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Key points

e We enhance Noah-MP snow albedo modeling by implementing physical snow radiative
transfer and aging processes from the latest SNICAR

e The Noah-MP/SNICAR simulated snow albedo exhibits superior performance compared
to the default snow albedo scheme at validation sites

e Noah-MP/SNICAR quantifies the impact of snow grain size, shape, and light-absorbing
particles on snow albedo and radiative forcing

Abstract

The widely-used Noah-MP land surface model (LSM) currently adopts snow albedo
parameterizations that are semi-physical in nature with nontrivial uncertainties. To improve
physical representations of snow albedo processes, a state-of-the-art snowpack radiative transfer
model, the latest version of Snow, Ice, and Aerosol Radiative (SNICAR) model, is integrated into
Noah-MP in this study. The coupled Noah-MP/SNICAR represents snow grain properties (e.g.,
shape and size), snow aging, and physics-based snow-aerosol-radiation interaction processes. We
compare Noah-MP simulations employing the SNICAR scheme and the default semi-physical
Biosphere-Atmosphere Transfer Scheme (BATS) against in-situ snow albedo observations at three
Rocky Mountain field stations. The agreement between simulated and in-situ observed ground
snow albedo in the broadband, visible, and near-infrared spectra is enhanced in Noah-
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MP/SNICAR simulations relative to Noah-MP/BATS simulations. The SNICAR scheme
improves the temporal variability of modeled broadband snow albedo, with a nearly twofold higher
correlation with observations (r=0.66) than the default BATS snow albedo scheme (r=0.37). The
underestimated variability in Noah-MP/BATS is a result of inadequate physical linkage between
snow albedo and environmental/snowpack conditions, which is substantially improved by the
SNICAR scheme. Importantly, the Noah-MP/SNICAR model, with constraints of snow grain size
from the MODIS snow covered area and grain size (MODSCAG) satellite data, physically
represents and quantifies the snow albedo and absorption of shortwave radiation in response to
snow grain size, non-spherical snow shapes, and light-absorbing particles (LAPS). The coupling
framework of the Noah-MP/SNICAR model provides a means to reduce the bias in simulating
snow albedo.

Plain Language Summary

Snow albedo, defined as the proportion of sun light reflected on the snowpack influences
snowpack growth, melting rate, surface energy and water cycles, as well as regional and global
hydrological and climate change. The community Noah-MP land surface model uses semi-
physical snow albedo parameterizations with critical uncertainties. In this study, the integration of
the latest version of the Snow, Ice, and Aerosol Radiative (SNICAR) model into Noah-MP aims
to enhance the accuracy of snow albedo simulations. The coupled Noah-MP/SNICAR model
encompasses various aspects of snow, including its grain properties, aging, and interactions among
snow, aerosols, and radiation. We evaluate Noah-MP simulations using SNICAR and the default
Biosphere-Atmosphere Transfer Scheme (BATS) snow albedo schemes against albedo
observations at three Rocky Mountain stations. The SNICAR scheme enhances accuracy of snow
albedo simulations, showing a correlation with observations that is twice as high as simulations
using the default BATS snow albedo scheme. The variability of snow albedo in Noah-MP/BATS
is underestimated due to the inadequate physical relationship between snow albedo and
environmental/snowpack conditions. This issue is addressed and significantly improved by Noah-
MP/SNICAR. It is worth noting that the Noah-MP/SNICAR model takes into account the
constraints of fresh snow grain size from satellite data.

1. Introduction

Snow albedo is defined as the ratio of the snow-reflected solar radiation to the total solar
radiation incident on the snowpack. The observed high snow albedo is a result of the considerable
portion of the visible spectrum of solar energy on the snow surfaces (Cohen & Rind, 1991). The
albedo of snow exerts a substantial influence on multiple facets in the Earth system, including the
evolution of the snowpack, rates of melting, surface energy and water cycles, and regional and
global hydrological and climate change (Barnett et al., 2005; Flanner et al., 2011; Qian et al., 2015;
Skiles et al., 2018; Zhang et al., 2019). This can be attributed to the positive snow albedo feedback
and the complex interactions that occur between the land and the atmosphere (Hall, 2004).
Variations in snow albedo resulting from temperature warming or cooling can lead to
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enhancements or reductions in the absorption of solar radiation, hence intensifying the initial
warming or cooling (Thackeray & Fletcher, 2016).

There is still limitation and uncertainty in the representation of snow albedo processes
within many land surface models (LSMs) coupled to regional and global weather and climate
models, which consequently affects the estimation of land surface energy and water balances. For
example, systematical snow albedo biases were found in one widely-used LSM, the Noah with
multi-parameterization options (Noah-MP) (Niu et al., 2011) which is a land component within
the Weather Research & Forecasting (WRF) model, the NOAA Unified Forecast System (UFS)
model, and the National Water Model (NWM) among many others, as demonstrated by various
studies (Abolafia-Rosenzweig et al., 2021, 2022a; Chen et al., 2014; He et al., 2019, 2021; Liu et
al., 2021, 2022; Wang et al., 2020; Xiao et al., 2021). The snow albedo in Noah-MP is represented
using semi-physical or empirical functions (Verseghy, 2007; Yang et al., 1997), which lack
physical treatments of snow albedo response to the evolution of snow properties such as aging and
metamorphism. This approach leads to an inconsistent treatment between snow albedo and other
snowpack properties (He and Flanner, 2020). To enhance the accuracy of snow albedo modeling,
it is necessary to have a comprehensive understanding of the underlying physical mechanisms that
influence snow albedo. Subsequently, these processes need to be represented in a more physically
realistic manner.

The albedo of snow is determined by a complex combination of multiple factors, such as
snow depth, the size and shape of snow grains, and the concentration of light-absorbing particles
(LAPs) (Warren and Wiscombe, 1980). It has been known that snow albedo is affected by LAPS
mainly in the visible band (Warren and Wiscombe, 1980) and by grain size mainly in the near-
infrared (NIR) band (Wiscombe and Warren, 1980). Following the occurrence of snowfall, snow
crystals experience fast alterations in their size and shape, exhibiting a tendency for snow grains
to progressively increase in size over time (Colbeck, 1982). The alteration in snow grain size
influences the interaction between the snow surface and incoming solar radiation. The presence of
larger grains in snow leads to an increase in the path length traveled by photons, resulting in a
lower albedo (Warren 1982). The Snow, Ice, and Aerosol Radiative (SNICAR) model (Flanner et
al, 2007, 2021) is one of the most widely used open-source snowpack radiative transfer models,
which resolves the aforementioned physical processes and simulates snow albedo by considering
snowpack properties such as grain size and shape, as well as environmental conditions including
the presence of LAPs.

Simulating snow albedo using SNICAR has many advantages compared to the current
semi-physical snow albedo schemes, such as the Biosphere-Atmosphere Transfer Scheme (BATS)
in Noah-MP (Abolafia-Rosenzweig et al., 2022a; Yang et al., 1997). (1) The study conducted by
Abolafia-Rosenzweig et al. (2022a) demonstrated the issue of using a constant parameter to
represent the fresh snow albedo in Noah-MP/BATS, which is typically adopted by empirical/semi-
physical schemes, whereas the measured albedo of fresh snow exhibits significant variability
especially in the NIR band. In contrast, fresh snow albedo is influenced by several environmental
conditions and physical processes in the SNICAR model, such as temperature, downward solar
spectrum, snow grain size and shapes, LAPs within snow, and the thickness and density of the
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snowpack. The SNICAR treatment is more physically realistic, as highlighted by Wang et al.
(2020). (2) The inclusion of different snow grain shapes, such as spheres, spheroids, hexagonal
plates, and Koch snowflakes, is necessary to depict the types of non-spherical snow grains that are
commonly observed (Liou et al., 2014; He et al., 2018a, 2023a; Robledano et al., 2023). This
representation is currently absent in Noah-MP, while it has been included in SNICAR. (3) The
representation of snow aging processes is empirical and incomplete in Noah-MP due to the
absence of the simulation of snow grain size. Instead, the simulated snow grain size in SNICAR
can be validated using either in-situ measurements or remote-sensing products. This approach
offers the advantage of requiring less arbitrary tuning of empirical snow aging parameters which
is needed by current Noah-MP snow albedo schemes. (4) SNICAR simulates the interaction
between snow, aerosols, and radiation (Flanner et al., 2021; He et al. 2018a; Skiles & Painter,
2019), encompassing three LAPs: black carbon (BC), organic carbon (OC), and dust. Additionally,
the latest SNICAR coupled into the Community Land Model (CLMS5) and the DOE’s Energy
Exascale Earth System Model (E3SM) Land Model (ELM) also includes the internal mixing of
BC and dust with snow grains (He et al., 2023a; Hao et al., 2023). However, these treatments are
either missing or not physically represented in Noah-MP. (5) SNICAR presents the effect of solar
zenith angle on snow albedo (for direct radiation) physically, while Noah-MP parameterizes this
effect semi-empirically such as in BATS. (6) SNICAR computes vertical solar radiation absorption
and heating rate for individual snow layers and the top soil layer, which changes snow and soil
temperature profiles but is missing in the current Noah-MP albedo schemes. (7) SNICAR has a
hyperspectral calculation capability that is more accurate than narrowband calculations (Wang et
al., 2022), and can be expanded to incorporate or compare with spectral radiation obtained by
remote sensing, while current Noah-MP snow albedo schemes only use two (visible and NIR)
bands.

Recent studies have implemented SNICAR in some LSMs coupled to global climate
models, such as the CLM within Community Earth System Model (CESM) (Flanner et al., 2007;
He et al., 2023a) and the DOE’s ELM (Hao et al., 2023). This study aims to implement the latest
SNICAR version that has several new features and enhancements (He et al., 2023a) into the newly
refactored Noah-MP version 5 by accounting for snow grain shape, size, snow-aerosol-radiation
interaction, and snow aging processes (Section 2), and to evaluate modeled snow albedo using in
situ albedo observations at three Rocky Mountain field stations (Section 3). We use in situ
observations of upward/downward shortwave radiation and snow depth and satellite-derived snow
grain size to evaluate and constrain the modeled snowpack and radiation conditions. We first
evaluate whether the coupled Noah-MP/SNICAR model can accurately reproduce the observed
mean and variability of snow albedo, and then perform the process-level model experiments to
quantify the effects of snow grain size, shape, and LAPs on snow albedo and radiative forcing
(Section 4). We also compare the snow albedo between enhanced Noah-MP/SNICAR simulation
and the default Noah-MP/BATS simulation (Section 4). Section 5 discusses the potential
uncertainties and future directions, and Section 6 concludes the study.

2. Noah-MP and its coupling with SNICAR
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2.1. Noah-MP model description

Noah-MP (Niu et al., 2011; Yang et al., 2011) is one of the most widely used open-source
community LSMs worldwide, which has been used in various research and operational models
pertaining to weather, climate, and hydrology. The newest version of Noah-MP (version 5.0) (He
et al., 2023c) has undergone recent refactoring and incorporating contemporary Fortran code
styles, data structures, and standards. This refactoring has significantly improved the model's
modularity, interoperability, and applicability (He et al., 2023b).

Noah-MP is featured as a multi-parameterization LSM that enables the user to combine
different physics schemes for modeling individual land surface processes (Niu et al. 2011). The
Noah-MP snow module has the capability to simulate a maximum of three snow layers, with the
number of layers being dependent on snow depth. Noah-MP treats explicit snow layers when snow
depth is larger than 2.5 cm, and implicitly represents a very shallow (<2.5 cm) snow layer by
combining it with the top soil layer in energy and water balance calculations. Snow layer
temperature, snow depth, and snow water and ice contents are calculated based on snowpack water
and energy balances. The model considers many key snow processes such as snow layer division
and combination, liquid water holding within the snowpack, snow compaction, snow melting and
refreezing, frost and sublimation at the ground snow surface, and the interception of snow by
vegetation. The technical report by He et al. (2023c) provides a comprehensive description of the
various aspects related to snowpack mass and energy processes.

Within Noah-MP, there exist two semi-physical snow albedo schemes, namely CLASS
(Verseghy, 2007) and BATS (Yang et al., 1997). The mathematical equations of the two snow
albedo schemes are described in detail in He et al. (2023c). Both schemes simulate snow albedo in
the visible and NIR bands under direct and diffuse radiation, but CLASS assumes the same snow
albedo for direct and diffuse radiation as well as visible and NIR bands, which is physically
unrealistic. Furthermore, both schemes do not explicitly simulate the evolution of snow properties
(e.g., snow aging/metamorphism, grain size, and shape). A recent study (Abolafia-Rosenzweig et
al., 2022a, 2022b) has tried to optimize the BATS albedo parameters using in-situ snow albedo
measurements, which however still showed nontrivial remaining biases particularly for fresh snow
albedo due to a lack of physical representation of relevant albedo processes.

2.2 Noah-MP/SNICAR coupling

In this study, we couple the refactored Noah-MP version 5 with the latest version of
SNICAR (https://github.com/ESCOMP/CTSM/pull/1861) that has recently been implemented
into CLM5 (He et al., 2023a).

2.2.1 Multiple physics options for SNICAR albedo calculations

The SNICAR scheme we implement into Noah-MP incorporates several key physical
processes and updates following He et al. (2023a): (1) two options for radiative transfer solvers,
with one for a traditional tri-diagonal matrix two-stream solver (Toon et al., 1989) and one for a
new adding-doubling solver (Dang et al., 2019); (2) three options for ice optical properties (Flanner
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et al., 2021) using different ice refractive indices from Warren (1984), Warren and Brandt (2008),
and Picard et al. (2016); (3) updated aerosol optical properties of BC and OC from Flanner et al.
(2021); (4) six options of downward solar spectra for multiple atmospheric conditions (Flanner et
al., 2021), including mid-latitude winter, mid-latitude summer, sub-Arctic winter, sub-Arctic
summer, Summit Greenland, and high mountain; (5) four types of snow grain shapes including
sphere, spheroid, hexagonal, and snowflake (He et al., 2017); (6) three dust types including
Saharan dust, Colorado dust, and Greenland dust (Flanner et al., 2021); (7) two options for either
internal or external mixing of dust (He et al., 2019b) or BC (He et al., 2017) with snow grains; (8)
two options for wavelength band setup, including 5-band and hyperspectral (480-band with 10-nm
spectral resolution) capabilities. Both 5-band and 480-band albedo results are then averaged to two
(visible and NIR) bands’ values to be used in Noah-MP surface energy flux calculations. We
implement all these SNICAR albedo calculation processes and the ability of choosing different
physics options to simulate each individual processes into Noah-MP.

2.2.2 Model inputs

We incorporate additional input datasets that are required for SNICAR (Flanner et al.,
2021; He et al., 2023a) through an updated model 1/O interface. SNICAR requires the input
variables including direct/diffuse radiation, surface downward solar spectrum, solar zenith angle
(only for direct radiation), albedo of the surface underlying snowpack, vertical profiles of snow
grain size, snow layer thickness, snow density, and mass concentrations of LAPs (BC, mineral
dust, and OC), snow grain shape, and optical properties of ice and LAPs. The optical properties of
ice and LAPs for each snow layer and spectral bands, including single-scattering albedo, mass
extinction cross section, and asymmetry parameter, are archived as look-up table datasets derived
by Flanner et al. (2021) and He et al. (2023a).

2.2.3 Snow grain size and aging processes

The evolution of snow effective grain size is represented by snow aging processes and
implemented into the Noah-MP/SNICAR model. The change in effective snow grain size is based
on the dry and wet snow processes, including liquid-water-induced metamorphism, dry snow
metamorphism, refreezing of liquid water, and the addition of freshly fallen snow (Flanner et al.,
2007; Lawrence et al., 2019). The liquid-water-induced metamorphism is parameterized based on
measured grain growth rates under different liquid water contents (Brun, 1989). The dry snow
metamorphism is determined by snow temperature, temperature gradient, density, and initial snow
grain size distribution based on a microphysical particle model that simulates diffusive vapor flux
amongst collections of ice crystals with various size and inter-particle spacing (Flanner and
Zender, 2006). This process reproduces the typical observed rapid snow aging and increased snow
grain size under the conditions of combined warm snow, large temperature gradient, and low
density. The effective radius of refrozen liquid water is set to 1000 um (Oleson et al., 2013). The
air temperature is a key factor in determining the grain size of freshly fallen snow. At temperatures
below -30 degrees Celsius, a minimum of 54.5 um (radius) is imposed (Lawrence et al., 2019). A
limit is imposed on the maximum of 204.5 um (radius) when the temperature exceeds 0 degrees
Celsius. A linear ramp is employed within the temperature range between -30 to 0 degrees Celsius
(Lawrence et al., 2019). These maximum and minimum limits are tunable parameters. In our
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investigation, we discover that grain size and snow albedo are sensitive to the minimum and
maximum values of the grain size of freshly fallen snow. In Section 3.3.3, we have optimized these
two parameters to match with the snow grain size acquired from a satellite product (see Section
3.2). In situations where there is a non-zero snow mass but an explicit snow layer has not yet been
established (i.e., snow depth <2.5 cm), the effective snow grain size is assigned as the effective
radius of freshly fallen snow (Lawrence et al., 2019). When snow layers are combined or divided,
the effective snow grain size is calculated as a mass-weighted mean of those of the two layers.
Lastly, the effective snow grain size is limited to a range of 30-1500 um, as this range covers the
majority of snow grain size in reality and corresponds to the defined optical properties that are
archived in look-up tables (Flanner et al., 2021; He et al., 2023a).

2.2.4 Snow-aerosol-radiation interactions

Additionally, we implement a mass-conserving approach to account for the presence of
LAPs within snow, encompassing the mechanisms of atmospheric aerosol deposition on the
uppermost snow layer, aerosol mass reduction via inter-layer meltwater drainage, and aerosol mass
changes due to snow layer combination and subdivision (Flanner et al., 2007; Lawrence et al.,
2019). The Noah-MP/SNICAR model tracks the mass of nine aerosol particle species within each
snow layer including hydrophilic BC, hydrophobic BC, hydrophilic OC, hydrophobic OC, and
mineral dust with five particle size bins (um in diameter, Table S2): 0.1-1.0, 1.0-2.5, 2.5-5.0, 5.0-
10.0, and 10.0-100.0 (Flanner et al., 2021). Each species exhibits distinct optical characteristics
(Flanner et al., 2021; He et al., 2023a) and meltwater removal efficiencies (Lawrence et al., 2019).

2.2.5 Albedo output and snowpack heating

The results simulated from the Noah-MP/SNICAR model include the spectral snow albedo
and the fraction of solar flux that is absorbed by each individual snow layer and the top soil layer.
The spectral snow albedo is partitioned into visible and NIR bands by computing the spectrally
weighted mean based on downward solar spectra (Flanner et al., 2007). The layer-wise snowpack
heating due to snow and LAPs absorption of solar radiation from SNICAR is coupled with Noah-
MP snow and soil temperature computations to alter the temperature for each snow layer and the
underlying top soil layer.

3. Model experiments and evaluation data
3.1 In-situ observations

In-situ observations of snow albedo and snow depth data are obtained from three high-
elevation locations, East River, Irwin, and Senator Beck, within the southern Rocky Mountains in
the state of the Colorado, United States (Figure 1; Abolafia-Rosenzweig et al., 2022a, 2022b). The
longitudes, latitudes, elevation, vegetation types, available observed spectrum bands of snow
albedo (broadband, visible, and NIR), and atmospheric forcing variables for each site are provided
in Table S1. The comprehensive methodologies for measuring solar radiation, albedo and snow
depth can be found in Abolafia-Rosenzweig et al. (2022a).
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The snow albedo and snow depth measurements have undergone rigorous quality control
procedures to ensure their accuracy and reliability. To eliminate the effect of low sun angle on
albedo, we use averages of albedo and snow depth measured between 11:00 and 13:00 local time
for the three sites during the periods of investigation. The analysis is further limited to periods
when the observed snow depth is more than 0.5 m at the East River site and 0.2 m in the Senator
Beck and Irwin sites, in order to ensure that understory vegetation is completely buried by
snowpack to eliminate the influence of vegetation on snow albedo, following Abolafia-
Rosenzweig et al. (2022a). Observed albedo values that exceed 1.0 or fall below 0.0 are removed.

41N
400N

39on |

Figure 1. Locations of the three study sites with topography.

3.2 MODIS snow covered area and grain size (MODSCAG) product

We use a daily 463-m MODSCAG product (Painter et al, 2009) to evaluate and optimize
modeled snow grain size. Based on spectral unmixing and physically based snow radiative transfer
models that remove soil and vegetation portions of the observed pixel, MODSCAG provides snow
grain size at roughly 10:30 LST (local solar time). For a clear sky day, the mean absolute error
(MAE) for snow grain size from MODSCAG compared to field measurements at a single site is
51 um (Painter et al., 2009). For both clear and cloud sky days, the gap-filled MODSCAG has a
root mean square error (RMSE) of 118 um for snow grain size compared to observations at three
sites in the western United States (Bair et al., 2019). The MODSCAG data are obtained from the
University of California, Santa Barbara (UCSB) website at
https://snow.ucsbh.edu/products/MODSCAG/WUS/. The snow grain size values are extracted from
the encompassing MODSCAG grid cell of the three field sites studied in this work.
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3.3 Site-specific model setup and simulations

Noah-MP simulations adopt model-physics settings from the options used in continental-
scale convection-permitting WRF/Noah-MP climate simulations (He et al., 2019a; Liu etal., 2017,
Rasmussen et al., 2023) that have reasonably captured key land surface states and fluxes over the
continental U.S., except for different snow albedo options tested in this study. The snow-related
parameters within Noah-MP follows the values used in the latest release of Noah-MP version 5.0
(He et al., 2023c). Leaf area index (LAI) is characterized by vegetation type based on a 10-yr
monthly climatology of MODIS products (Yang et al., 2011). The vegetation type for each
research site is grassland, and the canopy height is set as documented at each specific site
(Abolafia-Rosenzweig et al., 2022a). For each study site, Noah-MP is first spun up for 11-13 years
to get the steady-state as listed in Table S1, followed by model analysis for subsequent years
(Abolafia-Rosenzweig et al., 2022a). The analysis period ranges between October 2018 to August
2021 in Irwin, October 2011 to 2020 October in Senator Beck, and July 2017 to November 2019
in East River.

3.3.1 Atmospheric forcing

The Noah-MP simulations utilize atmospheric forcing derived from a combination of two
sources: the hourly forcing data obtained from the 1-km observation-constrained NOAA's
Analysis of Record for Calibration data set (AORC; National Weather Service, 2021) which are
then replaced with in-situ observed data when accessible from each study site. The atmospheric
forcing variables observed at each location are listed in Table S1. To minimize simulation
uncertainty due to downward direct/diffuse shortwave radiation in visible and NIR bands, we use
both the observed total downward shortwave radiation and the observed fraction of direct/diffuse
and visible/NIR radiation when observational data are available.

3.3.2 Aerosol deposition flux

All model simulations are driven by the hourly aerosol (BC, dust, and OC) wet and dry
deposition fluxes from the MERRA-2 reanalysis (Randles et al., 2017). MERRA-2 provides the
wet and dry deposition fluxes for hydrophobic and hydrophilic (aged) OC and BC as well as dust
with 5 size bins at a spatial resolution of 0.625°x0.5°. The aerosol deposition fluxes at three in-
situ locations are determined by spatial interpolation based on the nearest neighbor grids of
MERRA-2 values. Additionally, the sizes of MERRA-2 dust aerosol are converted to size bins that
are compatible with those in Noah-MP/SNICAR (Table S2).

3.3.3 Fresh snow grain size optimization

We optimize the tunable minimum and maximum values of freshly fallen snow grain size
in SNICAR by comparing the simulated snow grain size to the MODSCAG data (Section 3.2). We
define the fresh snow cases based on the following criteria: 1) a daily observed increment of snow
depth exceeding 0.02 m following Abolafia-Rosenzweig et al. (2022a); 2) a precipitation amount
surpassing 0.0 mm/day following Wang et al. (2020); and 3) the model simulation indicates a
complete (100%) snow cover fraction. The original values are 54.526 um for the minimum and
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204.526 pum for the maximum. In this study, the minimal value is optimized to 33.0 um, which is
determined by identifying the smallest snow grain size from the MODSCAG data across all study
sites and study periods. The maximum value is optimized to 91.0 um to match modeled average
snow grain size with the MODSCAG averaged value over all study sites and study periods.

3.3.4 Model experiments

We conduct five model experiments, as shown in Table 1. The first simulation (Expl)
serves as the baseline case using the SNICAR snow albedo scheme. The SNICAR configuration
includes the utilization of an adding-doubling solver, a midlatitude winter atmosphere profile with
five wavelength bands, a hexagonal snow grain shape, the Colorado dust type, ice optical
properties obtained from Picard et al. (2016), the inclusion of BC, dust, and OC, and the internal
mixing of BC and dust with snow grains. Additionally, the simulation incorporates optimized
parameters with respect to the fresh snow grain size mentioned in Section 3.3.3. Subsequently, we
perform four sensitivity simulations (Exp2-5) to comprehend the impacts of snow grain size, snow
grain shapes, and LAPs on snow albedo and surface radiative balance. The second simulation
(Exp2) is identical to Exp1, except that it employs the original SNICAR parameters for fresh snow
grain size. The third simulation (Exp3) is identical to Expl, except for the modification of the
hexagonal snow grain shape to the spherical shape. The fourth simulation (Exp4) is identical to
Expl, except that it does not account for the influence of LAPs in snow. The final simulation
(Exp5) utilizes the default Noah-MP BATS snow albedo scheme instead of SNICAR. All
simulations are forced with the in-situ observed snow depth to reduce the albedo uncertainty
introduced by snow depth bias, as previous studies have shown nontrivial snow depth bias
simulated by Noah-MP (Abolafia-Rosenzweig et al., 2021; Chen et al., 2014; He et al., 2019a;
2021; lkeda et al., 2021). Specifically, the observed snow depth is directly inserted to ensure the
simulated snow depth aligns with the observed values during periods when observations are
available (Figure S1). The snow depth is subsequently transformed into snow water and ice by
multiplying with the modeled snow density, as typically done in snow depth data assimilation
procedures. We note that this may introduce uncertainty to snow water equivalent in the model
due to the lack of direct observations of snow density.

Table 1. Noah-MP model configurations for different experiments.

Experiments Snow albedo Snow grain size Snow shape Snow impurities
scheme
Expl SNICAR Optimized Hexagonal w/ LAPs
(baseline)

Exp2 Same as Expl Original Same as Expl Same as Expl
Exp3 Same as Expl Same as Expl Sphere Same as Expl
Exp4 Same as Expl Same as Expl Same as Expl w/o LAPs
Exp5 BATS - - -

3.4 Evaluation metrics
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Statistical metrics are computed to assess the performance between simulated and observed
snow albedo. Bias is employed as a metric to assess the extent to which the modeled albedo is
capable of properly replicating the average condition of the observed values. The root mean square
error (RMSE) is employed as a metric to assess the accuracy of the model capability in estimating
the observed value. The Pearson’s correlation coefficient (r) is used to quantify the temporal
correlation of modeled and observed snow albedo.

4. Results
4.1 Model evaluation
4.1.1 Snow grain size

The Noah-MP/SNICAR simulation using original SNICAR grain size parameters (i.e.,
Exp2) produces systematically higher fresh and aged snow grain sizes by about two times
compared to MODSCAG (Figure 2). This discrepancy can be attributed to the overestimate of
fresh snow grain size. When optimizing the size parameters of the freshly fallen snow grains (i.e.,
Expl; see Section 3.3.3), the modeled average fresh snow grain sizes (85 um) at three research
sites agree very well with the values (85 pum) obtained from MODSCAG (Figure 2). Additionally,
our results demonstrate that by improving the fresh snow grain size simulation in Noah-
MP/SNICAR, we can further effectively decrease the bias in the simulated aged (non-fresh) snow
grain size. The mean value of the modeled aged snow grain size decreases from 182 to 103 um,
which matches very well with the observed value of 101 um (Figure 2).

250
m Fresh & Aged

200

150

(Um)

100

Snow grain size

w
o

MODSCAG Modeled Modeled
(original) (optimized)

Figure 2. Comparison of the average fresh and aged snow grain size obtained from MODSCAG,
and the simulated results from Noah-MP/SNICAR simulations with the original and optimized
fresh snow grain size parameters at three study sites during the periods when MODSCAG data is
accessible. The uncertainty bar represents the spatiotemporal variability of snow grain size within
one standard deviation. The fresh snow is defined in Section 3.3.3.
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4.1.2 Snow albedo during all periods

Overall, the Noah-MP/SNICAR baseline simulation (i.e., Expl) captures the observed
snow albedo values, but with a higher broadband albedo by about 0.072 and less temporal
variability (Figure 3a-c). The broadband overestimates mainly arise from the overestimated visible
snow albedo by about 0.086, likely caused by the uncertainty in aerosol deposition and/or snow
density, because snow grain size and snow depth are constrained by observations. This also
explains the good agreement between modeled and observed mean NIR snow albedo (Figure 3a-
c), since NIR snow albedo is sensitive to grain size. Uncertainty in snow grain shape could also
slightly (by up to ~0.02) contribute to the overestimated visible snow albedo based on sensitivity
analysis (Section 4.2.2). The missing treatment of small-scale snow surface roughness in the model
could also contribute to the snow albedo overestimates (Manninen et al., 2021), but it generally
has a stronger impact on NIR albedo and hence may not be the main culprit here. Nevertheless,
the model reproduces the observed pattern of the visible albedo larger than the NIR albedo. The
underestimated temporal variability of snow albedo at both visible and NIR bands is partially
caused by the underestimated variability of snow grain size (Figure 2), particularly during ablation
periods (Figure 3g-i). This is mainly due to the uncertainty in snow aging processes, which are less
constrained by observations. The uncertainty in aerosol deposition and evolution in snow could
also contribute to the underestimated visible albedo temporal variability because the visible snow
albedo is more sensitive to snow impurity than snow grain size (Section 4.2.3).

4.1.3 Fresh snow albedo

The Noah-MP/SNICAR baseline simulation of broadband fresh-snow albedo reproduces
the mean and variability of observations due to the well-captured fresh snow grain size (Figure 2),
with higher accuracy in the Senator Beck and Irwin sites than East River sites (Figure 3d-f). The
simulated median broadband value closely matches the value of observed fresh-snow albedo at the
Senator Beck site (0.88 observed vs. 0.87 modeled) and the Irwin site (0.84 observed vs. 0.83
modeled). At the East River site, the modeled median value (0.83) is higher than the observed
values (0.76) with underestimated temporal variability. For the visible band, the median fresh snow
albedo is slightly overestimated by 0.03 at both Senator Beck and Irwin sites (Figure 3d-e). For
the NIR band, the median fresh snow albedo is underestimated by about 0.03 at the Senator Beck
site and about 0.07 at the Irwin site. Thus, low broadband biases at Irwin and Senator Beck are
attributable to compensatory errors in visible and NIR bands.

4.1.4 Snow albedo during melting periods

We evaluate snow albedo during the melting period, which is delineated as the time
spanning from March to June (Figure 3g-i). As snow melts, its albedo decreases with increased
temporal variability in comparison to fresh snow albedo. The simulated snow albedo generally
captures the observations during melting periods at broadband, visible, and NIR bands, with a
similar bias pattern as that of the entire snow period (Figure 3a-c). Specifically, the overestimated
broadband albedo (by 0.066) is dominated by the overestimate in the visible band (mean bias =
0.093), with NIR albedo better simulated (mean bias = 0.043). This is likely due to the uncertainty
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in aerosol content in snow, snow density, and/or snow grain shape as discussed in Sections 4.1.2
and 5. The underestimated temporal variability of snow albedo at all bands can be explained by
the uncertainty in snow aging processes and aerosol content in snow as mentioned in Section 4.1.2.

Senator Beck (c) East River
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Figure 3. Site-level comparisons of snow albedo (a-c), fresh snow albedo (d-f), and snow albedo
over the melt period (March-June) (g-i) from observations (Observed) and Noah-MP/SNICAR
simulations (Modeled) at the Senator Beck (left panels), Irwin (middle panels), and East River
(right panels) stations. The boxes are the interquartile ranges, the horizontal lines plotted in the
boxes are the median values, and the whiskers indicate the maximum and minimum values of the
results.

4.1.5 Comparison with default Noah-MP/BATS snow albedo scheme

We further compare the Noah-MP/SNICAR simulation with the Noah-MP simulation
using the default semi-physical BATS snow albedo scheme that has been recently optimized by
Abolafia-Rosenzweig et al. (2022a). Overall, the Noah-MP/SNICAR results outperform those of
Noah-MP/BATS at all three sites (Figure 4). The SNICAR scheme improves the temporal
variation (slope in the scatter plots) and correlation (r in scatter plots) with the observations for
snow albedo at all bands. We note that the underestimated variability in the Noah-MP/BATS snow
albedo suggests inadequate physical linkage and sensitivity between snow albedo and
environmental/snowpack conditions in the BATS scheme, which is substantially improved by the
SNICAR scheme. In terms of mean Bias and RMSE, there are few variations between the two
simulations for the Senator Beck and East River sites, while the Irwin site shows a significant

13
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458  improvement (about 50%). Noah-MP/SNICAR improves the issue of conditional bias existing in
459  Noah-MP/BATS, i.e., the tendency of underestimating high albedo values and overestimating low
460 albedo values. SNICAR enhances the variability in the visible snow albedo, which mitigates the
461  overestimate of visible snow albedo in BATS. In the Noah-MP/BATS simulation, the visible snow
462  albedo is consistently around 0.9 (blue dots in Figure 4b and 4e), which is not realistic. This could
463  be because the BATS scheme uses a fixed parameter for fresh snow albedo (Abolafia-Rosenzweig
464  etal., 2022a; Wang et al., 2020). However, in the Noah-MP/SNICAR simulation, the fresh snow
465 albedo is dynamically dependent on environmental conditions such as changes in temperature,
466  snow depth, snow grain size, and the concentrations of LAPs. Furthermore, the simulation of NIR
467  snow albedo is significantly improved by Noah-MP/SNICAR relative to Noah-MP/BATS, leading
468  to a notable decrease in the variability bias and bringing the simulated values much closer to the
469  observed ones.
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4.2 Effects of snow grain size, snow shape, and LAPs on albedo and radiative forcing

Here, we quantify the modeled snow albedo and absorbed solar radiation in response to
key snow albedo factors in Noah-MP/SNICAR simulations.

4.2.1 Snow grain size

The optimization of fresh snow grain size parameters (Section 3.3.3) leads to a decrease in
snow grain size, which better agrees with observations (Figure 2) and in turn increases snow albedo
(Figure 5a-c). The broadband snow albedo at the Senator Beck, Iwrin, and East River sites
increases on average by 0.022, 0.012, and 0.021, respectively. The albedo changes induce surface
radiative forcing (SRF) values of -14.1, -6.4, and -12.8 W m2 (Figure 6a-c). The changes in snow
grain size have a more pronounced impact on the NIR band compared to the visible band, which
is consistent with previous studies showing higher NIR snow albedo sensitivity to snow grain size
(e.g., Flanner et al., 2021). As a result, there are greater fluctuations in the SRF in the NIR band,
leading to a decrease in the absorbed broadband solar radiation. In addition, the albedo and SRF
changes induced by snow grain size changes are more pronounced for fresh snow compared to
those in the melting period, mostly due to alterations in the fresh snow grain size by the parameter
optimization.

(a) Senator Beck (b) Irwin (c) East River
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Figure 5. Changes in snow albedo due to changes in snow grain size from original fresh snow
grain parameters to optimized ones (a-c), snow grain shape from sphere to hexagonal shape (d-f),
and light-absorbing particles (LAPs) from no LAPs to with LAPs (g-i) in three stations, Senator
Beck (left panels), Irwin (middle panels), and East River (right panels). The error bars represent
the range of values within one standard deviation of temporal variability. The color of the plots
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represents the data for the entire snow season (All), as well as the cases for fresh snow and the
melting period (March-June).

4.2.2 Snow grain shape

In contrast to a spherical shape, a hexagonal grain shape exhibits a greater snow albedo
(Figure 5d-f) and a lower SRF (Figure 6d-f). This is because non-spherical grains have a smaller
asymmetry factor and weaker forward scattering compared to their spherical counterparts (Dang
etal., 2016; He etal., 2017; 2018b), which is more representative of real-world conditions (Flanner
et al., 2021; Hao et al., 2023; He et al., 2023a). The broadband snow albedo in the Senator Beck,
Irwin, and East River stations increases by an average of 0.037, 0.042, and 0.038, respectively.
This increase in albedo results in changes in surface solar radiation absorption of -26.7, -29.8, and
-25.8 W m. During the melting period, the influence of the snow non-sphericity has a greater
impact on snow albedo and SRF compared to the time when the snow is fresh, due to the larger
snow grain size and shallower snowpack during melting periods (He et al., 2018b; He, 2022).
Although the rise in albedo and the decrease in SRF occur in both the visible and NIR bands, it is
more pronounced in the NIR band, because the NIR albedo is more sensitive to snow grain shape
(Dang et al., 2016; Flanner et al., 2021).
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Figure 6. Similar to Figure 5, but for the induced surface radiative forcing (SRF).

4.2.3 Light-absorbing particles
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Figures 5g-i and 6g-i display the changes in snow albedo and SRF caused by the LAPs,
respectively. Overall, including LAPS in snow causes a decrease in the broadband snow albedo by
an average of -0.012 at the Senator Beck station. This reduction in albedo results in a SRF of 8.4
W m~2. The Irwin and East River sites exhibit greater changes in snow albedo and SRF compared
to the Senator Beck site, mostly due to the higher concentrations of LAPs present in these two
locations. The LAPs-induced SRF at the Irwin station is 21.9 W m2, while in the Easter River
station it is 16.4 W m~2. These changes correspond to a decrease in the broadband snow albedo of
-0.031 in the Irwin station and -0.023 in the Easter River station. The effects of LAPs are much
more pronounced in the visible band than the NIR band, consistent with literature (e.g., Warren
and Wiscombe, 1980; Flanner et al., 2007). The melting period exhibits greater LAPs-induced
changes in snow albedo and SRF compared to the fresh snow period, because of larger snow grain
sizes and higher snowpack density during melting periods (Flanner et al., 2021; He, 2022) as well
as the enrichment of LAPs as snow melts (Niu et al., 2017). In addition, the higher downward solar
radiation during melting periods also contributes to the higher SRF compared to winter.

5. Uncertainty discussions and future directions

Snow grain shape, size, and snow LAPs all contribute to the potential uncertainty in snow
albedo calculations and solar radiation processes. In the three study sites, the shape of snow grains
has a considerable impact on snow albedo over the whole snow season. However, because there is
no model process that accounts for the dynamic evolution of snow grain morphologies and no
direct observational constraints, the model's assumption of non-spherical shape throughout the
period is uncertain (He et al.,, 2023a). In reality, the shape of snow grains demonstrates
geographical variation and temporal variability, which necessitates additional refinements (Hao et
al., 2023). During the melting phase, the snow albedo biases and the effects of LAPs on snow
albedo are stronger than during the accumulation period (i.e., fresh snow). Nonetheless, the coarse
resolution of the MERRA-2 aerosol deposition data is accompanied by uncertainty. Furthermore,
the LAPs associated with snow are influenced by tunable model parameters such as snow aging
scaling factor and inter-layer melt-water scavenging efficiency factor, both of which affect the size
evolution of snow grains and the concentrations of LAPs within the snow through positive
feedback mechanisms (Qian et al., 2014). Because of the lack of direct observed data, these model
parameters are poorly constrained and warrant further exploration to reduce uncertainty in
calculating the interactive effects of grain size and snow LAPs on snow albedo particularly during
melting period.

Furthermore, it is important to acknowledge that the input data, such as atmospheric
forcing, are fundamental yet unavoidable sources of uncertainties. We strive to utilize in-situ
observed forcing data to the greatest extent possible in order to decrease the level of uncertainty.
In Noah-MP, certain snowpack physical processes, such as densification, still have uncertainties
(e.g., Heetal., 2019, 2021), which may contribute to the bias in the estimation of snow albedo. To
mitigate this uncertainty, we used observed snow depth data to constrain model simulations.
Looking beyond this study, we plan to evaluate over a larger study domain and conduct regional
simulations in a coupled land-atmosphere modeling system to assess the feedback induced by the
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enhanced SNICAR snow albedo scheme, such as the western United States that experience burning
or/and regular dust-on-snow events (e.g., Gleason et al., 2019; Skiles et al., 2015).

6. Conclusions

We integrated the widely-used state-of-the-art snow albedo model, the latest version of
SNICAR, into the refactored Noah-MP version 5, and evaluated in detail using ground
measurements at three Rocky Mountain observation sites. The coupled Noah-MP/SNICAR model
physically accounts for the aerosol-snow-radiation interaction, snow grain growth and aging, and
effects of snow grain size and shape on snow albedo. The Noah-MP/SNICAR simulation well
reproduces the observed broadband, visible, and NIR snow albedo, although it slightly
overestimates the visible and broadband snow albedo. The SNICAR scheme significantly
improves the temporal variability of snow albedo (particularly in the NIR band) comparing to the
semi-physical BATS snow albedo scheme in Noah-MP. The remaining bias in Noah-MP/SNICAR
could be attributed to uncertainties in the deposition and evolution of snow impurities and snow
aging processes as well as atmospheric forcing and other potential snowpack physics (e.g.,
densification), which requires further studies. The individual impacts of snow grain size, non-
spherical snow grain shape, and snow impurity on snow albedo and surface radiative forcing have
different signs and magnitudes. Overall, the average changes in the broadband snow albedo due to
the optimization of fresh snow grain size, the use of non-spherical snow shape, and including LAPs
at three stations are 0.018, 0.039, and -0.022. This study substantially enhances the physical
representations of snow albedo processes in Noah-MP, which offers a stronger snow albedo
modeling capability for future studies considering the wide use of Noah-MP. Future efforts are
needed to investigate the climate effects of aerosols in snow via land-atmosphere interaction and
snow albedo feedback in fully coupled meteorology-chemistry-snow models.
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In situ observed albedo and snow depth from the three study sites are available on
https://data.mendeley.com/datasets/5393ck97d9/3 (Abolafia-Rosenzweig et al., 2022b).
Simulation data used in this manuscript are available on
https://doi.org/10.5281/zenodo.10460675 (Lin et al., 2024). Noah-MP model code updates are
publicly available: https://github.com/tslin2/hrldas_snicar.git
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