggregated into a 3-hour time step and
150-m resolution. We used 30-y time windows to represent the historical climate (1980–2009) and the future climate (2070–2099), respectively. The HadGEM2-ES365 projected future air temperature is
relatively high among the top ten GCMs that better reproduced past
climate (Rupp et al., 2013). Therefore, to simulate a high-end future
scenario, DHSVM-RBM was forced by HadGEM2-ES365 under RCP 8.5,
which is a high greenhouse gas emission scenario (van Vuuren et al.,
2011).

during August 2012–2013 throughout the Snoqualmie watershed from
a monitoring project managed jointly by the U.S. Forest Service and
NOAA Fisheries (Fig. 1a, Table 4; Steel et al., 2016). Similar data were
unavailable in the Siletz watershed. However, the airborne TIR surveys
were conducted over a large number of tributaries that were not used
during calibration. We therefore compared maximum water temperature simulation on the day of the TIR flight to a subset of 30 arbitrarily
selected locations from the TIR surveys throughout these tributaries in
the Siletz (Fig. 1b). These comparisons were instrumental in determining whether spatial patterns predicted by the model were representative of in-stream temperatures. For the sites where DSHVMRBM predictions deviated from observations, we used the datasets for
these sites to re-calibrate the model. Temporal water temperature patterns were also checked for the sites where the longest continuous
water temperature data were available, i.e., the Snoqualmie River at
Snoqualmie and the Siletz River near Siletz (Table 4).

2.4. Spatial stream network models
We compared predictions from the DHSVM-RBM to those from a
regional SSNM used to estimate future water temperatures (Isaak et al.,
2017). We were specifically interested in understanding the benefits
and limitations of a process-based model like the DHSVM-RBM in
contrast to publicly available and widely used predictions from a regional SSNM. SSNMs are a relatively new class of statistical models that
use empirical data, spatial covariance information, and covariates at
discrete locations to make predictions at unsampled sites across a river
network (Table 1, Peterson and Ver Hoef, 2010). SSNMs quantify the
spatial covariance in water temperature data by considering the

2.3.3. Climate scenarios
Modeled historical meteorological data were obtained from the
gridded dataset at a daily time scale and 1/16th degree resolution
(Livneh et al., 2015). These data were bias corrected to match the
monthly time series from the Parameter-elevation Regression on Independent Slopes Model (PRISM, Mauger et al., 2016). Projections were
based on GCMs from the CMIP5 (Coupled Model Intercomparison
Project Phase 5, Taylor et al., 2012) experiment that were statistically
downscaled to 1/16th degree resolution using the Multivariate
5
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dendritic structure of the river network, streamflow volume and direction, and discontinuities associated with tributary confluences.
Peterson et al. (2013) found that SSNMs significantly improved the
accuracy of predictions at unsampled locations, compared to traditional
linear models.
The NorWeST project used SSNMs to predict August mean and
maximum temperatures in streams and rivers across the western USA
(Isaak et al., 2017; USDA, 2017). We downloaded maximum water
temperature predictions for the “Oregon Coast” and “Washington
Coast” processing units (USDA, 2017). We then clipped the dataset to
the Snoqualmie and Siletz watershed boundaries for analysis. For
comparisons with DHSVM-RBM, we used maximum August predictions
from NorWeST for past (1993–2011) and future (2080s) scenarios
(columns “S1_9311” and “S32_2080D”, respectively).

conditions are generally most thermally stressful for salmonids in the
PNW (Beechie et al., 2012; Crozier et al., 2019; Isaak et al., 2015; Poole
et al., 2001). Our assessment did not include other periods during
which thermal vulnerability for these species may differ, nor other
potential stressors (see Crozier et al. [2019] for a more thorough consideration of salmon vulnerability to climate change).
We estimated the sensitivity (S) of adult and juvenile salmonids to
warm water, based on published thermal preferences for each species
and life stage, where migration, holding, and spawning were considered
‘adult’ life stages, and egg incubation, rearing, and smolting were
considered ‘juvenile’ life stages (Table S1; Poole et al., 2001; Richter
and Kolmes, 2005; Wade et al., 2013). We also considered protection
status of a species in each watershed such that threatened species were
considered more sensitive than species of concern, and species of concern were more sensitive than unlisted species. Specifically, for each
species/life stage, we subtracted the mean temperature preference
(Table S1) from the maximum for all species/life stages and then subtracted the minimum, so that low temperature preferences would get a
high sensitivity score. We then multiplied this value by the conservation
status, where endangered = 2 (neither watershed had any in this
status), threatened = 1.75, of concern = 1.5, and unlisted = 1.
Thermal sensitivity scores were then scaled to range between 0 (not
sensitive) and 1 (most sensitive) (Table S2). We considered how our
decision to include conservation status in the sensitivity score S influenced results by computing sensitivity scores that lacked this component.
We estimated exposure (E) to warm water during August as a
function of the proportion of August during which a species/life stage is
present, and three descriptors of thermal characteristics throughout the
range occupied by a particular species/life stage. Final scores were
scaled to range between 0 (no exposure) and 1 (high exposure), for
combination with thermal sensitivity S. Before scaling, exposure scores
ranged from 0 to 3, and were calculated as:

2.5. Synthesizing DHSVM-RBM outputs for comparison and interpretation
DHSVM-RBM produces time series of streamflow and water temperature every 3 h over many years, whereas only snapshots of past
observations (TIR) or past and future predictions (SSNM) were available. To facilitate comparisons between water temperatures produced
by RBM with those produced by TIR or SSNM, we summarized RBM
outputs for 30-y time periods in the past (1980–2009) and future
(2070–2099).
We used summary metrics to evaluate changes in DHSVM-RBM
predictions between past and future periods. To evaluate changes in
streamflow, we compared monthly flow at a single location in each
watershed during the future to monthly flow at that location in the past.
The median flow for each month (i.e., the median for that month during
the 30-y period) was considered a representative monthly flow.
To evaluate changes in longitudinal thermal profiles, we used a similar approach as described above for representative flows. We extracted daily water temperature at 18:00 (i.e., near daily maxima)
during summer days between 20 June and 20 August (i.e., 62 d) at
points along the mainstem. For representative daily water temperatures, we used the median temperature at 18:00 for summer days
during the 30-y period. For each watershed, we compared the representative daily water temperatures along the mainstem during the
future to those along the mainstem during the past. These longitudinal
water temperature profiles were used to compare spatial patterns predicted by DHSVM-RBM to those predicted by the SSNM. For examining
locations of cold patches (i.e., reaches of stream that were relatively
cool compared to surrounding reaches), we extracted the maximum
value from the time series of representative daily water temperature
profiles (i.e., the maximum over the 62-d summer period).

E = u (m + n + s )
where variables are defined in the following paragraphs:
u = a habitat use rating representing the proportion of August (in
increments of 15 d) during which the adult (migration, holding, and
spawning) or juvenile (egg incubation, rearing, smolting) life stage is
generally present. Values for each species were tabulated from life
history timing tables (Figs. S2 and S3; LeDoux et al., 2017; ODFW,
2003). Values ranged from 0 (no use) to 1 (high use) in increments of 0,
0.5, or 1; if the life stage was not present, the exposure (and therefore
vulnerability) defaulted to zero.
m = a rating indicating afternoon August thermal conditions experienced throughout streams occupied by a species/life stage. We
defined the spatial extent of a species/life stage using data from
StreamNet (2019), which did not specifically identify habitats used by
adults and juveniles. We used their designation of “spawning and
rearing” as representative of habitat typically used by juveniles during
their early life history because these reaches tended to be in smaller
tributaries or in upstream positions within the mainstem presumably
near where eggs emerged from redds. We used their designation of
“migration and rearing” as representative of habitat used by adults
during upstream migration because these reaches tended to include the
mainstem and larger tributaries that connected the river mouth to
“spawning and rearing” habitats. We calculated the median RBM temperature over all stream reaches for each species/life stage, and then we
standardized values to range from 0 (temperatures near 15 °C, which
are considered unstressful for most salmonids) to 1 (temperatures near
24 °C, which are lethal for most salmonids).
n = a rating indicating potential exposure to warm water that is
based on the density of cold-water patches (number/km) in streams
accessible to a species/life stage, ranging from 0 (low exposure to warm
temperatures due to high cold-water habitat availability) to 1 (high
exposure to warm temperature because no cold habitat was available).

2.6. Salmon summer vulnerability assessment
Vulnerability analyses typically consist of three axes: sensitivity,
exposure, and adaptability (Füssel and Klein, 2006). We included sensitivity and exposure, but not adaptability in our assessment (see
Crozier and Hutchings (2014) for further discussion about salmon
adaptation). We multiplied sensitivity (S) and exposure (E) scores
(described below) to get scores representing the vulnerability (V) to
thermal landscapes (i.e., spatially distributed maximum water temperature) during August for each salmonid that occurs in the Snoqualmie and Siletz watersheds:

V = SE
Vulnerability scores ranged from 0 to 1. We performed the analysis
using past and future representative daily maximum August water
temperatures (i.e., median temperature at 18:00 for summer days
during each 30-y period) simulated by DHSVM-RBM (hereafter, we
refer to these data as RBM temperatures). For comparison, we also
computed a summer vulnerability assessment using stream temperatures generated by the SSNM. We used August because it is when
6
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To calculate this rating, we identified cold patches as any stream
reaches within the watershed where RBM temperature was < 15 °C;
this included the downstream-most location of cool headwater areas
and locations surrounded by warmer water both downstream and upstream. We chose 15 °C because this is a commonly used regulatory
criterion for salmonids in the PNW, below which salmonids are physiologically adapted. We were unable to identify potential cold-water
habitats such as stratified deep pools or cold subsurface inputs because
these were not part of the DHSVM-RBM model. We enumerated cold
patches/km within the spatial extent used by each species and life
stage. So that ratings would be comparable across time periods and
watersheds, we normalized cold patch densities to a maximum of 0.1
(i.e., 1 cold patch per 10 km on average), which was approximately the
median cold patch density in thermal infrared surveys of hundreds of
PNW rivers (Fullerton et al., 2018). Finally, we subtracted the result
from 1 so that high cold patch densities would have low scores (i.e.,
indicating low exposure to stressful conditions).
s = a rating indicating potential exposure to warm water that is
based on the spacing among cold patches, ranging from 0 (low exposure
to warm temperatures due to high connectivity among cold patches) to
1 (high exposure due to low connectivity among cold patches). We
calculated the distance from the mouth of the river to the first upstream
cold patch, and the distances among subsequent adjacent cold patches.
We used the 75th percentile of the distribution of distances among all
adjacent cold patches within a watershed used by the species/life stage.
So that ratings would be comparable across time periods and watersheds, we normalized values to a maximum spacing of 10 km between
patches, which was about half the median cold patch spacing in thermal
infrared surveys of hundreds of PNW rivers (Fullerton et al., 2018). We
conservatively chose a lower value than reported by Fullerton et al.
(2018) to compensate for that study’s inclusion of many human-influenced rivers.
3. Results
Fig. 2. (a) Longitudinal spatial patterns of stream temperature from the mouth
of the Snoqualmie River to the upper Middle Fork predicted by DHSVM-RBM
(Simulation) and surveyed via airborne thermal infrared (TIR) remote sensing
on 13 August 2006; simulations matched the date and time of TIR surveys. (b)
Longitudinal pattern from the mouth of the Siletz River to the upper North
Fork; TIR survey was conducted on 5 August 2001. Time series of observed
(black) and simulated (blue) stream temperature for (c) the Snoqualmie River
near Snoqualmie and (d) the Siletz River near Siletz.

3.1. Model evaluation of spatiotemporal patterns
In general, DHSVM was able to reproduce the observed monthly
streamflow for the calibration and validation sites for both rivers. COR
and NSE between observed and simulated monthly streamflows were
0.93 and 0.82, respectively, for the Snoqualmie River near Snoqualmie,
and 0.97 and 0.94 for the Siletz River at Siletz (Table 3, Fig. S4). For the
validation sites (Table 3), monthly streamflow COR ranged from 0.85 to
0.97 for the Snoqualmie River and was 0.95 for the Siletz River;
monthly streamflow NSE ranged from 0.50 to 0.90 for the Snoqualmie
River and from 0.43 to 0.76 for the Siletz River.
Longitudinal spatial patterns of water temperature predicted by
RBM compared reasonably well to the spatial patterns present in the
remotely sensed TIR data for the mainstems in both watersheds, including the localized cooling in the mainstem at the confluence with the
cooler North Fork of the Snoqualmie River (at ~ 70 km upstream from
the mouth) and Tolt River (at ~ 40 km upstream from the mouth).
(Fig. 2a, b). For the Snoqualmie River, the BIAS was 0.00 °C, the RMSE
was 1.31 °C, and the COR was −0.26; for the Siletz River, the BIAS was
0.08 °C, the RMSE was 0.79 °C, and the COR was 0.93. The relatively
greater error in the Snoqualmie River may be associated with the
anomaly during the TIR survey as described in section 2.2, in which the
survey was interrupted and then continued later in the afternoon.
For the Snoqualmie River, the RBM predictions were correlated with
observed maximum weekly water temperatures at 40 locations from an
independent dataset (COR = 0.66, p < 0.001; Fig. S5a). For the Siletz
River, daily maximum water temperatures predicted by RBM were
correlated with temperatures at tributary locations surveyed with airborne TIR remote sensing (COR = 0.81, p < 0.001; Fig. S5b). In both
watersheds, there were several locations where observed data indicated
much cooler temperatures than were predicted. The warm bias can

result from many sources, e.g., errors/uncertainties in model input and
parameterization, scale mismatches between observed and simulated
temperatures, and simplification of certain model processes. The model
uncertainties, limitations, and implications are further discussed in
Section 4.3.
Long-term simulations of daily mean water temperature were
evaluated against in-stream temperature measurements (Table 4). The
temperature measurement was available for the summer period only
(from July through September) in the Snoqualmie River watershed. The
comparisons suggested general agreement with in-stream measurements (Table 4). For the Snoqualmie River, the BIAS was 0.57 °C, the
RMSE was 1.57 °C, and the COR was 0.89 (Fig. 2c); for the Siletz River,
the BIAS was 0.66 °C, the RMSE was 1.90 °C, and the COR was 0.93
(Fig. 2d).
3.2. Projected changes in spatiotemporal patterns
Historically, winter precipitation in the Snoqualmie watershed was
a mix of rain and snow, showing dual peaks in fall and spring which is
characterized as a mixed-rain-snow watershed by Elsner et al. (2010)
(blue line in Fig. 3a). Projected warming is expected to cause a greater
proportion of winter precipitation to fall as rain, with maximum
7
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Fig. 3. Simulated monthly average streamflow for past (1980–2009, blue) and future (2070–2099, red) using DHSVM-RBM for (a) the Snoqualmie and (b) the Siletz
watersheds. The solid red and blue lines are the median of 30 years of future and past data, respectively. Shaded areas show the range of 30 years data. The
HadGEM2-ES365 GCM with RCP 8.5 was used as a future scenario. Streamflow units are 1000 cubic feet per second; 1 kcfs = 28.317 cubic meters per day.

streamflow following peak precipitation which is classified as a raindominant watershed by Elsner et al. (2010) (red line in Fig. 3a). This
shift will reduce snowpack and snowmelt, resulting in significant reduction in summer flows. Conversely, in the Siletz watershed, the majority of winter precipitation was rain, and there will be no significant
future changes in annual precipitation. As a result, future summer flows
are expected to be largely unaffected by projected increases in winter
air temperatures (Fig. 3b).
Water temperature in both watersheds is predicted to increase
throughout the 21st century. A significantly greater increase in water
temperature is predicted for the Snoqualmie River (Fig. 4a and 5c)
during summer as a result of the compounded effect of lower streamflow and warmer weather, compared to the Siletz River where the
change in summer streamflow is much less dramatic (Fig. 4b and 6c).
For example, for the 2080s under a high greenhouse gas scenario (RCP

8.5), the annual maximum of the representative daily summer water
temperature is projected to increase by ~ 4.6 °C (interquartile range:
3.2 to 6.4) across the Snoqualmie watershed and ~ 1.0 °C (interquartile
range: 0.5 to 1.8) across the Siletz watershed (Fig. 5c and 6c).
Projected spatial patterns also show that maximum water temperature will not increase uniformly across the watershed (Fig. 5c and
6c). Increases are projected to be most prevalent in the mainstem migration corridors (Fig. 5c and 6c). For example, a significant increase in
maximum water temperature is projected from the mainstem to the
Middle Fork of the Snoqualmie River (~8 °C, Fig. 4a) and from the
mainstem to the North Fork of the Siletz River (~3 °C, Fig. 4b). RBM
projected that upper portions of the Snoqualmie watershed will have
larger increases in temperature than the Siletz watershed due to projected declines in snowpack, snowmelt, and summer flows. The large
projected change in summer maximum temperature in the lower
Fig. 4. Past (blue) and future (red) longitudinal
profiles of summer stream temperature (June 20 to
August 20) for mainstem rivers predicted with
DHSVM-RBM (a,b), the spatial stream network
model (c,d), and TIR (e,f) for the Snoqualmie and
Siletz rivers. For DHSVM-RBM, solid lines show the
maximum summer stream temperature, and colored bands show the range of the representative
daily summer stream temperature. Future scenarios
represented 2070–2099 but differed in which GCMs
and emissions scenarios were used: DHSVM-RBM
used HadGEM2-ES365 with CMIP5 RCP 8.5 and the
spatial stream network model used CMIP3 A1B; see
section 2.3.3 for further detail.
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Fig. 5. Maps illustrating spatial patterns of maximum stream temperature (colored lines) and locations of cold patches (black dots) for the Snoqualmie River for the
past (1980–2009 for DHSVM-RBM; 1993–2011 for the spatial stream network model), future (2070–2099) and difference (future minus past) scenarios. A color
version is available online.

Snoqualmie River of ~ 8 °C is within the range of what was recently
observed during 2015 when flows were reduced due to low snowfall the
previous winter, and when summer air temperatures were abnormally
warm (Steel et al., 2019; Fig. S6).

predicted in the lower portion of either watershed.
DHSVM-RBM projected a greater increase in mainstem water temperature in the historically mixed-rain-snow Snoqualmie River (~8 °C;
Fig. 4a) in 2070–2099 than in the historically rain-dominant Siletz
River (~3 °C; Fig. 4b). In contrast, increases projected by the SSNM
were similar between the watersheds (~3 °C; Fig. 4c, d). DHSVM-RBM
and the SSNM produced different changes in future spatial patterns in
these two watersheds, which resulted in rather different distributions of
future cold-water patches < 15 °C (Figs. 5-6). The SSNM predicted a
uniform increase throughout each watershed (Fig. 5f and 6f), whereas
DHSVM-RBM predicted spatially uneven warming patterns (Fig. 5c and
6c).

3.3. Model comparison
In both watersheds, the thermal longitudinal profile predicted by
DHSVM-RBM for the past (1980–2009) was similar to the longitudinal
profile from the SSNM (Fig. 4). Both models replicated the longitudinal
pattern from remotely sensed TIR data in the Siletz, but to a lesser
degree in the Snoqualmie. DHSVM-RBM and SSNM predictions technically provide a more synoptic longitudinal temperature profile for the
mainstem Snoqualmie River than the longitudinal profile constructed
from the remotely sensed TIR data (Fig. 4e) because of the ~ 3-h break
in the continuous TIR survey. However, neither model was able to reproduce all of the spatial heterogeneity observed in the TIR data within
each of the two sections that were surveyed sequentially. Nevertheless,
the models predicted potential cold-water reaches < 15 °C in small
tributaries, which were not included in the airborne TIR surveys. The
DHSVM-RBM predicted more fine-scale spatial variability than the
SSNM (Fig. 5a, d and Fig. 6a, d). The latter model predicted that
summer maximum water temperatures gradually increased along a
downstream gradient, and consequently fewer cold-water areas were

3.4. Salmon summer vulnerability assessment
In the Snoqualmie watershed, vulnerability of salmon to August
thermal conditions in the past (1980–2009) ranged from 0 (not vulnerable) to 0.29, with a median score of 0.07 (Table S3, Fig. 7a). Adults
were rated as more vulnerable than juveniles in general. Adult Chinook
salmon were most vulnerable with a score of 0.29, followed by pink
salmon, steelhead, and cutthroat trout. Steelhead rated as most vulnerable of the juveniles, with a score of 0.10. Steelhead and Chinook
salmon vulnerability scores were high relative to other species because
they are federally threatened, which elevated their sensitivity ratings
9
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Fig. 6. Maps illustrating spatial patterns of maximum stream temperature (colored lines) and locations of cold patches (black dots) for the Siletz River for the past
(1980–2009 for DHSVM-RBM; 1993–2011 for the spatial stream network model), future (2070–2099) and difference (future minus past) scenarios. A color version is
available online.

(Table 5). Bull trout, although also federally threatened, are likely (if
present in the watershed) to occupy cooler headwater streams where
exposure levels are lower. Some spawning runs of Chinook salmon,
steelhead (summer run), coho salmon, pink salmon, cutthroat trout and
bull trout occur during August. Juvenile steelhead, coho salmon, Chinook salmon, cutthroat trout and potentially bull trout occupy streams
during August. Many juvenile Chinook salmon migrate to sea before
August, but approximately 25% of the population remains in the watershed and migrates downstream the following spring. Chum salmon
(both adults and juveniles) and juvenile pink salmon are not present
during August and therefore were not considered vulnerable.
In the future scenario (2070–2099) for the Snoqualmie watershed,
vulnerability scores increased by > 50% for both life stages of all
species except those that were absent during August (Table S3, Fig. 7a).
Future vulnerability scores ranged from 0 to 0.45, with a median of
0.16. Adults remained more vulnerable than juveniles. The largest
percent increases occurred for bull trout (threatened) and juvenile coho
salmon (species of concern), whose scores increased by 262% and
116%, respectively.
In the Siletz watershed, vulnerability of salmon to August thermal
conditions in the past (1980–2009) ranged from 0 (not vulnerable) to
0.21, with a median of 0.05 (Table S4, Fig. 7b). Adult cutthroat trout,
Chinook salmon (spring run), and steelhead (summer run) were rated as

most vulnerable, with scores of 0.21, 0.21, and 0.20, respectively. Juveniles again scored lower than adults. Coho salmon vulnerability
scores were moderate, despite their status as federally threatened.
Spawning runs for Chinook salmon, steelhead (summer run), coho
salmon, and cutthroat trout occur during August. Juveniles of steelhead, coho salmon, Chinook salmon, and cutthroat trout are present in
the watershed during August. Some juvenile Chinook salmon migrate to
sea before August, but some (predominantly spring run fish) remain in
the watershed and migrate downstream the following year. Chum
salmon are not present during August and therefore were not considered vulnerable.
In the future scenario (2070–2099) for the Siletz watershed, vulnerability scores increased by 4 to 57%, ranging from 0 to 0.33, with a
median of 0.07 (Table S4, Fig. 7b). The highest future vulnerability
score was for adult Chinook salmon (spring run), at 0.33. The biggest
increase in vulnerability scores occurred for Chinook salmon (spring
run) at 57% for adults and 41% for juveniles, and for coho salmon
(threatened species) at 41% for juveniles and 34% for adults.
When we used SSNM-generated predictions of water temperature
instead of temperatures predicted by RBM, we found generally similar
patterns (Tables S5 and S6, Fig. S7), but with a bias toward greater
impacts to adult salmonids. The largest differences were in increased
vulnerability of adults (past: Chinook and pink salmon in the
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Snoqualmie and spring Chinook in the Siletz; and future: coho, cutthroat trout, and summer steelhead in the Siletz) and a decrease in
future vulnerability for adult bull trout in the Snoqualmie (Table 5). We
also found a bias toward increased effects on adult salmonids when we
did not include conservation status in our calculation of the sensitivity
score S (Table 5). Vulnerability scores generally decreased when status
was omitted, as expected, and changes only affected the listed species.
Effects were greatest for Chinook salmon and steelhead in the Snoqualmie and coho salmon in the Siletz.
4. Discussion
We demonstrated the unique contribution made by integrating the
process-based model DHSVM-RBM with remote sensing and other
modeling approaches. DHSVM-RBM provides a bridge between regional
statistical approaches such as SSNMs and more intensive, higher-resolution methods such as airborne thermal infrared remote sensing.
DHSVM-RBM is especially well suited for predicting conditions in areas
with limited in situ data, given its mechanistic nature. The simultaneous, relatively high-resolution spatial and temporal predictions of
water temperature across entire watersheds produced by DHSVM-RBM
can be used by resource managers to develop climate adaptation plans
for coldwater fishes.
4.1. Utility in climate adaptation and water resources management
In the Snoqualmie watershed, the expected loss of snowmelt in the
future led to significantly reduced summer flows, which exacerbated
predicted stream warming and loss of suitable thermal habitat for salmonids (Fig. 8a,b). In contrast, in the Siletz watershed, no significant
changes in snowpack or summer flow are expected, and loss of thermal
salmonid habitat was predicted to be less severe (Fig. 8c,d). The degree
to which summer water temperatures and flows in the Snoqualmie
watershed were predicted to change in the future may be of interest to
watershed planners concerned that the Middle Fork is already warm
(King County, 2016; Stohr et al., 2011). Future applications of DHSVMRBM in this watershed could compare the degree to which climate
impacts may be mitigated by alternative land management activities
(e.g., Sun et al., 2015; Yearsley et al., 2019). Our results also serve as a

Fig. 7. Vulnerability scores for each species/life stage, as predicted by DHSVMRBM for (a) the Snoqualmie watershed and (b) the Siletz watershed. Bar color
denotes life stage (purple for juveniles, blue for adults) and bar fill denotes time
period (solid for past [1980–2009] and hatched for future [2070–2099]).

Table 5
Differences in summer fish vulnerability scores that would result if (a) the spatial stream network model (SSNM) predictions were used to calculate exposure scores
(E); and (b) species conservation status (e.g., endangered, threatened, of concern) was not incorporated into the thermal sensitivity score (S). Boldface font indicates
scores that changed ≥ 0.05, relative to scores generated using RBM temperature predictions to calculate E and including conservation status in S.

Species

(a) Exposure score using SSNM predictions
Adults
Juveniles
Past
Future
Past
Future

Row
Past

(b) Sensitivity score without conservation status
Adults
Juveniles
Past
Future
Past
Future

Row
mean

Snoqualmie
Bull trout
Coho
Steelhead
Chinook
Pink
Chum
Cutthroat
Column mean

−0.009
−0.001
−0.007
0.147
0.124
0.000
0.001
0.036

−0.080
−0.011
−0.010
0.020
0.007
0.000
−0.012
−0.012

−0.005
0.009
0.017
0.024
0.000
0.000
0.027
0.010

−0.040
−0.005
−0.025
−0.006
0.000
0.000
−0.007
−0.012

−0.034
−0.002
−0.006
0.046
0.033
0.000
0.002

−0.014
−0.046
−0.075
−0.120
0.000
0.000
0.000
−0.036

−0.052
−0.070
−0.114
−0.192
0.000
0.000
0.000
−0.061

−0.017
−0.016
−0.044
−0.026
0.000
0.000
0.000
−0.015

−0.062
−0.035
−0.067
0.042
0.000
0.000
0.000
−0.018

−0.036
−0.042
−0.075
−0.074
0.000
0.000
0.000

Siletz
Coho
Cutthroat
Spring Chinook
Fall Chinook
Winter Steelhead
Summer Steelhead
Chum
Column mean

0.011
−0.015
0.082
0.049
0.000
−0.017
0.000
0.015

0.062
0.073
−0.009
0.047
0.000
0.083
0.000
0.042

0.016
0.003
−0.006
0.004
0.002
−0.009
0.000
0.002

0.023
0.007
0.012
0.006
0.006
0.002
0.000
0.008

0.028
0.005
0.020
0.026
0.002
0.015
0.000

−0.056
0.000
0.000
0.000
0.000
0.000
0.000
−0.023

−0.075
0.000
0.000
0.000
0.000
0.000
0.000
−0.027

−0.020
0.000
0.000
0.000
0.000
0.000
0.000
−0.005

−0.029
0.000
0.000
0.000
0.000
0.000
0.000
−0.007

−0.045
0.000
0.000
0.000
0.000
0.000
0.000
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Fig. 8. Weighted cumulative distribution functions of representative daily maximum August stream temperature predicted by DHSVM-RBM in all stream reaches
(black lines) or in reaches used by salmonids for past (blue) or future (orange) scenarios in the Snoqualmie (a, b) and Siletz (c, d) rivers. These distributions show the
proportional amount of thermal habitat in a watershed that is below a given temperature (x-axis), weighted by reach lengths. Vertical dotted lines indicate temperatures below and above which salmon likely do not or do experience thermal stress, respectively.

template for assessments in other watersheds where a similar need is
identified. For instance, watersheds with mixed-rain-snow hydrographs
like the Snoqualmie may be more susceptible to snowpack reduction,
low summer flow, and stream warming (King County, 2016;
Woltemade, 2017). In contrast, watersheds like the Siletz that have
rain-dominated hydrographs may not be expected to change dramatically in future climates (Hamlet et al., 2013; Tohver et al., 2014).
Fine-scale thermal habitats can have direct effects on salmon life
history diversity (Beechie et al., 2006; Boughton et al., 2015). The high
spatial resolution of DHSVM-RBM predictions provides insights about
how the distribution of cold-water habitats for salmon may shift in the
future as air temperature rises and as snow-dominated and mixed-rainsnow hydrologic regimes transition to rain-dominated regimes. Our
vulnerability analysis confirmed that (1) summer conditions for salmon
and steelhead are stressful in the Snoqualmie watershed (Battin et al.,
2007; Steel et al., 2019; Stohr et al., 2011), and (2) these conditions are
unlikely to improve in the future without habitat restoration. Of particular conservation interest, Chinook salmon and steelhead—both
threatened species—showed high increases in vulnerability to future
maximum August water temperature conditions. In the Siletz, numerous cold patches previously accessible to salmon in the lower river
reaches may no longer be available, making migration more difficult in
the future as waters warm. These impacts may be ameliorated if predicted temperature increases are moderate and thermal refuges are well
distributed throughout the lower watershed. Threatened coho salmon
are expected to experience a moderate increase in vulnerability to

maximum August stream temperatures in the Siletz, but this increase is
among the highest expected change for all species in this watershed,
second only to spring Chinook salmon.
Water resources managers may be able to use DHSVM-RBM predictions in combination with salmon vulnerability analyses at coarser
spatial scales that encompass the whole salmon life cycle and incorporate multiple stressors (Crozier et al., 2019; Crozier and McClure,
2015; Wade et al., 2013). This information is particularly valuable
when weighing options for conserving and restoring habitats in a
changing climate (Beechie et al., 2012). Field studies may be necessary
to determine the suitability of potential restoration activities. DHSVMRBM predicts climate change-induced shifts in thermal and fluvial habitats over days, months, years, and decades. Such temporal predictions
of future thermal habitats across the salmon life cycle can be used in
fish population models to evaluate potential impacts to salmon (e.g.,
Falke et al., 2015; Honea et al., 2016; Penaluna et al., 2015).
4.2. Comparing DHSVM-RBM and SSNM
The NorWeST project simulated mean and maximum monthly water
temperatures across broad spatial extents using an SSNM for August
and other months (Isaak et al., 2017), and these predictions have been
used extensively by water resources managers. Leach and Moore (2019)
contend that statistical water temperature models generally underestimate future warming compared to physically based models because
statistical approaches do not explicitly account for thermal memory in
12
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the system, particularly as influenced by snowmelt. Due to its incorporation of mechanistic processes, DHSVM-RBM has advantages
over SSNMs (e.g., NorWeST) in both its ability to predict thermal
variability at fine spatial scales, and in making future projections.
However, it is not possible at this time to determine which model is
more accurate without additional empirical data.
The accuracy of the spatial patterns produced by SSNMs is relatively
untested, although SSNMs at unsampled locations are more accurate
than predictions by traditional linear models and random forest regressions across a range of thermal metrics due to their flexible covariance structures (Peterson et al., 2013; Turschwell et al., 2016). The
spatially diverse changes in maximum water temperature projected by
DHSVM-RBM, however, provide a complementary view of stream
temperature throughout a stream network because they do not assume
uniform increases in temperature throughout a watershed (compare
panels c and f in Figs. 5 and 6). Although there is merit in the assumption that temperatures may increase uniformly (Fullerton et al.,
2015), it is more likely that future spatial patterns of water temperature
will be distributed heterogeneously across a watershed, just as future
conditions (i.e., air temperature, precipitation, and streamflow) are not
expected to change uniformly over space. For instance, changes in the
spatial distribution of August mean water temperature in the Snoqualmie watershed showed substantial spatial variability between typical years (2012–2014) versus an extreme hot and dry year (2015)
(Steel et al., 2019).

environments.
Scale mismatches: DHSVM-RBM was implemented at a 3-hour time
step forced by 3-hour meteorological inputs that were disaggregated
from daily observations of precipitation and minimum and maximum
daily temperature (Livneh et al., 2013). DHSVM then provided inputs to
RBM (e.g., air temperature, downward radiation, and inflows and
outflows for each river segment) that are average values over the 3hour time interval and are spatially averaged for each river segment
(see description in 2.3.1). In contrast, the temperature observations
from TIR imagery and station measurements are instantaneous data
collected at a point location for a single year under climate conditions
that may not have been broadly representative (e.g., TIR was acquired
during a warm, dry year in the Snoqualmie, and in an average temperature but high flow year in the Siletz). The mismatch in temporal
resolution between model simulations and observations may result in a
greater level of uncertainty when comparisons are made with resolutions that are finer than the daily interval.
A potential problem with using TIR surveys to evaluate model
predictions is that the longitudinal thermal profiles generated using this
approach are not truly synoptic due to the flight time that is required to
fly a helicopter throughout the stream network. Thus, in the 2–3 h that
it takes to survey 100 km of stream, the water temperature may increase or decrease, and these changes will occur at variable rates
throughout the watershed. These differential rates of warming or
cooling cannot be quantified or corrected to produce a longitudinal
profile that represents simultaneous temperatures throughout the watershed. However, localized patterns of heterogeneity in the longitudinal thermal profile are consistent over time and are valuable for
fine-tuning spatial predictions of stream temperature. This approach
has been used effectively to calibrate stream temperature models (Boyd
and Kasper 2003; Cristea and Burges, 2009; Deitchman and Loheide,
2012; Dzara et al., 2019; Vatland et al., 2015), and our application of
this method was particularly helpful for evaluating the ability of
DHSVM-RBM to predict reach-scale heterogeneity in stream temperature. We are not aware of other studies that have used TIR surveys in
conjunction with DHSVM-RBM, but the increasing availability of airborne and satellite thermal imagery is making it more feasible to increase the resolution of stream temperature predictions. Satellite-based
TIR data on water temperature in large rivers have the advantage of
synoptic coverage (Al-Murib et al., 2019; Tavares et al., 2020), but their
spatial resolution may be too coarse to detect reach-level thermal heterogeneity in small- and medium-sized rivers.
Model parameterization: In addition to uncertainties in parameterization of hydrological processes, the basin-wide uniform
Mohseni parameters (see equations in Yearsley, 2009) used to estimate
the headwater temperatures present another possible source of error.
Because the impact of the error associated with simulated headwater
temperature decays as water travels downstream, its impact is generally
negligible in downstream reaches.
Omitted or simplified physical processes: The model was not able to
capture the observed cooling downstream of the confluence of the three
major forks of the Snoqualmie River. This section of river is relatively
wide, has many meanders, and may be influenced by hyporheic flows
and groundwater inputs (Stohr et al., 2011; Watershed Sciences, 2007).
In both watersheds, there were several locations where observations
were substantially lower than predictions. These areas of localized
cooling (e.g., seeps, groundwater and surface water interactions, dense
riparian vegetation) were not explicitly incorporated in the model and
could have an impact on simulated stream temperatures during summer
low flow season when the stream is shallow (Yearsley et al., 2019). Our
study focuses on summer maximum temperatures at lower elevations of
the basins; therefore, advective heat fluxes that originate from snow
melt were not included in the simulated heat budget. However, the
effect of heat advection from cold snowmelt is important for modeling
stream temperatures in snow-dominant headwater catchments during
the melt period, and this needs to be incorporated in future models

4.3. Model uncertainty
In general, simulated streamflow and stream temperature from
DHSVM-RBM were similar to in-stream observations in our case study
watersheds. The weaker performance of this model at some locations
highlights the importance of accounting for modeling errors and uncertainties. Potential sources of error and uncertainty include (1) errors
in the meteorological input; (2) scale mismatches between model simulations and observations; (3) model parameterization; and (4)
omitted or simplified physical processes. Although the model-simulated
streamflow and stream temperature generally fit observed data well in
our study watersheds, any errors could propagate rapidly when the
model is applied to nonstationary future climates or extreme event
analysis. For instance, we acknowledge that DHSVM does not represent
deep groundwater, and therefore application of the model to systems
with significant deep groundwater flow paths (e.g., headwater catchments with more permeable bedrock sensu Anderson et al., 1997; Hale
and McDonnell, 2016; Hale et al., 2016, or larger systems with highly
permeable aquifers such as those sourced by the High Cascades, Oregon
sensu Tague et al., 2008; Leibowitz et al., 2014) should be interpreted
with caution.
Meteorological input: The gridded land surface forcing data of
Livneh et al. (2015) used in this study were derived from observations
of precipitation and minimum and maximum daily temperature at approximately 20,000 National Climatic Data Center (NCDC) Cooperative
Observer (COOP) stations across the conterminous United States
(Livneh et al., 2013), which were then gridded to 1/16° using the synergraphic mapping system (SYMAP) algorithm. In addition to instrument errors and uncertainties associated with data interpolation using
SYMAP, particularly in areas with complex terrain, data uncertainties
may be greater at high elevation areas where ground stations are sparse
(Henn et al., 2018). This bias in air temperature can propagate through
radiation input and may affect modeled streamflow and river temperature. Because in-situ long-term observations of radiation are not
available at sub-daily time scales, downward short- and longwave radiation were based on daily temperature range (i.e., solar geometry in
the case of shortwave radiation) using different empirical algorithms,
e.g., MTCLIM (Hungerford et al., 1989). As pointed out by Bohn et al.
(2013), bias in estimated downward longwave radiation is associated
with positively biased cloud fraction estimates in maritime
13
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(Leach and Moore, 2010, 2011& 2015). Finally, channel segments in
DHSVM were treated as a cascade of reservoirs with a constant width
(representative of nearly bankfull condition) that was estimated based
on drainage area. This simplification of channel morphology can lead to
uncertainties in simulated streamflows especially for ephemeral rivers.
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4.4. Future directions
A fruitful area for future research will be to evaluate whether spatial
patterns of water temperature predicted by DHSVM-RBM match observations during times other than August, but this will require empirical data for other seasons (e.g., Isaak et al., 2018). Doing so would
enable an assessment of whether changes in mainstem corridors during
other seasons will be as large as those predicted for August, and to
assess the vulnerability of salmonids that migrate in different seasons. It
will also be beneficial to explore how increasing the number of calibration sites affects the spatial accuracy of DHSVM-RBM predictions.
Similarly, having additional TIR data for a variety of years with different climate conditions could improve confidence that the model
adequately captures mechanisms. Another area for future investigation
and refinement will be to incorporate groundwater processes into the
model, so that more accurate predictions of water temperature can be
made where surface and subsurface flows interact.
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