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ABSTRACT
During snow cover fraction (SCF) data assimilation (DA), the simplified observation operator and
presence of cloud cover cause large errors in the assimilation results. To reduce these errors, a new snow
cover depletion curve (SDC), known as an observation operator in the DA system, is statistically fitted to
in situ snow depth (SD) observations and Moderate Resolution Imaging Spectroradiometer (MODIS)
SCF data from January 2004 to October 2008. Using this new SDC, a two-dimensional deterministic
ensemble–variational hybrid DA (2DEnVar) method of integrating the deterministic ensemble Kalman
filter (DEnKF) and a two-dimensional variational DA (2DVar) is proposed. The proposed 2DEnVar is
then used to assimilate the MODIS SCF into the Common Land Model (CoLM) at five sites in the Altay
region of China for data from November 2008 to March 2009. The analysis performance of the 2DEnVar is
compared with that of the DEnKF. The results show that the 2DEnVar outperforms the DEnKF as it
effectively reduces the bias and root-mean-square error during the snow accumulation and ablation periods at all sites except for the Qinghe site. In addition, the 2DEnVar, with more assimilated MODIS SCF
observations, produces more innovations (observation minus forecast) than the DEnKF, with only one
assimilated MODIS SCF observation. The problems of cloud cover and overestimation are addressed by
the 2DEnVar.

1. Introduction
As a component of the Earth system, snow plays a
key role in Earth’s hydrological processes, land surface
energy balance, and climate change (Frei et al. 2012;
Corresponding author e-mail: Jianhui Xu, xujianhui306@163.com

Simic et al. 2004; T. Wang et al. 2013). Located in the
hinterland of the Eurasian continent, the Altay region
of northern Xinjiang is an important seasonal snow
area of China and the base for animal husbandry in
Xinjiang. The accurate tracking of seasonal snow accumulation and ablation is of great concern for monitoring the water cycle of the Altay region. The seasonal
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snowmelt recharges the rivers. However, prolonged,
heavy snowfall may cause snow disasters and even lead
to snowmelt flooding. Serious snow disasters exert
negative influences on transportation, electric power,
communications, agriculture, and animal husbandry.
They threaten lives and property and destroy the regional
socioeconomic structure (Liang et al. 2007). Fortunately,
accurate estimates of snow depth (SD) help water managers predict the timing and volume of peak spring
snowmelt (Boniface et al. 2015; Regonda et al. 2005) and
snow disasters, increasing preparedness.
To obtain accurate snow estimates, many researchers
have focused on the snow data assimilation (DA) by
assimilating snow-related observations into hydrological and land surface models, for example, the Noah
land surface model, Variable Infiltration Capacity
model, Community Land Model, and Common Land
Model (CoLM). Most researchers have used the rulebased direct insertion (Fletcher et al. 2012; Liu et al.
2013; Rodell and Houser 2004; Zaitchik and Rodell
2009), the ensemble Kalman filter (EnKF; Andreadis
and Lettenmaier 2006; Arsenault et al. 2013; De
Lannoy et al. 2012; Su et al. 2008), the ensemble
square-root filter (EnSRF; Clark et al. 2006; Slater and
Clark 2006), the Bayesian scheme (Kolberg et al. 2006),
and the particle filter (Thirel et al. 2011, 2013) DA
methods to assimilate the snow cover fraction (SCF;
Arsenault et al. 2013; Zhang et al. 2014), SD (Liu et al.
2013), GPS reflectometry SD (Boniface et al. 2015),
and snow albedo (Malik et al. 2012; Xu and Shu 2014)
into the hydrological and land surface models to improve snow estimates. Because the SCF DA is susceptible to the presence of cloud cover, alternative data
types, such as passive microwave brightness temperature observations, are assimilated into land surface
models to improve SD estimates (Che et al. 2014; Kumar
et al. 2015). In these snow DA methods, the EnKF
method (Evensen 2003) has been successfully applied to
improve snow estimates in different hydrological and
land surface models. However, the traditional EnKF with
perturbed observations may introduce sampling errors,
which lead to suboptimal results (Whitaker and Hamill
2002). De Lannoy et al. (2012) have also pointed out that
perturbing the full SCF would decrease the SCF observations, which leads to an underestimation of the snow
water equivalent (SWE) estimates in the SCF DA. Accordingly, to improve the SD simulations, a deterministic
ensemble Kalman filter (DEnKF; Sakov and Oke 2008)
without perturbing observations has been proposed and
implemented in assimilating SCF observations into the
CoLM (Xu and Shu 2014; Xu et al. 2014).
Although snow simulations are improved by assimilating satellite data into the CoLM with the DEnKF–albedo
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method of Xu and Shu (2014) and the DEnKF–variational
(DEnVar) method of Xu et al. (2014), overestimation
of the analyzed SDs may occur at some sites during the
accumulation and ablation periods. This may be attributed to large positive innovations (observation
minus forecast). They are caused by the fact that a
simplified observation operator may underestimate
the predicted SCF observation H(xb), where H is the
observation operator, xb are the forecast state variables,
and b represents the model forecast. In this study, to reduce errors introduced by the simplified observation
operator, a new snow cover depletion curve (SDC), also
known as an observation operator in the DA system, is
developed by statistically fitting the data to the historical
in situ SD observations and Moderate Resolution Imaging Spectroradiometer (MODIS) SCF products during
the accumulation and ablation periods. The new SDC can
then be used as the snow process model in the CoLM to
improve snow simulations.
Previous studies have documented that the MODIS
SCF data assimilation may be influenced by the presence of cloud cover, because the presence of cloud cover
makes SCF observations unavailable for data assimilation. The current popular DA methods such as the
four-dimensional variational DA (4DVar; Lorenc 1986;
Talagrand 1981), the four-dimensional ensemble Kalman
filter (4DEnKF; Fertig et al. 2007; Hunt et al. 2004), the
asynchronous ensemble Kalman filter (AEnKF; Sakov
et al. 2010), the four-dimensional ensemble square-root
filter algorithm (4DEnSRF; Qiu 2011; S. Wang et al.
2013), the ensemble Kalman smoother (Evensen and
Van Leeuwen 2000), and the combinations of 4DVar and
EnKF (Buehner et al. 2010a,b; Desroziers et al. 2014;
Fairbairn et al. 2014; Liu et al. 2008, 2009; Tian et al. 2008;
Zhang and Zhang 2012) may be helpful in alleviating the
influence of cloud cover to some extent by assimilating
more observations distributed over time into the land
surface model. However, 4DVar is required to develop
the tangent linear and adjoint models of the forecast
model and observation operator, and the 4DEnKF may
introduce sampling errors by perturbing observations.
Therefore, based on the Gridpoint Statistical Interpolation analysis system (GSI) operated at the National Centers for Environmental Prediction (NCEP),
Wang and Lei (2014) developed a four-dimensional
ensemble–variational DA (4DEnsVar). The 4DEnsVar
integrates 4DVar and EnSRF. An alternative to EnSRF
without observation perturbations is the DEnKF (Sakov
and Oke 2008), which is easier to implement than the
EnSRF (Sun et al. 2009) and has greater potential for
improving analysis updates, compared to the stochastic
EnKF (Bowler et al. 2013; Sakov and Oke 2008). Furthermore, the DEnKF has been successfully applied to
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assimilate MODIS SCF into the CoLM for improving
SD simulations (Xu and Shu 2014; Xu et al. 2014).
Therefore, to reduce the influence of the presence of cloud
cover, based on the proposed SDC above, this study
proposes a new two-dimensional deterministic ensemble–
variational hybrid DA (2DEnVar) method, based partly
on the works of Liu et al. (2008) and Buehner et al. (2010a).
The 2DEnVar integrates DEnKF and two-dimensional
variational DA (2DVar). The 2DEnVar is used to assimilate SCF observations into the CoLM for snow simulation
improvements. The 2DEnVar without observation perturbations takes advantage of the background error covariance of the DEnKF and the 2DVar in preventing
filter divergence. In addition, the 2DEnVar does not
require the tangent linear models of the CoLM and the
observation operator or their adjoint models.
The model and data are introduced in section 2. Section
3 gives a detailed description of the snow DA schemes,
including the DA methods, SDC, and experimental design. The experimental results are discussed in section 4,
and concluding remarks are presented in section 5.

As one of the key snow processes, the SCF can affect
much of the CoLM physics. The SCF affects not only
averaged surface albedo, but the subsequent CoLM
energy flux and temperature calculations, which in turn
affects the snow simulations (Arsenault et al. 2013;
Barlage et al. 2010). In the CoLM, SCF is parameterized
as a diagnostic variable, which is derived from a snow
state variable, such as the total SD or SWE:
SCF 5

xt

0

10z0g 1 xt

,

(2)

0

where z0g is the roughness length for the bare soil with a
default value of 0.01 m and xt0 is the total snow depth,
which can be rewritten as a function of the SWE and
snow density. The SCF value is then used to calculate the
direct and diffuse beam averaged surface albedos for
both the visible bands and near-infrared bands, and
subsequently, to calculate the energy fluxes. More details about the snow processes in the CoLM can be found
in Dai et al. (2001, 2003).

b. Experimental sites
2. Model and data
a. Common Land Model
In this study, the state-of-the-art, single-column
CoLM (Dai et al. 2003) is employed as a platform for
investigating all DA methods. The CoLM combines
the advanced features of three well-known land surface models, including the Land Surface Model (LSM;
Bonan 1996), the Biosphere–Atmosphere Transfer
Scheme (BATS; Dickinson et al. 1993), and the 1994
version of the Chinese Academy of Science Institute of
Atmospheric Physics LSM (IAP94; Dai and Zeng
1997). The CoLM has 10 unevenly spaced vertical soil
layers and up to five snow layers. Each snow layer
scheme accounts for the layer-based liquid water retention, the thawing/freezing, the snow melting, and
the heat energy. At every time step, the snow layers
can be combined or divided in terms of the snow layer
thicknesses. The snow compaction processes, which
include the destructive metamorphism, the densification process due to snow overburden, and snow melting, determine the SD of each snow layer in the CoLM.
The total SD is obtained by adding together the snow
layers in the CoLM:

c. MODIS snow cover fraction

j50

xt 5
0

å

j5snl11

This study area (468–498N, 858–918E) is in the Altay
region of the northern Xinjiang region of China, where
five meteorological sites are located in a homogeneous
land-cover area (Fig. 1). Influenced by the Siberian
high, the study region experiences a long, cold, and
snowy winter (Zhuang et al. 2010), which lasts about
120 days from November to March of the following
year (Huang et al. 2011). Daily in situ SD observations
of the five sites were provided by the Institute of
Desert Meteorology, China Meteorological Administration. In this study, daily in situ SD observations
from January 2004 to March 2009 were used to implement the following experiments. Previous studies
have used these observations for comparison and
validation of MODIS snow products and SD datasets
retrieved from passive microwave remote sensing
(Huang et al. 2011; Zhou and Sun 2013). In this study,
the SD observations from November 2008 to March
2009 are considered as a validation dataset to evaluate
the analysis performance of the snow DA methods.
The mean SDs from November 2008 to March 2009
are 32.71, 15.41, 15.99, 22.8, and 14.35 cm for the
Aletai, Buerjin, Fuyun, Jimunai, and Qinghe sites,
respectively.

Dzj ,

(1)

where Dzj denotes the snow depth (m) in layer j and snl
denotes the number of snow layers.

In the snow DA experiments, the Collection 5 MODIS/
Terra Snow Cover Daily L3 Global 500 m Grid
(MOD10A1) SCF product (Hall et al. 2006) is assimilated
into the CoLM for improvement of the SD simulations.
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FIG. 1. The geographic locations of the five sites in the Altay region of northern Xinjiang, China, on the
(a) land-cover map from Xu and Shu (2014) and (b) DEM with ;1 km spatial resolution.

The MOD10A1 SCF product at about 0230 UTC is
generated by calculating a normalized difference snow
index with MODIS band 4 and band 6 (Salomonson and
Appel 2004). The SCF product with a spatial resolution of
500 m during the period from January 2004 to March 2009
was downloaded from the National Snow and Ice Data
Center (http://nsidc.org/data/mod10a1). To be consistent
with the spatial resolution of the CoLM, the 500-m SCF
product is resampled to a 0.018 SCF product using a
nearest-neighbor resampling method, using NASA’s
MODIS Reprojection Tool. The MODIS SCF product
from November 2008 to March 2009 is considered as the
‘‘observation’’ to be assimilated into the CoLM, while the
MODIS SCF product from January 2004 to October 2008
is used to estimate a new SDC, known as an observation
operator, with in situ SD observations.

3. Methods
a. Deterministic ensemble Kalman filter
The updated equations of the DEnKF (Sakov and
Oke 2008) are formulated as
xat 5 xbt 1 Kt [yot 2 Ht (xbt )] ,
0

0

0

0

(3)

0

0

N

1
xbt 5
0
N

å

i51

xbt ,i ,
0

(4)

Kt 5 Pbt HTt (Ht Pbt HTt 1 Rt )21 , and
0

Pbt ﬃ Abt (Abt )T 5
0

0

0

0

0

1
N 21

0

0

0

0

(5)

N

å (xbt ,i 2 xbt )(xbt ,i 2 xbt )T ,

i51

0

0

0

0

(6)

where xbt0 and xat0 are the forecast and analysis ensemble
means of the state variables (e.g., SD in this study) at
analysis time t0 , respectively; xbt0,i represents the forecast

state variables; i is the ensemble member index; and N is
the ensemble size. Matrix Kt0 is known as the Kalman
gain matrix, and Pbt0 is the background error covariance
estimated by Eq. (6). Variable Rbt0 is the observation
error variance, and yot0 is the observation set (e.g.,
MODIS SCF in this study). In the DEnKF, the observation set is not perturbed. Variable Ht0 is the observation operator, and Ht0 is the tangent linear version of Ht0 .
The analysis perturbation is updated by halving the
Kalman gain in the DEnKF:
1
Aat 5 Abt 2 Kt Ht Abt ,
0
0
2 0 0 0

(7)

where Abt0 5 (xbt0,1 2 xbt0 , xbt0,2 2 xbt0 , ::: , xbt0,N 2 xbt0 ) is the
forecast ensemble perturbation and Aat0 is the analysis
ensemble perturbation.
Finally, the analysis ensemble is generated by adding
the analysis ensemble perturbations to the analysis ensemble mean:
Xat 5 Aat 1 ( xat , . . . , xat ).
0

0

0

0

(8)

b. Hybrid 2DEnVar method
In the three-dimensional variational DA (3DVar),
Lorenc (2003) first introduced ensemble perturbations
in an ensemble forecast to precondition the control
variable w. The method has been widely applied to the
4DVar system (Buehner et al. 2010a, 2013; Liu et al.
2008), where the flow-dependent background error covariance from EnKF is easily introduced into the cost
function of 4DVar, and the tangent linear model of the
forecast model and its adjoint model do not have to be
calculated. Here, we propose a new hybrid 4DEnVar
method that combines the necessary components from
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DEnKF and 4DVar. In the 4DEnVar without observation perturbations, there are four steps: 1) the ensemble
mean from the DEnKF ensemble is used as the first
estimate for each 4DVar cycle, and the background error covariance derived from DEnKF is introduced into
the 4DVar cost function; 2) the DEnKF analysis ensemble mean is replaced by the 4DVar analysis; 3) the
analysis perturbations for the next cycle of ensemble
forecasts are updated with DEnKF; and 4) the analysis
ensemble is updated by adding the analysis perturbations to the analysis ensemble mean.
Similar to the works of Liu et al. (2008), we use
the background perturbations from DEnKF to

precondition the 4DVar control variables w in
4DEnVar. The cost function in the control variable space
becomes:
1
1 M
b
J(w) 5 wT w 1 å (dt 2 Ht Abt w)TR21
tm (dtm 2 HtmAtm w),
m
m
2
2 m50 m
(9)
where M is the assimilation window length, T represents the matrix transposition, b represents the model
forecast, dtm is the innovation at time tm, and Abtm is the
forecast ensemble perturbation at time tm, calculated
using Eq. (10):

1
Abt 5 Mt Abt ’ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ [Mt (xb1,t ) 2 xbt , Mt (xb2,t ) 2 xbt , . . . , Mt (xbN ,t ) 2 xbt ]
m
0
0
m
0
m
0
m
m
m
m
m
N 21
1
5 pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ (xb1,t 2 xbt , xb2,t 2 xbt , . . . , xbN ,t 2 xbt ),
m
m
m
m
m
m
N21
where Mtm is the tangent linear model of the CoLM,
xbN,tm is the background state vector at time tm and
N
xbtm 5 (1/N)åi51 xbi,tm is the ensemble mean of the background state vector. The background error estimated
from the ensemble perturbations can be transformed to
observation space using
1
Ht Abt ’ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ [Ht (xb1,t ) 2 Ht (xbt ), Ht (xb2,t )
m
m
m
m
m
m
m
m
N 21
2 Ht (xbt ), . . . , Ht (xbN,t ) 2 Ht (xbt )].
m

m

m

m

m

m

(11)

The gradient and Hessian matrix of the cost function
[Eq. (9)] are rewritten as

(10)

The 4DEnVar analysis ensemble is then obtained by
summing the DEnKF analysis ensemble perturbations
in Eq. (7) and the 4DEnVar analysis in Eq. (14):
Xat 5 Aat 1 (xat , . . . , xat ).
0

0

0

0

(15)

For both the DEnKF and 4DEnVar methods, the updated snow state Xat0 in Eqs. (8) and (15) is further used to
update the other CoLM snow states for each of the snow
layers according to Eq. (1). For example, the SD in each
snow layer is directly updated by the updated total SD in Xat0 :
!
xat
a
b
0
(16)
Dzt ,j 5 Dzt ,j b ,
0
0
xt
0

M

=w J 5 w 1

å (Ht

m50
M

=2w J 5 I 1

å

m50

m

b
Abt )T R21
t (Ht At w 2 dt ) and (12)
m

m

m

m

b
(Ht Abt )T R21
t (Ht At ) ,
m

m

m

m

m

m

(13)

where I is the identity matrix. The adjoint models are
easily avoided in Eqs. (12) and (13) by transforming the
background error to observation space with Eq. (11).
Moreover, Eq. (11) demonstrates that the 4DEnVar
does not need a linear approximation of the CoLM
forecast model and observation operator. In this work,
we employ a conjugate-gradient method for the minimization of the quadratic cost function in Eq. (9). If the
optimal control variables are determined, the 4DEnVar
analysis at time t0 is obtained with Eq. (14):

where j denotes the index of the snow layers; Dzbt0,j and
Dzat0,j are the forecast and updated SD at snow layer j,
respectively; and xbt0 is the forecast total SD at time t0 .
Finally, the snow layer state variables are further updated to account for the combining and dividing of snow
layers by following the existing parameterization of the
snow layering schemes in the CoLM (Dai et al. 2001).
Because the 4DEnVar is implemented at a single grid
point with a 0.018 (;1 km) spatial resolution, it is more
appropriate to designate 4DEnVar as 2DEnVar. In this
study, the DEnKF and 2DEnVar methods are implemented
to assimilate the MODIS SCF observations into the CoLM.

c. New SDC
1) ESTABLISHMENT OF NEW SDC

N

1
xat 5 xbt 1 Abt w 5 xbt 1 å pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ (xbi,t 2 xbt )  wi . (14)
0
0
0
0
0
0
i51 N 2 1

Xu and Shu (2014) have documented that a simplified
SDC in the CoLM, known as an observation operator,
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FIG. 2. The new (blue) and old (green) accumulation SDCs, generated by fitting in situ SD observations to
MODIS SCFs (red) during the accumulation period from January 2004 to October 2008 at the (a) Aletai,
(b) Buerjin, (c) Fuyun, (d) Jimunai, and (e) Qinghe sites. Inset in each panel is the sample in situ SD (horizontal)
and MODIS SCF (vertical) error bars. The abscissa scales in the panels differ.
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FIG. 3. As in Fig. 2, but for ablation SDCs during the ablation period from January 2004 to October 2008.
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TABLE 1. Expressions and statistics of the new SDCs during the
accumulation and ablation periods, fitted with in situ SD observations and MODIS SCFs from January 2004 to October 2008.

SDC
Aletai
Accumulation
Ablation
Buerjin
Accumulation
Ablation
Fuyun
Accumulation
Ablation
Jimunai
Accumulation
Ablation
Qinghe
Accumulation
Ablation

R2

RMSE

SCFnew 5 0.9863[tanh(86.03SD)] 0.969 0.041
SCFnew 5 0.9960[tanh(14.76SD)] 0.985 0.034
SCFnew 5 0.7082[tanh(26.92SD)] 0.854 0.114
SCFnew 5 0.7274[tanh(7.032SD)] 0.925 0.025
SCFnew 5 0.9318[tanh(44.41SD)] 0.918 0.078
SCFnew 5 0.9571[tanh(166.2SD)] 0.934 0.060
SCFnew 5 0.8666[tanh(20.95SD)] 0.883 0.103
SCFnew 5 0.8521[tanh(16.08SD)] 0.952 0.044
SCFnew 5 0.9330[tanh(43.45SD)] 0.952 0.065
SCFnew 5 0.9248[tanh(498.7SD)] 0.974 0.029

may underestimate the predicted SCF observation H(xb),
leading to a large positive innovation [yo 2 H(xb)] in
snow DA experiments. This leads to the overestimation
of the SD estimates over the accumulation and ablation
periods. To decrease errors introduced by the simplified
SDC, new accumulation and ablation SDCs were statistically fitted to the available in situ SD observations and
MODIS SCFs during the accumulation and ablation periods from January 2004 to October 2008, respectively.
The fixed transition date between accumulation and ablation periods was defined jointly by combining the
snowmelt occurrence time and in situ snow depth from
January 2004 to October 2008. The new accumulation
and ablation SDCs and their expressions are shown in
Figs. 2 and 3, respectively. Then, the new accumulation
and ablation SDCs, known as observation operators,
were used to convert in situ SD observation into in situ
SCF validation ‘‘ground truth.’’ The root-mean-square
errors (RMSEs) between in situ SCFs and MODIS SCFs
from January 2004 to October 2008 were calculated and
considered as the MODIS SCF observation error, which
is characterized by the observation error standard deviation for the DA experiments. The final MODIS SCF
observation errors (RMSEs) for the five sites during the
accumulation and ablation periods are shown in Table 1.
In Fig. 2, the estimated SCF with the new accumulation
SDC over the accumulation period approaches the
MODIS SCF more closely than does the old SDC.
Overall, the old SCFs are well below the MODIS SCFs,
which leads to the underestimation of the predicted SCF
and large errors in the snow simulations in the CoLM.
Furthermore, large MODIS SCF observation errors are
introduced in the snow DA since the old SDC is used as

VOLUME 18

the observation operator; for example, the MODIS SCF
observation errors at the Buerjin and Aletai sites are up
to 16.74% and 35.02%, respectively (Xu and Shu 2014).
Compared with the old SDC, the new accumulation SDC
significantly decreases errors of the estimated SCF, as
shown in Table 1 of this manuscript and Table 3 of Xu and
Shu (2014). The new SCF at the Buerjin site shows the
largest RMSE of 0.114 and the smallest coefficient of
determination R2 of 0.854. This RMSE approximately
approaches the mean absolute error of 0.1 for the
MODIS SCF product. However, the error for the new
SCF at the Buerjin site is less than that of the old SCF.
The new accumulation SDC at the Aletai site has the best
fit, as the R2 of the new SCF reaches 0.969, and the RMSE
is reduced from 0.35 (Xu and Shu 2014) to 0.041 (Table 1).
In Fig. 3, the new SDC shows better performance than
the old SDC during the ablation period at all sites, except for the Buerjin site, which can effectively avoid the
underestimation of the predicted SCF. The estimated
SCF with the new SDC more closely approaches the
MODIS SCF than does that with the old SDC during the
ablation period. Table 1 also shows that the R2 values
and RMSEs of the new SCF are greater than 0.925 and
less than 0.06, respectively, during the ablation period at
all sites. For the Buerjin site, the new SDC shows patterns similar to the old SDC. However, the new SCF
approaches the MODIS SCF more closely than does the
old SCF (Fig. 3b), which has an RMSE of only 0.025 and
an R2 value of 0.925 (Table 1).
Generally, compared with the old SDC, the new accumulation and ablation SDCs, which are statistically fit
to the historical in situ SD observations and MODIS SCF
products, can better represent the actual relationship
between SD and SCF. The new SDCs do not significantly
underestimate the predicted SCF observation H(xb), and
they effectively reduce large errors introduced by the old
SDC and MODIS SCF observation errors in the snow
DA. Furthermore, the data in Table 1 and Figs. 2 and 3
indicate that the new accumulation SDC with larger errors in the estimated SCF has a slightly worse fit than the
ablation SDC. Xu and Shu (2014) have pointed out that
the MODIS SCF product during the accumulation period
may have smaller observation errors than those during
the ablation period in the snow DA.

2) VALIDATION OF NEW SDC
To validate the performance of the new SDC in predicting the SCF, the MODIS SCF product from November 2008 to March 2009 was used as the ‘‘reference’’
value for evaluating the accuracy of the estimated SCF
with in situ SD. First, combining the accumulation and
ablation SDCs, the new SCFs were estimated by in situ
SD observations from November 2008 to March 2009.
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FIG. 4. Comparisons of MODIS SCF (red), old SCF (green), and new SCF (blue) estimated with an SDC and in
situ SD observations from November 2008 to March 2009 at the (a) Aletai, (b) Buerjin, (c) Fuyun, (d) Jimunai, and
(e) Qinghe sites. (f) The sample MODIS SCF error bars of the five sites are plotted.

Then, the error statistics of the new SCF, including bias,
RMSE, and R2, were calculated for validation of the
new SDC.
As shown in Fig. 4, the old SDC would lead to the
overall underestimation of the estimated SCF at all sites,
except for the Buerjin site. For the Buerjin site, the old
SCF is slightly less than the MODIS SCF, but worse than
the new SCF (Fig. 4b). In contrast to the old SCF, the new
SCF does not underestimate or overestimate SCF and
illustrates a time series consistent with the MODIS SCF
at all sites, except for the Qinghe site. For the Qinghe site,
the new SCF is overall larger than the MODIS SCF.
Figure 4e shows that the new SCF is overestimated during

the accumulation period from November 2008 to March
2009, while it shows good consistency with the MODIS
SCF during the ablation period.
During the accumulation period at the Fuyun site, the
old SCF is underestimated with a bias of 20.349 and has
the largest RMSE of 0.402 (Table 2). For the Buerjin site
with the minimum error, the old SCF has a bias of 20.097,
an RMSE of 0.151, and an R2 value of 0.830. In Table 2,
the bias, RMSE, and R2 show that the new accumulation
SDC does significantly improve the SCF estimates when
compared with the old SDC during the accumulation period at the five sites. The RMSE of the new accumulation
SCF is reduced by 92.23%, 27.41%, 80.72%, 59.13%,
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TABLE 2. Validation of the estimated SCF with in situ SD observations and the SDC during the accumulation period from
November 2008 to March 2009.

Aletai
Old SCF
New SCF
Buerjin
Old SCF
New SCF
Fuyun
Old SCF
New SCF
Jimunai
Old SCF
New SCF
Qinghe
Old SCF
New SCF

Bias

RMSE

R2

20.297
20.001

0.327
0.025

0.857
0.993

20.097
0.030

0.151
0.110

0.830
0.858

20.349
0.040

0.402
0.078

0.714
0.959

20.201
20.012

0.246
0.101

0.782
0.884

20.275
0.067

0.337
0.106

0.745
0.952

and 68.51% at the Aletai, Buerjin, Fuyun, Jimunai, and
Qinghe sites, respectively. However, the new accumulation SDC would slightly overestimate the SCF estimates at
the Buerjin, Fuyun, and Qinghe sites, where the bias is
only 0.030, 0.040, and 0.067, respectively (Table 2).
During the ablation period, although the old SCF is
still underestimated at all sites except for the Buerjin
site, the bias and RMSE are smaller than those during
the accumulation period (Table 3). In Tables 2 and 3, the
old SCF during the ablation period obtains a better
agreement with the MODIS SCF compared with that
during the accumulation period. However, the old SCF
still has a large bias and RMSE at the Fuyun site, where
the maximum bias and RMSE are reduced to 20.216
and 0.271, respectively. Table 3 shows that the new ablation SDC significantly improves the accuracy of the
estimated SCF during the ablation period at all sites
except for the Qinghe site. For the Fuyun site, the new
ablation SCF has a bias of 20.006, an RMSE of 0.037,
and the largest R2 value of 0.993. For the Qinghe site, the
new ablation SCF with an R2 value of 0.871 shows a
slightly poorer agreement with the MODIS SCF, compared to the old SCF with an R2 value of 0.971 (Fig. 3).
However, the bias and RMSE of the new ablation SCF
are smaller than those of the old SCF. Therefore, it is
inferred that the new ablation SDC can also effectively
improve the SCF estimates.
In conclusion, the fitted accumulation and ablation
SDCs with the historical MODIS SCF products and in situ
SD observations are reasonable and represent the inherent relationship between SD and SCF, which leads to
improvement of the SCF estimates. Overall, the new SCF
during the accumulation period has larger errors than that
during the ablation period at most sites. The validation
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TABLE 3. Validation of the estimated SCF with in situ SD observations and the SDC during the ablation period from November
2008 to March 2009.

Aletai
Old SCF
New SCF
Buerjin
Old SCF
New SCF
Fuyun
Old SCF
New SCF
Jimunai
Old SCF
New SCF
Qinghe
Old SCF
New SCF

Bias

RMSE

R2

20.159
20.006

0.187
0.013

0.951
0.981

0.006
0.001

0.047
0.040

0.974
0.976

20.216
20.006

0.271
0.037

0.918
0.993

20.083
20.014

0.119
0.064

0.956
0.975

20.175
0.040

0.215
0.149

0.971
0.871

results coincide essentially with the above conclusions for
the establishment of the accumulation and ablation SDCs.

d. Experimental design
In this study, all simulations and assimilations in the
CoLM are performed at a single grid point with a 0.018
(;1 km) spatial resolution at five sites in the Altay region. The CoLM was driven by the China Meteorological Forcing Dataset (CMFD) with a 0.18 spatial
resolution and 3-h temporal resolution. The datasets
(Chen et al. 2011b; Yang et al. 2010) were downloaded
from the Environmental and Ecological Science Data
Center for West China (WestDC; http://westdc.westgis.
ac.cn/). CMFD contains precipitation rate (mm s21), air
temperature (K), wind speed (m s21), specific humidity
(kg kg21), surface pressure (Pa), and downward shortwave solar and longwave radiation (W m22).
A simulation with an inherent SDC (Dai et al. 2001;
Dickinson et al. 1993) in the CoLM SCF 5 [SD/(10z0g 1 SD)]
is conducted from January 2004 to March 2009. The
SD simulation from November 2008 to March 2009
is considered as the old SDC simulation (without

TABLE 4. Perturbation settings of the selected forcing variables
[precipitation P, air temperature T, downward shortwave radiation
(SW), and downward longwave radiation (LW)] and their cross
correlations.

Variable (unit) Avg Std dev
21

P (mm s )
T (K)
SW (W m22)
LW (W m22)

1
0
1
0

0.5
0.5
0.1
15

Perturbed
method

Cross correlations
P

T

SW LW

Multiplicative 1 20.1 20.5 0.5
Additive
20.1 1
0.3 0.6
Multiplicative 20.5 0.3 1 20.3
Additive
0.5 0.6 20.3 1
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FIG. 5. Comparisons of MODIS SCF (red), old SCF (green), and new SCF (blue) at the (a) Aletai, (b) Buerjin, (c) Fuyun,
(d) Jimunai, and (e) Qinghe sites. (f) The sample MODIS SCF error bars of the five sites are plotted.

assimilation) and as a benchmark for the validation of
the analysis results from different experiments.
Four experiments are performed with the CoLM: 1) a
simulation with an inherent SDC of the CoLM, termed
old SD; 2) a simulation with a new SDC, termed new SD;
3) an assimilation of the MODIS SCF with the new SDC
and DEnKF, termed DEnKF; and 4) an assimilation of
the MODIS SCF with the new SDC and 2DEnVar,
termed 2DEnVar.
For the new SDC experiment, the above accumulation and ablation SDCs are incorporated into the CoLM
to simulate the SD from November 2008 to March 2009.
Based on the new SDC experiment, the DEnKF and
2DEnVar are implemented to assimilate the available

MODIS SCF into the CoLM. In the DEnKF and
2DEnVar experiments, the new SDCs are also used as
an observation operator, and the corresponding RMSEs
that were calculated with the new SDCs in section 3c(1)
are used as the MODIS SCF observation error variance.
If the MODIS SCF and the simulated SD are greater
than zero, then the MODIS SCF is assimilated into the
CoLM. An ensemble size of 25 is selected as in previous
studies (De Lannoy et al. 2012; Su et al. 2008; Xu et al.
2014). During the DA, the perturbations are introduced into the atmospheric forcing fields and the SD
state of the CoLM to represent the distribution of these
model input errors empirically [following the approach
of De Lannoy et al. (2012), Reichle et al. (2007), and

Unauthenticated | Downloaded 01/09/23 03:07 AM UTC

130

JOURNAL OF HYDROMETEOROLOGY

TABLE 5. Analysis of the old SCF against the new SCF from
November 2008 to March 2009.

Aletai
Old SCF
New SCF
Buerjin
Old SCF
New SCF
Fuyun
Old SCF
New SCF
Jimunai
Old SCF
New SCF
Qinghe
Old SCF
New SCF

Bias

RMSE

R2

20.460
20.065

0.536
0.236

0.363
0.652

20.210
20.138

0.323
0.277

0.440
0.508

20.419
20.052

0.486
0.215

0.513
0.728

20.551
20.325

0.627
0.456

0.167
0.265

20.483
20.131

0.567
0.282

0.287
0.619

Xu and Shu (2014)]. The CoLM prognostic variable for
the SD is subject to multiplicative perturbation with a
mean of 1 and a standard deviation of 0.01. The perturbation settings of the selected atmospheric forcing
variables are listed in Table 4. Furthermore, the cross
correlations between the atmospheric forcing variables
are imposed on the perturbations and given in Table 4.
However, the perturbations do not consider the spatial
correlation because the DEnKF and 2DEnVar are
implemented at a single grid point with a 0.018 (;1 km)
spatial resolution.
Differing from the DEnKF, the 2DEnVar integrates
the advantages of the DEnKF and 2DVar and requires
ensembles within a specific time window. In the 2DEnVar
experiment, the assimilation window length is set to
4 days for assimilation of the daily MODIS SCF product.
The DEnKF provides the forecast ensemble mean and
background error covariance over a 4-day assimilation
time window for the 2DVar cost function. The analysis
ensemble mean in DEnKF is replaced by the 2DVar
analysis. The analysis perturbations of ensemble forecasts
are updated with DEnKF, and the analysis ensemble
for the next cycle of the ensemble forecasts is updated
by adding the analysis perturbations to the analysis
ensemble mean.

4. Results and discussion
a. Effect of the new SDC on the snow simulations
In Fig. 5, the old SDC simulated SCF in the CoLM
exhibits a time series inconsistent with the MODIS SCF
and is substantially underestimated for all sites. The
worst results occur at the Jimunai site, where the bias
between the old SDC simulated SCF and the MODIS
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SCF reaches 20.551, while the RMSE is as high as 0.627
and the R2 value is only 0.167 (Table 5). For the Buerjin
site, the R2 of the old SDC simulated SCF is only 0.44.
This suggests a similar time variation with the MODIS
SCF, especially for the ablation period (Fig. 5). However, there is still a large negative bias of 0.21 (Table 5),
which indicates underestimation of SCF simulations in
the CoLM. It can be deduced from the above results that
the old SDC of the CoLM may overall underestimate
simulated SCFs.
As shown in Fig. 5, the new SDC can improve the SCF
simulations in the CoLM as compared with the old SDC.
The new SCFs illustrate a time series consistent with the
MODIS SCF, which has an R2 value of 0.652, 0.508,
0.728, and 0.619 at the Aletai, Buerjin, Fuyun, and
Qinghe sites, respectively. The best results occur at the
Aletai site, where the bias of the new SCF is reduced
to 20.065 and the RMSE is reduced to 0.236 (Table 5).
This indicates an improvement of 55.97% in the magnitude of the SCF simulations. For the Jimunai site, although the new SDC can improve SCF simulations in
the CoLM to some extent, the new SCF is still overall
underestimated, as shown in Fig. 5d. The new SCF does
not show a similar time series with the MODIS SCF and
has a small R2 value of 0.265, a large bias of 20.325, and
an RMSE of 0.456 (Table 5).
Figure 6 shows the new SDC and old SDC simulated
SDs in the CoLM. In Fig. 6, the old SDC simulated SD
exhibits a similar time variation with in situ SD, but the
old SDC simulated SD during an earlier snow ablation
period (not shown) is substantially underestimated for
all sites except for the Fuyun site. Although there is a
good SD simulation at the Fuyun site, the old SDC
simulated SD is still underestimated during the ablation
period. The worst results with the largest negative bias
occur at the Jimunai site. To reduce the simulated errors
of SD introduced by the old SDC, the new accumulation
and ablation SDCs are integrated into the CoLM to
update the SD simulations. As shown in Fig. 6, the new
SDCs have a direct impact on SD simulations, which
does improve the snow accumulation and ablation processes to some extent. However, there are still large
biases in the new SD, especially for the Jimunai site. The
underestimation of the new SD may be partly attributed to errors in the atmospheric forcing data, the
vegetation cover fraction, and the albedo (Xu and Shu
2014; Xue et al. 2003). Although the new SDC can
improve SD simulations at the Jimunai site, the new
SCF still has large errors (Fig. 5d) that may also lead to
underestimation in the SD simulations.
The normalized error percent reduction (NEPR;
Chen et al. 2011a) shown in Fig. 7 indicates that the new
SDC does improve the SD simulations as compared to
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FIG. 6. Comparisons of the SD time series from in situ (red), the old SDC simulation (green), and the new SDC
simulation (blue) at the (a) Aletai, (b) Buerjin, (c) Fuyun, (d) Jimunai, and (e) Qinghe sites. (f) The sample in situ
SD error bars of the five sites are plotted. The ordinate scales in (a)–(e) are different.

the old SDC at all sites. For the Fuyun site, the new SD
with the smallest bias is the closest to in situ SD, and its
RMSE is reduced by 38.10% (Fig. 7). However, Fig. 6c
shows that large errors are still identified during the ablation period. For the Buerjin site, the NEPR of the new
SD is only 2.06% (Fig. 7), which indicates little improvement over the SD simulations. This is attributed to the
slight difference between the new and old SCFs (Fig. 6b).
Our experimental results show that the new SD in the
CoLM is still overall underestimated, but that the new
SDC can improve the SD simulations to some extent, as
compared with the old SDC. This indicates that optimizing the SDC can improve the simulation of the snow
accumulation and ablation processes. However, the

proposed statistical SDC with only one SD parameter
does not vary with seasons and does not consider other
parameters, especially those that vary with time like the
snow density. Therefore, the new SDC cannot substantially improve the snow process simulations in the
CoLM. Additional parameters, such as time-varying
snow density, may be integrated into the SDC, or a
more sophisticated SDC could be exploited in the
CoLM in the future, such as the SDC combined with
snow density from Niu and Yang (2007).

b. Comparison of different data assimilation methods
Figure 8 shows the analyzed SD time series from the
DEnKF and 2DEnVar experiments, where the new
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FIG. 7. The NEPR of the CoLM simulated SD with the new SDC.

SDC is used as the observation operator. In Fig. 8, the
analyzed SDs of the DEnKF and 2DEnVar have a
similar time series. The 2DEnVar shows a better analysis performance than the DEnKF at all sites except for
the Qinghe site. In the 2DEnVar experiments, the analyzed SDs during the accumulation and ablation periods are elevated to a value that is very close to in situ
SD observations at all sites except for the Qinghe site.
For the Jimunai site, the 2DEnVar obtains better analysis performance than the DEnKF. During the accumulation period, the analyzed SD of the 2DEnVar
exhibits a time series consistent with in situ SD. In
contrast, the analyzed SD of the 2DEnVar is still underestimated and has a large bias during the ablation
period. As compared with the analyzed SD of the
DEnKF, the analyzed SD of the 2DEnVar is substantially improved. Because of the presence of cloud
cover, the MODIS SCF observations are unavailable for
data assimilation, which leads to the underestimation
of the analyzed SD in the DA experiments (Xu and Shu
2014). Therefore, the analyzed SD of the DEnKF is
well below in situ SD at the Jimunai site during the
ablation period, as shown in Fig. 8d. However, in the
2DEnVar experiment, more MODIS SCF observations
are available over the assimilation window and are
assimilated into the CoLM, which effectively decreases
the adverse effect of cloud cover. Figure 8d shows that
the 2DEnVar can effectively improve the SD simulations in the CoLM, especially for the period from 8 to
20 February 2009, with a 13-day absence of the MODIS
SCF (Xu and Shu 2014). For the Qinghe site, the analyzed SDs of DEnKF and 2DEnVar are inferior to the
new SD, which means that the assimilation of the
MODIS SCF observations does deteriorate, instead of
improving, the SD simulations (Fig. 8e). This is because
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the new SDC as an observation operator overestimates
the predicted SCF observations H(xb), which leads to a
negative innovation yo 2 H(xb). Figure 4e also shows
that the new SCFs are overall larger than the MODIS
SCF observations. For the Qinghe site, the 2DEnVar
shows worse analysis performance than the DEnKF
because of more negative innovations. These negative
innovations are caused by assimilation of more SCF
observations over the assimilation window in the
2DEnVar experiment.
However, the analyzed SDs of the DEnKF and
2DEnVar with a new observation operator are not
overestimated during the accumulation and ablation
periods. This indicates that the new SDC can better and
more accurately represent the actual relationship between the SCF and the SD. The new observation operator may well reduce these instances of overestimation
for the assimilation results.
In Fig. 8, the analyzed SD produces late snow accumulations and early snowpack melt-offs at most
sites except at the Buerjin and Fuyun sites as compared with in situ SD. This is partly due to the underestimation of albedo in the CoLM. However, in
this study, we only concentrate on improving the SDC
and reducing the negative impact of cloud cover on
the assimilation results without considering joint assimilation with snow albedo.
To compare the overall difference of the DEnKF
and 2DEnVar experiments, these assimilation results
were evaluated with a Taylor diagram (Taylor 2001)
and NEPR. The Taylor diagram in Fig. 9 is constructed with the standard deviations of the analyzed
and in situ SDs and their correlation coefficients. The
bias between the analyzed and in situ SDs is also
identified in the Taylor diagram. In Fig. 9, the red
half-solid circle, termed the ‘‘reference’’ field, represents the standard deviation of in situ SD observations, while other fields are referred to as ‘‘model
simulated’’ fields. The distance between the modelsimulated and reference fields quantifies how closely
the analyzed SD pattern of the CoLM matches
in situ SD.
Figure 9 shows that the analyzed SDs of the DEnKF
and 2DEnVar with negative bias are underestimated at
all sites, and the minimum negative bias of 20.005 m
occurs at the Buerjin site in the 2DEnVar experiment.
For the Aletai site, the standard deviation of the analyzed SD in the 2DEnVar experiment is close to that in
the DEnKF experiment, but the former analyzed SD
has a larger correlation coefficient of 0.95 and a smaller
RMSE than the latter. Furthermore, the analyzed SD in
the 2DEnVar experiment shows less bias than that in the
DEnKF experiment. The above results indicate that the
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FIG. 8. Comparisons of the SD time series for in situ SD observations (purple) and the analyzed SD from the old
SDC simulation (green), the new SDC simulation (blue), DEnKF (cyan), and 2DEnVar (red) at the (a) Aletai,
(b) Buerjin, (c) Fuyun, (d) Jimunai, and (e) Qinghe sites. The assimilation window length is set to 4 days in
the 2DEnVar experiment. (f) The sample in situ SD error bars of the five sites are plotted. The ordinate scales in
(a)–(e) are different.

2DEnVar shows better analysis performance than the
DEnKF. Similar results occur at the Jimunai site as
shown in Fig. 9d. In Fig. 9b, the analyzed SD in the
2DEnVar experiment has almost the same standard
deviation as that in the DEnKF experiment at the
Buerjin site, but the 2DEnVar has a larger correlation
coefficient and a smaller bias than the DEnKF. Therefore, the 2DEnVar obtains better analysis performance
than does the DEnKF. In contrast, the 2DEnVar shows
worse analysis performance than the DEnKF at the
Qinghe site, as a large RMSE and bias occur in the
2DEnVar experiment (see Fig. 9d). Figure 9d also shows

that the new SDC without data assimilation shows the
best result, and it can improve the SD simulations as
compared to the other experiments.
As shown in Fig. 10, both the DEnKF and 2DEnVar
can efficiently improve SD simulations at all sites, except for the Qinghe site, as compared with the new
SDC experiment. However, the 2DEnVar shows the
best analysis performance because it can significantly
reduce the errors of the SD simulations shown in
Fig. 10. The largest improvement of the analyzed SD in
the 2DEnVar experiment is up to 88.55% at the
Buerjin site, followed by the Jimunai site with an
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FIG. 9. Taylor diagram of the analyzed SD in different snow DA experiments at the (a) Aletai, (b) Buerjin,
(c) Fuyun, (d) Jimunai, and (e) Qinghe sites. The black half-solid circle, termed the ‘‘reference’’ field, represents the
standard deviation of in situ SD observations, while other fields are referred to as model-simulated fields. The color
bar represents the bias between the analyzed SDs and in situ SD observations. The ordinate and abscissa scales in
(a)–(e) are different.
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FIG. 10. The NEPR of the analyzed SD in the DEnKF (blue) and
2DEnVar (red) experiments.

NEPR of 71.17%. However, the positive NEPR in the
DEnKF experiment is larger than the negative NEPR
in the 2DEnVar experiment at the Qinghe site. This
indicates that the DEnKF obtains better analysis performance than the 2DEnVar, and the 2DEnVar does
deteriorate the SD simulations because of more negative innovations.
Overall, both the DEnKF and 2DEnVar can improve
the SD simulations; however, the latter shows better
analysis performance. More MODIS SCF observations
assimilated with the 2DEnVar can produce more snow
accumulations than the DEnKF with only one MODIS
SCF observation. However, more negative innovations
may result in the deterioration of the SD simulations. In
summary, the 2DEnVar shows the best performance.

5. Conclusions
To reduce the errors introduced by the simplified
SDC of the CoLM, also known as the observation operator in the snow DA, a new SDC was statistically
fitted to the historical MODIS SCF observations and
in situ SD observations from January 2004 to October
2008. The new SDC, as the snow process model, was
applied in snow simulations of the CoLM. The results
show that the new SDC can directly improve the SCF
simulations, which leads to an improvement of the SD
simulations. However, the new SDC is only related to
the snow depth state variable of the CoLM and is independent of the time-varying parameters, such as
snow density. Therefore, the new SCF does not exhibit
the seasonal variation characteristics well. This may
lead to an overestimation of the predicted SCF observations that are overall larger than the MODIS SCF
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observations, as shown in Fig. 4e. Based on the SCF
parameterization scheme integrated with snow density
from Niu and Yang (2007), a more reasonable SDC
could be exploited for snow data assimilation by combining it with the historical snow-related observations
in the CoLM in the future.
Based on the new SDC, to reduce the unavailability of
the MODIS SCF observations caused by the presence of
cloud cover, a 2DEnVar integrating DEnKF and 2DVar
was proposed to assimilate more available SCF observations within the assimilation window into the CoLM
for improving snow simulations. The 2DEnVar benefits
from the state-dependent background error covariance
estimated from the DEnKF ensemble, while taking advantage of the 2DVar. Furthermore, the 2DEnVar does
not require the development of the tangent linear
models of the CoLM and observation operators and
their adjoint models.
The DEnKF and 2DEnVar experiments were performed at five sites in the Altay region of China from
November 2008 to March 2009. Our results indicate
that both DA methods can reduce the bias and RMSE
of the analyzed SD during the accumulation and ablation periods. The analyzed SDs of the two DA methods
are superior to the new and old SDC simulated SDs at
most sites. Overall, the 2DEnVar performs the best, as
it can effectively reduce the bias and RMSE of the
analyzed SD at all sites except for the Qinghe site. This
indicates that the 2DEnVar assimilating more MODIS
SCF observations shows better analysis performance
than the DEnKF with the assimilation of only one
MODIS SCF observation. This is because the 2DEnVar
may produce more innovations than the DEnKF. Furthermore, the influence of the presence of cloud cover is
alleviated more effectively as more available MODIS
SCF observations within the assimilation window are
adopted in the 2DEnVar experiment. Therefore, the
2DEnVar does improve snow simulations in the CoLM,
especially for the period from 8 to 20 February 2009,
including a 13-day absence of the MODIS SCF at the
Jimunai site (see Fig. 8d). However, the 2DEnVar
shows the worst result for increasing the bias and
RMSE of snow simulations at the Qinghe site. This is
because most of the predicted SCF observations
within the assimilation window (Fig. 4e) are overestimated by the new SDC, which produces more
negative innovations.
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