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Abstract Water quality and freshwater ecosystems are affected by river discharge and temperature. Models
are frequently used to estimate river temperature on large spatial and temporal scales due to limited observations
of discharge and temperature. In this study, we use physically based river routing and temperature models to
simulate daily discharge and river temperature for rivers in 138 basins in Alaska, including the entire Yukon
River basin, from 1990–2021. The river temperature model was optimized for ice free months using a surrogate‐
based model optimization method, improving model performance at uncalibrated river gages. A common
statistical model relating local air and water temperature was used as a benchmark. The physically based river
temperature model exhibited superior performance compared to the benchmark statistical model after
optimization, suggesting river temperature model optimization could become more routine. The river
temperature model demonstrated high sensitivity to air temperature and model parameterization, and lower
sensitivity to discharge. Validation of the models showed a Kling‐Gupta Efficiency of 0.46 for daily river
discharge and a root mean square error of 2.04°C for daily river temperature, improving on the non‐optimized
physical model and the benchmark statistical model, which had root mean square errors of 3.24 and 2.97°C,
respectively. The simulation shows that rivers in northern Alaska have higher maximum summer temperatures
and more variability than rivers in the Central and Southern regions. Furthermore, this framework can be readily
adapted for use across models and regions.

Plain Language Summary Accurate data on the volume and temperature of river water are essential
for understanding how changing river conditions affect water quality and freshwater ecosystems. However,
direct measurements of river parameters are often lacking, leading researchers to rely on models for estimation.
In this study, we utilized advanced models and techniques to compute daily water volume and temperature in
138 basins across Alaska, including the entirety of the Yukon River basin, spanning from 1990 to 2021. Our
findings indicated that rivers in northern Alaska exhibited higher maximum summer water temperatures and
more significant temperature fluctuations compared to those in the central and southern regions. Our analysis
highlighted that adjusting air temperature and the model's internal variables were crucial in minimizing errors in
river temperature prediction. We improved the accuracy of the river temperature model by applying a technique
to refine the model output based on the limited available river measurements. Comparing our enhanced model to
a simpler statistical approach, we observed superior performance once the necessary adjustments were
implemented.

1. Introduction
Air temperatures in Alaska are increasing four times faster than the global average (Rantanen et al., 2022). The
rise in air temperature has led to substantial thawing of permafrost and glaciers, increased winter snowmelt,
altered subsurface flow patterns, and shifted river seasonality (Blaskey et al., 2023; Koch et al., 2022; Li
et al., 2022; Musselman et al., 2021; Yang et al., 2020). Water temperature in Alaska's largest rivers has also
increased, impacting water quality, the growth rate and distribution of freshwater species, and biogeochemical
cycling (Kaushal et al., 2010; Tornabene et al., 2020; Wanders et al., 2019; von Biela et al., 2022). For example,
record‐breaking air temperatures and drought in 2019 caused widespread mortality among returning salmon in the
Yukon River (von Biela et al., 2022). The combination of low discharge and high water temperatures can prevent
migrating salmon from accessing pools of colder water needed for survival (Frechette et al., 2018). When salmon
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cannot migrate, the spiritual, cultural, social, and economic well‐being of local and Indigenous people is affected
(Carothers et al., 2021). Despite these ongoing changes and the resulting socioeconomic impacts, observation and
modeling data of Alaskan river temperatures are rare.

River temperatures are spatially and temporally heterogeneous (Steel et al., 2017) primarily due to atmospheric
and terrestrial energy fluxes. These fluxes are controlled by topography, groundwater inputs, hyporheic exchange,
river stratification, flow velocity, and vegetation (Burkholder et al., 2008; Dugdale et al., 2015, 2017; Nielsen
et al., 1994). However, capturing this heterogeneity is difficult because observational river temperature data are
limited with typically low spatial and temporal resolutions (Watts et al., 2015). Therefore, river temperature
models are frequently used to understand large‐scale river temperature patterns and its physical drivers due to
their continuous spatial and temporal data (Ruesch et al., 2012; Tung et al., 2006).

Many river temperature simulations rely solely on land surface models, lacking dynamic coupling between the
land and atmosphere (e.g., Sun et al., 2015). However, coupled land and atmospheric models could enhance
accuracy by providing a comprehensive representation of Arctic system processes (Lawrence et al., 2019).
Furthermore, an enhanced physical representation of landscapes and land‐atmosphere interactions bolsters the
credibility of models in regional applications and community use (Giorgi, 2019). Climate and Earth System
models are increasingly operating at higher spatial resolutions to improve physical process representation,
addressing factors such as convection and orographic impacts (Reder et al., 2020). Despite these advancements,
the optimization of parameters within complex Land Models lags due to uncertainties, structural errors, and
missing process representations (Lehner et al., 2019). Alaska is a difficult region to model and is prone to high
errors in both land surface and river temperature modeling due to sea ice dynamics, heterogenous permafrost,
snow, complex terrain, and limited data (Cheng et al., 2023; Monaghan et al., 2018; Wanders et al., 2019). The
Regional Arctic System Model (RASM) has been developed specifically for cold regions, so it excels in capturing
diverse topography, realistically simulating seasonal snow, orographic precipitation patterns, and heterogeneous
permafrost (Lawrence et al., 2019).

In river temperature modeling, errors cascade through modeling chains from the land surface model, through
discharge model, and then to the river temperature model (van Vliet et al., 2012). Without highly accurate and
high‐resolution input data, errors surpass the subtle fluctuations in water temperature critical to sensitive aquatic
organisms, rendering the data less useful (Tisseuil et al., 2012; van Vliet et al., 2013; Wanders et al., 2019). For
instance, salmon, have a maximum thermal limit of around 18°C, but this limit varies by 2–3°C within the species
at the same life stage (Coutant, 1999; Mayer et al., 2023; Pörtner & Farrell, 2008). Few models can operate within
this error tolerance from headwaters to the mouth of the river, which is needed to capture the thermal effects on
migratory fish species (Lee et al., 2020). Even with highly accurate, high‐resolution input data, river temperature
models may fail to achieve this level of sensitivity due to boundary conditions and model parameterization (van
Vliet et al., 2013; Wanders et al., 2019). Optimization is a prevalent strategy used in hydrologic modeling studies
to mitigate errors in hydrological and land surface modeling research (Bonyadi & Michalewicz, 2017; Boussaïd
et al., 2013; Cheng et al., 2023; Das et al., 2016; Tayfur, 2017). Nevertheless, the application of these techniques
to river temperature models has remained relatively uncommon.

In this study, we create a chain of models to simulate river temperature in Alaskan rivers from 1990 to 2021. Our
approach leverages the 4‐km resolution RASM, which dynamically couples an atmospheric model with a land
surface model specifically optimized to improve for cold region hydrology (Cheng et al., 2023). The model's
process representation combined with its high resolution enables accurate representation of orographic effects,
permafrost hydrology, and snow dynamics. River modeling utilized the river routing model, mizuRoute (Miz-
ukami et al., 2016, 2022), in conjunction with the river temperature model, the River Basin Model (RBM,
Yearsley, 2009, 2012). We conducted the first large‐scale sensitivity analysis on RBM in Arctic regions to
determine the most sensitive model parameters. We then optimized the model and compared it to a widely used
statistical river temperature model for a benchmark to assess performance of our baseline and optimized phys-
ically based models, providing a more rigorous assessment of our model performance (e.g., Abramowitz, 2005;
Best et al., 2015; Newman et al., 2017).

This approach, with its high‐resolution climate input and comprehensive modeling framework, allows for an
improved representation of the hydrological and thermal conditions occurring in the region as compared to the
unoptimized and benchmark models. Notably, our model framework achieves highly accurate river temperatures
from headwaters to mouth at high resolutions across the state reducing errors to within the thermal variability of
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fish species for the first time in regional modeling. The output from the modeling chain can provide the data
necessary to understand the rapid changes in freshwater ecosystems that have occurred over the last 30 years (Oke
et al., 2020).

2. Methods
Runoff from a coupled land‐atmosphere RASM simulation was routed through mizuRoute to produce river
discharge data. The discharge data along with the simulated meteorology from RASM were then used as input for
RBM to simulate river temperature (Figure 1). Coupling of the river models was done “offline” meaning that each
model was run completely before its output data were used as input in the subsequent model. The RBM was
optimized using a Gaussian Process Regression surrogate model and the Non‐dominated Sorting Genetic Al-
gorithm II (NSGA‐II, Deb et al., 2002) to generate model parameters. The optimized model system was run to
simulate a 30‐year historical period (1990–2021) for Alaskan rivers.

2.1. The Modeling System

2.1.1. Regional Arctic System Model (RASM)

We employed RASM, which dynamically couples the Weather Research and Forecasting (WRF, Skamarock
et al., 2019) atmospheric model with the Community Terrestrial Systems Model (CTSM, Lawrence et al., 2019).
Configuration of RASM for this regional application is described in more detail in Cheng et al. (2023). Notably,
CTSM was optimized for streamflow and snow water equivalent in an offline manner and the optimized
parameter set (Cheng et al., 2023) was subsequently used in RASM to generate a coupled, multi‐decadal regional
climate simulation. An iterative testing and re‐optimization strategy was deployed to make sure the offline
optimized parameters would not deteriorate the performance of the coupled models. Optimization for streamflow
in a regional climate model is rare, and, to our knowledge, this is the first such effort in an Arctic region. Sub‐daily
hydrometeorological data were produced by RASM forced by downscaled ERA5 reanalysis for the domain for
1990–2021 at 4 km spatial resolution. Ocean and sea ice conditions were specified from ERA5 (Muñoz
Sabater, 2019) to enhance the realism of Arctic weather simulations. Sub‐daily data were temporally aggregated

Figure 1. Flowchart of the chain of models and their interactions. While the water temperature regression is denoted as a separate model from the river temperature
model, the River Basin Model includes a module to run the temperature regression to determine the headwater boundary conditions. The figure was adapted from
Yearsley (2012, Figure 2).

Water Resources Research 10.1029/2023WR036217

BLASKEY ET AL. 3 of 19

 19447973, 2024, 4, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023W

R
036217 by U

niversity O
f C

olorado Librari, W
iley O

nline Library on [20/01/2025]. See the Term
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons License



to daily averages for use in the river models. While this specific model system was employed in our study, any
regional or global model could serve as input to the river modeling system described here.

This is the first regional application using CTSM as the land component in RASM (Cheng et al., 2023). CTSM's
distinctive features, such as explicit representation of frozen soil dynamics, complex vegetation and canopy
representation, high resolution within the top 3 m of the soil layer, an adaptive time‐stepping method for improved
groundwater flow simulation, and a multi‐layer snow model, contribute to a robust accounting of runoff gen-
eration in permafrost zones (Lawrence et al., 2019). Moreover, CTSM now includes a representative hillslope
hydrology capability, enabling parameterization of slope and aspect impacts on lateral water transfer, incident
radiation, and subsequent hydrological effects (Fan et al., 2019; Swenson et al., 2019). CTSM allows for ocean,
lakes, glaciers, and mixed‐use pixels correcting radiative effects over large bodies of water and ice, but neglects
rivers, which is an adequate assumption at 4 km grid spacing. The land cover type was assumed to be static over
the study period.

2.1.2. mizuRoute

mizuRoute is a stand‐alone, vector‐based, river routing model that calculates streamflow at each river segment. It
employs a gamma‐distribution‐based unit hydrograph to simulate hillslope routing within a catchment and uti-
lizes the impulse response unit hydrograph based on the Lohmann 1D diffusive wave approximation for river
channel routing. mizuRoute requires two parameters for the impulse response function: wave velocity and
diffusivity, but these have minimal impact on model performance (Mizukami et al., 2017). Total (gridded) runoff
generated by CTSM is used as the only model input (Figure 1). Gridded input data were mapped to river segments
using a weighted average of the watershed intersection with each grid cell. River channel information is obtained
from MERIT Hydro (Yamazaki et al., 2019), which is described in Section 2.3.

2.1.3. The River Basin Model

The RBM is a physically based, one‐dimensional, stream temperature model that was designed to operate on a
grid (Yearsley, 2012), but has been modified in this study to operate on vectorized river segments. It solves the
heat advection equation using a semi‐Lagrangian approach (Yearsley, 2009, 2012). Water temperature is
simulated by tracking water parcels through segments of the channel network then calculating the air‐surface heat
exchange and the heat advected from lateral inflows (Yearsley, 2009, 2012). At a given river segment, surface
water and groundwater inputs are assumed to be at the same temperature and hyporheic exchange is neglected.
RBM requires meteorological forcing data (air temperature, shortwave and longwave radiation, vapor pressure,
atmospheric pressure, and wind velocity) at daily timesteps, which were obtained from RASM (Figure 1). The
radiation terms account for topographic shading but do not consider vegetation shading at ground level. Vapor
pressure deficit was output from RASM, so vapor pressure was calculated using the Clausius‐Clapeyron relation
(Clausius, 1850). The same procedure to map gridded data to vectors for mizuRoute was used in RBM. Mete-
orological variables were not adjusted for above stream conditions and could be a source of error within the model
(Benyahya et al., 2010; Guenther et al., 2012; Leach & Moore, 2010). Vectorized river discharge output by
mizuRoute was also used as an input to RBM. Additionally, the model requires boundary conditions at upstream
boundaries and river channel geometry at each segment as determined through parameterization and described in
Section 2.2. Since the model does not calculate river ice, a minimum water temperature was set to 0.1°C in the
model.

2.1.4. Statistical Model

A commonly applied statistical model, which calculates river temperature using a non‐linear equation that relates
air temperature at the gage location to river temperature, was used as a benchmarking intercomparison to the
physically based RBM. Model benchmarking is a technique widely used in land surface modeling. This technique
uses a simplified model that has more flexibility to reproduce observed behavior to set performance expectations
for more complex models before simulations are performed (Best et al., 2015; Newman et al., 2017). The non‐
linear statistical model proposed by Mohseni et al. (1998) is a computationally frugal way to simulate water
temperature (Mantua et al., 2010; van Vliet et al., 2011). This statistical relationship is also the headwater
boundary condition with RBM, and it is described in more detail in Section 2.2 (Yearsley, 2012). This statistical
model is simplistic so it represents a minimum benchmark the physical model must achieve. The statistical model
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underwent the same optimization workflow as RBM (described in Section 2.4) to determine the optimal set of
Mohseni parameters. Both models used the same input air temperature. However, a universal parameter set was
found to perform better in the statistical model than the regionalized parameters, so universal parameters were
used.

2.2. Model Parameters

RBM has two sets of model parameters: Leopold parameters, used to determine channel geometry and flow
velocity at every river segment, and Mohseni parameters used to determine river temperature at the headwaters
(the most upstream river segments within the model), a boundary condition for the model.

Results from using Leopold parameters were compared to those using average river widths from the MERIT
Hydro data set (Yamazaki et al., 2019), and Leopold parameters were found to improve the model performance of
daily river temperatures. Additionally, the use of Leopold parameters outperformed the use of average river
widths and discharge in Manning's equation (Manning et al., 1890) to calculate velocity and average water depth
(results not shown). Leopold parameters come from a set of power law relationships used to relate discharge to
channel geometry (Equations 1 and 2) established by Leopold and Maddock (1953):

d = adQbd (1)

w = awQbw (2)

where, d is the average river depth, w is the average river width, Q is the daily averaged instantaneous discharge,
and ad, bd, aw, and bw represent the Leopold parameters that establish a statistical relationship between discharge
and river width (parameters subscripted with w) and average depth (parameters subscripted with d). The average
water velocity for each segment is calculated using the continuity equation (Equation 3).

u =
Q

d × w
(3)

When discharge is near 0 m3 s− 1, the Leopold parameters can result in near zero river width, depth, and velocity,
so minimum values of these parameters are set to ensure model stability (Cheng et al., 2020). Since these are
prescribed limits, they were added to the optimization. The model utilizes a statistical relationship between air
temperature (Tair) and the water temperature (Thw) for the upstream boundary condition at the headwaters
(Equation 4) (Mohseni et al., 1998; Yearsley, 2012).

Thw = μ +
α − μ

1 + eγ(β− Tair)
(4)

where μ = lower bound of water temperature (°C) (i.e., as air temperature decreases, the water temperature will
not be able to decrease below the value set for μ), α = upper bound of water temperature (°C) (i.e., as air tem-
perature increases, the water temperature will not be able to increase above the value set for α), γ = steepest slope
of the air‐water temperature relationship function, and β = air temperature (°C) where γ occurs.

These collectively make up the Mohseni parameters. Therefore, a total of 11 parameters (four Leopold param-
eters, three minimums, and four Mohseni parameters) were analyzed to determine their impact on overall
performance.

van Vliet et al. (2012) added a lag effect to the temperature regression, because water temperatures often lag air
temperatures on daily time scales.

Tsmooth = (1 − λ)Tair(t − 1) + λTair(t) (5)

where Tsmooth is the weighted average air temperature of the current (t) and previous (t − 1) time step, and λ is the
lag coefficient. When observational data are fitted with this equation, the lag parameter was found to be generally
constant at 0.1 (van Vliet et al., 2012), so this parameter was not optimized.
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2.3. Data

River basins and channel locations, extending to small first‐order streams, were determined based on the MERIT
Hydro data set (Yamazaki et al., 2019). In this data set, a river basin is defined by its outlet to the ocean, so there is
only one outlet per basin. Included in this study are river basins with outlets in the state of Alaska, excluding the
Aleutian Islands and Southeastern Alaska. To filter out the small coastal streams, only river basins with at least 10
hydrological response units (HRUs) were retained. These criteria were met by 138 unique river basins across
Alaska (Figure 2), comprising more than 34,000 HRUs.

Observed river temperature and discharge data were obtained from the United States Geological Survey (USGS)
National Water Information System (U.S. Geological Survey, 2022). Only gages with more than 8 years of data
between 2013 and 2021 were used for model optimization and validation. Only river discharge data that were 90%
complete over this period were included resulting in 27 gages used for validation (Figure 2). Availability of river
temperature data is less consistent, so each gage that covered this period was visually inspected for completeness
resulting in 18 gages used for optimization and validation (Figure 2). Both river temperature and discharge data
are quality controlled by the USGS before they are published (Wagner et al., 2006). Only one gage had a complete
set of temperature data for the period but did not have complete discharge data. Gage information is provided in
Table S1.

A range of Mohseni parameters was developed by comparing USGS river temperature data for ice‐free months
from gages that had less than 100 km2 of contributing area to near surface air temperature data produced by the
climate model (Table 1). Field notes from USGS river gage technicians were used to establish a range of Leopold
parameters and channel geometry (Table 1). Discharge, velocity, and river width were reported, and the average
depth was calculated using the continuity equation. All USGS data were accessed using the dataRetrieval package
in R Statistical Software v4.2.1 (DeCicco et al., 2023; R Core Team, 2022).

Regional differences in these parameters were observed, resulting in the model being divided into three regions:
North, Central, and South (Figure 2). The regional boundaries were based on the hydrologic regions of Alaska as
determined by the USGS but were further constrained by data availability. Of the 18 gages, nine were randomly
selected using a random number generator to serve as optimization, ensuring at least two optimization gages in
each region, and the other nine were reserved for validation (Figure 2). A baseline model was run using the
median value of each of these parameters for each region.

2.4. Optimization

A computationally efficient optimization method based on surrogate modeling, which has been applied to other
hydrologic models (Cheng et al., 2023; Gong et al., 2016; Wang et al., 2014), was used to optimize RBM

Figure 2. Data availability used in the optimization and validation of mizuRoute (Mizukami et al., 2022) and River Basin Model (Yearsley, 2009, 2012). U.S. Geological
Survey gages from the National Water Information System (U.S. Geological Survey, 2022) are plotted by how the data were used. Each river basin in the study area is
shaded by the regional or universal parameter sets used in modeling.

Water Resources Research 10.1029/2023WR036217

BLASKEY ET AL. 6 of 19

 19447973, 2024, 4, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023W

R
036217 by U

niversity O
f C

olorado Librari, W
iley O

nline Library on [20/01/2025]. See the Term
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons License



parameters. The optimization was performed based on the workflow estab-
lished by Cheng et al. (2023), which detailed the optimization of the land
surface model used in the model system described here. In the current study,
we perform the optimization of the river temperature model. Instead of the
Nash‐Sutcliffe Efficiency, we used the Root Mean Square Error (RMSE) of
mean daily stream temperature as the objective function, which is more
common in river temperature analysis. Initially, 200 parameter combinations
were sampled using the Latin Hyper Square (LHS, McKay et al., 2000)
method across the parameter space, and the objective function was calculated
for each combination.

After the initial sampling, the rivers were separated into the three regions. A
Gaussian Process Regression model was trained as a surrogate model to
determine the response of the objective function across the parameter space
for each region. The Non‐dominated Sorting Genetic Algorithm II (NSGA‐II,
Deb et al., 2002) was then employed on the surrogate model to sample 20 new
optimal parameter sets for each region in the next iteration. Each iteration
utilized all samples from the initial sampling and all previous iterations of that
region to train a new surrogate model. Iterations were stopped when there was
minimal improvement in model performance. In total, 20 iterations were
conducted, resulting in 600 samples for each region. K‐fold cross‐validation

(k = 5) was employed to assess the accuracy of the surrogate model, comparing the RMSE of the simulated
objectives from the surrogate model with the objectives calculated from RBM results.

The optimization was performed using data for years 2014–2017. 1 January 2013 to 30 April 2014, was used as
the spin‐up period for the model. Given that river water temperature resets close to 0°C each winter, a relatively
short spin‐up time was sufficient for this model. The optimization was conducted only for ice‐free months: May–
September for the South and Central regions, and June–September for the North. This difference is due to later ice
breakup in the North.

2.5. Sensitivity Analysis

The model was evaluated for its sensitivity to input air temperature and discharge. The model was run multiple
times, perturbing each input. Temperature was adjusted by − 2, − 1, 1, and 2°C and the modeled error of average
daily river temperature and maximum seasonal river temperature per degree change in air temperature was
evaluated. Similarly, discharge was varied using 80%, 90%, 110%, and 120% of discharge, and the modeled river
temperature error per 10% change in discharge was evaluated.

The sensitivity of model parameters was assessed using the surrogate model. After all iterations, the surrogate
model was used to determine the response of the objective function to each parameter. By fixing all other pa-
rameters at their median values and varying only the target parameter, a two‐dimensional response curve for each
parameter was generated. The difference between the maximum and minimum error of the response curve was
used as the error factor for each parameter, with higher values indicating a greater change in the model error as a
result of adjusting the parameter.

2.6. Validation and Production

mizuRoute was validated against discharge data from 27 USGS gage locations for 8 years spanning 2013–2021
(U.S. Geological Survey, 2022). The Kling‐Gupta Efficiency (KGE, Gupta et al., 2009) was used as the objective
function on mean daily streamflow. This metric includes linear correlation, flow variability error, and bias. The
validation was performed on ice free months (May–September).

RBM was validated against data from 18 USGS gages for the years 2018–2021 (U.S. Geological Survey, 2022)
found in Table S1. 1 January 2017 to 30 April 2018 was used as the spin‐up period for the model. The RMSE was
used as the objective function, assessing daily temperature data for ice‐free months. The optimized parameter
values were compared to the baseline parameter values and the statistical model. A model outperformed another
model when it had a lower RMSE, which can occur based on different parameter sets used in the model validation.

Table 1
The Parameter Range of Model Parameters as Determined by U.S.
Geological Survey Field Data of Alaskan Rivers From the National Water
Information System (U.S. Geological Survey, 2022), Which Were Used in
Model Optimization

Variable Min Max Median Mean

α 8.77 16.54 11.68 11.79

β 6.36 14.96 9.07 9.4

μ − 0.23 3.1 − 0.02 0.42

γ 0.17 0.48 0.38 0.33

ad 0.045 2.42 0.11 0.19

bd 0.14 0.64 0.34 0.35

aw 2.2 383.5 9.5 33.6

bw 0.05 0.54 0.21 0.23

Minimum velocity (m/s) 0.02 1.03 0.26 0.31

Minimum depth (m) 0.03 11.58 0.21 0.60

Minimum width (m) 0.91 670 12.7 53.3
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Daily river discharge and river temperature values were simulated for all 138 basins for 1 January 1990 to 30
September 2021. Each basin was run using the optimized parameter set for the region. The basins were separated
into their geographic region by their outlet point (Figure 2). While the river routing model was not directly
optimized, the runoff produced by the land surface model CTSM was previously routed and optimized against
USGS discharge observations for selected basins in Alaska (Cheng et al., 2023; Lawrence et al., 2019). All
modeling was conducted on the NCAR Cheyenne supercomputer (Computational and Information Systems
Laboratory, 2019).

3. Results
3.1. River Routing Validation

The median KGE calculated for daily discharge using the validation gages across the full study domain was 0.45
for the ice‐free months and a KGE of 0.47 with a percent bias of − 4.6% annually. The results are shown spatially
in Figure S1 in Supporting Information S1. When assessed by month, May had the highest median KGE (0.36)
and July had the lowest (0.19) (Figure 3). The percent bias shifted seasonally from a median negative bias in May
(underestimating discharge by 26%) to a median positive bias in September (overestimating discharge by 22%)
(Figure 3).

3.2. River Temperature Model Validation

The river temperature optimization process required 20 iterations (600 total model runs) to produce the optimized
parameter values (Table S2 in Supporting Information S1). The surrogate model RMSE was 0.78°C. Overall, the
optimization improved the RMSE of RBM from 3.24 to 2.04°C during the validation period, with a range of 1.10–
3.18°C. After optimization, river temperature simulations were substantially improved in all three regions
(Table 2). The Central region exhibited the most improvement, while the South region had the lowest overall
error. Among the gages used for optimization, the model performance improved in eight of the nine gages,

resulting in an average decrease from 3.27 to 1.78°C. Additionally, the
optimization improved temperature simulations at six of nine gages that were
not used in the optimization decreasing the average RMSE from 3.20 to 2.31°
C. All three gages located in different river basins than the optimization points
showed substantial performance improvements with optimization, reducing
the average RMSE from 4.72 to 2.18°C.

The optimized model was compared to the baseline model and a benchmark
statistical model (Figure 4). The statistical model had an optimization RMSE
of 2.2°C and a validation RMSE of 2.97°C. At >75% of the gages, the
optimized model outperformed both the statistical model (15 of 18 gages) and

Figure 3. The validation of the mizuRoute by month (Mizukami et al., 2022). Left: The Kling‐Gupta Efficiency of discharge during ice free months, May–September, at
27 U.S. Geological Survey gages from the National Water Information System (U.S. Geological Survey, 2022) for water years 2013–2021. Right: The percent bias at
those gages.

Table 2
Validation Root Mean Square Error (RMSE) of Optimized and Baseline
RBM (Yearsley, 2009, 2012) Parameter Values During Ice Free Months,
May–September, at 18 U.S. Geological Survey Gages From the National
Water Information System (U.S. Geological Survey, 2022) for Water Years
2018–2021 for the Three Regions Within the Study

Scenarios North (n = 3) Central (n = 8) South (n = 7)

Baseline RMSE (°C) 3.15 4.34 2.01

Optimized RMSE (°C) 2.25 2.31 1.65
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the baseline model (14 of 18 gages). At the three locations where the statistical and baseline models both out-
performed the optimized model, the baseline model had better temperature simulations than the statistical model
at two. However, the benchmark statistical model outperformed the baseline model at half of the 18 gages. The
statistical model performed well in the South and Central basins, excluding the Yukon River (RMSE of 6.33°C),
but poorly in two of the three North basins (RMSE of 4.5°C).

Monthly RMSE analysis demonstrates that the optimized river temperature model consistently outperforms the
baseline conditions and the statistical benchmark model throughout the ice‐free period (Figure 5). In the opti-
mized model, the highest error occurred in May (2.81°C) and the lowest error in September (1.67°C). Rivers in the
South region show greater variability in error across months, ranging from 1.06 to 2.19°C, respectively, while the
North and Central regions display more consistency. The South performs better in spring and fall, with the highest
error occurring in July. The North and Central regions exhibit more varied performance, with the North per-
forming best in August and worst in June, while the Central region shows the best performance in September and
the worst in May. Unlike the South, which has its lowest errors in May and September, the Central region only has
notably lower error in September.

Figure 4. Average modeled values by day of the calendar year during the validation period for the benchmark statistical model and River Basin Model run with
optimized parameters and baseline parameter values. Rivers are arranged north to south and are named according to the U.S. Geological Survey National Water
Information System (U.S. Geological Survey, 2022).
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Simulated daily river temperature data from the optimized RBM are plotted against daily observations to illustrate
model performance, along with the histogram of the error (Figure 6) by month and throughout the ice‐free period.
The model struggles to capture low river temperatures, as inferred from the clustering of points above the 1:1 line
on the left side of each graph (Figure 6). In May, some rivers still contain ice, keeping the river temperatures close
to 0°C, while the model predicts higher temperatures. This results in a slight warm bias in the model. The mean
overall difference between simulated and observed river temperatures is 0.46°C (range 0.28–0.96°C by month),
with a standard deviation of 2.08°C (range 1.81–2.34°C by month).

In the optimized model, there was significant variation within the regions. For example, two rivers in the Central
region, the Chena and Tanana, did not share a set of parameters that increased model performance for both rivers,
each river performed better at the other gage's expense. The optimized parameter values for the Central region
produced a better fit for the Tanana River and a worse fit in the Chena River, causing it to underperform against
the benchmark (Figure 7). The validation of the optimized model is shown spatially in Figure S2 in Supporting
Information S1. Model performance also varied by river size. There was only one first order stream in the
validation set, which underperformed the statistical model (RMSE of 1.18 vs. 2.22°C). There was an optimization
gage with a slightly higher RMSE (1.87°C) on a fourth order river downstream of this first order stream gage. A
second order stream was an optimization point in a basin with a fourth order stream validation point, resulting in
similar performance (1.14 and 1.10°C, respectively). The seventh order lower Yukon River is the largest river in
the data set. At this gage, the optimized model performed well (RMSE of 2.69°C), where the benchmark model
had its worst performance (RMSE of 6.33°C).

3.3. RBM Sensitivity Analysis

The average daily temperature error of the optimized RBM changes 0.31 per 1°C change in air temperature and
the maximum seasonal temperature error changes 0.88 per 1°C in air temperature. Changes in discharge resulted
in an average error change of 0.01°C per 10% change in discharge for daily averaged water temperatures and
0.09°C per 10% change in discharge for seasonal maximum water temperature.

Parameter sensitivity was obtained from the surrogate model. The only consistently sensitive parameter was μ
(Figure 7), the lower bound of calculated water temperature for the boundary condition, which resulted in the

Figure 5. Left: the optimized River Basin Model versus baseline parameters and the benchmark statistical model by month during ice free months, May–September, at
18 U.S. Geological Survey gages from the National Water Information System (U.S. Geological Survey, 2022) for water years 2018–2021. Right: optimized model
performance by month and region during the validation.
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largest range of model error. The minimum depth was among the least sensitive parameters in the South and
Central regions, but it ranked as the third most sensitive parameter in the North. In the North and Central regions,
β and bw were the least sensitive parameters, while they were the fourth and second most sensitive parameters in
the South, respectively.

Figure 6. Scatter plots of simulated versus observed daily temperature values and bar plots of the error probability for the validation of River Basin Model during ice free
months, May–September and overall, at 18 U.S. Geological Survey gages from the National Water Information System (U.S. Geological Survey, 2022) for water years
2018–2021. The mean and standard deviation of model error are also plotted on the bar plots.
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3.4. High Resolution River Temperature Simulation

The model was run with the optimized regional parameter sets for 138 basins across Alaska and the Yukon River
basin to generate a continuous river temperature hindcast from 1 January 1990 to 30 September 2021. The model
was only optimized and validated for the ice‐free months. The mean river temperature across Alaska during the
ice‐free months was 8.3°C (Figure 8). The average maximum temperature was 14.3°C, the minimum was 1.7°C,
and the variance was 8.2°C2. Rivers in the North region had higher maximum temperatures (16.5°C) compared to
the Central and South regions (14.0 and 13.6°C, respectively), which is similar to observed data at USGS gages
(Figure S3 in Supporting Information S1). The lowest maximum temperatures occurred in headwater streams
(13.7°C). The Central Region had the highest mean water temperature (8.5°C).

4. Discussion
By utilizing the RASM at 4‐km resolution, optimizing both land surface and river temperature models, and
conducting the first large‐scale sensitivity analysis of the RBM in the Arctic, we successfully generated a highly
accurate, high‐resolution hindcast of river discharge and temperature for 138 basins across Alaska. The model
optimization proved effective, reducing error below the baseline and statistical benchmark model, highlighting
the success of this optimization strategy. Furthermore, the benchmark statistical model exhibited superior per-
formance over baseline parameter values in RBM, emphasizing the utility of applying only optimized physical
models rather than “default” parameters taken from the literature and applied to this region. Notably, the
simplified statistical model may be adequate for modeling smaller streams with limited advective influences and
limited shallow groundwater inputs due to permafrost.

Modeling Arctic river temperatures presents challenges due to snowmelt‐driven peak discharge coinciding with
the highest annual water temperatures, altering the relationship between water and air temperatures (van Vliet
et al., 2011). In Alaska, shortwave radiation and air temperature have been identified as the dominant influences
on river temperatures, justifying the adoption of RBM—a model expressly designed to accommodate these
processes (Chikita et al., 2010; King & Neilson, 2019; Yearsley, 2009). Additionally, high‐resolution modeling
using atmospheric and land surface models specifically designed for snowmelt runoff in permafrost zones may
help to capture this dynamic. Moreover, hyporheic exchange during low flows, a phenomenon not explicitly
addressed in RBM, has been demonstrated to affect Arctic river temperatures (Cozzetto et al., 2013; King &
Neilson, 2019; Yearsley, 2009). Given that the lowest flows in the model coincide with the boundaries where river
temperatures are prescribed, the model optimization inherently considers and accounts for this process.

Statistical and physical models have been employed to understand river temperatures in the Arctic, ranging from
reach‐scale to global simulations. Whereas reach‐scale estimates can achieve a high degree of accuracy (RMSE
<1°C), global simulations often struggle to accurately represent the Arctic region (RMSE >4°C) (Chikita
et al., 2010; King & Neilson, 2019; Wanders et al., 2019). Although regional applications of river temperature

Figure 7. The error factor of each parameter, defined as the amplitude of the response curve after the last iteration of the optimization, by location and overall.
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models in the Arctic are rare, numerous studies have been conducted in the contiguous United States, where river
temperature modeling is generally more accurate with global models achieving RMSE of around 2.5°C (Isaak
et al., 2017; Niemeyer et al., 2018; van Vliet et al., 2012; Wanders et al., 2019). Our modeling system met and
surpassed the mean error achieved by these regional models despite the complex Arctic hydrology. The resulting
comprehensive framework, incorporating high‐resolution climate data from a regional climate and land surface
model that has been calibrated on snowpack and discharge observations, establishes a new standard for accurately
simulating river temperatures in Arctic rivers. Our results surpass previous model skill metrics and provide
critical insights into the dynamic changes in freshwater ecosystems over the past three decades (Cheng
et al., 2023; Niemeyer et al., 2018; van Vliet et al., 2012, 2013; Wanders et al., 2019; Yearsley, 2012).

Figure 8. Mean, maximum, minimum, and variance in water temperature average over the ice‐free months, May–September, for the period 1990–2021. River segments
are sized by stream order and first order streams are not shown.
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4.1. Regional Difference in Model Parameters and Outputs

In the North, rivers are simulated to have the highest maximum river temperatures. The underperformance of the
benchmark statistical model in the North suggests that air temperature is not the dominant influencer of river
temperature. Rather, water temperature in Northern rivers is primarily shaped by incoming shortwave and
longwave radiation (Zheng et al., 2019), a phenomenon aptly captured by RBM. Notably, the North region
displayed greater sensitivity to Leopold parameters related to river geometry, impacting water velocity and the
river's thermal sink capacity (Leach et al., 2023). The shallower Northern rivers can experience significant
warming due to radiation, exceeding air temperatures (Cozzetto et al., 2006; Zheng et al., 2019). The presence of
continuous permafrost underlying Northern rivers also keeps groundwater close to the surface, resulting in the
warming of headwater streams (Sjöberg et al., 2021).

Conversely, high elevation streams in the South had the lowest simulated maximum water temperatures. In this
region, the prevalence of late snowmelt runoff and glacial melt contributes to consistently cooler stream tem-
peratures even as air temperatures rise during the summer (Bieniek et al., 2014; Brown & Hannah, 2008;
Crossman et al., 2013; Curran & Biles, 2021). Although air temperature typically correlates with river temper-
ature, this relationship breaks down in snowmelt and glacier‐dominated areas potentially leading to over-
estimations in modeled stream temperatures (Ferchichi & St‐Hilaire, 2023; Ficklin et al., 2012; Yan et al., 2021).
Additionally, the shorter length of South region rivers, as compared to those in the North and Central regions,
allows headwater boundary conditions to propagate extensively (van Vliet et al., 2012), possibly contributing to
the pronounced influence of the boundary condition in this region. The Mohseni equation parameters used in the
boundary condition, which indirectly factors in these dynamics through its non‐linear formulation (Mohseni
et al., 1998), were the most sensitive parameters in South's river temperature modeling.

Across all three regions, the Mohseni parameter μ, representing the lower bound of the headwater boundary
temperature, emerged as the most sensitive parameter. While theoretically, this value should be 0°C, local
conditions such as groundwater inputs, runoff, lake and reservoir effects, and solar radiation can maintain river
segments above freezing even as air temperatures drop below 0°C (Mohseni et al., 1998). Since model optimi-
zation was conducted for the ice‐free months the optimized value of μ was always greater than 0°C.

4.2. Importance of Model Structure, Parameterization, and Forcing Data

There are three major sources of error within RBM: model structure, parameterization, and forcing data. RBM
only solves surface energy fluxes and advection. The one‐dimensional nature of the model also neglects thermal
gradients within the water column. Groundwater and hyporheic exchange are major controls on river tempera-
tures that are not directly considered in RBM. In northern Alaska, shallow, suprapermafrost groundwater warms
streams, while in other areas not underlain by continuous permafrost, groundwater will cool streams (Leach &
Moore, 2019; Sjöberg et al., 2021). In first order streams, groundwater is the primary driver of water temperature,
but this is also where the boundary conditions exhibit the greatest influence in RBM (Caissie, 2006; van Vliet
et al., 2013). The Mohseni equation indirectly accounts for groundwater input affecting river temperature through
its non‐linearity (Mohseni et al., 1998). Furthermore, our river modeling system does not explicitly consider the
thermal regulation of lakes, which has limited local effects at regional scales (Isaak et al., 2017). Instead, it relies
on the Mohseni equation at the upstream boundary to account for this thermal regulation (Mohseni et al., 1998).
Given that air temperature and shortwave radiation are the primary drivers of river temperature, the most sig-
nificant source of error not addressed in the model is the meteorological difference between the grid cell and the
air‐water interface (Chikita et al., 2010; Guenther et al., 2012).

The model parameterizes channel geometry and the headwater boundary condition, which can lead to errors since
river temperature models are sensitive to parameterization (Piotrowski & Napiorkowski, 2018). Our model,
operating on a high‐resolution river network, will consistently have headwater streams flowing into the main
channel influencing river temperature, so the boundary conditions are highly influential (van Vliet et al., 2013),
which differs from the modeling of small river segments (Wondzell et al., 2019). Our sensitivity analysis shows
that parameterization, especially of the boundary conditions, is the primary error within the model.

Parameterization of the boundary conditions and channel geometry was conducted over three geographical re-
gions, but there was significant variability within those regions. For example, two rivers in the Central region did
not share an optimal set of parameters despite their proximity. One river is characterized by its substantial size,
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braided morphology, higher discharge, and glacial influence, whereas the other is a smaller, meandering river,
devoid of glacial influence, that experiences thermal pollution from human activities (Curran & Biles, 2021). This
indicates that geography is not the only factor affecting model parameter choice. Other hydrologic features such
as glaciers and snowmelt can also affect the headwater boundary conditions (Yan et al., 2021). These variables as
well as elevation and river morphology were explored as alternatives to the geography‐based separation of pa-
rameters, but there are only a limited number of USGS river temperature gages in headwater streams, which
prevented separating river segments based on these variables. More long‐term data and analysis may improve
understanding of the effect that optimization across these variables would have on model performance.

River size may also be a factor in the model parameterization. The optimization gages encompass rivers ranging
from second through fifth order, and over half of the optimization gages are in fourth order rivers. These rivers are
usually larger and warmer than the headwaters as radiation and advection become the primary drivers of tem-
perature (Fabris et al., 2020). It is within this range of river sizes that the model consistently displayed its optimal
performance. In headwater streams, the model showed mixed results. In the sole first order stream used in
validation, the model underperformed the benchmark statistical model, but still performs similar to average values
of other river temperature models (van Vliet et al., 2013; Wanders et al., 2019). For the two available second order
streams used as optimization points, both demonstrated superior performance compared to the benchmark model.
In contrast, the Yukon River, classified as a seventh‐order river, exceeded the largest optimization gage in the
region by two stream orders, yet it yielded highly promising results, affirming the model's applicability to larger
rivers. The performance disparity between the optimized model and the benchmark underscores the pivotal role of
advection in influencing the thermal dynamics of these larger rivers. Such a finding also indicates the accuracy of
upstream river temperatures in the simulation, as inaccuracies introduced in the upstream segments have the
potential to magnify downstream.

Forcing data from the climate and land surface model represent the last major source of error within the model.
Biases in the input data could propagate through the model chain, which might not be compensated by the
parameter optimization. van Vliet et al. (2012) demonstrated that errors in discharge of 50% could result in
significantly different errors within RBM for maximum water temperatures. We found similar changes in error in
response to perturbing discharge. We also evaluated air temperature and found that it had a much larger impact on
model error than river discharge. This aligns with field studies of river temperature that have concluded that solar
inputs and air temperature were the primary drivers of river temperature (Bolduc & Lamoureux, 2018), while
discharge has a minor effect after a certain minimum flow is reached (Cheng et al., 2020; Gu et al., 1998). This
suggests why the errors in the river routing model (mean KGE = 0.46) do not significantly affect the river
temperature model.

4.3. Modeled River Temperatures and Fish Health

River temperature models are vital to assess thermal regimes in rivers, particularly for fish and other aquatic
organisms whose physiological processes are influenced by water temperature (Durance & Ormerod, 2009;
Pörtner & Farrell, 2008). Organisms thrive within specific temperature ranges, but these bounds can vary by as
much as 2–3°C within species at the same life stage in the same river, and even more significantly over larger
geographical regions (Coutant, 1999; Pörtner & Farrell, 2008). Before optimization, RBM performance fell
outside the range of natural variability within species. However, after optimizing the model, the error decreased to
2.04°C, indicating that it now aligns with the natural fluctuation of suitable conditions and thus is appropriate for
addressing questions related to the impact of river temperature on fish health. This demonstrates the effectiveness
of the offline coupling of mizuRoute and RBM, as well as the optimization workflow, in accurately simulating
river discharge and temperature using inputs generated by a regional climate model. Such modeling efforts
support understanding the impact of climate change on fish species and provide valuable insights into thermal
thresholds within and across rivers.

5. Conclusions
Our study presents the first high‐resolution river discharge and temperature hindcast for rivers in Alaska and the
Yukon River basin from 1990 to 2021, utilizing a novel coupling of mizuRoute and RBM forced by a 4 km
regional climate model and land surface model. The sensitivity analysis conducted on RBM underlines the critical
importance of precise input data, particularly air temperature data, and parameter optimization. Our surrogate
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model optimization strategy proved to be highly computationally efficient and yielded substantial improvements
in modeled performance relative to the baseline model. Notably, while a benchmark statistical river temperature
model outperformed the unoptimized RBM at more than half of the gages, it underperformed in comparison to the
optimized RBM, thereby emphasizing the pivotal role of model optimization. The regional variations in model
performance strongly highlight the need for tailored approaches that consider local conditions. The sensitivity
analysis indicates important drivers of river temperatures in each region and how they differ across the state.
Ultimately, the comprehensive river discharge and temperature hindcast provides an invaluable resource for
gaining insights into long‐term river temperature patterns. For instance, the findings reveal that northern rivers
exhibit the highest maximum water temperatures and display the greatest variability throughout the study period,
which is consistent with observations. These river temperature fluctuations can have significant ecological im-
plications for freshwater ecosystems, which will continue to be altered by a changing climate. The hindcast data
can potentially be applied to ecological assessment, policy development, and climate change research.

Data Availability Statement
mizuRoute (Mizukami et al., 2022) and RBM (Blaskey, 2024a) were used to produce the full simulation results
(Blaskey, 2023) after the model underwent optimization (Blaskey, 2024b). Discharge and temperature data for the
US State of Alaska were collected from the United States Geological Survey National Water Information System
(U.S. Geological Survey, 2022) and are permanently stored in the software published by Blaskey (2024b). These
were the historical observational data sets used for model evaluation in this research. ERA5 data were used to
calibrate the climate model (Muñoz Sabater, 2019).
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