Geosci. Model Dev., 19, 5743-5763, 2026
https://doi.org/10.5194/gmd-19-5743-2026

© Author(s) 2026. This work is distributed under
the Creative Commons Attribution 4.0 License.

Optimization of snow cover fraction parameterization
in the Community Land Model: implementation and
preliminary validation over the Tibetan Plateau

Kai Yang'!, Chenghai Wang?, Yang Cui’, Lingyun Ai’, Feimin Zhang’, and Pinghan Zhaoye**

Hnstitute of Mountain Hazards and Environment, Chinese Academy of Sciences, Chengdu, China
Key Laboratory of Climate Resource Development and Disaster Prevention of Gansu Province, Research and Development
Center of Earth System Model, College of Atmospheric Sciences, Lanzhou University, Lanzhou, China

3Ningxia Meteorological Bureau, Yinchuan, China

4Changzhou Environmental Monitoring Center of Jiangsu Province, Changzhou, China

Correspondence: Kai Yang (kaiyang@imde.ac.cn) and Yang Cui (cuiyang@cma.gov.cn)

Received: 26 December 2025 — Discussion started: 27 February 2026
Revised: 4 June 2026 — Accepted: 23 June 2026 — Published: 1 July 2026

Abstract. Snow cover over the Tibetan Plateau (TP) is not
only a key land forcing for the regional and global climate but
also an important water resource for surround regions. How-
ever, state-of-the-art climate models still exhibit substantial
biases in simulating winter snow cover over the TP, which
constitutes one of the major sources of uncertainty in cli-
mate prediction. Using satellite-based snow cover datasets,
this study reveals that the Community Land Model ver-
sion 5 (CLMS) systematically overestimates the winter snow
cover fraction (SCF) over the TP. This bias mainly arises
because the original SCF parameterization scheme neglects
the spatially varying probability distribution of snowfall ac-
cumulation and underestimates snow depletion over barren
land during the melting period. By accounting for the effects
of non-growing-season low vegetation (i.e., withered grass
stems) and topographic relief, we parameterize the snow ac-
cumulation probability factor (kayccum) instead of prescribing
it as a constant. In addition, a revised factor is introduced
to modify the snow depletion curve shape parameter (Npejt),
thereby optimizing the SCF parameterization scheme. Pre-
liminary validation indicates that the optimized scheme sub-
stantially reduces positive winter SCF biases over the en-
tire TP by 63 %, and improves surface albedo simulations,
thereby alleviating cold surface temperature biases by ap-
proximately 1-2 °C in snow-affected regions.

1 Introduction

Snow cover is a key parameter on the land surface due
to its high albedo and hydrological effects of snowmelt,
greatly affecting the surface energy balance and water cy-
cle, plays an important role in climate system (e.g., Wang et
al., 2017; Henderson et al., 2018; Yang et al., 2023). Accu-
rate parameterization of snow cover is critical for the perfor-
mance of numerical models in weather and climate simula-
tions and predictions, particularly in high-latitude and high-
altitude regions (Toure et al., 2016). Previous studies have
indicated that biases in simulated snow cover over the Ti-
betan Plateau (TP) are among the primary causes of errors in
local near-surface air temperature simulations and contribute
substantially to uncertainties in climate simulations over East
Asia (Orsolini et al., 2019; Zhou et al., 2023). Therefore, op-
timizing snow cover parameterizations in land surface mod-
els (LSMs) remains essential for improving the capability of
numerical models to simulate and predict weather and cli-
mate.

Over the past decades, snow cover parameterizations
have been substantially developed (e.g., Niu and Yang,
2007; Swenson and Lawrence, 2012; Vionnet et al., 2012;
van Kampenhout et al., 2017; Lawrence et al., 2019). In ad-
dition, considerable efforts have been made to improve sim-
ulations of snow cover and associated surface energy pro-
cesses over the TP by accounting for blowing snow, complex
topography, and snow albedo variations. For example, Xie et
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al. (2019) coupled a blowing snow model (PIEKTUK) with
the Community Land Model version 4.5 (CLM4.5) and im-
proved simulations of snow dynamics over most regions of
the TP. Based on station observations and simulations with
the SNICAR radiative transfer model, Wang et al. (2020) de-
veloped a fresh snow albedo scheme in the Noah-MP land
surface model, which effectively reduced excessive snow
depth biases over the TP. Liu and Ma (2024) further showed
that an improved albedo scheme — by optimizing snow age
parameters and explicitly accounting for snow depth in the
Noabh land surface model — enhanced snow cover simulations
in the Weather Research and Forecasting (WRF) model dur-
ing snow events over the TP. The Community Land Model
version 5 (CLMY), the latest LSM developed by the US Na-
tional Center for Atmospheric Research (NCAR), incorpo-
rates substantial improvements in Snow cover parameteriza-
tion compared with its predecessor, CLM4 (Lawrence et al.,
2019). These developments include separate calculations of
snow cover fraction (SCF) for accumulation and depletion
stages, representations of topographic effects on snowmelt,
and the influence of wind and air temperature on fresh snow
density (van Kampenhout et al., 2017). Nevertheless, pro-
nounced biases in snow cover simulations persist over high-
latitude regions and the TP in both CLM4 (Toure et al.,
2016) and CLMS5 (Ma and Wang, 2022). Moreover, cold sur-
face temperature biases over the TP remain evident in most
CMIP6 models (Cui et al., 2021). Thus, further compre-
hensive improvements to snow cover parameterizations are
still required, even in the latest and relatively well-developed
LSMs.

In LSMs, one of the largest sources of uncertainty in sim-
ulating snow cover and the surface energy budget arises from
snow cover fraction (SCF) parameterizations (Niu and Yang,
2007; Swenson and Lawrence, 2012). Traditionally, SCF pa-
rameterizations are formulated based on the relationship be-
tween SCF and snow depth, with empirical parameters in-
troduced to represent subgrid-scale variability and surface
heterogeneity (Liston, 2004). Over the TP, the land surface
exhibits pronounced spatial heterogeneity, characterized by
large topographic relief and diverse low-stature vegetation.
Previous studies have investigated the influence of topogra-
phy on SCF (e.g., Douville et al., 1995; Lopez-Moreno and
Stahli, 2008). Recently, Miao et al. (2022) demonstrated that
SCF simulation biases in the Simplified Simple Biosphere
Model version 3 (SSiB3) can be reduced by accounting for
topographic effects, suggesting that more complex terrain
tends to produce a smaller snow-covered extent for a given
amount of snow. In contrast, Zhang et al. (2022) showed
that incorporating a three-dimensional subgrid terrain radia-
tive effect scheme effectively diminishes the overestimation
of surface solar radiation and alleviates warm land surface
temperature biases, highlighting the shading and cooling ef-
fects of complex terrain. This implies that increased topo-
graphic complexity may also retard snowmelt. Therefore, the
effects of topography on snow cover appear to be twofold,
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yet this dual role is not fully represented in current LSMs. In
addition, snow cover over most regions of the TP is gener-
ally shallow, such that low vegetation — particularly withered
grass stems (WGS) and branches over the southern and east-
ern TP — is not completely buried by snow. Recent studies
have suggested that WGS can enhance snowmelt over the TP
by altering surface energy exchange processes (Yang et al.,
2023; Qi et al., 2024), an effect that is largely neglected in ex-
isting LSMs. Consequently, how to explicitly incorporate the
influences of pronounced topographic relief and WGS into
SCF parameterizations remains a challenging but critical is-
sue.

This study addresses two main objectives. First, it investi-
gates the characteristics of winter snow cover simulation bi-
ases over the TP in CLMS5 and explores their potential causes
from the perspective of deficiencies in the SCF parameteriza-
tion. Second, it seeks to optimize the SCF parameterization
by comprehensively accounting for the effects of topogra-
phy and WGS. The remainder of this paper is organized as
follows. Section 2 describes the data and methodology. Sec-
tion 3 presents the optimization of the SCF parameterization
and the experimental design used to evaluate both the origi-
nal and optimized schemes. Section 4 reports the model re-
sults, including an analysis of winter snow cover biases sim-
ulated by CLMS, validation of the optimized scheme, and its
impacts on the surface energy budget. Section 5 discusses un-
certainties related to snowfall in LSMs, remaining challenges
and potential applicability of the optimized scheme. Finally,
conclusions are presented in Sect. 6.

2 Data and methods
2.1 Meteorological forcing and validation dataset

To conduct the offline simulation of CLMS5 over
the TP, the 3-hourly China meteorological forcing
dataset v1.6 (CMFD 1.6; https://data.tpdc.ac.cn/zh-hans/
data/8028b944-daaa-4511-8769-965612652c49/, last ac-
cess: 29 June 2026) (Yang et al., 2010; He et al., 2020)
with a horizontal resolution of 0.1° x 0.1° for the period
1979-2018 was obtained, CMFD 1.6 includes the surface air
temperature, surface pressure, specific humidity, wind speed,
precipitation, downward shortwave and longwave radiation.

To validate the CLMS5 simulations of snow cover over
the TP, a daily cloudless Moderate Resolution Imaging Spec-
troradiometer (MODIS) snow area ratio dataset (2000-2015)
with the 500m spatial resolution (https://data.tpdc.ac.cn/
en/data/94a8858b-3ace-488d-9233-75¢021a96410/, last ac-
cess: 29 June 2026) was obtained, this dataset is ob-
tained by using a cloud removal algorithm based on cubic
spline interpolation (Tang et al., 2013). A daily, 0.05° snow
depth dataset for TP (2000-2021) (https://data.tpdc.ac.cn/en/
data/0515ce19-5a69-4f86-822b-330aal 1e2a28/, last access:
29 June 2026) was also used, which is obtained based on the
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sub-pixel spatio-temporal downscaling algorithm and the fu-
sion of snow cover probability dataset and Long-term snow
depth dataset in China (Yan et al., 2022).

To analyze the effects of the optimized SCF parame-
terization scheme on surface energy budget, the Global
Land Surface Satellites (GLASS) albedo products (Liang et
al., 2021; https://glass.hku.hk/archive/Albedo/MIX/0.05D/,
last accesss: 29 June 2026) with a 0.05° x 0.05° spa-
tial resolution and 8d temporal resolution from 2002
to 2011 was used, and the monthly data was averaged
from it. The MODIS monthly land surface temperature
product with a 0.05° x 0.05° spatial resolution from 2002
to 2011 was also used (https://ladsweb.modaps.eosdis.nasa.
gov/missions-and-measurements/products/MOD11C3, last
access: 29 June 2026).

The 0.05° x 0.05° and 500 m dataset was averaged to the
0.1° x 0.1° for the convenient comparison with CLMS5 simu-
lations.

2.2 Standard deviation of topography and stem area
index (SAI) dataset

In this study, the grid cell standard deviation of to-
pography for the SCF parameterization was calculated
based on the elevation data obtained from the USGS HY-
DROI1K 1km dataset (https://doi.org/10.5066/F77P8EWNO,
USGS, 2026). The SAI data which is used as the proxy
of WGS area or coverage is derived from a MODIS
consistent land surface parameters dataset (Lawrence
and Chase, 2007; https://svn-ccsm-inputdata.cgd.ucar.edu/
trunk/inputdata/Ind/clm2/mappingdata/grids/, last access:
29 June 2026).

2.3 Validation metrics

The mean bias error (MBE), root mean square error (RMSE)
were used to quantify the errors of model simulations, which
are calculated as follows:

n

1
MBE = ;Z(xs,i — Xo,i) 1)

i=1

n

1
RMSE= |~ 3 (i = %0.)’ )

i=1

where x;; and x,; represent the simulated value and ob-
served value, respectively, n represents the sequence length.

The spatial correlation coefficient (R) was also adopted to
quantify the capability of model in reproducing the spatial
pattern of snow cover and the related variables, which is cal-
culated as follows:
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where X, ; and X, ; represent the mean of simulated value and
observed value, respectively.

2.4 Selection of daily snowfall events and snowmelt
events

In this study, the SCF parameterization is optimized sep-
arately for snowfall and snowmelt processes at a daily
timescale. Accordingly, daily snowfall and snowmelt events
need be identified.

Because direct observations of snowfall are unavailable,
daily positive changes in the observed snow depth which is
obtained from 0.05° downscaling product over the TP (the
detail seen in Sect. 2.1) are used as a proxy to identify the
occurrence and approximate magnitude of snowfall. For each
year during the period 2003-2012 (10 years), the 10d with
the largest increases in snow depth are selected, yielding a to-
tal of 100 snowfall events. These snowfall amounts are then
sorted from the smallest to the largest, and the resulting se-
quence is treated as a continuous snow accumulation process.

Similarly, daily negative changes in the observed snow
depth are adopted as a proxy for snowmelt. For each year
from 2003-2012, the 10 d with the largest decreases in snow
depth are selected, resulting in a total of 100 snowmelt
events. These snowmelt amounts are subsequently sorted
from the largest to the smallest, and the ordered sequence
is regarded as a continuous snow depletion process.

It is acknowledged that daily changes in snow depth do
not strictly represent actual snowfall and snowmelt amounts.
However, the associated uncertainties are considered accept-
able, as these quantities are not directly used in the SCF cal-
culations.

3 SCF parameterization optimization and
experimental design

3.1 Current SCF parameterization in CLMS5

This study adopted CLMS5 which was well developed in
descriptions of surface energy fluxes and hydrology pro-
cesses (Lawrence et al., 2019). In CLMS5, the parameteriza-
tion of SCF (fsnow) is based on the method of Swenson and
Lawrence (2012). Because the processes governing snowfall
and snowmelt differ, changes in fs,ow (%) are calculated sep-
arately for accumulation and depletion. When snowfall oc-
curs, finow 1S updated as

srrll:gvlv =1- ((1 — tanh (kaccum@snow At)) (1 - fsl:low)) 4)

where tanh(kaccum@snow A?) s the probability distribution of
snow cover during snowfall, kyccum 1S the probability distri-
bution factor (unitless), whose default value is 0.1, gsnow At is
the amount of new snow (mm). According to Eq. (4), accu-
mulation curves of SCF with increase of snow depth dur-
ing snowfall under different values of kyccym are shown in
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Figure 1. Relationship between snow cover fraction (SCF) and snow depth. (a) Accumulation curves of SCF with increase of snow
depth (dsnow; cm) during snowfall under different values of probability distribution factor (kaccum) according to Eq. (4), here, amount of
new snow (gsnpow - At; mm) is calculated by multiplying Adspow by snow density (psnow; kg rn73). (b) Depletion curves of SCF under

different values of Npe; according to Eq. (5).

Fig. 1a, which describes the SCF increases rapidly when the
snow depth is shallow (i.e., at the onset of snowfall) and sub-
sequently changes more gradually.

When snow melts, fsow is calculated from the depletion
curve:

08! (2Rgnow — 1)) ™"
fsnow =1- ( s ) (5)

T

where Rgnow (unitless) is the ratio of snow water equiva-
lent (Wgpow; mm) to the maximum accumulated snow wa-
ter equivalent (Wpax; mm). Wgyow is directly calculated in
CLMS, and Wpax is determined by integrating snowfall
amounts into snow water equivalent during snowfall events
and is subsequently derived from the snow depletion curve.
In other words, Wi« is a diagnostic variable introduced to
ensure consistency between the updated SCF and the total
snow water equivalent. Npel; is the depletion curve shape pa-
rameter (unitless), which depends on the topographic vari-
ability within the grid cell:

200
min (1(), otopo)

(6)

Nmelt =

where oyopo (m) is the standard deviation of topography
within a grid cell. Figure 1b shows the SCF depletion curves
calculated using Eq. (5), the depletion patterns vary substan-
tially with different values of Ny, indicating a strong influ-
ence of Npepe on the shape of the depletion curves.
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3.2 Optimizing SCF parameterization during snowfall
by parameterizing the probability distribution
coefficient (kaccum)

According to Eq. (4), the value of kyccum determines the ac-
cumulation rate of the snow cover fraction (SCF): smaller
kaccum Values lead to slower accumulation rates and smaller
SCF, even under the same snowfall amount (Fig. 1a). How-
ever, in the current scheme, kaccum 1S treated as a constant
with a default value of 0.1. In reality, different underlying
surface types (e.g. barren, grass, shrub) are expected to in-
fluence the probability distribution of snow during snow-
fall (Sturm et al., 2001). In other words, kyccym should vary
spatially rather than remain constant. Therefore, the current
scheme likely fails to adequately represent the effects of un-
derlying surface heterogeneity on snow accumulation.

To estimate optimal values of kaccum under different land
cover types, topographic relief, and vegetation conditions
(Fig. 2), eight subregions were selected across the western,
central, and eastern TP. As shown in Fig. 2a, barren land
and alpine grassland dominate most areas of the TP. Accord-
ingly, eight 1° x 1° subregions (A-D, I-L) located in bar-
ren land and another eight subregions of the same size (E-
H, M-P) located in alpine grassland were selected. To re-
duce uncertainties in the analysis, the selected subregions
were divided into two independent groups. Group 1 consists
of subregions A-D and E-H (black rectangles in Fig. 2d),
whereas group 2 consists of subregions I-L. and M-P (red
rectangles in Fig. 2d). Each 1° x 1° subregion was further
divided into four 0.5° x 0.5° panels (Fig. 2b), yielding a to-
tal of 32 panels in each group. These panels exhibit distinct
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Figure 2. Subregions selected for analysis. (a) Underlying surface type over the TP. (b) Schematic diagram of dividing. Spatial distribution
of (¢) standard deviation of topography (otopo; m) within a grid cell, (d) stem area index (SAI; unitless) in October over the TP. Eight black
rectangles (group 1) and eight red rectangles (group 2) represent subregions selected for analysis, one subregion (1° x 1°) divided into four
panels (0.5° x 0.5°) as shown in (b) schematic diagram; thus there are thirty-two panels for both group 1 and group 2. Evolution of otopo and

SAI across 32 panels for (e) group 1 and (f) group 2.
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and the fitted value are smallest.

differences in topographic relief (oiopo) and SAI (Fig. 2c—
e). Together, these variations effectively represent the het-
erogeneity of underlying surface conditions across the TP. It
should be noted that, current SCF scheme in CLM5 mainly
considered effects of large topographic relief (otopo > 200 m)
on snowmelt (Swenson and Lawrence, 2012), while neglect-
ing the fact that smaller topographic relief can also induce
substantial SCF simulation biases (Miao et al., 2022). There-
fore, otopo values in the selected panels are generally smaller
than 200 m, and this study focused on effects of topogra-
phy at this scale. In addition, these areas exhibit relatively
large SCF simulation biases in CLM5 (Ma and Wang, 2022).
The 32 panels in each group were subsequently used to op-
timize the SCF parameterization scheme, with the results
from group 1 and group 2 serving as independent datasets
for cross-validation.

Geosci. Model Dev., 19, 5743-5763, 2026

Based on a cloud-free MODIS SCF dataset and a snow
depth downscaling product (see Sect. 2.1 for details), the
observed relationship between SCF and snow depth during
snowfall was examined over the selected panels on the TP
(Fig. 3). In general, SCF increases with increasing snow
depth, consistent with findings from previous studies (e.g.,
Niu and Yang, 2007; Swenson and Lawrence, 2012). How-
ever, the SCF—snow depth relationship varies among panels
with different topographic relief (otopo) and SAI highlight-
ing the importance of accounting for underlying surface het-
erogeneity. To quantify these differences, the optimal val-
ues of kaccum Were estimated for each of the 32 panels in
groups 1 and 2 during snowfall by minimizing the RMSE be-
tween the observed and fitted SCF values. The resulting op-
timal kyccym values are shown in blue and red font in Fig. 3.
Over barren land, the optimal kaccum spans from 0.06 to 0.17,
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kaccum generally decreases with the larger otopo, and the av-
eraged optimal kyccum 1S close to the default value of 0.1.
Whereas, over alpine grassland, the optimal kyccym mostly
exceeds 0.1, which varies with oypo and SAIL Compari-
son between the optimal kuccym and the default, the orig-
inal scheme should overestimate the SCF over areas with
small oyopo, While the SCF over the alpine grassland is un-
derestimated. Thus, above results demonstrate the values
of kaccum should not be a constant, revealing pronounced spa-
tial differences.

To describe the spatial diversity of kyccum, We further pa-
rameterized kaccum through quantifying relationship between
the optimal value of kyccum and oyopo, SAI (Fig. 4). It can be
seen that, group 1, group 2 and their combination show simi-
lar results, kaccum 1S represented by a power function depend-
ing solely on otopo over barren land, while kccum is calcu-
lated by a linear equation that depends on otopo X SAI which
represents the combined their effects over grass land. The
choice of equation for kyccym can also be physically justi-
fied. Over barren land, when o1qpo is small (i.e., the ground
surface is relatively flat), snowfall is distributed more evenly
across the surface, resulting in a relatively high SCF. In con-
trast, as oyopo increases (i.e., terrain relief becomes more pro-
nounced), snow tends to accumulate in topographic depres-
sions, leading to a relative decrease in SCF. However, as ter-
rain complexity continues to increase, the suppressing effect
of topography on SCF gradually weakens. This is because
snow cover over the TP is generally shallow due to lim-
ited snowfall, resulting in only minor changes in snow dis-
tribution even under highly complex terrain conditions. Over
grassland, the probability distribution of snow cover during
snowfall is jointly suppressed by both otpo and SAL

The fitted functional forms of the kaccum €quations are gen-
erally consistent among group 1, group 2, and the combined
samples (Fig. 4). Although the estimated coefficients vary
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somewhat between the fitted relationships, the associated un-
certainties in SCF simulations appear to be relatively small
and remain within an acceptable range. Finally, we obtained
the calculation formula of kuccum Over the barren land and
grassland as the following equation

k _ 1.15 x (75&55 Barren land %)
aceum —5 % 107* X (01opo X SAI) +0.18  Grass land.

Then, Eq. (7) was combined with Eq. (4) and the optimized
SCF parameterization during snowfall was yielded as follows

f/H»l —=
snow =

[ 1- ((1 ~tanh [(1.15 x a,;p“u”) X Gsnow At]) (- fﬁm,w))
I

—((1 7lanh[(75 x 1074 x (0t0po X SAI) +0.18) X Gsnow At]) (1= f2ow))

Barren land (8)

Grass land.

3.3 Revising snow depletion curves by modifying
parameterization of the shape parameter (Npet)

Here, the observed relationship between SCF and Rgyow dur-
ing the snowmelt period was analyzed (Fig. 5). In general,
SCF decreases rapidly at the onset of snowmelt (large Rgnow)-
As snowmelt progresses (Rgnow becomes small), the rate of
SCF depletion gradually slows. The snow depletion curves
exhibit distinct shapes across panels with different topo-
graphic relief (oiopo) and SAI, suggesting that both topo-
graphic heterogeneity and WGS influence snowmelt pro-
cesses. The current SCF parameterization scheme (Egs. 5
and 6) in CLMS5 accounts for the effects of topographic relief
by assuming that larger otopo values lead to faster snow de-
pletion. However, topography can also reduce incoming so-
lar radiation through terrain-shadowing effects over the TP
(Zhang et al., 2022), which may act to slow snowmelt in
some regions. Furthermore, studies suggested the WGS can
warm ground (Domine et al., 2022) and benefit the melting
of snow over the TP (Yang et al., 2023; Qi et al., 2024).
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Figure 5. Observed relationship between snow cover fraction (SCF; %) and Rspow (unitless) in 0.1 x 0.1 grid cells of 32 panels of group 1
(blue crosses) and group 2 (red circles) during snow melt over the TP. The fitted lines are computed from Eq. (5) with the optimal values
of Npel¢ (blue and red font numbers are from group 1 and group 2, respectively) which were estimated when RMSE between observed SCF

and fitted value are smallest.

Therefore, how to explicitly incorporate the influences of
pronounced topographic relief and WGS into snow cover pa-
rameterizations remains critical.

The shape of snow depletion curve is decided by the pa-
rameter Npe|; (Fig. 1b). It needs to estimate the optimal value
of Npelr over the different underlying surface of TP and re-
vise Npelt parametrization. The optimal value of Ny was
estimated in snowmelt events over each panel of group 1
and group 2 through judging the smallest RMSE between
observed SCF and fitted value (blue and red font numbers
shown in Fig. 5). We can see that the optimal value of Npelt
is obviously smaller than the original value based on the orig-
inal scheme in CLMS5 (Table 1), which means the current
scheme should underestimate snow melting rate.

To revise parameterization of Ny, here, we defined a re-
vised factor F which is calculated as

Geosci. Model Dev., 19, 5743-5763, 2026

F= Nmelt,optima]/Nmelt,original~ 9

It can be seen that, value of the revised factor F is generally
less than 1 (Table 1), which implies lager melting rate over
flat barren land and the positive effect of WGS on melting of
snow over alpine grassland.

Relationship between the revised factor F and oyopo, SAI
was further quantified over barren and grassland (Fig. 6). It
can be seen that group 1, group 2 and the combined sam-
ples yield similar results. Over barren land, F is represented
by a linear function of oy, Whereas over grassland, F is
calculated using an exponential function that depends on
SAT? /Otopo- Although the parametrization of F* was empir-
ically developed based on statistical method, its theoretical
basis and the choice of functional form can be physically
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Table 1. Comparison between the optimal Nyelt (Nmelt, optimal; Unitless) and the original Npe]t (Nmelt, original Which was calculated from
Eqg. 6; unitless), and the revised factor (F'; unitless) with different oyopo (m) and SAT (unitless) over barren and grassland.

Panels  Npelt,optimal ~ NVmelt,original F ‘ Panels  Npelt,optimal ~ NVmelt,original F

Al 0.49 2.13 023 | 11 0.25 1.85 0.14
A2 0.35 2.18 0.16 | 12 0.25 2.74 0.09
A3 0.35 2.63 0.13 | I3 0.63 3.14 0.20
A4 0.35 2.49 0.14 | 14 0.54 2.49 0.22
B1 0.49 1.88 0.26 | J1 0.35 2.42 0.14
B2 0.92 1.58 0.58 | J2 0.39 2.38 0.17
B3 0.44 3.01 0.15 | J3 0.25 4.36 0.06
Barren land B4 0.78 2.78 0.28 | J4 0.35 3.38 0.10
Cl 0.44 3.45 0.13 | K1 0.59 2.65 0.22
C2 0.87 2.67 0.33 | K2 0.35 3.48 0.10
C3 1.02 3.57 0.29 | K3 0.39 3.38 0.12
Cc4 0.59 3.33 0.18 | K4 0.39 2.54 0.16
D1 1.07 2.67 040 | L1 0.30 3.36 0.09
D2 0.68 2.82 0.24 | L2 0.83 3.86 0.21
D3 1.07 3.64 0.29 | L3 0.35 3.00 0.12
D4 0.44 4.65 0.09 | L4 0.97 1.77 0.55
El 1.11 1.85 0.60 | M1 1.26 3.05 041
E2 1.21 2.40 0.50 | M2 1.07 2.63 0.40
E3 0.78 2.06 0.38 | M3 0.54 2.42 0.22
E4 0.92 2.81 0.33 | M4 0.73 1.97 0.37
F1 0.97 2.15 0.45 | N1 1.02 2.08 0.49
F2 1.88 1.59 1.18 | N2 0.92 1.53 0.60
F3 1.21 2.44 0.50 | N3 1.16 2.19 0.53
Grassland F4 1.26 3.39 0.37 | N4 0.49 1.82 0.27
Gl 1.02 2.25 045 | O1 1.02 1.40 0.73
G2 0.49 1.64 0.30 | 02 0.39 1.34 0.29
G3 0.44 1.14 0.39 | O3 0.25 0.92 0.27
G4 0.63 1.37 0.46 | O4 0.39 0.94 0.42
H1 0.44 1.22 036 | P1 0.54 1.27 0.42
H2 0.44 1.63 0.27 | P2 0.54 1.43 0.38
H3 0.49 1.61 0.30 | P3 0.44 2.42 0.18
H4 0.54 1.12 048 | P4 0.54 2.20 0.24
a B b
arren land Grass land
1.0 1.0
R?=0.32 (p<0.1; n=16) R2=0.23 (p<0.1; n=15)
0.8 1 R2=0.40 (p<0.1; n=16) 0.8 ° R?=0.25 (p<0.1: n=16)
0.6 | RP=0.34(p<0.1;n=32) x 06 | ox R2=0.25 (p<0.1; n=31)
w ° w Oox % %
0.4 x 0.4 N
x o o » X
0.2 S % o 02 {©°
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F=3.3><1O'3><0mm-0.010 F=0.49x @ 0.004x(10°x5ARtopo)
F=3.8x1 0’3><0mp0—0.1 07 F=0.44 xg0.003x(10**SAB6topo)
F=3.7x10%xo,_-0.066 F=0.46xe0004-(10-SARstop0)

Figure 6. Observed relationship between the revised factor /' and oiopo (m), SAI (unitless) over (a) barren land, (b) grassland based on
group 1 (blue crosses) and group 2 (red circles). The blue and red lines represent the fitting results for the samples from group 1 and group 2,
respectively, while the black lines represent the fitting results for the combined samples from both groups, with regressed equations marked
by the corresponding colour.
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Melting faster
\\

Small topographic relief

Over bare land, the albedo of shallow
fresh snow is usually lower than 0.4
(Wang et al., 2020); the current scheme
might  underestimate the snow
depletion rate.

Al A

Over grass land, withered grass stem,
which has a lower albedo, can not be
fully buried by shallow snow, so it
warms up more quickly, making
snowmelt faster.

Figure 7. Schematic diagram of topographic relief and short vegetation (i.e., withered grass stems) impacts snowmelt. (a) Illustration of
different effects between large and small topographic relief on snowmelt. (b) Comparison of snowmelt between barren land and grassland
covered by shallow snow which usually has relatively low albedo (< 0.4; Wang et al., 2020).

justified. Over barren land, F increases with larger oopo, in
other words, snow melt over the flat barren land should be
faster than that over the complex topography, which might be
due to the effect of topographic shadowing under the patched
and shallow snow condition over the TP (Fig. 7a). Over
alpine grassland, as SAI increases, F' decreases, indicating
a negative relationship between F and SAI, implying more
WGS can lead to faster snow melt (Fig. 7b), which is con-
sistent with results of previous studies (Domine et al., 2022;
Yang et al., 2023; Qi et al., 2024). Considering the additional

Geosci. Model Dev., 19, 5743-5763, 2026

influence of otopo, We further define a factor SAI? /Otopo tO
represent the combined nonlinear effects of oyopo and SAL

The fitted functional forms of the equations for F derived
from group 1, group 2 and the combined data (Fig. 6) are gen-
erally consistent, despite differences in the fitted coefficients.
Thus, to revised Nl parametrization, effects of topography
and WGS were combined to fit the calculation formula of F
as follows

https://doi.org/10.5194/gmd-19-5743-2026
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P 1073 x (3.3 X Gopo — 9.5) Barren land 10

T ] 0.49 x ¢=0004x(10°XSAP/010p0)  Grags land (10)
200

Nmelt,revised =—F——<xF. (11)

min (10, ampo)

Combining Egs. (10), (11) with Eq. (5), the optimized SCF
parameterization during snowmelt was yielded as follows
fsnow =

' 1— (Cos—l (2§~now*]) ) m x[1073 x (3.3xa10p0—9.5)]

[0‘49 e 0004x (10%xSA1 /o10po ) }

Barren land
(12)

200
- — = X
1— (cos l(z?mw—l)) min(10.010p0 ) Grass land.

3.4 Experimental design

To evaluate and optimize SCF parameterization, four of-
fline experiments were conducted using CLM5 over the TP
(25-40°N, 75-105°E; Fig. 2a) at a spatial resolution of
0.1° x 0.1° (Table 2). One is the control experiments (CTL),
with SCF parametrizations using the original scheme. The
others are the MOD1, MOD2 and MOD3. In MOD1, SCF
parametrization adopts the optimized scheme; in MOD?2,
SCF parameterization only during snow melt adopts the op-
timized scheme; while in MOD3, SCF parameterization only
during snowfall adopts the optimized scheme. Through com-
paring simulations between MOD1, MOD2 and MOD3, per-
formance of the optimized scheme during snowfall and snow
melt can be separately validated. The simulations cover the
period from 1979 to 2018, with a model time step of 1800 s
and monthly output frequency. The meteorological forcing
data were derived from the CMFD v1.6 (see Sect. 2.1 for
details). CLM5 was run within the framework of Commu-
nity Earth System Model (CESM) version 2.2.0 using the
12000CIm50SpGs component set. In this configuration, veg-
etation canopy properties are prescribed from satellite obser-
vations, and the standard crop parameterization is applied
without dynamic land-use and land-cover change. The first
23 years (1979-2001) were used for a spin-up to satisfy the
model equilibrium, and rest simulations during 2002-2011
used for analysis.

4 Results

4.1 Characteristics of CLMS5 simulated winter snow
cover biases

It has been reported that cold biases are pronounced during
winter (Meng et al., 2018), and biases in SCF simulated by
CLM are also relatively large during this season (Toure et
al.,, 2016; Ma and Wang, 2022). Given the importance of
winter snow cover and its associated modeling uncertain-
ties, this study focuses on the simulation of SCF over the
TP during winter. Most regions of the TP are snow cov-
ered in winter, and snow is distributed in a patchy and frag-
mented manner, with SCF generally below 50 % over most
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areas at the grid-cell scale (10 x 10km) (Fig. 8a). Except
for the southeastern TP (e.g., the Nyenchen Tanglha Moun-
tains), snow cover over the TP is generally shallow, with
snow depth around or less than 10cm (Fig. 8b). Neverthe-
less, most LSMs exhibit poor performance in simulating such
fragmented and shallow snow cover over the TP, typically
overestimating snow extent (Toure et al., 2016; Orsolini et
al., 2019). In contrast, CLMS5 shows relatively small SCF bi-
ases over the eastern and southwestern TP, while pronounced
biases occur over the northwestern TP, the Kunlun Moun-
tains, the Bayan Har Mountains, and the Siguniang Moun-
tains (Fig. 8c and e). Specifically, positive SCF biases domi-
nate the western and central TP, whereas negative biases are
evident over the southeastern TP. The spatial correlation co-
efficients (R) of SCF over both grassland and barren land
exceed 0.5, indicating that CLMS is generally capable of re-
producing the spatial distribution of winter SCF over the TP.
However, the regionally averaged MEB and RMSE of SCF
remain relatively large. Over the entire TP, grassland, and
barren land, the MEB (RMSE) values are 9.79 % (21.71 %),
3.37% (16.33 %), and 13.13 % (23.20 %), respectively (Ta-
ble 3).

SCF generally increases with the thicker snow depth,
therefore, biases in SCF may be related to biases in snow
depth. Indeed, the spatial pattern of snow depth biases
(Fig. 8d and f) is broadly consistent with that of SCF. but
the northwestern TP does not exhibit correspondingly large
snow depth biases, suggesting that the pronounced SCF bi-
ases in this region are mainly attributable to deficiencies in
the SCF parameterization in CLMS. Overall, CLMS5 tends to
overestimate winter snow cover over the TP, indicating that
the SCF parameterization requires further optimization.

4.2 Preliminary validation of the optimized SCF
parameterization scheme

The details of the SCF parameterization scheme optimization
by considering the impacts of WGS and topography have
been introduced in Sect. 3.2 and 3.3. Based on this frame-
work, a preliminary validation of the optimized SCF param-
eterization was conducted. As shown in Fig. 9a, d, and g,
the optimized SCF scheme (MOD1) markedly improves the
simulation of winter SCF by reducing both MEB and RMSE.
The most substantial improvements occur over the north-
western TP, the Kunlun Mountains, Bayan Har Mountains,
and Siguniang Mountains, where the original scheme sub-
stantially overestimates SCF. The optimized scheme also
moderately reduces the negative SCF biases over the south-
eastern TP, whereas its influence remains limited in the
southwestern TP, particularly over the Himalayan Moun-
tains. Consequently, the regionally averaged MEB (RMSE)
of SCF over the entire TP, grassland, and barren land is re-
duced to 3.61 % (18.53 %), —0.9 % (14.40 %), and 7.30 %
(19.91 %), respectively (Table 3). Compared with CTL, the
optimized scheme simulates less SCF over the barren and
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Table 2. Description of experimental design.

Experiments  SCF parameterization scheme
CTL SCF parameterizations during snowfall and snow melt use the original scheme (Eqgs. 4 and 5)
MOD1 SCF parameterizations during snowfall and snow melt adopt the optimized scheme (Eqs. 8 and 12)
MOD2 SCF parameterization during snowfall is the original scheme, but SCF parameterization during snow melt is the
optimized scheme (Eq. 12)
MOD3 SCF parameterization during snowfall is the optimized scheme (Eq. 8), but SCF parameterization during snow melt is
the original scheme
Snow cover fraction Snow depth
cm
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1
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MBE 2
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Figure 8. Distribution of winter (DJF mean) snow cover and CLMS5 simulation biases. Observed (Obs) 2003-2012 averaged DJF (a) snow
cover fraction (SCF; %), (b) snow depth (cm). CLMS5 mean bias error (MEB; CTL-Obs) of (¢) SCF, (d) snow depth during period 2003—
2012. In each panel, slash shading and dot shading represent grassland and barren land, respectively. (e) and (f) are same as (c) and (d) but

for RMSE.

mountainous areas where the original scheme has obvious
positive biases, and more SCF over the southeastern TP
where the original scheme has negative biases. The posi-
tive biases of winter SCF are relatively reduced by 63 %
([MEBMOD1 —MEBCTL] / MEBCTL x 100 %) over the en-
tire TP. Over the grassland and barren land used for opti-
mizing SCF parameterization, winter SCF simulation MBE

Geosci. Model Dev., 19, 5743-5763, 2026

from the MOD?2 are also obviously smaller than that of the
CTL (Fig. 9b and e).

In CLMS, SCF during snowfall and snowmelt periods is
calculated separately. Therefore, the improvements shown in
the MOD1 experiment represent the combined effects of the
optimized SCF scheme during both periods. To further iden-
tify which process contributes most to the improvement, sim-
ulations using the optimized SCF scheme only during the

https://doi.org/10.5194/gmd-19-5743-2026
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Figure 9. Comparison of simulations of SCF with modified scheme (MOD1, MOD2, MOD3) with observation (Obs) and simulations with
current scheme (CTL). Mean bias error (MBE) of SCF from experiments (a) MOD1, (b) MOD?2, (¢) MOD3. Root mean square error (RMSE)
of SCF from experiment (d) MOD1, (e) MOD2, (f) MOD3. Differences of SCF between (g) MOD1 and CTL, (h) MOD2 and CTL, (i) MOD3

and CTL, (j) MOD1 and MOD?2, (k) MOD1 and MOD3.

snowmelt period (i.e., the MOD2 experiment) are compared
with CTL (Fig. 9h). MOD2 simulates lower SCF than the
CTL over most regions of the TP, except for some areas with
large topographic relief in the southern TP, thereby reduc-
ing the positive SCF biases. Quantitatively, MEB of SCF
averaged over the entire TP, grassland, and barren land de-
creases to 4.78 %, —0.65 %, and 7.48 %, respectively. Al-
though the regionally averaged reduction in SCF biases is
slightly smaller in MOD?2 than that in MODI, the spatial
pattern of SCF differences between the two experiments
(Fig. 9j) indicates that MOD2 achieves larger bias reduc-
tions across most of the TP, with the exceptions of the Pamir
Mountains and the Siguniang Mountains, where the improve-
ments are greater in MOD1. This indicates that the over-
all improvements achieved by the optimized SCF scheme

https://doi.org/10.5194/gmd-19-5743-2026

are primarily attributable to the modifications during the
snowmelt process. In the optimized SCF parameterization for
the snowmelt period, the shape parameter (Npe|¢) is modi-
fied by multiplying a revised factor (') that is less than 1.
A smaller Ny} corresponds to a faster snow depletion rate
during snowmelt (Fig. 1b), which effectively reduces the pos-
itive SCF biases. In other words, the original SCF scheme
underestimates the snow depletion rate, particularly over flat
barren land, and the optimized scheme alleviates this defi-
ciency to a considerable extent. Simulations using the op-
timized SCF scheme only during snowfall events (i.e., the
MOD3 experiment) result in only marginal improvements
over barren land (Fig. 9c, f, i, and k), with the regionally
averaged SCF MEB decreasing to 12.91 %. In contrast, SCF
biases over grassland become slightly larger in MOD3. This

Geosci. Model Dev., 19, 5743-5763, 2026
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Figure 10. Comparison of simulated snow cover fraction (SCF; %) with observation during 2002-2011. Evolution of SCF averaged (a) the
entire TP, (b) barren land, (c) grassland. The coloured values represent the RMSE of SCF for the corresponding experiments.

Table 3. Comparison of winter SCF simulation MBE (%),
RMSE (%) and R (unitless) between the CTL and MOD1, MOD?2,
MOD3.

CTL MOD1 MOD2 MOD3

MBE 9.79 3.61 4.78 9.09

The entire TP RMSE  21.71 18.53 18.85 21.49
R 0.42 0.43 0.45 0.40

MBE 13.13 7.30 7.48 12.91

Barren land RMSE 23.20 19.91 19.59 23.58
R 0.55 0.57 0.60 0.52

MBE 337 —-0.90 -0.65 3.52

Grass land RMSE 16.33 14.40 14.50 16.48
R 0.55 0.56 0.58 0.53

Note: the bold black values are the lowest MBE, lowest RMSE and largest R among
the CTL, MOD1, MOD2 and MOD3.

difference may be attributed to the presence of WGS, which
acts as a physical barrier that inhibits wind-driven snow
transport into topographic depressions. As a result, snow
tends to be retained more effectively over grassland than
over barren land, leading to higher SCF values. For the op-
timized SCF parameterization scheme during snowfall, the
values of the probability distribution coefficient (kaccum) can
be greater than 1 (the default value in the original scheme)
over areas with small otopo and SAI (Fig. 4), which means
the SCF during snowfall over the flat and sparse vegetation

Geosci. Model Dev., 19, 5743-5763, 2026

areas calculated by the optimized scheme is larger than that
of the original scheme, but smaller over the large topographic
relief area. Overall, the optimized SCF has the potential to
more comprehensively account for the effects of underlying
surface heterogeneity and improve the representation of the
physical processes governing SCF variations.

We further validated simulations in SCF evolution during
period 20022011 (Fig. 10). In CTL experiment (i.e., origi-
nal scheme), seasonal and interannual variations of SCF sim-
ulated by CLMS5 generally agree with the observations over
the TP (Fig. 10a). However, winter SCF is consistently over-
estimated, resulting in a RMSE of 6.24 %. In contrast, the op-
timized scheme (MOD2) shows much better agreement with
the observations, reducing the RMSE to 5.14 %. Over barren
land, the winter overestimation of SCF in the CTL experi-
ment is more pronounced (Fig. 10b). The optimized scheme
effectively alleviates this positive bias, reducing the RMSE
from 8.37 % to 6.19 %. Over grassland, the SCF biases sim-
ulated by CLMS are relatively small, with an RMSE of ap-
proximately 4 % (Fig. 10c). The optimized scheme leads to
a slight deterioration in performance over grassland, which
may be attributable to the reduction in winter SCF causing
a modest underestimation during the snowmelt period from
April to June.

To assess the impacts of the optimized SCF scheme on
snow mass simulations, Fig. 11 shows the differences in
snow depth and snow water equivalent (SWE) between the
MOD1 and CTL experiments during winter and spring. The
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Figure 11. Differences of gridcell mean snow depth (cm) and snow water equivalent (mm) between MOD1 and CTL during winter (DJF)

and spring (MAM).

optimized SCF scheme generally leads to greater snow depth
than the original scheme in both seasons (Fig. 11a and c).
This is attributable to the snow accumulation formulation in
CLMS, where the increase in snow depth is determined by
snowfall divided by SCF. Therefore, a lower SCF results in a
larger snow depth increment for the same snowfall amount.
The optimized scheme likewise produces higher SWE values
than the original scheme (Fig. 11b and d).

4.3 Effects of the optimized scheme on the surface
energy budget

SCF is an important factor influencing the surface albedo.
As shown in Fig. 12a, the observed surface albedo ranges
from 0.1 to 0.8, with relatively high values occurring over
the eastern TP. CLM5 generally captures the spatial distri-
bution of surface albedo, yielding a spatial correlation coeffi-
cient (R) of 0.63. However, due to the overestimation of SCF,
CLMS has obvious positive biases of surface albedo by up
to 0.3 (Fig. 12b), especially over the northwestern TP. And
the spatial pattern of surface albedo bias is similar to that of
SCEF, which further confirm that winter SCF bias should be
the main cause of the surface energy budget bias. While the
optimized SCF scheme simulated lower surface albedo than
that of the original scheme (Fig. 12c), especially over the
northern TP where SCF simulation is obviously improved,
difference of surface albedo between MOD1 and CTL can
be about —0.1, thus, the positive biases in surface albedo are
obviously reduced, and the optimized SCF scheme also im-
proves the simulation of the spatial distribution of winter sur-
face albedo by CLMS5, with R increasing to 0.65., despite the
remaining positive surface albedo bias in MOD1, which may
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be attributed to unresolved SCF biases and other process im-
perfections (such as snow albedo estimation).

Improvements in surface albedo simulation further af-
fect the simulation of the surface energy budget. Compared
with the original scheme (CTL experiment), the optimized
SCF scheme (MOD1 experiment) produces a lower surface
albedo, resulting in a substantial increase in net shortwave
radiation at the surface (Fig. 13a). Consequently, both net
longwave radiation and sensible heat flux increase (Fig. 13b
and c), and the spatial patterns of their differences between
MOD1 and CTL generally correspond to those of net short-
wave radiation. In contrast, the latent heat flux simulated
by the optimized SCF scheme decreases slightly (Fig. 13d),
likely due to the reduced snow-covered area and decreased
snow sublimation during winter. The impact on ground heat
flux is relatively small (Fig. 13e).

Surface energy budget further influences the land surface
temperature (LST). The observed LST exhibits a pronounced
spatial pattern, with colder temperatures generally occurring
at higher elevations (Fig. 14a). CLMS5 generally reproduces
the overall spatial distribution of winter LST over the TP,
with a spatial correlation coefficient R) of 0.55. Neverthe-
less, it has been reported that, current climate models have
obviously cold biases over the TP (Orsolini et al., 2019; Zhou
et al., 2023), which is one of the main causes of uncertain-
ties in simulations and projection of permafrost degeneration,
surface hydrology and ecology, as well as understanding the
TP thermal forcing (Yang et al., 2019; Ehlers et al., 2022).
As excepted, CLMS5 still shows cold biases over most re-
gions of TP (Fig. 14b), especially over northern TP where
snow cover fraction is overestimated and southeastern TP.
Compared to the original scheme, the optimized SCF scheme
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bution of surface albedo from MODSI observation. (b) Differences
between CTL and Obs. (c¢) Differences between MOD1 and CTL.
The values in (b) and (c) are the spatial correlation coefficient of
CTL, MOD1 experiments with Obs.

simulated the warmer LST (Fig. 14c¢), in other words, the op-
timized SCF scheme reduces the cold bias.

Overall, the optimized SCF scheme not only improves the
winter SCF simulation over the TP, but also optimizes simu-
lations of the surface energy budget to some extent.

5 Discussions

5.1 Uncertainties in the meteorological forcing dataset
and the parameterization of total precipitation
partitioning into snowfall

It has been widely recognized that biases in meteorolog-
ical forcing datasets represent an important source of un-
certainty in land surface process simulations (e.g., Wang et
al., 2016; Zeng et al., 2021; Zhang et al., 2025), including
snow cover simulations (Xie et al., 2017; Jiang et al., 2020).
The formation and evolution of snow mass on the land sur-
face involve a series of complex processes, including snow-
fall, accumulation, compaction, aging, and melting. In this
study, we primarily focus on improving the parameteriza-
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tion of SCF during snowfall and snowmelt processes. Snow
compaction and aging mainly affect snow albedo, which in
CLMS is simulated using the Snow, Ice, and Aerosol Radia-
tive (SNICAR) model. At present, snowfall input to LSMs
is diagnosed through parameterization schemes that partition
total precipitation into rainfall and snowfall. On the one hand,
due to the sparse observational network and uncertainties in
reanalysis datasets over the TP, total precipitation in meteoro-
logical forcing datasets inevitably contains biases (Liu et al.,
2025). These uncertainties may contribute to the remaining
snow cover biases, even after optimizing the SCF parameter-
ization. In this study, we adopt the CMFD v1.6. Although a
newer version, CMFD v2.0, has recently been released with
substantial improvements — including precipitation directly
derived from the TPHiPr dataset (Jiang et al., 2023) — previ-
ous evaluations indicate that CMFD v1.6 exhibits relatively
lower biases compared to other forcing datasets (Liu et al.,
2025). Nevertheless, a systematic assessment of the impacts
of different meteorological forcing datasets on snow cover
simulations over the TP remains necessary and should be ad-
dressed in future studies.

On the other hand, the parameterization scheme used to
partition total precipitation into snowfall also exerts a strong
influence on snow cover simulations. At present, most LSMs
estimate the fraction of snowfall in total precipitation us-
ing empirical functions that rely primarily on near-surface
air temperature as the independent variable. Previous stud-
ies (e.g., Leroux et al., 2023; Jennings et al., 2025) have
demonstrated that the choice of precipitation phase partition-
ing scheme constitutes a major source of model sensitivity
in simulating changes in snow mass. In CLMS, the partition-
ing of total precipitation into snowfall and rainfall is diag-
nosed using a linear ramp function. For most land units, this
scheme produces all snowfall at temperatures below 0 °C,
all rainfall above 2 °C, and a mixture of snowfall and rain-
fall at intermediate temperatures. Consequently, improving
snowfall estimation in LSMs from alternative perspectives
— such as incorporating crowdsourced observations of pre-
cipitation phase through data assimilation — may provide a
promising pathway for further reducing uncertainties in snow
cover simulations (Jennings et al., 2025).

Besides, interaction between snow cover and snowfall,
air temperature are complex through snow cover-albedo-
radiation energy feedbacks. Improved simulation of snow
cover over the TP can effectively help alleviate the cold bias
during the cold season (Zhou et al., 2023). In this study, the
optimized SCF scheme was evaluated only through offline
CLMS simulations. To more comprehensively assess its im-
pacts on climate simulations, coupled atmosphere—land ex-
periments should be conducted in future studies.
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5.2 Remaining challenge for describing the complexity
of topographic relief and vegetation diversity

Due to the complexity of the underlying surface, character-
ized by large topographic relief and diverse vegetation, land
surface modeling over the TP remains a challenging task,
particularly for snow cover simulations. Over past decades,
the development of LSMs has increasingly aimed to repre-
sent multiscale land surface processes in a more comprehen-
sive manner (Prentice et al., 2015; Lu et al., 2020). In this
study, the impacts of short vegetation (i.e., withered grass
stems, WGS) and topography on snow cover are considered
only at the grid-cell mean scale. In reality, the influence of to-
pographic relief on snow cover is highly complex, involving
both mechanical and radiative processes. Mechanical pro-
cesses are manifested through snow redistribution and drift-
ing, whereby snow tends to accumulate in gullies and depres-
sions during snowfall. Radiative processes arise from terrain-
induced three-dimensional radiation transfer, which gener-
ally leads to faster snowmelt on sun-facing slopes, while
snow on shaded slopes persists for longer periods. At present,
CLMS accounts for wind effects on fresh snow density at
the grid-cell scale but does not explicitly represent three-
dimensional terrain radiative effects. Recent studies have
demonstrated that incorporating three-dimensional terrain ef-
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fects is crucial for accurately simulating land surface pro-
cesses over the TP (e.g., Wang et al., 2020; Miao et al.,
2022). Similarly, the influences of short vegetation on snow
cover, through mechanical blocking, canopy radiative trans-
fer, and heat conduction between vegetation stems or with-
ered components and the snowpack, primarily operate at sub-
grid scales. However, the lack of high-resolution datasets de-
scribing non-growing-season vegetation poses a major lim-
itation for explicitly representing these processes in current
LSMs. Consequently, how to more realistically describe the
combined complexity of topographic relief and vegetation di-
versity remains an open challenge and warrants further inves-
tigation in future studies.

5.3 Generality and potential applicability of the
optimized SCF parameterization scheme

In this study, the TP was selected as a representative region
for optimizing the SCF parameterization scheme under con-
ditions characterized by shallow snow cover and low-stature
vegetation. Although developed for the TP, the optimized
scheme exhibits a certain degree of generality and may be
applicable to other regions with similar environmental char-
acteristics, particularly those featuring complex topography,
shallow snow cover, and short vegetation (e.g., grasses and

Geosci. Model Dev., 19, 5743-5763, 2026



5760

K
290
285
280
275
Obs 270
265
260
255
40N °c
10
8
6
35N 4
2
CTL-Obs M
30N -4
-6
-8
o R (CTL): 0.55 -10
80E 90E 100E
40N s °C
3
2
35N 1
MOD1-CTL 0
30N -1
2
» R (MOD1): 0.55 3

80E 90E 100E

Figure 14. Comparison of simulations of winter land surface
temperature (LST) by the modified scheme (MOD1) and current
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shrubs), whose stems, branches, and senescent plant material
are not completely buried by snow.

6 Conclusions

In this study, we evaluated the performance of CLMS in sim-
ulating winter snow cover over the TP, the original SCF pa-
rameterization scheme in CLMS5 overestimates winter snow
cover fraction over the TP, especially over the western TP.
One of the main causes is the overlooking the varied prob-
ability distribution of snow over different land surface types
and underestimating the snow depletion over barren land in
the original SCF parameterization scheme. Then, we opti-
mized the SCF parameterization scheme through consider-
ing impacts of the WGS and topography to parameterize the
probability distribution factor (kaccum) instead of the constant
value, revise the depletion curve shape parameter (Npelt).
The optimized SCF scheme obviously reduces the winter
SCF simulation positive biases by 63 % over the entire TP.
Correspondingly, simulations in surface albedo and surface
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radiation budget are also improved. Results in this study pro-
vide a reference way for LSMs development over the TP,
which also has potential for improving local and East Asian
weather and climate simulations and predictions.

Code and data availability. Fortran source code for the optimized
SCF parameterization scheme and the NCAR Command Lan-
guage (NCL) scripts used for data processing and plotting herein are
available at https://doi.org/10.5281/zenodo.20822911 (Yang, 2026).

The 3-hourly China Meteorological Forcing Dataset (CMFD)
is available at https://data.tpdc.ac.cn/zh-hans/data/
8028b944-daaa-4511-8769-965612652c49/ (last access:
29 June 2026) (He et al., 2020).

A daily cloudless MODIS snow area ratio dataset (2000—
2015) can be obtained from https://data.tpdc.ac.cn/en/data/
94a8858b-3ace-488d-9233-75¢021a964f0/ (last access:
29 June 2026) (Tang et al., 2013).

A daily, 0.05° snow depth dataset for Tibetan Plateau
(2000-2021) is available at https://data.tpdc.ac.cn/en/data/
0515ce19-5a69-4f86-822b-330aal 1e2a28/ (last access:
29 June 2026) (Yan et al., 2022).

The GLASS albedo products can be downloaded at https://glass.
hku.hk/archive/Albedo/MIX/0.05D/ (last access: 29 June 2026)
(Liang et al., 2021).

The MODIS monthly land surface temperature product
can be obtained from https://ladsweb.modaps.eosdis.nasa.gov/
missions-and-measurements/products/MOD11C3  (last access:
4 June 2026).

The USGS HYDROIK 1km dataset is
https://doi.org/10.5066/F77P8WNO (USGS, 2026).

The MODIS consistent land surface parameters dataset for
CLM can be download from https://svn-ccsm-inputdata.cgd.
ucar.edu/trunk/inputdata/Ind/clm2/mappingdata/grids/ (last access:
4 June 2026).

CLMS was run under the framework of Community Earth Sys-
tem Model version 2.2.0, which can be freely downloaded from
https://github.com/ESCOMP (last access: 4 June 2026).
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