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Abstract Snow cover over the Tibetan Plateau (TP) plays an important role in Asian climate. State-of-
the-art models, however, show significant simulation biases. In this study, we assess the main uncertainty
associated with model physics in snow cover modeling over the TP using ground-based observations and
high-resolution snow cover satellite products from the Moderate Resolution Imaging Spectroradiometer
(MODIS) and FengYun-3B (FY3B). We first conducted 10-km simulations using the Noah with
multiparameterization (Noah-MP) land surface model by optimizing physics-scheme options, which
reduces 8.2% absolute bias of annual snow cover fraction (SCF) compared with the default model settings.
Then, five SCF parameterizations in Noah-MP were optimized and assessed, with three of them further
reducing the annual SCF biases from around 15% to less than 2%. Thus, optimizing SCF parameterizations
appears to be more important than optimizing physics-scheme options in reducing the uncertainty of
snow modeling. As a result of improved SCF, the positive bias of simulated surface albedo decreases
significantly compared to the GLASS albedo data, particularly in high-elevation regions. This substantially
enhances the absorbed solar radiation and further reduces the annual mean biases of ground temperature
from —3.5 to —0.8°C and snow depth from 4.2 to 0.2 mm. However, the optimized model still
overestimates SCF in the western TP and underestimates SCF in the eastern TP. Further analysis using a
higher-resolution (4 km) simulation driven by topographically adjusted air temperature shows slight
improvement, suggesting a rather limited contribution of the finer-scale land surface characteristics to SCF
uncertainty.

1. Introduction

Snow cover significantly affects surface energy budget and heat fluxes by reducing surface absorption of
solar radiation due to its high albedo and low thermal conductivity and, hence, influences regional and glo-
bal climate through the land-atmosphere interactions (Chen et al., 2014; Clark & Serreze, 2000; Steger
et al., 2013; Xu & Dirmeyer, 2011; Xue, 2003). As the “Third Pole,” the Tibetan Plateau (TP) possesses the
largest amount of snow and glacier in the midlatitudes, which shows remarkable changes under the warm-
ing climate, such as glacier retreat and snow cover variations (Kang et al., 2010; Yao et al., 2019). More
importantly, snow cover over the TP plays a unique role in Asian climate and its hydrological system by
affecting the occurrence and strength of Asian monsoon and precipitation (Gao et al., 2016; Immerzeel
et al.,, 2010; Li et al.,, 2018; Liu & Yanai, 2002; Vernekar et al., 1995; Wang et al., 2018; Wu et al., 2007,
2012; Zhang et al., 2004). Therefore, it is important to accurately simulate snow cover over the TP in weather
and climate models.

Previous studies found that land and climate models with proper configurations could reasonably reproduce
snow cover in most areas of the Northern Hemisphere but are problematic for complex-terrain areas. For
example, Barlage et al. (2010) and Livneh et al. (2010) found negative biases of snow depth and snow water
equivalent for the Noah land surface model (LSM) in the Rocky mountain areas of the western United States.
In the French mountains, positive biases of snowpack for the regional model and CROCUS snow model
were found (Quéno et al., 2016; Vionnet et al., 2016, 2019). He et al. (2019) found systematic positive biases
in snow cover fraction (SCF) and surface albedo in the western United States using five precipitation data
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Table 1

SCF Parameterizations and Their Optimized Versions, Where d Is Snow Depth (m), zo Is Surface Roughness Length (zo = 0.01 m, But It Is Set to 0.002 m for HRLDAS
Version 3.9), Sn Is Snow Water Equivalent (kg/mz), ps Is Snow Density, pspen IS the Snow Density for New Snow Fall, m Is the Melting Factor (m = 2.5 for the Original
NO7 in HRLDAS and m = 1.6 for the Optimized N0O7)

References Original equations Optimized equations
D81 Dickinson et al. (1986) SCF — d SCF — d
(1020 +d) (20 +d)
Y97 Y. t al. (1997 d d
ang et al. ( ) SCF = tanh SCF = tanh| —————
2.529 0.8 X 2.5
RO1 Roesch et al. (2001) SCF = 0.95tanh(100Sn) SCF = 0.8tanh(100Sn)
RTO04 Romanov and Tarpley (2004) SCF = In(d+1)/3.33 SCF = In(100d+1)/2
NO7 Niu and Yang (2007) ; :
SCF = tanh | ———— SCF =tanh| ——
252 (2) 0.8 2.5% (£

sets as forcing data and pointed out the urgent need to improve snowpack physics. For the TP area, Orsolini
et al. (2019) found systematic overestimates of snow depth and snow cover in various reanalysis products,
including the European Center for Medium-Range Weather Forecasts (ECMWF) ERA5 and ERA-Interim
data sets, the Japanese 55-year Reanalysis (JRA-55), and the NASA Modern-Era Retrospective analysis for
Research and Applications (MERRA-2). Toure et al. (2016) and Xie et al. (2018) found that the SCF is signif-
icantly overestimated in the TP using the Community Land Model (CLM) versions 4 and 4.5, respectively,
compared with satellite observations. Xia et al. (2014) also pointed out that the overestimated SCF and snow
depth over the TP are common problems based on the two climate models used. Moreover, we found that
snow cover satellite data sets contain notable uncertainties over the TP (Jiang et al., 2019), such as the over-
estimate of the Interactive Multisensor Snow and Ice Mapping System (IMS) SCF product used by Xie
et al. (2018), suggesting that the positive bias of the simulated SCF in the TP might be underestimated.
The overestimated SCF will eventually change the surface energy budget in the model and result in high
uncertainties in land-atmosphere interactions, which then affect simulations of Asian monsoon in spring
(Wu & Qian, 2003). Thus, it is imperative to improve the SCF simulation in the TP.

Model physics and parameterizations of snow processes are major uncertainty sources in snow simulation
(C. He et al., 2019; Chen et al., 2014). Previous studies have developed and evaluated a number of SCF para-
meterizations in land surface models. At the early stage, Dickinson et al. (1986) developed a parameteriza-
tion (hereinafter the D81 formulation; see Table 1) in the Biosphere-Atmosphere Transfer Scheme (BATS)
(Dickinson et al., 1986). A similar parameterization was used in the Météo-France climate model, but it
adopted snow water equivalent (SWE) instead of snow depth as a variant (Donville et al., 1995). Later on,
Yang et al. (1997) developed a new scheme (hereinafter the Y97 formulation; see Table 1) based on in situ
observations in Russia, which was used in the CLM versions 2 and 3. Then, Niu and Yang (2007) improved
the Y97 SCF parameterization by introducing SCF dependence on snow density (hereinafter the N07 formu-
lation; see Table 1), which was constrained by satellite data of SCF and in situ observations of snow depth in
North America. The NO7 scheme has been widely used in land surface models, such as the CLM4, CLM4.5,
and the Noah with multiparameterization (Noah-MP), but its applications revealed significantly overesti-
mated SCF in the TP (Xie et al., 2018). CLM5 applied a new SCF parameterization developed by Swenson
and Lawrence (2012), but preliminary test in the TP showed that this scheme did not give substantially
improvements compared to the N0O7 scheme (Xie et al., 2018).

In addition, Luce et al. (1999) and Liston (2004) developed a subgrid snow distribution model based on sta-
tion observations, which calculates SCF as a function of snowmelt amount. Roesch et al. (2001) developed
three SCF formulas suitable for three topographic types in the ECHAM4 (hereinafter the R0O1 formulation;
see Table 1). Romanov and Tarpley (2004) developed a relationship between SCF and snow depth (herein-
after the RT04 formulation; see Table 1) based on in situ observations of snow depth and satellite retrievals
of SCF in the Great Plains of the United States and Canada. However, the preceding SCF schemes were
mainly developed and tested in North America or Russia, where snow cover is relatively thick and extensive,
which could be problematic for the TP with relatively thin and short-lived snow (shown in Figure 1) and
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Figure 1. The elevation (m) of the study area and the locations of in situ observation stations in the TP (a), mean snow depth per snow day (b; mm/day), and
annual-mean snow persistent days (c) from in situ observations in 2010-2015.

might result in large cold biases of surface air temperature over the TP (Gao et al., 2018; Gao, Xu, et al., 2015;
Gao & Chen, 2017).

Therefore, the main purpose of this study is to assess the uncertainty of model physics in
multiscale-resolution snow cover simulations over the TP by optimizing physics-scheme options and para-
meterizations. This is a follow-up study of Jiang et al. (2019), which investigated the uncertainty in satellite
snow cover data over the TP region. Descriptions of the study area and data sets, including station observa-
tions, satellite data sets, and gridded data used in the model, are provided in section 2. In section 3, we briefly
introduce the Noah-MP LSM, model configurations, and optimizations. The Noah-MP is used here mainly
because of its multiple physical schemes/options providing several parameterizations for each specific pro-
cess of surface heat and water exchanges, which is appropriate for ensemble simulations and uncertainty
analysis (Li et al., 2018; You et al., 2020; Zhang et al., 2016). Simulation results and improvements of snow
cover modeling and uncertainty analysis are provided in section 4. In section 5, we briefly discuss the uncer-
tainty of forcing data in snow cover modeling in the TP. Conclusions are given in section 6.

2. Data Sets
2.1. Atmospheric Forcing and Land-Surface Data Sets

The atmospheric forcing data set used here is the China Meteorological Forcing Dataset (CMFD; https://
data.tpdc.ac.cn/zh-hans/data/8028b944-daaa-4511-8769-965612652c49/; He et al., 2020). It combines a vari-
ety of data sets, including the China Meteorological Administration (CMA) station observations, the Global
Land Data Assimilation System data, the Princeton forcing data, the Tropical Rainfall Measurement Mission
(TRMM 3B42) precipitation, and the downward shortwave radiation from the Global Energy and Water
Cycle Experiment-Surface Radiation Budget (He et al., 2020). The 0.1°, 3-hourly data set covers China for
the period from 1979 to 2015 and provides seven forcing variables, including surface air temperature, surface
pressure, specific humidity, wind speed, precipitation, and downward shortwave and longwave radiation.
Six of them (not including downward shortwave radiation) were further interpolated into hourly resolution
using the Piecewise Cubic Hermite Interpolating Polynomial method (Birkhoff & De Boor, 1965), and the
downward shortwave radiation was interpolated with the effects of solar elevation angle.

MODIS 0.1° multiyear mean (2001-2012) monthly leaf area index (LAI) data and MODIS/Terra+Aqua Land
Cover Type Yearly L3 Global 500 m data (MCD12Q1; http://doi.org/10.5067/MODIS/MCD12Q1.006) were
used to replace the Noah-MP model default vegetation parameters. The 0.0083° Chinese Dataset of Soil
Hydraulic Parameters Using Pedotransfer Functions for Land Surface Modeling (Dai et al., 2013) was used
to specify soil properties, such as the amount of soil sand/clay content and organic matter.

2.2. Model Validation Data Sets

We used both in-situ observations and satellite data sets to evaluate model results. In-situ observations of
snow depth and ground temperature (at the surface) in 2010-2015 are from the CMA and the National
Meteorological Information Center (http://data.cma.cn/site/index.html; Figure 1a). Observations of snow
depth show that the majority stations in the TP have snow depths less than 30 mm per snow day, and the
duration of snow is usually shorter than 5 days (Figures 1b and 1c). However, only 83 stations are located
in the TP, and most of them are in the eastern regions, with no stations at elevation higher than 4,800 m
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(Figure 1a; Gao et al., 2018). Thus, it is necessary to use satellite data with high temporal and spatial resolu-
tion to capture the fast snow cover change over the high elevation with complex terrain.

Based on our previous evaluations (Jiang et al., 2019), two spatiotemporally high-resolution satellite data
sets of SCF from the FengYun-3B (FY3B) and the Moderate Resolution Imaging Spectroradiometer
(MODIS) were used in this study. FY3B is one of the Chinese FengYun-3 (FY3) second-generation polar-
orbiting meteorological satellites (Dong et al., 2009), providing multisensor synergy (MULSS) daily snow
cover product at 0.01° resolution from 2012 to the present (http://satellite.nsmc.org.cn/PortalSite/Data/
Satellite.aspx). MODIS is a 36-channel visible thermal-infrared sensor of the NASA Earth Observation
System (EOS) (Hall et al., 2002). Daily 500-m snow cover products version 6 in 2011-2017 of two MODIS sen-
sors, Terra and Aqua (MOD10AI, https://nsidc.org/data/mod10al; MYD10A1, https://nsidc.org/data/
myd10al), were merged to remove clouds first. Then, a four-step cloud-removal procedure was applied to
the merged MODIS data and the FY3B, which reduced the cloud percentage from around 45% to 3% for both
data sets (Jiang et al., 2019). Finally, two data sets were converted to the same resolution of 0.04°. Evaluation
results of the satellite SCF data show a classification accuracy of about 94% for the FY3B data, which is
higher than the 0.04° MODIS and Multisensor Snow and IMS (Jiang et al., 2019). Therefore, we selected
the FY3B data due to its high accuracy and the MODIS data due to its wide application as the observations
of SCF in the TP. FY3B and MODIS SCF have more consistent climatology and interannual changes than
IMS as well. Despite this, SCF extracted from any single data set at individual grids can have large uncertain-
ties with extreme or unreasonable values. Thus, we used the ensemble mean of FY3B and MODIS data when
extracting SCF for observation stations in sections 3.3 and 4.1 For the spatial distribution analysis of SCF in
section 4, FY3B and MODIS data are used separately.

We also used satellite surface albedo data of the GLASS product (GLASS02B05) developed by the National
Earth System Science Data Center, National Science and Technology Infrastructure of China (http://
www.geodata.cn). This 5-km, 8-day data set provides the black-sky albedo and white-sky albedo in short-
wave, visible, and near infrared bands, respectively. Here we used the albedo data in the shortwave band.
The ground albedo (@) is derived by a function using the black-sky albedo (tt,), White-sky albedo (as,),
and the diffuse skylight fraction (S; Text S1 in the supporting information) (Lewis & Barnsley, 1994; Lucht
et al., 2000; Ma et al., 2019; Wang et al., 2004).

oc:(l—S)XOCbsa+SXO£W5a (1)

This albedo data set is valid at local noontime and has a processing window of 17 days for the 8-day value,
which means the albedo of i day is actually the average value from i — 8 to i + 8 days. Thus, we extracted
and generated the albedo data of simulation results in the same way, to be consistent with the GLASS
data.

3. Methods
3.1. Model Descriptions

The LSM used in this study is the Noah-MP (Niu et al., 2011; Yang et al., 2011), coupled with the High
Resolution Land Data Assimilation System (HRLDAS; Chen et al., 2007) version 3.9 (https://ral.ucar.edu/
solutions/products/high-resolution-land-data-assimilation-system-hrldas). Noah-MP is widely used in cli-
mate and hydrology modeling because of its comprehensive physical processes of land surface evolution
and heat and hydro exchanges (Barlage et al., 2015; Gao et al., 2016). A significant advantage of Noah-MP
is its multiple physical schemes/options; it provides several parameterizations for each specific process for
surface heat and water exchanges (Zhang et al., 2016). The physical processes with multiple options include
the surface-layer exchange coefficient (SFC), runoff and groundwater (RUN), canopy stomatal resistance
(CSR), soil moisture factor for stomatal resistance (BTR), snow albedo (SA), surface resistance (SRE),
rain-snow partitioning (PCP), and snow/soil temperature time scheme (TEMT), as shown in Table 2.
Other physical processes include dynamic vegetation, frozen soil permeability, and canopy radiative
transfer.

Previous evaluations of Noah-MP in the TP showed that it can reproduce reasonably well the key
land-surface processes (e.g., soil temperature and moisture, surface latent, and sensible heat fluxes) of the
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Table 2

Physical Processes With Multiple Options in the Noah-MP, Which Were Used in the Sensitivity Tests in Section 4.1 and the Options Applied in the Controlled
Simulation (CTL) and the Simulation With Optimized Physics-Scheme Options (OPT)

Physical processes Options (G, OPT

Canopy Stomatal Resistance (CSR) (1) Ball-Berry 1) 1)
(2) Jarvis

Soil Moisture Factor for Stomatal Resistance (BTR) (1) Noah (1) (1)
(2) CLM

Runoff and Groundwater (RUN) (1) SIMGM ) )
(2) SIMTOP

(3) Noah (free drainage)
(4) BATS (free drainage)

Surface-Layer Exchange Coefficient (SFC) (1) Monin-Obukhov scheme (1) 2)

Snow Surface Albedo (SA)

(2) Noah (Chen97)
(1) BATS ) (2)
(2) CLASS

Partitioning Precipitation into Rain/Snow (PCP) (1) Jordan (1) (1)

(2) BATS
(3) SECTMP
(4) WRF microphysics output

Snow/Soil Temperature Time Scheme (TEMT) (1) Semi-implicit 1) 1)

(2) Full implicit (Noah)
(3) Same as (1) but use SCF for surface temperature

Surface Resistance for Evaporation/Sublimation (SRE) (1) Sakaguchi and Zeng (for nonsnow) (1) (@)

(2) Sellers
(3) Adjusted sellers
(4) Same as (1) but for snow

TP (Gao, Li, et al., 2015; Jiang et al., 2018; Zhang et al., 2016), but these studies mainly focused on warm
monsoon seasons. For winter processes, Chen et al. (2014) evaluated snow cover and heat-flux simulation
of six LSMs including Noah-MP in the Colorado River Headwaters region and found a better winter
radiation feedback for Noah-MP though their SWE are similar. Minder et al. (2016) also found a better
represented SCF by Noah-MP than by Noah LSM over the Rocky Mountains. Among variables simulated
by Noah-MP, SCF and net radiation show better performances than the others including the gross
primary productivity and evapotranspiration (Ma et al.,, 2017). Thus, Noah-MP is appropriate for the
simulations of winter processes over the TP.

3.2. Model Configurations

The simulations are conducted in a 10-km modeling domain covering the TP (75-105°E, 25-40°N) from
1 January 2012 to 31 December 2015, which is the overlapping period of the CMFD forcing data and satellite
SCF data. The physical schemes of the controlled simulation (CTL) follows the work of Gao, Xu, et al. (2015)
and Jiang et al. (2018), as shown in Table 2. The options of other physical processes used in this study include
option 4 (table LAI with maximum vegetation fraction) for dynamic vegetation process, option 1 (no itera-
tion) for supercool liquid water process, option 2 (nonlinear effects, less permeable) for frozen soil perme-
ability process, option 3 (two-stream applied to vegetated fraction) for radiative transfer process, and
option 1 (semi-implicit) for lower boundary condition of soil temperature process.

A higher-resolution (4 km) simulation was also conducted in the TP from 1 September 2013 to 31 August
2014. Forcing data of 4-km grid were interpolated from the 0.1° CMFD using bilinear interpolation.
Furthermore, surface air temperature of 4-km forcing data was adjusted based on the elevation coefficient
using lapse rate (Gao, Xu, et al., 2015), which is the decreasing rates of air temperature with increasing ele-
vations in the nearest 9 X 9 grids of CMFD data.

To spin up land state variables, a 1-year Noah-MP simulation is usually repeated by 3 to 11 times depending
on physics-scheme options (Chen et al., 2014; Gao, Li, et al., 2015; Jiang et al., 2018; Zhang et al., 2016). Here
we used the 2011 CMFD data for spin-up and repeated five times according to our spin-up evaluation (sup-
porting information Figure S1), which is also consistent with Li, Wang, and Huang (2018).
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Figure 2. Scatterplots of snow depth (m) versus SCF (%). Snow depth is in situ observation. The SCF is from satellite data
(black dots) and the five SCF parameterizations (color circles). (a) The SCF derived by using the original
parameterizations and (b) the results after optimizations.

3.3. Optimizing SCF Parameterizations

Prior to spatial simulations, five SCF parameterizations (see Table 1) were evaluated offline using in-situ
observations and satellite data. Here “offline” means using in-situ observed snow depth as input to the
SCF parameterization in computing SCF, instead of running the full Noah-MP model. This method avoids
uncertainties in modeling and forcing data in computing SCF but requires high-quality observations of snow
depth and SCF. Among the 83 stations in the TP, 30 stations have total snow days less than 10 days in 6 years
(2010-2015), so these stations are excluded. The snow density of NO7 and SWE of R01 used here were calcu-
lated by the parameterization described in the supporting information (Text S2).

Figure 2a shows the relationships between snow depth and SCF derived from five parameterizations using
snow depth observations as input. Y97 reproduces the observed (satellite) SCF better than the other
schemes, with lower bias and root-mean-square error (RMSE; Table 3), but still overestimates the SCF even
when using observed snow depth as input. This indicates that the current SCF parameterizations have sys-
tematic positive biases for SCF in the TP, which is consistent with the results over the western U.S. moun-
tainous regions (He et al., 2019). Since we have daily high-accuracy and high-resolution observations in
the TP, more accurate parameters in these five SCF parameterizations can be derived through fitting the
observations in this area.

The curve-fitting toolbox (cftool) in MATLAB was used to find the appropriate parameters for the five para-
meterizations. It provides flexible regression analysis with various linear and nonlinear models, produces fit-
ting equations with confidence intervals and residuals, and optimizes parameters for a specific formula.
Therefore, the five SCF parameterizations were further optimized by using the optimized parameters
derived from cftool, as shown in Table 1. This reduces the simulated SCF biases from over 20% to less than
6% for the stations and also decreases RMSE (Figure 2b), but only the optimized RO1 and N07 have higher
correlation coefficients (supporting information Table S1). Among the five modified parameterizations,
the optimized Y97 has the best overall performance for ground observation stations, while the optimized
RTO04 and D81 have higher correlation coefficients (>0.4; supporting information Table S1).

4. Model Results and Uncertainty Analysis
4.1. Uncertainty From Multiple Physics-Scheme Options

Having multiple physics schemes is the main advantage of Noah-MP, but uncertainties can be introduced if
inappropriate physics-scheme options are used. The physics-scheme options of CTL were mainly applied for
warm seasons over the TP (Gao, Xu, et al., 2015). To test the sensitivity of the physics-scheme options on the
SCF simulation in cold season, we conducted a number of sensitivity experiments with different
physics-scheme options at the observation stations over the TP from 1 September 2013 to 31 August 2014.
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Table 3

Annual Mean Biases (%), RMSE, and Pattern Correlation Between the MODIS
SCF and Simulated SCF From the OPT With Original NO7 and OPT With Five
Optimized SCF Parameterizations (OPT/OD81 = OPT + the Optimized D81,
OPT/0Y97 = OPT + the Optimized Y97, OPT/OR01 = OPT + the Optimized
ROI1, OPT/ORT04 = OPT + the Optimized RT04, and OPT/ON07 = OPT + the

Optimized NO7) were kept unchanged. Then, for a specific scheme/process with mul-
OPT/ OPT/ OPT/ OPT/ OPT/ tiple options, each option was applied in an individual simulation at
OPT OD81 0Y97 ORO1 ORTO04 ONO07 the observation stations. Finally, we checked the biases of snow
B 146 18 56 15.1 1.89 0.9 depth and SCF averaged in three seasons (spring, autumn, and win-
RMSE 20.6 11.4 13.7 19.2 12.0 11.0 ter) at the 83 observation stations in the TP.
corr. 069 076 9.76 074 9.76 9.76 Figure 3 shows no significant differences in biases of snow depth and
SCF simulated by different options of CSR, BTR, RUN, and PCP
schemes, which indicate a rather weak sensitivity of simulated snow cover and depth to these
schemes/processes. The SFC scheme with option 2, the SA scheme with option 2, the TEMT scheme with
option 1 or 3, and the SRE scheme with option 2, 3, or 4 (details in Table 2) have relatively smaller biases
for both snow depth and SCF than the other options (Figure 3). The high sensitivity of SFC and TEMT
scheme to the snow depth simulation in North Xinjiang, China was also reported by You et al. (2020).
Therefore, we used option 2 of the SFC scheme and option 4 of the SRE scheme and kept the other schemes
the same as those in CTL for simulations with the optimized physics-scheme options (OPT) shown in
Table 2.
The OPT were then used in a 10-km simulation covering the whole TP in 2012-2015 to investigate their
impact on regional snow cover simulation. Figure 4 shows that CTL significantly overestimates SCF in
the TP compared to MODIS and FY3B, with annual mean biases over 20%, especially in the northwestern
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Four schemes/processes (SA, PCP, TEMT, and SRE in Table 2)
related to snow cover and four schemes (CSR, BTR, RUN, and SFC
in Table 2) sensitive to land surface processes according to ensemble
simulations (Zhang et al., 2016) were tested. First, eight physical
schemes/processes were tested one by one while the other processes

Figure 3. Box plots for the biases of snow depth (mm; al-a8) and SCF (%; b1-b8) between observations and simulations from 1 September 2013 to 31 August 2014
using different physic-scheme options at the 83 stations in the TP. Eight physic schemes tested here are the CSR (al, bl), BTR (a2, b2), SFC (a3, b3), RUN(a4, b4),
SA(a5, bs), PCP(a6, b6), TEMT(a7, b7), and SRE(a8, bs).
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Figure 4. Biases of annual SCF (%) in 2012-2015 between MODIS/FY3B data and CTL/OPT simulation in the TP. Their
spatial average values are given at the lower left corner.

regions. SCF biases in winter are even higher, which are over 50% and 60% compared to MODIS and FY3B,
respectively. Compared to CTL, the OPT simulates the annual SCF more accurately, with annual mean
biases reduced from 22.8% and 24.8% to 14.6% and 16.6% averaged over the TP compared to MODIS and
FY3B data, respectively (Figures 4a2 and 4b2). Thus, the reduced absolute bias of annual SCF by using
the OPT is about 8.2%, indicating that optimizing the Noah-MP physics-scheme options helps reduce the
uncertainty in SCF simulation.

4.2. Uncertainty From SCF Parameterizations

Although the OPT improves SCF simulation, it still overestimates SCF significantly. The five optimized SCF
parameterizations introduced in section 3.3 were then applied with the OPT in 10-km simulations covering
the whole TP in 2012-2015. Figure 5 shows that compared to the MODIS data, the high positive bias of
annual SCF of the OPT simulation is reduced significantly by using the optimized SCF parameterizations,
except for optimized RO1. Biases of annual SCF averaged over the TP reduce to around 1-2% for the OPT
with optimized D81, RT04, and NO7, which are lower than those with optimized Y97 and RO1 (Table 3).
Comparison with the FY3B data shows similar results (supporting information Figure S2). This suggests that
SCF parameterizations contribute significantly to the uncertainty of SCF simulation in the TP, which
appears to be more important than an optimized combination of physics-scheme options (section 4.1).

Among the five parameterizations, optimized NO7 produces the lowest bias and RMSE with higher pattern
correlation coefficient compared with satellite data (Table 3). Spatial mean daily SCF (supporting
information Figure S3) shows that all the schemes can generally capture the seasonal variations of snow
cover, but the OPT with optimized D81, RT04, or NO7 generates better SCF values, which is mainly because
optimized D81, RT04, and NO7 reduce the SCF value in the early snow accumulation age.

However, the annual SCF of the OPT simulation with optimized parameterizations is still overestimated in
the western TP and underestimated in the eastern TP especially in mountainous areas (Figure 5). Moreover,
biases of annual SCF have generally similar spatial distributions for the OPT with optimized D81, RT04, and
NO7. This suggests that the remaining SCF uncertainties are likely related to the atmospheric forcing data
(especially orographic precipitation for the southeastern TP area, as pointed out by Gao et al., 2020) and sub-
grid scale topographic effects.
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Figure 5. Annual-mean biases of SCF (%) in 2012-2015 of OPT simulation results using the original NO7 (OPT; a), the
optimized D81 (OPT/ODS81; b), the optimized Y97 (OPT/OY97; c), the optimized RO1 (OPT/ORO1; d), the optimized
RT04 (OPT/ORTO04; e), and the optimized N07 (OPT/ONO07; f), with respect to the MODIS snow cover data.

4.3. Uncertainty From Model Spatial Resolution

To explore the effects of scale dependency, a higher-resolution (4 km) simulation using the OPT and opti-
mized NO7 was conducted in the TP in a continuous snow season from 1 September 2013 to 31 August 2014.

Figure 6 shows the biases of annual SCF at 10- and 4-km resolutions compared to the MODIS and FY3B data.
Generally, the spatial distribution of 4-km annual SCF shows slight improvements. Compared to the 10-km
simulations, the negative SCF biases in the central to eastern TP are reduced by using the 4-km simulation,
so are the positive SCF biases in the northwestern TP (Figure 6). Seasonal and annual biases of 4-km SCF are
also lower than those of 10-km SCF, except for summer (Table 4). Spatial mean daily SCF (Figure 7) shows
that both of the OPT/ONO7 in 10- and 4-km resolutions can generally capture the seasonal variation of snow
cover, which is closer to the MODIS data than CTL and other optimized SCF schemes. Furthermore, the
4-km OPT/ONO7 has lower SCF in the early snow accumulation age than its 10-km resolution counterpart,
while they are very close in the other periods. This is probably because the impacts of the adjusted air tem-
perature of 4-km resolution mainly show in the snow accumulation period.

However, the negative SCF biases on top of the mountains are more significant in the 4-km simulation than
in the 10 km one, such as the Qilian Mountain region in the northeastern TP (Figure 6). This suggests that
higher spatial resolution does not solve the main problem of SCF biases in high mountains of the TP. Thus,
the uncertainty from using different model spatial resolutions tends to be small in this study. This is mainly
because no significant differences exist in the forcing data for the two simulations except for the adjusted air
temperature.
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Figure 6. Annual-mean biases of SCF (%) from 1 September 2013 to 31 August 2014 between the MODIS/FY3B snow
cover data and the simulation results of OPT/ONO7 in 10- (al-b1) and 4-km (a2-b2) resolutions, respectively.

4.4. Effects on Surface Energy Budget and Snow Depth

Uncertainty of SCF simulation will result in substantial uncertainty of land-atmosphere interactions by
affecting the surface energy budget because of high snow albedo. Compared to the GLASS data, the CTL
simulation significantly overestimates the surface albedo with biases over 0.1 for most areas of the TP
(Figure 8a). The OPT simulation also has substantially higher surface albedo especially in the northwestern
TP (Figure 8b), though its mean bias is reduced to around 0.08. Both the OPT/ONO7 in 4- and 10-km resolu-
tions produce similar and reasonable surface albedo with mean bias around 0.02. For different elevation
bands, higher elevation has more significant improvements for the surface albedo during snow season,
and the OPT simulation shows larger improvements than the optimized SCF schemes (Figures 9a1-9d1).
Figures 9a1-9d1 also show that the biases of surface albedo in winter and spring are even lower than those
in summer and autumn, which implies that the remaining albedo bias in the eastern TP may not be due to
the uncertainty of snow cover.

The improvements of surface albedo substantially increase the winter net radiation fluxes of the OPT and the

OPT/ONO7 in 4- and 10-km simulations and the sensible and latent heat fluxes (Figures 9a2-9a4). In spring

and autumn, only high elevation bands have higher net radiation and sensible heat for the improved SCF

simulations, while latent heat does not change much. In general, sensible heat flux proportionally increases

with the increased net radiation, indicating that the decreased albedo and SCF mainly result in increasing
sensible heat. The latent heat fluxes of the OPT and OPT/ONO7 in
4- and 10-km simulations are almost the same, so they are mainly
affected by the OPT simulation.

Seasonal and Annual Biases of SCF (%) Between the FY3B/MODIS Data and the
Simulation Results of 4- and 10-km Resolutions, Respectively, Using the OPT
With Optimized NO7 Scheme (OPT/ON07) From 1 September 2013 to 31
August 2014

Spring  Summer  Autumn  Winter  Annual
4 km MODIS =37 0.9 =I5 1.4 —0.5
FY3B —0.1 3.0 =12 4.7 1.5
10 km MODIS —4.4 0.8 =27 22 —0.9
FY3B —0.3 2.6 1.3 5.1 21

Moreover, Figure 10a shows that the CTL simulation has a significant
lower ground temperature (Tg) than in situ observations for most
areas with mean biases around —3.5°C over the TP. Both the OPT
and OPT/ONO7 improve Tg substantially, with annual biases of Tg
reducing to —1.2°C and —0.8°C, respectively, but effects of the opti-
mizing SCF parametrizations on Tg are limited compared to those
of the OPT (Figures 10b and 10c). This is because the OPT reduces
the SCF by changing the option of surface exchange coefficient
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Daily SCF (%)

e OPT/ONO7-4km process, while the optimized SCF parameterization reduces the SCF
—— OPT/ON07 directly and the increased energy is mainly transferred to the atmo-
sphere instead of warming up the ground (Figure 9). The
OPT/ONO07 in 4-km resolution simulation improves Tg in summer
and autumn, reducing the annual bias to 0.5°C (supporting
information Figure S4). In addition, negative bias of Tg could be
found in the eastern TP where SCF is also underestimated for the
OPT and OPT/ONO7, because it is mainly from the underestimated

Figure 7. Spatial mean daily SCF from 1 September 2013 to 31 August 2014 for
the MODIS SCF and the simulation results of the CTL, OPT, and OPT/ONO07 in

10- and 4-km resolution.

air temperature (supporting information Figure S5) instead of the
SCF bias itself. This also explains why the OPT/ONO7 in the 4-km
resolution with an adjusted air temperature shows better Tg in the
eastern TP than that in the 10-km resolution.

Uncertainty of heat fluxes also affects the simulation of snow depth.

Figure 11 shows that CTL has significantly higher snow depth in
the TP, with annual mean biases of 4.2 mm compared to in situ observations. The OPT and OPT/ONO07
improve snow depth substantially, with annual biases reduced to 1.3 and 0.2 mm, respectively (Figure 11).
However, the OPT/ONO7 in the 4-km resolution underestimates snow depth in fall and late spring when
the snow cover is more sensitive to air temperature than that in winter.

5. Discussion

LSMs commonly have less optimal performance in complex and heterogeneous regions such as the TP.
Therefore, we mainly focus on improving existing SCF parameterizations, optimizing parameters, and quan-
tifying their contributions to seasonal snow simulations in this paper. This study provides a useful and effec-
tive method to update parameters, as parameter settings may depend on geographic location, climatology,
and different versions of LSMs, which introduce uncertainties.

Atmospheric forcing conditions represent another uncertainty source of modeling snow cover (Chen
et al., 2014; He et al., 2019; Mizukami et al., 2014). Clark et al. (2011) summarized that the
watershed-scale snow cover is mainly shaped by meteorological data, which controls the freezing level
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Figure 8. Mean biases of surface albedo from 1 September 2013 to 31 August 2014 of the simulation results of CTL (a),
OPT (b), and OPT/ONO7 in 10- (c) and 4-km (d) resolutions, with respect to the GLASS data.
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Figure 9. Seasonal-mean albedo, net radiation, sensible heat, and latent heat (W m_z) averaged at six elevation zones
(0-2.5, 2.5-3.5, 3.5-4.5, 4.5-5, 5-5.5, and >5.5 km) from 1 September 2013 to 31 August 2014 simulated by the CTL,
OPT, and OPT with the optimized NO7 scheme in 10-km resolution (OPT/ON07) and in 4-km resolution (OPT/ONO07-
4km), respectively.
and melt energy. Mizukami et al. (2014) and Raleigh et al. (2015) found that shortwave and longwave radia-
tion significantly alter the snow melt timing, respectively. Chen et al. (2014) found that models performed
better in SWE simulations with better atmospheric forcing data of precipitation and air temperature. A series
of studies were applied to explore the impacts of precipitation data sets in different spatial resolutions pro-
duced by regional climate model on snowpack modeling over the French Mountains and found significant
improvements of snow simulation with higher resolution precipitation data (Quéno et al., 2016; Vionnet
etal., 2016, 2019). He et al. (2019) assessed the impacts of precipitation uncertainty on snowpack simulation
in the western America using five precipitation data sets and found added values of convection-permitting
JIANG ET AL. 12 of 17



Ay

N\I Journal of Geophysical Research: Atmospheres 10.1029/2020JD032674

ADVANCING EARTH
AND SPACE SCIENCE

75°E 80°E  85°E  90°E  95°E 100°E 105°E75°E 80°E  85°E  90°E  95°E 100°E 105°E

T T T T T
36°N | 38°N
34°N 36°N
32°N | 34°N
30°N | 32°N
28°N 30°N
26°N 28°N
36°N 4 38°N
34°N 1 36N
32°N 4 34°N
30°N 4 32°N
28°N - 30°N
26°N w - 28°N
L L . L {e

80°E 85°E 90°E 95°E 100°E 80°E 85°E 90°E 95°E 100°E

<5 53 Bed A~l 1n3 35 55

Figure 10. Biases of ground temperature (Tg; °C) from 1 September 2013 to 31 August 2014 of the nearest-grid
simulation results of CTL (a), OPT (b), and OPT with the optimized N07 scheme in 10-km resolution (OPT/ONO7; c)
and in 4-km resolution (OPT/ON07-4km; d), respectively, with respect to the station observations in the TP.

modeling of precipitation for high-resolution snow simulations. Our recent findings in the TP agree with
those of previous works and show that the underestimated SCF in the southeastern mountain regions of
the TP can be improved significantly using a 4-km precipitation simulated by the WRF model (Gao
et al., 2020). This suggests that the snow cover underestimate in other mountainous regions of the eastern
TP is likely due to the underestimated topographic precipitation, and that if more accurate
modeling/satellite precipitation data could be used to correct the forcing, the snow cover modeling would
be improved.

Uncertainties in model physics schemes and parameters could lead to over 100% relative biases in SCF simu-
lation. Some of these biases can be reduced efficiently using local observations through optimizing para-
meters as we showed in this study and through developing new schemes (Wang et al., 2020). Further
uncertainty mitigation needs model physics improvements that consider the complex effect of topography.
However, uncertainties of atmospheric forcing data on snow modeling are more complex and hard to be

quantified, especially for areas with complex topography and insuffi-

cient observations. A main limitation of this work is that we do not

Snow Depth (mm)

TN R RENN SRR EUNEN A SN S

have enough observations of atmospheric forcing data for an exten-
::::8E;8“g;'4km sive analysis of uncertainty associated with the forcing data, espe-
-———OPT cially in the mountains, which requires more in situ observations in
""""" the high mountains in the TP.

Another limitation of this work is that we do not consider the impact
and uncertainty of topography on model physics. The subgrid varia-
tion of topography is represented by the standard deviation of eleva-
tion here (supporting information Figure S6b), which shows that the
complex topographic regions are mainly located near the boundaries

Sep Nov Jan

Mar May Jul and the southeastern TP, where SCF is underestimated. However,
scatterplot of the standard deviation of elevation versus SCF biases

Figure 11. Daily snow depth (mm) from 1 September 2013 to 31 August 2014 for  (supporting information Figure S6¢) does not show any significant

the station observations in the TP and the nearest-grid simulation results of CTL,
OPT, and OPT with the optimized NO7 scheme in 10-km resolution (OPT/ON07)
and in 4-km resolution (OPT/ONO07-4km), respectively.

correlation. This is probably due to the large study region over the
whole TP and the rough spatial resolution used in this study,
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because topographic effects on snow cover simulation highly rely on spatial resolution as discussed below.

On the mountain-range scale (usually from 1 km to less than 4 km in horizontal resolution), Mott et al. (2018)
pointed out that snow depth distribution mainly attributes to topographic precipitation, which is consistent
with studies using high-resolution convection-permitting regional climate models to produce precipitation
for snow modeling (Gao et al., 2020; He et al., 2019; Quéno et al., 2016; Vionnet et al., 2016, 2019). At finer
scales (usually several meters to less than 500 m), impacts of wind speed on snowfall sublimation and snow-
pack redistribution (drifting snow) are more significant. For example, Erickson et al. (2005) and Anderton
etal. (2004) found that the most effective controller of snow redistribution is wind factor among several other
terrain parameters including elevation, slope, and radiation. Impacts of topography on snow cover are con-
sidered using surface roughness (Barlage et al., 2010; Lehning et al., 2011) and 3-D mountain radiation with
shadow effects (Fan et al., 2019) as well.

However, it is still not clear what should be the optimal spatial resolution for modeling topographic effects. A
sensitivity test recommended a resolution of 250 m or less for a catchment in the High Atlas for snow mod-
eling, because significant features of topography are smoothed out in coarse resolutions (Baba et al., 2019).
This result may be not appropriate for other mountainous regions, but most of the above studies considering
topographic effects used a resolution less than 1 km; none of them uses a resolution coarser than 3 km.
Therefore, it is challenging to parameterize topographic effects for cross-scale applications.

6. Conclusions

In this study, we analyzed uncertainties in snow cover modeling over the TP associated with the Noah-MP
multiple physics-scheme options, SCF parameterizations, and model spatial resolution. Our main conclu-
sions are as follows.

Using the optimized Noah-MP physics-scheme options (OPT), we improved the SCF simulation significantly
by reducing annual biases from 22.8% to 14.6% compared to the MODIS data and from 24.5% to 16.6% com-
pared to the FY3B data. Optimizing the SCF parameterizations reduced annual SCF biases from around 15%
to less than 2% for three of the five widely used parameterizations compared to the MODIS data. This indi-
cates that the SCF parameterization is more important than the multiple physics-scheme options for redu-
cing the uncertainty.

Compared to the 10-km simulation, the 4-km simulation with topographically adjusted air temperature
showed slight improvements in annual and seasonal SCF but did not significantly improve the spatial distri-
bution of SCF in mountainous areas. Thus, the uncertainty from using different model spatial resolutions
seems limited in this study.

Reducing high biases of SCF led to significantly lower surface albedo, which was closer to the GLASS albedo.
The lower surface albedo in turn resulted in higher net radiation flux and sensible heat flux. Consequently,
simulations of surface temperature and snow depth were improved. The annual bias of surface temperature
was reduced from —3.5°C to —0.8°C compared to that of CTL, and the bias of snow depth was reduced from
4.2 to 0.2 mm.

Data Availability Statement

Data used in this study are available through our previous work for the SCF satellite data sets of MODIS and
FY-3B (Jiang et al., 2019) and the open access for the atmospheric forcing data (https://data.tpdc.ac.cn/zh-
hans/data/8028b944-daaa-4511-8769-965612652c49/; He et al., 2020).
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