
1.  Introduction
The Tibetan Plateau (TP), which is also known as “The Third Pole,” is the highest land area in the world and has 
widespread seasonal snow cover. In the past 50 years, the TP has undergone dramatic changes characterized by 
imbalances in the warming climate, such as accelerated glacier retreats, permafrost degradation, lake expansions, 
and snow cover change (S. Kang et al., 2010; Yao, Wu, et al., 2019; Yao, Xue, et al., 2019). The interannual 
trends in snow cover over the TP for the last 40–50 years show remarkable regional and seasonal differences 
(You et al., 2020). The use of different data set. also affects the evaluation of trends in TP snow cover (Bian 
et al., 2020; You et al., 2020). In addition to the interannual variation, the strong solar radiation, high elevations, 
and complex terrains over the TP also lead to high spatial and temporal variabilities in the snow cover distribution. 
The variability of different time scales in seasonal snow cover over the TP influences the land-atmosphere energy 
exchange process, thereby influencing the weather and climate of the TP and its surrounding areas (H. Zhao & 
Moore, 2004; Li et al., 2018; P. Zhao et al., 2007; Seol & Hong, 2009; Wu & Qian, 2003; Xiao et al., 2016).

Abstract  The Tibetan Plateau (TP) is the highest land in the world and has a very complex topography. 
However, the influence of topography on TP snow cover simulations has not been adequately addressed in most 
land surface models. The analysis of satellite observations indicates that snow cover fraction (SCF) simulation 
biases increase with the topography complexity, and this increasing trend slows down when the standard 
deviation of topography is greater than 200 m. The result also shows that using the SCF schemes without 
consideration of topography leads to a consistent overestimation in winter. To account for the topographic 
effects, we introduce a modified topographic factor to the SCF schemes. Then we conduct regional simulations 
using the Simplified Simple Biosphere Model version 3 (SSiB3) and evaluate the results at the location of 
observation sites to reduce the uncertainty induced by forcing data. Compared with the default SCF scheme, 
the mean winter SCF bias is reduced from 3.83% to −0.10%. The optimization of SCF simulations further 
improves the winter surface albedo and land surface temperature (LST) simulations. The winter surface albedo 
bias over the TP is reduced from 0.020 to 0.007, with a maximum reduction by −0.133. The winter LST bias is 
reduced from −3.33 to −3.04 K, with a maximum reduction by 3.60 K. This study highlights the importance of 
topographic effects in simulating snow cover distribution and land surface energy budget for reducing the “cold 
bias” in winter climate simulations over the TP.

Plain Language Summary  The Tibetan Plateau (TP) has a very complex topography, which 
greatly influences the snow cover distribution in winter. However, the influence of topography on snow cover 
simulations has not been adequately addressed in most land surface models. Based on the satellite data, we find 
that ignoring topography leads to a significant overestimation of the simulated snow cover distribution over 
the TP in winter, and the overestimation increases with the topographic complexity until the terrain complexity 
reaches a certain level. By applying this relationship, the winter snow cover distribution simulations are greatly 
improved over the TP, and this improvement further leads to the improvement of land surface energy budget 
simulations in winter. Taking the topographic effect on snow cover distribution into account contributes to 
reducing the “cold bias” in winter climate simulations over the TP.
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On the TP, in-situ observations are very limited due to the harsh environment. Therefore, numerical simulations 
are necessary for snow cover and climate research. However, a common “cold bias” exists in the near-surface 
temperature simulations in current global climate models and regional climate models (Cui et al., 2021; Meng 
et al., 2018; Su et al., 2013; Y. Gao et al., 2015). This “cold bias” may be attributed to precipitation ice radiative 
effects (Lee et al., 2019), “wet bias” (Duan et al., 2013), overestimated snow cover (Lalande et al., 2021; X. 
Chen  et al., 2017), aerosols in the snow (Usha et al., 2020) and other causes. Meng et al. (2018) reduced the “cold 
bias” of simulated near-surface air temperature over the TP by updating the surface albedo based on the Moderate 
Resolution Imaging Spectroradiometer (MODIS) product and indicated that the “cold bias” is probably caused 
by the bad simulations of snow cover. During the snow season, especially in winter, the change in surface albedo 
over the TP is dominated by the variation in snow cover. W. Wang, Yang, et al. (2020) proposed a new albedo 
scheme for shallow fresh snow over the TP, and the snow simulation bias was greatly reduced. In addition to the 
snow albedo, the overestimation of snow cover areas may also lead to the overestimation of surface albedo, and 
thus cause the “cold bias” in the near-surface air temperature simulations.

In climate models and land surface models, snow cover fraction (SCF) parameterizations are widely used to 
calculate the snow cover area percentages of model grids. Dickinson et al. (1993) developed a SCF parameteriza-
tion scheme in the Biosphere-Atmosphere Transfer Scheme, which depends on the snow depth (SDP) and ground 
roughness (Z0g). After that, different SCF schemes were developed in several studies (Bonan, 1996; Marshall & 
Oglesby, 1994; Marshall et al., 1994; Niu & Yang, 2007; Sellers et al., 1996; Sun & Xue, 2001; Wu & Wu, 2004; 
Z. L. Yang et al., 1997), but none of these parameterization schemes accounted for the influence of topogra-
phy on the SCF simulations. Douville et al.  (1995) used snow water equivalent (SWE) to calculate SCF and 
introduced topographic factors to consider the influence of topography on SCF in mountainous areas, and used 
the standard deviation of topography (SDtopo) to represent the topographic complexity. Based on this, Roesch 
et al. (2001) developed a new scheme considering both hyperbolic functions and the influence of topography on 
SCF. After that, Swenson and Lawrence (2012) developed a new SCF scheme for the Community Land Model 
(CLM) based on daily satellite observations to consider both the influence of topography and the differences 
between the snow accumulation period and snowmelt period. This new scheme also used SDtopo to represent 
the topographic complexity. In addition, in the recently released land surface model Beijing Climate Center 
Atmosphere-Vegetation Interaction Model version 2.0, Li et al. (2019) modified the SCF scheme by combining 
the schemes of Yang et al. (1997) and Roesch et al. (2001).

In recent years, several researchers have evaluated the simulation effects of different SCF schemes in land surface 
modeling on the TP. Xie et al. (2018) evaluated the simulation differences of two SCF schemes on the TP using 
the CLM 4.5 based on the Interactive Multisensor Snow and Ice Mapping System snow cover products and 
pointed out that the scheme from Niu and Yang (2007) overestimated the SCF on the TP, while the scheme from 
Swenson and Lawrence (2012) underestimated it. Based on the MODIS and FY-3B snow cover products, Jiang 
et al. (2020) optimized the SCF schemes in Noah-MP and reduced the overall bias of SCF simulation. The TP is 
the highest and youngest natural geographical unit in the world. The rapid uplift and unroofing of southern Tibet 
began approximately 20 million years ago, and the present elevation of much of the TP was attained approxi-
mately 8 million years ago (Harrison et al., 1992). The TP and its surrounding areas also have a very complex 
topography (shown in Figure 1). The edge of the TP has large fluctuations, while the interior of the TP is flat. 
Due to the complex topography and strong radiation on the TP, the characteristics of snow cover on the TP are 
quite different from those in high-latitude areas (J. Wang et al., 2018; Qin et al., 2006), indicating that the snow 
parameterization schemes must be evaluated and modified with the consideration of complex topography over 
the TP. However, the influence of topography on SCF simulations on the TP has not been evaluated in previous 
studies. Accurately optimizing the bias in SCF simulations caused by the topography on the TP also remains 
challenging.

In this study, we analyze the influence of topography on SCF simulations based on satellite observations, evalu-
ate the simulation effects of six SCF schemes in the Simplified Simple Biosphere Model version 3 (SSiB3) land 
surface model and try to reduce the SCF simulation bias that arises due to topography by introducing a topo-
graphic factor to the original schemes. Section 2 describes the details of the data used in this study, the SSiB3 
land surface model, the topographic factors, and the experimental design. The simulation results are presented in 
Section 3. The discussion and conclusions are presented in Sections 4 and 5, respectively.
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2.  Data and Method
2.1.  Meteorological Forcing Data and Input Data

The SSiB3 model is driven by the China Meteorological Forcing Dataset (CMFD; http://data.tpdc.ac.cn/en/data
/8028b944-daaa-4511-8769-965612652c49/; He et al., 2020; K. Yang et al., 2010). The CMFD is one of the 
state-of-the-art near-surface meteorological data sets with a gridded spatiotemporal resolution that was devel-
oped specifically for studies of land surface processes in China. The data set was made through the fusion of 
remote  sensing products, reanalysis data sets, and in-situ observation data recorded at weather stations (He 
et al., 2020). The data set, with a temporal resolution of 3 hr from 1979 to 2018 and a spatial resolution of 0.1°, 
includes 2-m air temperature, surface pressure, specific humidity, 10-m wind speed, downward shortwave radia-
tion, downward longwave radiation, and precipitation rate values.

The leaf area index (LAI) in the original SSiB3 model is obtained using a look-up table for different land cover 
types and months. We use 0.1°, multiyear mean (2000–2015) LAI data obtained from the Land-Atmosphere Inter-
action Research Group at the Sun Yat-sen University (http://globalchange.bnu.edu.cn/research; Yuan et al., 2011) 
to replace the default LAI parameter values. The 2015 Terra and Aqua Combined MODIS Land Cover Yearly L3 
Global 0.05° Climate Modeling Grid (MCD12C1) product (https://doi.org/10.5067/MODIS/MCD12C1.006) is 
used to replace the original land cover map in SSiB3.

A 0.008° elevation data set for the TP (available at http://data.tpdc.ac.cn/en/data/ddf4108a-d940-47ad-b25c-
03666275c83a/) is input to calculate the gridded SDtopo. The elevation data set is made based on NASA Digital 
Elevation Model (DEM) elevation data integrating terrain slope and referencing mountain integrity and ecosys-
tem integrity. The 0.1° SDtopo data are obtained by calculating the standard deviation of all DEM data in the 
0.1° grid cell.

2.2.  Validation Data

The daily cloudless MODIS snow area ratio data set of the TP (https://data.tpdc.ac.cn/en/data/94a8858b-3ace-
488d-9233-75c021a964f0/; Tang et al., 2013) is used to validate the simulated SCF in this study. The daily cloud-
less MODIS snow area ratio data set (2000–2015) of the TP is obtained by using a cloud removal algorithm based 
on cubic spline interpolation to optimize the MODIS daily snow product MOD10A1. The data set is projected 
by Universal Transverse Mercator Grid System with a spatial resolution of 500 m, providing daily SCF results 
in the TP. We average the original data with a spatial resolution of 500 m based on the coordinate to derive 0.1° 
SCF data in this study.

We use a daily, 0.05° SDP data set for the TP (https://data.tpdc.ac.cn/en/data/0515ce19-5a69-4f86-822b-
330aa11e2a28/; Yan et al., 2021) in this study. The SDP data set is derived from the fusion of the snow cover 
probability data set and the long-term SDP data set in China. A subpixel downscaling algorithm is developed to 

Figure 1.  Global 0.1° standard deviation of topography (SDtopo, unit: m) (left) and that of the Tibetan Plateau (TP; right); location of 99 China Meteorological 
Administration stations over the TP (right).

http://data.tpdc.ac.cn/en/data/8028b944-daaa-4511-8769-965612652c49/
http://data.tpdc.ac.cn/en/data/8028b944-daaa-4511-8769-965612652c49/
http://globalchange.bnu.edu.cn/research
https://doi.org/10.5067/MODIS/MCD12C1.006
http://data.tpdc.ac.cn/en/data/ddf4108a-d940-47ad-b25c-03666275c83a/
http://data.tpdc.ac.cn/en/data/ddf4108a-d940-47ad-b25c-03666275c83a/
https://data.tpdc.ac.cn/en/data/94a8858b-3ace-488d-9233-75c021a964f0/
https://data.tpdc.ac.cn/en/data/94a8858b-3ace-488d-9233-75c021a964f0/
https://data.tpdc.ac.cn/en/data/0515ce19-5a69-4f86-822b-330aa11e2a28/
https://data.tpdc.ac.cn/en/data/0515ce19-5a69-4f86-822b-330aa11e2a28/
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downscale the original 0.25° SDP data set, and derive the 0.05° daily SDP product. For the 92 meteorological 
stations of the China Meteorological Administration (CMA) over the TP, the average root mean square error 
(RMSE) value is reduced from 2.15 to 1.54 cm, and the average mean absolute error (MAE) is reduced from 1.12 
to 0.67 cm.

We also use albedo data from the Global Land Surface Satellite (GLASS) product (http://www.glass.umd.edu; 
Liang, Zhang, et  al., 2013; Liang, Zhao, et  al., 2013, 2020) to evaluate the surface albedo simulation results 
obtained in this study. We generate monthly surface albedo data from the 8-day clear-sky shortwave albedo 
data according to the method outlined in F. Gao et al. (2014). Previous studies have evaluated the accuracy of 
GLASS albedo products (A. Chen et al., 2015, 2020; L. Wang et al., 2014). A. Chen et al. (2015) indicated that 
GLASS  albedo data probably overestimates the surface albedo due to the influence of clouds, and GLASS albedo 
is lower than in-situ observation due to snow cover. Compared to MODIS albedo data, GLASS albedo data shows 
a better spatial continuity and inversion quality. Furthermore, MODIS and GLASS albedo data can both match 
the in-situ observations based on the TP, and GLASS performs better during the snow period (Chen et al., 2020).

The MODIS daily land surface temperature (LST) product (https://modis.gsfc.nasa.gov/data/dataprod/mod11.
php; Wan,  2014) is used to validate the LST simulations in this study. The MODIS LST product has good 
spatiotemporal continuity, which makes up for the lack of sparse observational data on the TP. The data have 
been widely used to investigate the LST variations over the TP (M. Yang et  al.,  2021; Ouyang et  al.,  2012; 
Xu et  al.,  2013). The data are also preprocessed by monthly synthetic cloud removal processing (taking the 
cloud-free phase surface temperature values in each month for average processing and obtaining the monthly 
average daytime and nighttime surface temperatures) before validation.

2.3.  Land Surface Model Simplified Simple Biosphere Model Version 3

The SSiB land surface model was developed by Xue et al. (1991) and has evolved with several versions. SSiB 
version 3 (SSiB3; Sun & Xue, 2001) is coupled with the Snow-Atmosphere-Soil Transfer (SAST) snow model 
(Sun et al., 1999; Zhong, Li, Sun, Chen, & Wen, 2017; Zhong, Li, et al., 2017). SAST presents a snow cover 
model and originally deals with the atmosphere-snow-soil continuum only. There is no direct interaction between 
vegetation and snow cover in the original SAST.

In SSiB3, there are 13 land cover types, and snow-vegetation interactions are taken into consideration. The 
effects of vegetation on snow radiation and hydrological processes are considered separately based on different 
vegetation types. The snowpack in SSiB3 is one layer of thin snow or divided into three layers if the SDP is larger 
than 7 cm. The SCF is determined by the SWE (see Table 1). In SSiB3, the surface albedo is calculated based 
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Note. 𝐴𝐴 𝐴𝐴0𝑔𝑔 is the ground roughness (𝐴𝐴 𝐴𝐴0𝑔𝑔  = 0.01 m), 𝐴𝐴 𝐴𝐴new is the new snow density (𝐴𝐴 𝐴𝐴new  = 100 kg/m 3), 𝐴𝐴 𝐴𝐴 is the melting factor (𝐴𝐴 𝐴𝐴  = 1.0, the default value in Noah-MP), 
𝐴𝐴 𝐴𝐴accum is the snow accumulation coefficient (𝐴𝐴 𝐴𝐴accum  = 0.1), 𝐴𝐴 𝐴𝐴sno∆𝑡𝑡 is the amount of new snow that falls within 𝐴𝐴 ∆𝑡𝑡 , 𝐴𝐴 𝐴𝐴 is the standard deviation of topography within the 0.1° 

grid, 𝐴𝐴 𝐴𝐴 is an adjustable constant smaller than 1 according to the spatial resolution of the model grid cell and 𝐴𝐴 𝐴𝐴 is set to 0.5 in this study following Roesch et al. (2001), 
and 𝐴𝐴 𝐴𝐴 is set as a small number to avoid dividing by 0. Notably, snow cover fraction (SCF), snow water equivalent (SWE), and SWEmax are updated after the snow 
accumulation event in SL12.

Table 1 
Snow Cover Fraction (SCF) Schemes Used in the Simulations

http://www.glass.umd.edu
https://modis.gsfc.nasa.gov/data/dataprod/mod11.php
https://modis.gsfc.nasa.gov/data/dataprod/mod11.php


Journal of Advances in Modeling Earth Systems

MIAO ET AL.

10.1029/2022MS003035

5 of 18

on canopy and ground albedos, weighted by vegetation cover fraction. The canopy albedo calculation considers 
the snow-on-vegetation effect, while the ground albedo is calculated by the soil and snow albedos, weighted by 
the SCF. Based on the overall surface albedo, the SSiB3 model calculates the overall surface energy balance 
processes for all areas (snow and non-snow areas). However, the snow albedo parameterization in SSiB3 is 
empirical, and the snow radius change and aerosol deposition have not been taken into account.

2.4.  Standard Deviation of Topography and Topographic Factor

Compared to the average topographic height, the SDtopo metric better represents the variations in topography 
that cause irregular snow cover distributions in mountainous areas (Douville et al., 1995). In previous studies, 
SDtopo has been widely used to describe the variabilities in topography (Douville et al., 1995; Li et al., 2019; 
Roesch et al., 2001; Swenson & Lawrence, 2012). SDtopo is also used in this paper as an index to represent the 
topography complexity, and the 0.1° SDtopo data are obtained by calculating the standard deviation of all DEM 
data in a 0.1° grid cell.

In SCF simulations, the influence of topography is related to the topographic complexity and snow amount. The 
more complex the terrain is, the more uneven the distribution of snow cover, resulting in a smaller snow extent 
for the same amount of snow. For the same state of topography, more snow accumulation will reduce the impact 
of topography. To reduce the SCF simulation bias caused by topography, Douville et al. (1995) first proposed 

a topographic factor (𝐴𝐴

√

1,000SWE

1,000SWE+0.15𝜎𝜎
 ), a function of SDtopo, to calculate the topographic effect in SCF simu-

lations (𝐴𝐴 𝐴𝐴sno(SDP, 𝜎𝜎) = 𝑓𝑓sno(SDP) × Topographic Factor , where 𝐴𝐴 𝐴𝐴sno is the SCF and 𝐴𝐴 𝐴𝐴 is the SDtopo). Roesch 
et al. (2001) continued to use this topographic factor to reduce the SCF simulation bias with a slight modification 

(𝐴𝐴

√
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 ). Li et al.  (2019) further modified the topographic factor 𝐴𝐴

(

SDP

SDP+ 𝜀𝜀+0.0002⋅𝜎𝜎

)𝑎𝑎

 on the basis of 
Roesch et al. (2001). For example, in the scheme of Li et al. (2019), SDtopo (σ) and the SDP represent the topo-
graphic complexity and the amount of snow, respectively. The larger the SDtopo or the smaller the SDP is, the 
smaller the topographic factor, and the greater the influence of topography on the SCF simulation. Over the TP, 
the influence of topography is more obvious due to thin snow and complex topography (Figures 1, 3a and 3b). 
This suggests that the influence of topography on SCF simulations over the TP is nonnegligible.

2.5.  Experimental Design

To investigate the influence of different SCF schemes in the TP snow cover simulations, we select six SCF 
schemes in different land surface models/snow models, namely, MO94 (Marshall & Oglesby,  1994), BO96 
(Bonan, 1996), SX01 (Sun & Xue, 2001; here, we use the formula in SSiB3), NY07 (Niu & Yang, 2007), SL12T 
(Swenson & Lawrence, 2012; here, we use the formula in CLM 5.0) and LI19T (Li et al., 2019). A “T” in a 
scheme name indicates that the scheme includes the topographic effect. Among the six SCF schemes, the MO94, 
BO96, SX01, and NY07 functions are all based on the empirical relationship of SCF and SDP/SWE without 
considering topography. To compare the six schemes without topography, we set the SDtopo value in the SL12T 
scheme to the minimum value for all areas and derived the SL12 scheme. We also remove the topographic factor 
in the LI19T scheme and derive the LI19 scheme, which is the same as the scheme of Yang et al. (1997).

To investigate the influence of topography on SCF simulations, we first calculate the winter (December, January, 
and February) SCF based on the 0.1° SDP data and five SCF schemes without topography (MO94, BO96, SX01, 
NY07, and LI19; SL12 is excluded because it is calculated based on the snowfall process), and we compare the 
calculated winter SCF with the observed winter SCF. We set the snow density to 200 kg/m 3 in the calculations, 

and add the topographic factors 𝐴𝐴

√

1,000SWE

1,000SWE+ 𝜀𝜀+0.15𝜎𝜎
 (Roesch et al., 2001) and 𝐴𝐴

(

SDP

SDP+ 𝜀𝜀+0.0002⋅𝜎𝜎

)𝑎𝑎

 (Li et al., 2019) to 
five SCF schemes to quantify the influence of topographic factors on the winter SCF calculation.

Based on the above, we also perform 0.1° modeling over the TP (75°–105°E, 25°–40°N) from 1 January 2001 
to 31 December 2015 (using the year 2000 for the spin-up period) using SSiB3. We conduct 12 simulations, as 
shown in Table 1. In the CTL experiment, we evaluate six SCF schemes (MO94, BO96, SX01, NY07, SL12, 
and LI19) without considering topography. In the TOPO experiment, to investigate the sensitivity of the SCF 
simulations to the topography and optimize the SCF simulations, we also add the topographic factor of LI19T to 
MO94, BO96, SX01, and NY07 and obtain the MO94T, BO96T, SX01T, and NY07T schemes. We also evaluate 
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the simulation effects of MO94T, BO96T, SX01T, NY07T, SL12T, and LI19T. In the TOPO experiment, a 
200 m limitation of SDtopo is added to all the schemes (if SDtopo is larger than 200 m, set it to 200 m), which is 
drawn from the observations in Section 3.1. Notably, we do not use the topographic factor of Roesch et al. (2001) 
because it leads to a significant overcorrection in the pre-experimental simulations. To optimize the SCF simula-
tions, we only use the topographic factor of Li et al. (2019) in the TOPO experiment.

In addition to the above 12 simulations described above and shown in Table 1, we also remove the limitation of 
SDtopo in SX01T to obtain SX01T-no200 as a comparative experiment in Section 3.3 to quantify the influence 
of the SDtopo limitation.

It should be noted that all the spatial average results in this paper are only through spatial arithmetic averaging, 
and do not consider different area weights due to latitude changes.

3.  Results
3.1.  Influence of Topography on SCF Over the TP From Satellite Observations

To investigate whether the SCF schemes in the CTL experiment can well represent the SCF over the TP, we calcu-
late the SCF using the 0.1° SDP satellite data based on five schemes (SL12 is excluded because it is calculated 
based on the snowfall process). Here, we set the snow density (ρ) to 200 kg/m 3 and set the ground roughness (r) 
to 0.01 m. A comparison of the five SCF schemes is shown in Figure 2. There is a great discrepancy among the 
five schemes. For a certain SDP, the calculated SCF of SX01 tends to be the largest, while that of NY07 is the 
smallest. For example, when the SDP is 2 cm, the calculated SCF is 66.67% for MO94, 40% for BO96, 66.40% 
for YA97/Li19, 100% for SX01%, and 38.00% for NY07. The discrepancy in SCF schemes will lead to a large 
discrepancy in SCF simulations.

Over the TP, snow cover is mainly distributed on the southeastern and border of the TP in winter (Figures 3a 
and 3b), where the topography is quite complex. From 2011 to 2015, the regional average winter SCF is 16.84%, 
and the mean SDP is 2.60 cm. To quantify the difference among five SCF schemes, we compare the calculated 
SCF and observed SCF from the satellite data in winter from 2011 to 2015, and the spatial distribution of winter 
mean biases between the calculated SCF and observed SCF is shown in Figure 3. All the calculated SCFs show 
an overestimation compared to the observed SCF in most areas of the TP, especially in the mountainous areas 
rich in snow. For example, the SCF bias (calculated SCF minus observed SCF) in the northwestern TP can exceed 
50% (SCF equal to 100% means the grid is fully covered by snow). All five SCF schemes underestimate the SCF 
in the flat areas of the western TP, where there is a significant discrepancy between SCF and SDP observations 
(Figures 3a and 3b). The SX01 scheme has the largest overestimation of SCF (regional average bias is 29.26%), 
followed by MO94 (23.23%), LI19 (23.56%), BO96 (16.83%), and NY07 (13.69%) has the smallest overestima-
tion. Among the five schemes, the BO96 and NY07 tend to underestimate the SCF in the flat areas of the TP. This 
size relationship corresponds to that in Figure 2.

To further investigate the relationship between the SCF biases and topogra-
phy, we divide the TP into regions and obtain the regional mean SCF biases. 
The TP is divided into five regions with SDtopo values between 0 and 100 m, 
100–200 m, 200–300 m, 300–400 m, and >400 m. As shown in Table 2, the 
regional mean results  are consistent with the spatial distribution results. The 
percentage bias of SCF (PBSCF) is also shown in the table, which is the 
regional mean SCF bias (calculated SCF minus observed SCF) divided by 
the regional mean observed SCF. All five schemes overestimate the winter 
SCF to varying degrees, and the PBSCF for the five schemes all increase as 
SDtopo increases. For example, the PBSCF of SX01 increases from 101.09% 
in the areas where SDtopo is within 0–100 m, to 198.49% in the areas where 
SDtopo is within 200–300  m. This suggests that topography complexity 
significantly affects the snow distribution, causing the overestimation of SCF 
for five empirical schemes without topography, and the influence of topogra-
phy complexity on SCF tends to be greater as SDtopo increases.

Figure 2.  The sketch map of five snow cover fraction (SCF) schemes without 
consideration of topography based on the formulas (the ground roughness Z0g 
is set to 0.01 m, the melting factor m is set to 1.0, and the snow density is set 
to 200 kg/m 3).
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Figure 3.  Observed multiyear (2011–2015) winter mean snow cover fraction (SCF) (a) and snow depth (SDP) (b), and the mean biases (%) (calculated SCF minus 
observed SCF) of (c) MO94, (d) BO96, (e) SX01, (f) NY07, and (g) LI19. The regional average values are shown in the lower-left corner of the plot.
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However, the increase in PBSCFs starts to slow down after SDtopo reaches 200 m in Table 2, and there is even 
a small decrease after SDtopo reaches 300 m. Still taking SX01 as an example, the PBSCF of SX01 decreases 
from 198.49% in the areas where the SDtopo is in the range of 200–300 m, to 197.27% for SDtopo in the range of 
300–400 m and then to 187.82% for SDtopo larger than 400 m. To describe this process more intuitively, we make 
a line chart of PBSCF versus SDtopo. We take a small window (10 m) of SDtopo and make a spatial average of 
bias. As shown in Figure 4, the lines of the five SCF schemes show a consistent tendency. The PBSCF increases 
as SDtopo when SDtopo is less than 200 m, but it tends to fluctuate around a value when SDtopo is larger than 
200 m. From Figure 1, the areas where SDtopo is greater than 200 m are mostly located in the mountainous areas 
of the northwestern and southeastern TP. These areas are rich in snow in winter, so the influence of topography 
on SCF tends to be more important in these areas.

The PBSCFs at the starting point of the lines (the minimum SDtopo) are used to assess the applicability of 
five schemes in the flat areas. The PBSCFs of BO96 and NY07 are both less than −30% at the starting point; 
therefore, using these two schemes will lead to a negative SCF simulation bias in the flat areas. In contrast, LI19 
behaves better at the starting point with a very small PBSCF. It should be noted that the above results cannot 
represent the effect of these SCF schemes in actual simulations, because we set the snow density to a constant 
(200 kg/m 3) which has a great influence on the results, especially for SX01 and NY07. In actual simulations, the 
uncertainties in the snow models and meteorological forcing data lead to an uncertain result.

As mentioned above, a great influence of topography on winter SCF exists over the TP, and ignoring the topog-
raphy leads to a great bias of simulated winter SCF. Different from previous studies, we find that the influence of 
topography on SCF does not monotonically change with topography complexity based on satellite observations. 
When the SDtopo increases from 0 m, the PBSCF increases correspondingly; however, when the SDtopo reaches 
a tipping point (200 m), the influence of topography on SCF no longer grows.

SDtopo (m) 0–100 100–200 200–300 300–400 >400

MO94—OBS 9.53 (79.73%) 25.19 (147.06%) 32.17 (157.89%) 32.03 (155.68%) 30.53 (145.85%)

BO96—OBS 3.46 (28.92%) 17.55 (102.44%) 25.61 (125.71%) 26.58 (129.19%) 26.02 (124.31%)

SX01—OBS 12.09 (101.09%) 31.45 (183.62%) 40.44 (198.49%) 40.58 (197.27%) 39.32 (187.82%)

NY07—OBS 2.07 (17.28%) 14.38 (83.95%) 21.41 (105.05%) 22.07 (107.27%) 21.24 (101.48%)

LI19—OBS 8.23 (68.87%) 25.10 (146.53%) 33.58 (164.78%) 34.05 (165.52%) 33.07 (157.99%)

OBS 11.96 17.13 20.38 20.57 20.93

Table 2 
The Spatial Average of Observed Winter Snow Cover Fraction (SCF; %) at Different Standard Deviation of Topography 
(SDtopo) Ranges (m), and the Biases (Percentage Biases) of the Calculated Winter SCF (%) of the Five Schemes at 
Different SDtopo Ranges (m)

Figure 4.  The relationship between the standard deviation of topography (SDtopo; m) and percentage bias (%) of the 
calculated winter snow cover fraction of the five schemes.
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To reduce the bias in the calculated SCF, we incorporate the topographic factor and 200 m limit for SDtopo 

into the original schemes. Here, we add the topographic factors 𝐴𝐴

√

1,000SWE

1,000SWE+ 𝜀𝜀+0.15𝜎𝜎
 (Roesch et  al.,  2001) and 

𝐴𝐴

(

SDP

SDP+ 𝜀𝜀+0.0002⋅𝜎𝜎

)𝑎𝑎

 (Li et al., 2019) to five SCF schemes to investigate the relationship between PBSCF and SDtopo 

(Figures 5a and 5b). Using the topographic factors indeed reduces the PBSCF to some extent. However, the 
correction of calculated SCF by the topographic factor of Li et al. (2019) is not adequate (Figure 5b), and the 
PBSCFs of five schemes are still larger than 50% when SDtopo is larger than 200 m. In contrast, the topographic 
factor of Roesch et al. (2001) performs better. In Figure 5a, the PBSCFs of the five schemes are significantly 
reduced to within ±50%, except for the SX01 scheme. Among the five schemes, MO94TR (the “TR” indicates 
that the scheme includes the topographic factor of Roesch et al. (2001)) and NY07TR behave better. MO94TR 
behaves better in flat areas (SDtopo <100 m) but has an overestimation by 20% when SDtopo is greater than 
100 m. NY07TR has a significant underestimation when SDtopo is lower than 100 m but behaves better when 
SDtopo is greater than 100 m with a positive bias lower than 20%.

To further select the best scheme to quantify the topographic effect on SCF, we derive the spatial distribution of 
SCF bias based on MO94TR and NY07TR schemes (Figures 5c and 5d). Compared to the results in Figure 3, 
the positive SCF bias has been greatly reduced. Compared with MO94TR, NY07TR has a larger underestima-
tion in the central and western TP and a smaller overestimation in the eastern and southeastern TP. The regional 
mean bias of MO94TR is 2.93% while it is −0.14% for NY07TR. We also perform statistical analysis to further 
compare MO94TR with NY07TR. The MAE is reduced from 25.45% for MO94% to 9.70% for MO94TR, while 
the RMSE is reduced from 32.19% to 12.98%. For NY07 and NY07TR, the MAE and RMSE are reduced from 
17.36% to 24.09%–8.78% and 12.11%, respectively. Both MO94TR and NY07TR have obvious optimization of 

Figure 5.  The relationship between the standard deviation of topography (SDtopo; m) and percentage bias (%) of the calculated winter snow cover fraction (SCF) of 
the five schemes with topographic factors of (a) Roesch et al. (2001) and (b) Li et al. (2019). Multiyear (2011–2015) winter mean biases (%) (calculated SCF minus 
observed SCF) of (c) MO94TR and (d) NY07TR. The regional average values are shown in the lower-left corner of the plot.
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SCF estimation, and NY07TR shows a better performance compared with the observations. Taking NY07 and 
NY07TR as examples to quantify the actual influence of topography on SCF simulations, the regional mean bias 
is reduced from 13.69% to −0.14%. Given the fact that the observed regional mean SCF is 16.84% in winter, this 
means that the large SCF bias is almost eliminated by introducing the topographic factor.

Following the above results based on observations, we could reasonably assume that the topographic effect also 
exists in SCF simulations. In the next section, we will optimize the SCF simulations by considering topographic 
effects in SSiB3 simulations and further quantify their impact on the surface energy budget simulations.

3.2.  Regional Simulation Results of the Different SCF Schemes

To evaluate the simulation effects of different SCF schemes without consideration of the topographic factor in the 
actual simulations, we conduct six simulations with a 0.1° spatial resolution (Table 1, CTL experiment), and the 
winter mean SCF biases are shown in Figures 6a1–6f1.

Different schemes have consistent underestimation in the mountainous areas of the southeastern and northeastern 
TP, and this underestimation can be lower than −30%. A consistent overestimation exists in the northwestern and 
southwestern TP. Significant differences also exist among the six SCF schemes. As shown in Figure 6c1, SX01 
greatly overestimates SCF, especially in the northwestern TP where the bias is greater than 30%. Moreover, NY07 
greatly underestimates SCF over the TP (Figure 6d1). Among the other four schemes, MO94 performs a better 
simulation in the flat areas of the central TP, while BO96 underestimates the SCF in most of the flat areas. In the 
northwest and border of the TP, the simulated SCFs of the four remaining schemes are all overestimated.

The observed regional mean SCF is 17.05%, and the simulated SCF biases of the six schemes are −2.47% for 
MO94%, −6.22% for BO96, 4.93% for SX01%, −9.27% for NY07%, −4.32% for SL12%, and −2.85% for LI19 

Figure 6.  Multiyear (2001–2015) winter mean snow cover fraction (SCF) biases (%) (simulated SCF minus observed SCF) of the simulation results of (a1) MO94, (a2) 
MO94T, (b1) BO96, (b2) BO96T, (c1) SX01, (c2) SX01T, (d1) NY07, (d2) NY07T, (e1) SL12, (e2) SL12T, (f1) LI19, and (f2) LI19T. The regional mean values are 
shown in the lower-left corner of the plot.
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(Figure 6). Consistent negative biases exist in these SCF schemes except for SX01, which is mainly due to the 
systematic underestimation in the southeastern TP. According to previous studies, these consistent biases may 
come from uncertainties in the winter precipitation forcing data (Jiang et al., 2020; Y. Gao et al., 2020). The 
underestimated precipitation in winter leads to a great underestimation of SCF. Furthermore, the uncertainties in 
the SSiB3 model or the observation data can also lead to this bias.

As shown in Table 1, we also conduct six corresponding simulations in the TOPO experiment to examine the 
sensitivity of the simulation results to topography. Before the TOPO experiment, we perform the pre-experimental 
simulations to test the applicability of two topographic factors in the actual simulations using SSiB3 forced by 
CMFD. The results show a significant underestimation using the topographic factor of Roesch et  al.  (2001). 
Therefore, here, we only use the topographic factor of Li et al. (2019) to account for the topographic effect in the 
actual simulations. Among these simulations, we restore the topographic factor of the SL12 and LI19, and add 
the topographic factor of LI19T to the other four schemes.

In the TOPO experiment, we set the SDtopo to 200 m when SDtopo is greater than 200 m. The addition of 
the topographic factor reduces the simulated SCFs. For example, the addition of the topographic factor greatly 
reduces the positive SCF bias of SX01 in the northwestern TP (Figure 6c1 and 6c2). The spatial mean SCF bias 
of SX01 is reduced from 4.93% to −1.04%. The MAE of six schemes changes from 8.90%, 9.90%, 10.97%, 
11.02%, 9.41%, and 9.13%–10.64%, 11.02%, 9.59%, 12.36%, 10.13%, and 10.66%, while the RMSE changes 
from 13.71%, 15.04%, 16.32%, 16.60%, 14.52%, and 13.99%–16.45%, 16.39%, 14.45%, 18.30%, 15.87%, and 
16.27%. This indicates that the simulation results are sensitive to the topographic factor. However, the regional 
simulation results are greatly influenced by the systematic bias, the regional mean bias, MAE, and RMSE values 
indicate that the simulations tend to be worse except for SX01. The systematic bias prevents us from accurately 
examining the effect of topography on SCF. Notably, CMFD forcing data incorporated in-situ data from CMA 
stations, and the forcing data at the location of CMA stations are more reliable and realistic. To narrow the uncer-
tainty induced by forcing data to the greatest extent, the following analysis will be based on simulation results at 
the location of the CMA stations.

3.3.  Simulation Result at the Location of CMA Stations

As shown in Figure 1, there are 99 CMA stations in our study area, and we extract the simulation results of the 
nearest grid points based on the coordinates. These grids are also divided into five regions based on the SDtopo 
to obtain the average results.

Table  3 shows the average SCF biases (PBSCF) of six SCF schemes in the CTL experiment, SX01T and 
SX01T-no200 (Other schemes with the topographic factor in the TOPO experiment are not shown due to their 

SDtopo (m) 0–100 100–200 200–300 300–400 >400 Total

MO94—OBS −1.58 (−18.01%) −0.12 (−1.51%) −0.07 (−1.05%) 0.31 (7.31%) 0.15 (1.91%) −0.28 (−3.84%)

BO96—OBS −5.00 (−56.98%) −3.62 (−46.85%) −2.72 (−42.10%) −2.23 (−52.39%) −2.30 (−30.05%) −3.26 (−44.48%)

SX01—OBS 2.73 (31.17%) 4.27 (55.33%) 4.03 (62.23%) 4.89 (114.71%) 3.60 (46.94%) 3.83 (52.25%)

NY07—OBS −6.26 (−71.39%) −5.01 (−64.86%) −4.17 (−64.39%) −3.01 (−70.46%) −3.69 (−48.17%) −4.58 (−62.38%)

SL12—OBS −3.67 (−41.81%) −2.22 (−28.72%) −1.48 (−22.92%) −1.30 (−30.47%) −0.57 (−7.37%) −1.87 (−25.49%)

LI19—OBS −2.37 (−26.97%) −1.16 (−15.04%) −0.79 (−12.17%) −0.35 (−8.32%) −0.31 (−4.10%) −1.04 (−14.15%)

SX01T—OBS 0.38 (4.30%) −0.20 (−2.58%) −0.68 (−10.49%) 0.53 (12.47%) −0.18 (−2.35%) −0.10 (−1.33%)

SX01T-no200—OBS −0.38 (4.30%) −0.20 (−2.58%) −0.97 (−15.01%) −0.36 (−8.52%) −1.26 (−16.44%) −0.50 (−6.86%)

OBS 8.77 7.72 6.47 4.27 7.67 7.33

Number of stations 19 28 18 10 24 99

Note. The results are based on the observations and simulations at the location of China Meteorological Administration stations.

Table 3 
The Spatial Average of Observed Winter Snow Cover Fraction (SCF; %) at Different Standard Deviation of Topography (SDtopo) Ranges (m), and the Biases 
(Percentage Biases) of the Simulated SCF (%) of the Six Schemes in the CTL Experiment, SX01T and SX01T-no200 (SX01T Scheme Without 200 m Limitations of 
SDtopo) at Different SDtopo Ranges (m)

12
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great underestimation of SCF). The SX01T-no200 scheme removes the limitation that SDtopo is not greater 
than 200 m in the SX01T scheme, which is for comparison with the SX01T scheme to quantify the influence of 
the 200 m limitation. In Table 3, the PBSCFs of the six schemes in the CTL experiment consistently increase 
with SDtopo, and this increase tends to slow down when SDtopo is greater than 200 m, which corresponds to 
the conclusions in Section 3.1. Among the six schemes in the CTL experiment, BO96, NY07, SL12, and LI19 
all underestimate the SCF in all regions. MO94 underestimates the SCF when SDtopo is less than 300 m and 
overestimates it when SDtopo is greater than 300 m. The monotonic change in SCF bias leads to a good overall 
simulation with a negative bias of −0.28%. Besides, SX01 greatly overestimates the SCF in all ranges of SDtopo 
with an overall positive bias of 3.83%. Overall, MO94 performs the best simulation among the six schemes, but 
it does not consider topography and greatly underestimates the SCF in flat areas.

Based on the SX01 scheme and the topographic factor of LI19T, we obtain SX01T with a 200 m limitation 
of SDtopo. SX01T significantly reduces the bias of SX01 in all ranges of SDtopo. The winter SCF bias has 
been reduced from 3.83% to −0.10%. No matter in flat areas or mountainous areas, SX01T has good perfor-
mance. To investigate the influence of the 200 m limitation of SDtopo, we remove the limitation and obtain the 
SX01T-no200 scheme to simulate the SCF. Compared to SX01T-no200, SX01T shows better performance when 
SDtopo is greater than 200 m, especially when SDtopo is greater than 400 m. The 200 m limitation of SDtopo 
avoids the overcorrection of topography-induced biases and makes the simulation more accurate.

In addition, the seasonal variation in snow cover is also very important. In Figure 7, the multiyear average annual 
cycle of SCFs of SX01, SX01T, and the observations are shown. Compared to observations, SX01 and SX01T 
both well represent the seasonal variation characteristics of TP snow cover. However, SX01 greatly overestimates 
SCF. SX01T optimizes the SCF simulation to a certain extent in the three snow seasons of autumn, winter, and 
spring. Especially from January to March, SX01T greatly reduces the positive bias by approximately 5% in SX01. 
We also perform a corresponding statistical analysis, and the annual MAE of SX01T is 0.89%, compared to 
1.69% of SX01. The annual RMSE of SX01T is 1.03%, while the RMSE of SX01 is 2.46%. In winter, the MAEs 
of SX01 and SX01T are 3.79% and 0.89%, respectively; the RMSEs of SX01 and SX01T are 4.14% and 1.04%, 
respectively. The statistical analysis results indicate that the simulation result of SX01T is much better than that 
of SX01. The SCF simulations at the location of the CMA stations are optimized by considering the effect of 
topography on the SCF and setting a 200 m limitation for SDtopo.

3.4.  Effect on Land Surface Energy Balance Simulations

The SCF simulation directly influences the surface shortwave albedo simulation. In snow models, SCF represents 
the gridded area percentage of snow cover, which is applied as a weighted coefficient of snow albedo in surface 

Figure 7.  Multiyear (2001–2015) average annual cycle of the observed snow cover fraction (SCF) and simulated SCF of 
SX01 and SX01T at the location of China Meteorological Administration (CMA) stations.
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albedo calculations. SCF mainly influences the surface albedo in snow seasons (from September to next May). 
We evaluate the effects of the modification of SCF schemes on albedo simulations in winter, compared with 
the GLASS shortwave albedo product. Figure 8 shows the albedo biases of SX01, SX01T, and the difference 
between SX01T and SX01 (SX01T minus SX01). Consistent albedo biases occur on the southern, southeastern, 
and northern TP, and these biases may come from the uncertainties in the forcing data or the model. Compared 
with SX01, SX01T reduces the positive albedo biases in the northwestern, eastern, and border regions of the 
TP, and the reduction in bias can reach 0.1 in mountainous areas, which will greatly influence the land surface 
radiation budget.

To better investigate the effects of SCF schemes on the simulated albedo, we calculate the spatial mean results. 
The mean winter albedo bias is reduced from 0.020 for SX01 to 0.007 for SX01T over the TP, with a maximum 
reduction located in the southeastern TP by −0.133. The MAE is reduced from 0.054 for SX01 to 0.050 for 
SX01T, while the RMSE is reduced from 0.070 to 0.067. At the location of CMA stations, the winter bias is 
reduced from 0.042 to 0.034, and the MAE and RMSE are reduced from 0.052 to 0.062 for SX01, to 0.046 and 
0.055 for SX01T, respectively. The reduction in positive winter albedo bias leads to an increase in simulated 
income shortwave radiation and then influences the land surface energy balance simulations.

To show the influence of topography on land surface energy balance simulation in winter, we output the LST 
to compare with observations (Figure 9). According to Figure 9a, the simulated LST is much lower than the 
observation in the southwestern, northwestern, and border regions of the TP, and the negative bias can be below 
−6 K. By adding the topographic factor, the bias of simulated LST is reduced, especially in the northwestern 
TP. However, an overestimation exists in the southeastern TP for the SX01 scheme, due to the systematic bias of 
simulated SCF; the simulated LST is further increased after including the topographic factor. For the entire TP, 
the LST bias is reduced from −3.33 to −3.04 K. The reduction can reach 3.60 K in the southeastern TP, and it is 
larger than 1 K in most areas of the northwestern TP. The MAE is reduced from 3.74 K for SX01 to 3.50 K for 
SX01T, while the RMSE is reduced from 4.38 to 4.11 K. At the location of CMA stations, the bias is reduced 
from −1.88 to −1.69 K, and the MAE and RMSE are reduced from 2.67 to 3.16 K for SX01 to 2.56 and 3.05 K for 
SX01T, respectively. This indicates that the bias of simulated LST is reduced by including the topographic factor.

Figure 8.  Multiyear (2001–2015) winter mean surface albedo biases of (a) SX01-GLASS, (b) SX01T-GLASS, and (c) SX01T-SX01.
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In conclusion, the addition of the topographic factor improves the SCF simulation, and in consequence optimizes 
the land surface energy budget simulation, despite the uncertainty in the forcing data or the model that makes the 
interpretations not straightforward.

4.  Discussion
The subgrid snow cover distribution is a key process in snow models and greatly influences the land surface 
energy balance (Liston, 2004; Liston & Elder, 2006). Subgrid topography has a great influence on snow-related 
processes. Complex topography can accelerate the snowmelt of south-facing slopes and cause nonuniform snow 
cover distributions (Roesch et al., 2001). Lehning et al. (2008) indicated that the inhomogeneous snow distribu-
tions found in mountainous areas result from the interactions of wind and precipitation with (snow) surfaces over 
topography. Mott et al. (2018) also indicated that topography can cause non-uniform distribution of snowfall in 
mountainous areas. In climate simulations and land surface simulations, the resolution of models is often low, 
which also means that topographic effects at the kilometer or even hundred-meter scale cannot be reflected in the 
input data. Therefore, the subgrid processes need to be described by the parameterization schemes or submod-
ules. In this study, we use the gridded SDtopo to state the complexity of subgrid topography. The SDtopo distri-
bution over the TP is shown in Figure 1, and it indicates that the subgrid topography over the TP is quite complex, 
which can greatly influence the subgrid snow cover distribution. To improve the snow cover simulations, we 
add the topographic factor to include the topographic effects based on the analysis of satellite observations. In 
addition to SDtopo, the squared slope has been used to represent subgrid topography in recent research (Helbig, 
Bühler, et  al.,  2021; Helbig, Schirmer, et  al.,  2021; Helbig et  al.,  2015; Skaugen & Melvold,  2019). Helbig, 
Bühler, et al. (2021) performed a correlation analysis for subgrid SDP variability with various commonly applied 
topographic characteristics, and a squared slope-related parameter shows a better correlation than SDtopo with 
subgrid spatial SDP variability. Using the slope-related parameter to represent the subgrid topography is more 
realistic for snow processes. It offers us a new method to account for topographic effects on TP snow cover simu-
lations. The scheme of Helbig, Bühler, et al. (2021) was developed and evaluated based on the SDP observations 
with meter-scale spatial resolution in North America and Europe. However, on the TP, there are only satellite 

Figure 9.  Multiyear (2001–2015) winter mean land surface temperature biases of (a) SX01-OBS, (b) SX01T-OBS, and (c) SX01T-SX01.
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observations of SDP with a spatial resolution of kilometer level and sparse in-situ observations of SDP. Due to the 
lack of high-resolution SDP observations, we are currently unable to evaluate this scheme over the TP.

The overall SCF simulation is significantly improved by considering the influence of topography on SCF in this 
study. However, uncertainties still exist when simulating seasonal variations in SCF. As shown in Figure 7, the 
winter SCF is well simulated, but the SCF is underestimated in the snow melting period (from March to May). 
Previous studies have stressed the importance of seasonal variations in SCF. Niu and Yang  (2007) improved 
the previous scheme (Z. L. Yang et al., 1997) by considering seasonal variations in snow density. Swenson and 
Lawrence (2012) developed a new SCF parameterization scheme by considering the SCF differences between 
snow accumulation and snowmelt seasons. Recently, Helbig, Schirmer, et al. (2021) presented an algorithm that 
describes the seasonal snow cover evolution by tracking the SDP and SWE history over the season and evaluated 
it with independent SCF data sets. In different seasons, snow properties such as snow density change periodically, 
and snow cover also has different characteristics in the accumulation and melting periods. Therefore, it is neces-
sary to further optimize SCF simulations by including the seasonal variation of snow cover.

There remain several uncertainties in this study, one of which is the uncertainty of meteorological forcing data. In 
this study, the CMFD is used as the meteorological forcing data to drive the SSiB3 model. CMFD is a state-of-the-
art meteorological forcing data incorporating site observations in China and is widely used in research on the 
TP (B. Wang, Ma, et al., 2020; Jiang et al., 2020; W. Wang, Yang, et al., 2020; Z. Kang et al., 2022). However, 
uncertainty remains in the CMFD data sets. B. Wang, Ma, et al. (2020) evaluated and corrected the bias between 
CMFD data and in-situ observations. Y. Gao et al. (2020) indicated that the CMFD underestimates precipitation 
on the southeastern TP. In this study, we analyze the simulation results at the location of CMA stations to reduce 
the uncertainty caused by the forcing data, but the influence of forcing data remains.

In addition, there remains uncertainty in the model and the topographic factor. In the land surface model, the snow 
cover simulation includes many processes such as snow stratification, snow densification, snow melting/refreez-
ing, the aerosols in the snow, and so on. The simulations of these processes determine the final results together. 
SSiB3 is used for the simulations in this study, and it also has several limitations. For example, the snow albedo is 
calculated based on an empirical parameterization scheme, which may lead to uncertainties in the energy budget 
simulations. The stratification scheme is quite simple, which can lead to bias in snow simulations. The SSiB3 
model needs to be further optimized based on the observations over the TP. Furthermore, in this study, we use 
the topographic factor of LI19T to account for the topographic effect, and the SCF simulation bias is significantly 
reduced. However, the parameters in the topographic factor are sensitive to the spatial resolution, and it needs 
to be further modified over the TP. Due to the limitation of observations, the optimization of snow models and 
modification of the topographic factor for the whole TP is quite difficult. More in situ observations over the TP 
and precise satellite observations of snow quantities over mountainous areas are needed, which is essential to 
better evaluate the snow cover parameterizations and better represent snow cover in land surface models.

This research aims to optimize the SCF simulations using the SSiB3 model. In this context, the “best” SCF 
parameterization depends on the specific land surface model and atmospheric forcing data. Even though SX01T 
overestimates the SCF in terms of the observations, it produces the best simulation at the locations of the 99 CMA 
stations. In the observation, NY07TR is the best SCF scheme. However, we test the NY07TR and other schemes 
with the topographic factor of Roesch et al. (2001) in pre-experimental simulations, and the results indicate an 
obvious underestimation. Therefore, NY07TR is no more the best choice for the simulations of SSiB3 forced by 
CMFD. This is the reason that we take SX01T as an illustration to show the necessity and advantage of including 
the topographic factor in the numerical experiments.

5.  Conclusions
In this study, the influence of topography on SCF simulations in winter is investigated using satellite observa-
tions and numerical simulations. A topographic factor and a limitation of the topographic effect are added to the 
original SCF scheme to account for the topographic effect on the SCF simulations. The conclusions are described 
below.
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The analysis of satellite observations indicates that SCF simulation biases increase with the topography complex-
ity, and this increasing trend slows down when the SDtopo is greater than 200 m. Adding the topographic factor 
to the original SCF schemes and setting a 200 m limitation for SDtopo, the bias of calculated SCF is significantly 
reduced. For the best scheme NY07TR in the observations, the regional mean bias is reduced from 13.69% to 
−0.14%.

In the SSiB3 simulations, applying the topographic factor greatly reduces the simulated SCF. To narrow the 
uncertainty that may be caused by the forcing data, we analyze the simulations at the locations of the CMA 
stations. As a result, the winter SCF bias is reduced from 3.83% to −0.50% by adding the topographic factor, and 
the bias is further reduced from −0.50% to −0.10% by setting a limitation of SDtopo.

The improvement in SCF stimulation contributes to better simulations of surface albedo and LST. The mean 
albedo bias in winter is reduced from 0.020 to 0.007 over the whole TP, with a maximum reduction located in the 
southeastern TP by −0.133. At the same time, the LST bias is reduced from −3.33 to −3.04 K, with a maximum 
reduction located in the southeastern TP by 3.60 K.

In this paper, snow cover and land surface energy budget simulations are improved by accounting for topographic 
effects on SCF, despite the uncertainties in forcing data and model that make the interpretations not straight-
forward. It offers us a good reference to reduce the “cold bias” in near-surface air temperature simulation in 
land-atmosphere coupled models in winter. To better account for the topographic effect, more accurate in-situ 
and satellite observations are needed to modify the topographic factors and optimize the land surface models. 
Furthermore, the seasonality of SCF should be taken into account in future work.

Data Availability Statement
The meteorological forcing data China Meteorological Forcing Dataset is available at http://data.tpdc.ac.cn/
en/data/8028b944-daaa-4511-8769-965612652c49/, provided by the National Tibetan Plateau Data Center. 
The daily cloudless Moderate Resolution Imaging Spectroradiometer (MODIS) snow area ratio data set of the 
QTP is downloaded at https://data.tpdc.ac.cn/en/data/94a8858b-3ace-488d-9233-75c021a964f0/. The 0.05° 
snow depth data set for Tibetan Plateau is available at https://data.tpdc.ac.cn/en/data/0515ce19-5a69-4f86-
822b-330aa11e2a28/. The land cover data (MCD12C1v006) are available at https://doi.org/10.5067/MODIS/
MCD12C1.006. The Global Land Surface Satellite albedo products were developed by the National Earth 
System Science Data Center, National Science and Technology Infrastructure of China (http://www.geodata.
cn). The Digital Elevation Model data are available at http://data.tpdc.ac.cn/en/data/ddf4108a-d940-47ad-b25c-
03666275c83a/ and are provided by the NASA. The leaf area index data are provided by the Land-Atmosphere 
Interaction Group at the Sun Yat-sen University (http://globalchange.bnu.edu.cn/research). The MODIS daily 
land surface temperature product is available at https://modis.gsfc.nasa.gov/data/dataprod/mod11.php. The code 
of Simplified Simple Biosphere Model version 3 and necessary input data used in this work are available at 
https://doi.org/10.5281/zenodo.6778122.
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