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Abstract Recent research has reported the great inﬂuence of springtime land surface temperature (LST)
and subsurface temperature (SUBT) over the Tibetan Plateau (TP) on downstream region summer
precipitation, indicating the potential application of LST/SUBT on subseasonal to seasonal (S2S) prediction.
In this study, we employed both observational data and ofﬂine model simulation to explore the memory
of surface and subsurface variables and assess the driving effects of snow/albedo and SUBT on the LST
anomaly. Our composite analysis based on observation shows that the anomalous LST in the TP can sustain
for seasons and is accompanied by persistent SUBT as well as snow and associated surface albedo
anomalies. A multilayer frozen soil model reproduces the observed LST anomaly and shows surface albedo
and middle‐layer SUBT have 1–3 months memory, indicating the degree of persistence or dissipation of
anomaly through time with more extended memory during spring. With simulated middle‐layer SUBT as a
predictor, the linear regression model produces R2adj of 0.44 and 0.26 for 1‐ and 2‐month LST prediction,
respectively. The predictability is higher during the spring. Our results also show February snowfall, May
snowmelt, and aero in snow exert substantial impacts on springtime LST through snow albedo feedback.
The long memory of SUBT allows it to preserve the surface thermal anomaly and release it gradually in the
following months to seasons. Meanwhile, the sensitivity study indicates that the soil properties and soil
column depth predominate SUBT memory, which suggests the key processes to improve LST/SUBT then
downstream S2S prediction.

1. Introduction
The Third Pole (Yao et al., 2019) exerts major control on the atmospheric circulation at local and continental
scales. Tibetan Plateau (TP) surface processes play an important role in regional climate and in subseasonal
to seasonal (S2S) prediction of extreme climate events such as droughts and ﬂoods (Lau & Kim, 2018; Li
et al., 2018; Wang et al., 2008; Wu et al., 2016; Xiao & Duan, 2016; Xue et al., 2017, 2018). The relationship
between snow in the TP and Indian and Asian monsoon variability has been identiﬁed for decades (Bamzai
and Shukla, 1999; Dey & Bhanu Kumar, 1983; Fasullo, 2004; Kripalani et al., 2003; Wu & Qian, 2003). The
TP snow cover anomaly, which is highly correlated with Eurasian snow cover (Bamzai & Shukla, 1999;
Vernekar et al., 1995) and the Arctic Oscillation (Wang et al., 2019; Zhang et al., 2019), has shown inﬂuence
on multiscale variations of South and East Asia (Wu & Kirtman, 2007; Yao et al., 2019). However, studies
have shown that the snow‐monsoon relationship in the TP is highly variable in time and space, especially
as the spatial distribution of snow is gigantically heterogeneous during the spring melting (Bamzai &
Shukla, 1999; Wu & Qian, 2003; Xiao & Duan, 2016), suggesting the difﬁculty of using TP snow cover directly
as a predictor for drought/ﬂood events. Moreover, in a study on the relationship between winter snow anomaly and spring and summer soil moisture (SM), Robock et al. (2003) reported that the prolonged snow albedo
impact is not realized through SM feedback because the persistence of SM anomaly is too short to sustain its
effect in the summer season. Xue et al. (2018) therefore conjectured that a temporally ﬁltered response to the
snow anomalies may be preserved in the land surface temperature (LST), which may contribute to the S2S
prediction. The relationship between snow cover and LST anomalies had been a subject in a number of studies (Groisman et al., 2004; Park et al., 2014; Zhang, 2005; Zhang et al., 2019).
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Xue et al.'s (2018) conjecture is based on the signiﬁcant lagged correlation between spring air temperature
(Tair) over the northern Rocky Mountain areas in North America and the TP in East Asia and their respective
summer precipitation in their downstream regions. Although Tair anomaly in spring directly interacts with
atmospheric circulation and precipitation, Xue et al. (2016, 2018) and Diallo et al. (2019) found that specifying proper initial LST and subsurface temperature (SUBT) is the only way to reproduce the observed persistence in the climate models. Their observational analyses and model sensitivity experiments show that the
Tair/LST/SUBT effect is comparable to or in some areas/seasons probably more important than the well‐
known sea surface temperature effects. As such, it is important to understand the sources, characteristics,
and memory of the LST/SUBT anomalies. Zhang et al. (2019) reported that spring LST in the TP is coupled
with the regional snow cover in preceding months, while the latter is inﬂuenced by wave activities in middle
to high latitudes. Due to the importance of S2S prediction, a multimodel project under the Global Energy
and Water Exchanges project (GEWEX) and the Third Pole Environment (TPE) support has been initiated
to further investigate the impact of initialized LST and snowpack on subseasonal to seasonal prediction
(LS4P) (Xue, Boone, et al., 2019; Xue, Lau, et al., 2019). To investigate the LST anomaly in the TP and its
impact on downstream precipitation, it is necessary to understand the characteristics of the LST anomaly
and its causes. Thus far, a common shortcoming in the LS4P models has been their deﬁciency in maintaining
the LST anomaly as long as observations. This problem may be rooted in the deﬁciency in producing proper
soil temperature memory and land/atmosphere interaction. The “soil temperature memory” refers to the
degree of persistence (high memory) or dissipation (low memory) of a soil temperature anomaly through
time (Hu & Feng, 2004a). Hu and Feng (2004b) analyzed the variation of soil enthalpy, which represents
the integration of soil temperature through the soil column. Using soil temperature observations from 292
stations in the United States, they found that the soil enthalpy anomaly in the top 1‐m soil column could persist for 2–3 months. The seasonal‐scale thermal inertia indicates that soil thermal processes could “record”
atmospheric circulation anomalies and “release” their effects in the following months, highlighting the S2S
predictability and the importance of SUBT initialization. Improving the SUBT memory simulation provides
a feasible approach to extending LST anomaly persistence in LS4P models.
The SUBT directly affects the LST through heat transport and surface energy budget. Wu and Zhang (2014)
used a regional climate model to show that the SUBT plays an important role in amplifying summer LST
variability over the arid and semiarid regions of East Asia. Mahanama et al. (2008) reported that interactive
SUBT signiﬁcantly increases LST variability and persistence in most regions, by using an atmospheric general circulation model. In addition, Yang and Zhang (2016) further showed that the SUBT memory is seasonally dependent. However, a comprehensive investigation of the various causes of LST anomaly has not been
conducted; characteristics of SUBT memory and their association with snow persistence is not yet well
understood.
The objective of this study is to explore various possible causes of the LST anomaly and its S2S predictability, with a particular focus on the impacts of SUBT memory and associating snow and surface albedo
persistence. The remaining sections are arranged as follows: station observation, model simulation, and
methods are introduced in section 2; section 3 describes the characteristics of the LST anomaly and its
relationship to SUBT and snow anomalies, S2S predictability of LST, and the possible mechanism that
SUBT and snow persistence affects LST variation; and conclusions and discussion are presented in
section 4.

2. Data, Model Description, and Model Simulation
2.1. Station Observations
The observed LST data used in this study are the monthly mean surface temperature recordings of 80
stations over the TP covering the period of 1961–2017, provided by the China Meteorological
Administration (CMA, https://data.cma.cn). The geographical locations of the station are shown in supporting information Figure S1. Those stations also recorded snow depth from 1973 to 2014 (Zhao
et al., 2007). Fourteen stations (indicated by squares in Figure S1) have soil temperature measurements
during 1981–2005 at depths of 0, 5, 10, 15, 20, 40, 80, 160, and 320 cm. The station observations during
the overlapping period, that is, 1981–2005, are analyzed in this study.
LIU ET AL.
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2.2. Gridded Data
CMA provides monthly gridded LST observations over China for the period of 1961–2017. The observations
were interpolated from about 2,400 stations by using Thin Plate Spline algorithm to 0.5° spatial resolution
(data are available at https://data.cma.cn).
The surface albedo product from Global Land Surface Satellite (GLASS), covering 1981–2017, was generated
from the Advanced Very High Resolution Radiometer (AVHRR) observations (1981–2000) and data from
the Moderate Resolution Imaging Spectroradiometer (MODIS) sensors onboard the Terra and Aqua satellites for the period of 2000 to 2010 (Liu et al., 2013) (available at http://www.glass.umd.edu). The original
GLASS albedo data are at 0.05° spacing resolution, which is resampled to 0.5° resolution by using a bilinear
interpolation algorithm.
The meteorological forcing data provided by the Chinese Academy of Sciences were used to drive the ofﬂine
model in this study (Yang et al., 2010). This data set contains variables of downward shortwave radiation
(W m−2), downward longwave radiation (W m−2), precipitation (mm day−1), air temperature (K), relative
humidity (kg kg−1), air pressure (Pa), and wind speed (m s−1). The data set is based on existing data, such
as Princeton reanalyzed data, the Global Land Data Assimilation System (GLDAS) materials, GEWEX
Surface Radiation Budget (SRB) radiation data, and the Tropical Rainfall Measuring Mission (TRMM) precipitation data, which are integrated with regular meteorological observations from CMA. The original spatial and temporal resolutions of this data set are 0.1° and 3‐hourly, respectively, and were resampled to 0.5°
spatial resolution via bilinear interpolation algorithm and to 1‐hourly temporal interval via cubic spline
interpolation algorithm.
2.3. Land Surface Model Description
The simpliﬁed simple biosphere model (SSiB) is a biophysically based land surface model that simulates
ﬂuxes of radiation, momentum, sensible heat, and latent heat ﬂuxes, as well as runoff, SM, and surface temperature (Xue et al., 1991). A multilayer frozen soil model (Li et al., 2010; Zhang et al., 2007) has been
included in the SSiB version 3 (SSiB3) and referred to as SSiB3‐FSM. This model consists of 8–12 layers with
the total soil column depth from 2.5 to 11.7 m depending on land cover conditions. A semi‐implicit scheme
with more efﬁcient computation and stable solutions has been introduced to solve the temperature, liquid
water, and ice prognostic equations instead of enthalpy and total water mass in the frozen soil model, in
which soil temperatures in multisoil layers are solved by a tridiagonal matrix. To better describe the soil temperature vertical proﬁle, in this study we increase the number of soil layers to 120 for all land cover types
with 0.05‐m depth for each layer.
To investigate the effects of soil properties and upper and lower boundary conditions on soil thermal persistence, a simpliﬁed version of SSiB3‐FSM, which eliminates all hydrologic processes, such as surface evaporation and snow accumulation and melting, is introduced and is referred to as SSiB3‐Dry. SM and precipitation
are also set to 0 when SSiB3‐Dry is running.
Three sets of experiments were conducted in this study. In Exp‐1, a spin‐up run using SSiB3‐FSM was ﬁrst
conducted, forced by 1979–1988 meteorological forcing repeatedly for 60 years to reach an equilibrium status. After that, a transient run for 1979–2015 was conducted, driven by historical forcing data from 1979–
2015. In Exp‐2 and Exp‐3, short‐term sensitivity simulations, the climatological forcing (averaged over
1979–2015) was used to drive SSiB3‐FSM or SSiB3‐Dry for 60 years to reach an equilibrium status. Two subsets are included in Exp‐2 to investigate impact of anomalous snow, by replacing snow water equivalent
(SWE) by the average of extreme warm/cold years, in each month from December through May, respectively. Exp‐3 includes four subsets to evaluate the role of soil thermal diffusivity (Exp‐3.2), snow cover
(Exp‐3.3), and total soil column depths (Exp‐3.4) in preserving soil temperature anomaly, by comparing to
the default model conﬁguration (Exp‐3.1). For each experiment in Exp‐3, paired runs with/without a vertical
homogenous 5°C anomaly initialization are conducted. The detailed settings of experiments are listed in
Table 1.
2.4. Autocorrelation, Memory, and Lagged Cross Correlation
The autocorrelation of the anomalous time series, which is the departure from the long‐term average, is used
for this study. The autocorrelation coefﬁcient is a direct measure of persistence. Quantitively, the time scale
LIU ET AL.
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Table 1
Summary of Experiments
Experiment

Model

Spin‐up

Description

Exp‐1
Exp‐2
SWE‐warm

SSiB3‐FSM

1979–1988 cycling forcing for 60 years

Long‐term experiment from 1979–2015

SSiB3‐FSM

1979–2015 climatology for 60 years

SWE‐cold

SSiB3‐FSM

The same as SWE‐cold

Driven by climatological forcing. Integration from December to May, with SWE replaced
by the average of extreme warm years, in December through May, respectively.
The same as SWE‐warm, except that SWE is replaced by the average of extreme cold
years in December through May.

Exp‐3
Exp‐3.1

SSiB3‐Dry

1979–2015 climatology for 60 years

Exp‐3.2
Exp‐3.3
Exp‐3.4

SSiB3‐Dry
SSiB3‐Dry
SSiB3‐Dry

The same as Exp‐3.1
The same as Exp‐3.1
The same as Exp‐3.1

Driven by climatological forcing for 1 year. Two runs (control/sensitivity) without/with
a vertical homogenous 5°C anomaly imposed
The same as Exp‐3.1, except reduced soil diffusivity in the sensitivity run
The same as Exp‐3.1, except 2‐m snow cover imposed in the sensitivity run
The same as Exp‐3.1, except reduced soil column depths in the sensitivity run

that anomaly can persist, also known as memory, is deﬁned as the time required for the lagged
autocorrelation to drop below the 99% conﬁdence level (Dirmeyer et al., 2009). We compute the monthly
lagged autocorrelation curves of both observed and simulated anomalies to assess their persistence
qualitatively and compute the daily lagged autocorrelation of simulated anomalies to determine their
memory quantitatively. The lagged cross correlation is also calculated to explore the possible causal
relationship from one variable to the other. The two‐tailed t test is used to determine the signiﬁcance of
the correlation coefﬁcient in this study.
2.5. Linear Regression Model
To assess the LST (Ts) prediction skill using SUBT and snow anomalies as predictors, a linear regression
model (LRM) is used to estimate Ts anomaly in the current month with predictors in the preceding month
on each grid point over the TP. The LRM is written as
n

bs ¼ ∑ b
T
β0 ;
βi var i þ b

(1)

i¼1

where vari is the anomaly of the ith input variable in the previous month, for example, downward shortwave radiation (SWin), downward longwave radiation (LWin), surface albedo, and SUBT (Tg) in the preb s is the estimation of Ts. The adjusted R2 (R2 ) is
vious month; b
β is the regression coefﬁcient; and T
i

adj

used to evaluate the model ﬁt (the variance in the Ts accounted for by the predictors).
R2adj ¼ 1 −

SSE=ðn − p − 1Þ
;
SST=ðn − 1Þ

(2)

where SSE is the sum of squares of residuals, indicating the variance cannot be explained by LRM; SST is
the total variance of Ts. n − 1 is the degrees of freedom of Ts, and p is the number of input predictors.
Meanwhile, an overall F test is applied to test the signiﬁcance of the regression. We split the data into
training set (70% of the record) and cross‐validation set (30% of the record). The training set is used to
determine b
β and R2 . The out‐of‐sample mean absolute error (MAE) and root‐mean‐square error
i

adj

(RMSE) are calculated using the cross‐validation set to evaluate the predictability of the LRM.

3. Results
3.1. Climatology and Anomaly Characteristics of LST, SUBT, and Snow Depth
Annual mean LST over the TP decreases from east to west. Over the western TP, with elevations generally
over 5,000 m, the annual mean LST is about −10°C, while it ranges from 0°C to 10°C in the eastern TP
(Kuang & Jiao, 2016). In response to the solar radiation, the range of seasonal variation in the LST is about
40°C based on the station observations. The seasonal variation of SUBT averaged across all stations
decreases with soil column depth (Figure 1). The temperature gradient results in downward soil heat
LIU ET AL.
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Figure 1. Climatology of soil temperature (shaded) and soil heat transport (contour) from (a) site observation and
(b) SSiB3‐FSM simulation. Dash contour indicates downward heat transport, while solid contour indicates upward heat
transport.

transport in summer and upward transport in winter. There is a phase lag in SUBT annual cycle from the
upper to deeper soil layer, and the lag period increases with soil column depth. In spring (March‐April‐
May), the surface becomes warmer in response to increased downward radiation and reduced surface
albedo, while the deeper soil is still cold. It leads to an enhanced soil heat ﬂux gradient. The analogous
condition occurs in fall but with opposite temperature gradient and energy transport direction.
To better illustrate the thermal characteristics of the TP, extreme warm/
cold years, deﬁned as spring LST anomaly averaged across the stations
is greater/less than half of its standard deviation, are selected. Figure 2
shows the observed differences in LST, SUBT, and snow depth between
the years with warm and cold springs. Although the extreme years are
selected only based on spring LST, the warm LST signal starts in
January, and it becomes warmer through February, March, and April.
The anomalous warming lasts until September. The persistent warming
LST is associated with less snow during winter and spring and persisting
warm SUBT from January through September. Because of the interaction
with atmosphere, anomalies in LST decay quite fast compared to that in
SUBT. The warm core in the middle soil layer (40–160 cm) is about 1–
2 months behind the surface and lasts for a longer period.
Consequently, middle‐layer SUBT becomes warmer compared to upper
layer SUBT (20 cm) and LST from May to September, when the surface
warm anomaly attenuates.
Figure 2. Observed difference in snow depth, LST, and SUBT between the
years with warm and cold springs. The extreme warm/cold years are
selected when the anomaly of the station‐averaged LST is greater/less than
half standard deviation.

LIU ET AL.

SSiB3‐FSM simulation (Exp‐1) averaged from the nearest grid points to
the stations is capable of reproducing the climatological SUBT proﬁle
(Figure 1) and the persistent anomalies in LST, SUBT, and snow
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Figure 3. Simulated difference in SWin, LWin, surface albedo, snow depth, LST, and SUBT between the years with warm
and cold spring. The extreme warm/cold years are selected when the anomalies over the TP are greater/less than
half standard deviation.

(Figure S2). Over the whole TP, the composite analysis using Exp‐1 outputs also shows that there are
sustained LST, SUBT, and snow anomalies for the extreme years selected based on the LST anomaly in
springs (Figure 3). Because of the closed snow and surface albedo relationship, that is, heavy snow
normally is associated with high albedo, surface albedo also presents sustained negative anomaly
associated with the warm LST. For downward shortwave and longwave radiations, which are two
important energy sources for the surface, however, there are no persistent anomalies (Figure 3).
3.2. Relationships and Memory of LST, Surface Albedo, and SUBT
Anomalous LSTs are closely associated with persistent anomalies in SUBT, snow, and surface albedo
(Figure 3). This section discusses their relationship and memory of surface albedo and SUBT through their
lag correlation. Because the snow is absent during the summer in many years, we only focus on the anomaly
in surface albedo in the following discussion. Based on the station observation averaged across all sites, the
anomalous LST is signiﬁcantly correlated to SUBT anomaly at all depths as well as surface albedo anomaly
at 0‐ and 1‐month lead (Figure 4a). At 0‐month lead, the upper soil layer is the most interactive with the surface, with a correlation of 0.84 (p < 0.01). The correlations of LST to SUBT decrease with soil column depth.
At 1‐month lead, the correlation of LST to 20‐cm SUBT reduces to 0.35 (p < 0.01). The correlations of LST to
SUBT at the middle to subsurface layer (320 cm), however, are not signiﬁcantly decayed at 1‐month lead
compared to correlations at 0‐month lead. Consequently, at 1‐month lead, the anomalous SUBT at the middle soil layers has the highest correlation to the LST anomaly (~0.44, p < 0.01).
The lagged autocorrelation in each soil layer indicates the time period that the anomalies can be preserved in
that layer. In general, the decay of SUBT autocorrelation curve at each layer is nearly monotonic according
to the station observations (Figure 4b). The autocorrelation of the upper layer SUBT decays faster than that
of middle to deeper layers. In general, the autocorrelation is not different from 0 (p < 0.01) after 3 months for
the upper soil layers, while the autocorrelations in middle and deeper layers persist for a much extended period because the high‐frequency ﬂuctuation damps rapidly in soil and can only reach the shallow soil layers
(Dickinson, 1988). The deeper soil column depth is, the slower anomaly attenuation rate and the larger
LIU ET AL.
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thermal inertia are. Moreover, 1‐month lagged autocorrelation increases
with soil column depth, indicating that anomalies in middle and deeper
soil layers have higher month‐to‐month persistence in comparison to
the upper soil layer.
Surface albedo affects LST by changing the surface‐absorbed solar radiation. The anomalous LST and albedo in the current month are signiﬁcantly correlated (Figure 4a). The sustained snow in the cold seasons
leads to the long persistence of surface albedo, indicated by its high autocorrelation (Figure 4b). The 1‐month lagged autocorrelation of surface
albedo is 0.8 (p < 0.01), suggesting a high month‐to‐month persistence.
As a result, LST anomaly is signiﬁcantly correlated with surface albedo
anomaly at 1‐month lead, only slightly smaller than at 0‐month lead
(Figure 4a).

Figure 4. (a) Lagged cross correlation of LST to SUBT and surface albedo at
0‐ and 1‐month lead. The time series is averaged across the stations
with SUBT measurement. (b) Lagged autocorrelation of monthly anomalies
in SUBT at different layers and surface albedo. The gray line indicates
signiﬁcance level of 0.01.

Since the observation only provided monthly mean data, and the station
observations mostly located in the east TP, SSiB3‐FSM outputs are used
to provide the analyses for the entire TP at daily and monthly scales.
The following discussion is based on Exp‐1 products. Figure 5 shows the
phase lag of the annual cycle at each soil layer relative to the surface layer,
which is the time lag corresponding to the maximal cross correlation
between the anomalies at the respective layers. It is an indicator of the
days that the signal propagates from the surface to the respective layers.
The simulated phase lag of the upper layers is less than 10 days.
Therefore, anomaly in the upper layer is synchronous to the surface on
the monthly scale, leading to a high correlation between them. It requires
about 10–30 days for surface anomaly to propagate to the middle soil
layers and more than 1–2 months into the deeper layers. Therefore, the
lagged cross correlation between LST and SUBT at 0‐month lead
decreases with soil column depth. Meanwhile, the amplitude of the
annual cycle, deﬁned as the difference between the SUBT maximum
and minimum (Amenu et al., 2005), decreases with soil column depth
(Figure 5). The amplitude in the middle soil layer SUBT remains about
half of that of the surface and damps to about 15% in the deep soil. In summary, the anomalous heat is stored in the middle soil layers with an adequate intensity and is interactive with LST in the current month.
Combined with the month‐to‐month persistence, SUBT anomaly in the
middle soil layer can be preserved for months and has considerable
impact on the LST in the current month. This inherent characteristic,
therefore, results in high cross correlation between LST and
middle‐layer SUBT in leading months.
Over the entire TP, the SSiB3‐FSM simulation (Exp‐1) shows that the
anomalies in the middle‐layer SUBT and surface albedo at 1‐month lead
are signiﬁcantly correlated to the LST anomaly (Figure 6). However,
SWin and LWin at 1‐month lead only show nonsigniﬁcant correlations to
LST. The correlation between LST and LWin at 1‐month lead is less than
0.3 with discontinuities in nonsigniﬁcant areas.

Figure 5. The difference between seasonal maximum and minimum soil
temperature (red line and shade) and phase shift of annual cycle at
different soil depths (blue line and shade), based on the daily soil
temperature output in the Exp‐1 simulation. Solid lines indicate the
average across the TP, and the shades indicate the range of one standard
deviation.

LIU ET AL.

The S2S predictability of middle‐layer SUBT and surface albedo originates
from the persistence in their autocorrelations. Based on the Exp‐1 simulated time series averaged over the TP, the anomalies of SWin and LWin
have memory of less than 10 days (Figure S3). Albedo anomaly persists
2–4 months in winter and spring. In particular, the anomalous surface
albedo occurring in February and March has the longest memory, which
persists for more than 3 months, highlighting its S2S predictability in late
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Figure 6. Cross correlation of LST to (a) SWin, (b) LWin, (c) surface albedo, and (d–f) middle‐layer SUBT at 1‐month lead
based on the SSiB3‐FSM forcing data and simulation (Exp‐1). The hatches indicate the areas with signiﬁcance
level of 0.01.

spring and early summer. The memory of SUBT increases with soil column depth (Figure S3). At 20 cm,
SUBT memory is about 10 days from January to October and about 20–30 days in November and
December. SUBT at 40 to 80 cm has a memory of 1–2 months, with longer memory in cold seasons (up to
3 months). Anomalies at 160‐ to 320‐cm SUBT persist longer than 3 months. Memory in SUBT and
surface albedo are seasonally dependent. Anomalies in SUBT and surface albedo are monthly predictable
in all calendar months and have S2S predictability in late spring and early summer. Considering the high
simultaneous correlation of LST to SUBT and surface albedo, the predictability of LST anomaly is also
implied.
3.3. Estimation of Monthly LST Anomaly Using Variables in the Previous Month
In this section, a LRM is employed to predict LST anomaly with input variables from the preceding month
from the SSiB3‐FSM meteorological forcing and Exp‐1 simulation as predictors. LST is determined by the
surface energy budget (Xue et al., 1996). With anomalies in primary surface energy‐related variables in
the preceding month as predictors, including SWin, LWin, surface albedo, LWout, Hs, λE, and middle‐layer
SUBT at 40, 80, and 160 cm, hereafter referenced as All‐Variables, the averaged R2adj over TP is 0.46, based
on the data from all calendar months (Figure 7a and Table 2). In some areas in the northwest, R2adj is up
to 0.80. The encouraging results indicate that LST is highly predictable at monthly scale with surface
energy‐related variables. The remaining variance can be explained by simultaneous interaction with predictors and other processes such as cloud, aerosols, SM, and vegetation phenology. With SUBT of the previous
month as a predictor, the average R2adj is 0.44 and shows a similar pattern as compared to All‐Variables
(Figure 7b). It is interesting to note that although with surface albedo alone, the LRM generates R2adj of
0.34 (Table 2), and with both SUBT and surface albedo as predictors, R2adj increases only slightly to 0.45.
This ﬁnding supports the conjecture proposed by Xue et al. (2018) that a temporally ﬁltered response to snow
and surface albedo anomalies may be preserved in the SUBT. Furthermore, with LWin alone as a predictor,
R2adj is 0.13, but no additional predictability increased when we used SUBT, surface albedo, and LWin as predictors (Figure 7d and R2adj ¼ 0:45 in Table 2).
The effect of SM on land/atmosphere interaction has been widely investigated (Koster et al., 2004, 2006). In
this study, we also assess the contribution of SM to the land memory. With SM of the previous month as a
predictor, the average R2adj is 0.19. When SM, SUBT, and surface albedo are combined for 1 month lead,
explained variance only improves slightly (Table 2); however, for 2 months lead, R2adj increases about 0.10
for most months (Table 2), suggesting that if we consider 2 months prediction, SM could enhance the soil
memory by 0.1.
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Figure 7. R2adj of linear regression model with input previous month variables of (a) All‐Variables, (b) SUBT at 40, 80, and 160 cm, (c) surface albedo, and (d) LWin.
The histogram shows the probability density of spatial distribution in each prediction. The hatches denote the areas with p < 0.01.

Surface albedo and SUBT anomalies occurring in spring persist longer than in other seasons (Figure S3).
Hence, the LRM shows better performance in predicting LST anomaly in spring. For instance, with
All‐Variables in April as predictors to predict LST in May, the average R2adj is 0.43 (Table 2). It also shows
higher predictability over the central and western TP (Figure 8a). In the eastern TP, vegetation growth starting in May (Yu et al., 2010) largely changes surface energy budget and water balance (Liu et al., 2016), which
involves a new factor affecting May LST anomaly. Meanwhile, cloud activity, especially convective cloud
occurrence in the eastern TP in May (Li et al., 2019), alters downward solar radiation and affects LST. In contrast, because of the high month‐to‐month persistence of surface albedo and SUBT and less inﬂuence of
vegetation and cloud activities, LST is more predictable in the central and western TP. With middle‐layer

Table 2
R2adj for LST Prediction in All Months, March, April, and May With Predictors 1 and 2 Months Ahead
All months

All‐Variables
SUBT (40, 80, 160 cm)
Surface albedo
LWin
Soil moisture (SM)
SUBT and albedo
SUBT, albedo, and LWin
SUBT, albedo, and SM
All‐Variables and SM

LIU ET AL.

March

April

May

1 month

2 months

1 month

2 months

1 month

2 months

1 month

2 months

0.46
0.44
0.34
0.13
0.19
0.45
0.45
0.48
0.49

0.29
0.26
0.18
0.10
0.19
0.27
0.28
0.37
0.38

0.57
0.48
0.37
0.19
0.29
0.52
0.52
0.59
0.63

0.50
0.43
0.28
0.18
0.29
0.46
0.47
0.56
0.58

0.58
0.51
0.34
0.29
0.27
0.53
0.55
0.58
0.63

0.45
0.37
0.24
0.18
0.27
0.40
0.41
0.50
0.53

0.43
0.36
0.28
0.17
0.22
0.39
0.41
0.44
0.47

0.42
0.34
0.23
0.16
0.22
0.37
0.39
0.43
0.47
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Figure 8. The same as Figure 7, except for May LST anomaly, and the LRM is fed by variables in April.

SUBT as a predictor, the average R2adj is 0.36 (Table 2). R2adj is slightly improved when surface albedo anomaly
is included. For the LST anomaly in March and April, the results show a similar pattern and slightly higher
R2adj as compared to May (Table 2).
With All‐Variables 2 months ahead, the average R2adj reduces to 0.29 for all month LST prediction (Table 2).
R2adj of 2‐month prediction with SUBT as a predictor is 0.26, based on the data from all calendar months.
However, for March, April, and May, the explained variances are only slightly reduced compared to 1‐month
prediction with All‐Variables, suggesting the great potential of SUBT as a predictor for S2S prediction.
The average MAE and RMSE over the TP are listed in supporting information Tables S1 and S2, respectively.
The average MAE over the TP ranges in 1.42–1.83°C, and the average RMSE varies in 1.87–2.42°C, based on
data from all calendar month for both 1‐ and 2‐month prediction. The average MAE and RMSE ranges 1.47–
2.32°C and 1.76–2.71°C for prediction in March, April, and May, respectively (Table S1 and S2). One predictor prediction generally produces larger MAE and RMSE, and the largest values are found when LWin is used
as only predictor (Table S2 and Figure S4).
3.4. Mechanisms of Snow and Surface Albedo Effect on LST
We have shown the capability of albedo and middle‐layer SUBT to predict LST anomaly at the monthly and
seasonal scale. In this and the following section, we explore the possible mechanisms.
During the cold season, TP snow anomalies have high month‐to‐month persistence (Figure 2). Strong snow
anomaly can be formed in antecedent November and then persist through early summer (Wang et al., 2019).
Because of snow albedo effect, surface albedo is signiﬁcantly correlated to SWE in the current and preceding
months. However, according to SSiB3‐FSM simulation, the anomalous SWE changes (i.e., snowfall accumulation and snowmelt, referenced as SWEC) in November, December, February, and May have a larger
impact on surface albedo anomaly than other months in the cold seasons (Figure 9). For instance, April surface albedo anomaly corresponds to the SWEC in December, February, and March, while there is no
LIU ET AL.
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Figure 9. Lagged cross correlation between anomalous surface albedo and SWE change, based on Exp‐1 output averaged
across the TP. Hatches indicate the correlation with signiﬁcance level at p < 0.01.

signiﬁcant connection to January SWEC. Anomalous albedo in May and June are only signiﬁcantly
correlated to anomalous SWEC in February and May, which suggests the anomalous snowfall in February
and snowmelt in May predominate surface albedo anomaly in late spring and early summer.
In order to quantify the effects of snow and surface albedo anomalies on LST anomaly, we also conducted
paired experiments in which SWE was replaced by the average of extreme warm years (referenced as
SWE‐warm) and the average of extreme cold years (referenced as SWE‐cold) in preceding months. The
extreme years are selected based on LST anomaly of the target month, that is, May, as discussed in section 3.1.
We conduct the Exp‐2 simulation as introduced in section 2.3 for the sensitivity experiments using SSiB3‐
FSM and climatological forcing. The initial condition from this study is derived from a 60‐year spin‐up
run similar to that discussed in Liu et al. (2019). The SSiB3‐FSM is integrated from December to May. The
simulation is repeated six times for the warm/cold years, with the simulated SWE being replaced by SWE‐
warm/SWE‐cold 1 month per run. The difference between snow‐warm and snow‐cold runs is calculated
to assess the effects of SWE in the respective preceding month on May LST. The effect of SWE change can
be derived by comparing simulations with SWE imposed in two consecutive months. For convenience, we
use Δ to represent the difference of snow‐warm minus snow‐cold.
The results show that less snow in December and January causes about 0.2°C more warmth in May
(Figure 10). With ΔSWE imposed in December and driven by climatological forcing, simulated ΔSWE in
January is close to the difference between extreme warm and cold years (Figures 11a–11c). The anomalous
less snowfall in February additionally causes less SWE in February as compared to simulations with ΔSWE
imposed in January (Figures 11d–11f), resulting in 0.3°C additional warmth in May. No distinct ΔSWEC
occurs in February to April. Therefore, ΔSWE in these months has similar
contributions to May LST (about 0.5°C). The anomalous snowmelt in May
induces about 1.0°C additional warmth compared to the SWE anomaly
imposed in February to April (Figure 11g–11i), which results in 1.48°C
warming in May. The simulated surface albedo shows persistent negative
difference between snow‐warm and snow‐cold simulations. ΔAlbedo in
May induced by ΔSWE in preceding months coincides with ΔLST. The
sensitivity experiments conﬁrm the above statistical relationship, suggesting ΔSWEC in February and May predominate LST anomaly through the
alteration of surface albedo.
Figure 10. LST difference between snow‐warm and snow‐cold experiment.
Gray bars indicate LST difference in May caused by SWE difference
induced in preceding months. The blue bars denote the LST difference in
May caused by snow darkening.
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Analogously, we conducted similar sensitivity experiments for the LST
anomaly in April. SWE imposed in February, March, and April cause
greater than 0.8°C ΔLST in April. ΔSWEC from March to April only contributes 0.05°C warming, while ΔSWEC in December, February, and
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Figure 11. SWE difference between warm and cold years in (a) January generated by simulation with SWE imposed in
December, (b) January, and (c) difference between (b) and (a) indicating the anomalous SWE changes occurring in
January. (d–f) the same as (a)–(c) but for February and (g–i) for May.

March causes greater than 0.3°C warming in April, respectively. It also turns out that the snow effect is
realized through the albedo effect and is consistent with the statistical relationship.
In addition, snow‐darkening effect induced by aerosols in snow remarkably reduces the surface albedo during the snow melting period (Lau & Kim, 2018; Oaida et al., 2015), which increases surface absorbed solar
radiation, leading to increase in surface temperature and enhanced snowmelt. To test the snow‐darkening
effect (snow‐darkening run), we reduce surface albedo, when snow depth >5 cm, in April and May by 0.2
based on Lau and Kim's (2018) snow‐aerosol study. The difference from the simulation without such modiﬁcation reveals the snow‐darkening effect. The result shows that the snow‐darkening effect leads to 0.8°C
and 0.3°C warming in April and May, respectively.

3.5. Mechanisms of SUBT Effect on LST
SUBT has shown the ability to preserve LST anomaly and can be used as a predictor for monthly and seasonal predictions. In this section, we select June for discussion since it is a month of focus in current LST/SUBT
studies (Xue et al., 2012, 2016, 2018). As discussed in section 3.2, the warm/cold years are selected based on
LST anomaly in each month. Then we calculate the differences in ground heat ﬂux, LST, and SUBT in
0‐month lag (June, referenced as L0), −5 to −1‐month lag (from January through May, referenced as L−5
to L−1), and 1‐ to 5‐month lag (from July through November, referenced as L1 to L5). Since the differences
for any pair of warm and cold years show similar patterns, Figure 12 only shows their average. Before the
LST anomaly reaching its maximum in L0, that is, June, the warmed surface keeps heating the soil, indicated
by the positive ground heat ﬂux in current (L0) and preceding months (L−5 to L−1). Anomalous energy propagates to middle to deeper soil. Because of the soil thermal persistence, anomalous warming is preserved in
the soil layers. After the LST anomaly reaches its maximum, it decreases due to the interaction with the
atmosphere, while SUBT anomaly is preserved due to soil thermal inertia. Hence, subsurface soil becomes
warmer than the surface. As a result, the soil gradually releases the anomalous energy and continually heats
the surface, indicated by the negative ground heat ﬂux.
Furthermore, we investigated the sensitivity of SUBT persistence to soil thermal diffusivity (D = λ/c) and
upper and lower boundary conditions. Soil heat transport is governed by the heat transfer equation:
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Figure 12. Difference in G, LST, and SUBT between the years with warm and cold months, based on Exp‐1 products.

∂T z; t λ ∂2 T z; t
ρ
;
¼
c ∂z2
∂t

(3)

where, Tz,t is soil temperature over the vertical coordinate z and time t, λ is the soil thermal conductivity,
and c is the volumetric heat capacity. Tz,t can be determined when boundary and initial conditions and D
are given. Given an initial soil temperature proﬁle, the persistence of soil temperature is determined by
upper and lower boundary conditions and the soil property.
To simplify simulation with a particular focus on thermal transport, we use SSiB3‐Dry, in which all hydrologic processes are eliminated. We conduct four sets of experiments, which are similar to Exp. 2, but using
SSiB3‐Dry with climatological forcing. In the control run, SSiB3‐Dry is integrated for 1 year without any
modiﬁcation. In the ﬁrst sensitivity run (Exp‐3.1), a vertical homogenous 5°C anomaly is imposed at the ﬁrst
time step and then integrated for 1 year. The difference shows the evolution of the imposed anomaly. In
another three sensitivity experiments, all with imposed homogeneous 5°C initially, the soil thermal diffusivity is set to half of the control simulation to test the effect of soil property (Exp‐3.2); a constant 2‐m snow
cover is imposed to test the effect of upper boundary conditions (Exp‐3.3); and the total soil column depth
is set to 3 m instead of 6 m from the control simulation to test the effect of lower boundary conditions
(Exp‐3.4).
The results show that, in Exp. 3.1, SUBT anomaly in the middle layers (for instance, 1 m) reduces rapidly in
the ﬁrst 20 to 40 days, then lasts for several months with lower amplitude (Figure 13a). The soil thermal persistence increases with decreased soil diffusivity, while the anomalous amplitude increases by about 30% in
the ﬁrst 40 days compared to the control simulation (Exp‐3.2). The reduced thermal diffusivity implies an
increase in soil heat capacity and/or a decrease in soil thermal conductivity. The former indicates a larger
total thermal energy stored in soil layers, while the latter indicates lower thermal conduct efﬁciency, and
both contribute to increasing the soil thermal persistence. With reduced total soil column depth (Exp‐3.4),
the anomalous amplitude decreases at a similar rate as the control in the ﬁrst 20 days but reduces much faster thereafter. It conﬁrms that the long memory in deeper soil helps to preserve SUBT anomaly in shallower
layers. For the upper boundary condition sensitivity experiment (Exp. 3.3), the effect of snow insulation
slightly increases soil thermal persistence by weakening the atmospheric forcing. Note that snow albedo
feedback and its associating persistence are not inferred in this test. Zhang et al. (2018) reported that the
atmospheric forcing on soil temperature is weakened by increased snow depth.
Soil thermal diffusivity is affected by soil constituent and hydrologic conditions (Li et al., 2010). We further
investigate the sensitivity of soil thermal diffusivity to soil sand‐clay ratio, soil ice content, SM, and soil
organic carbon (SOC). The result shows that sand‐clay and soil ice content have less impact on the
LIU ET AL.
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Figure 13. (a) Soil temperature anomaly at 1 m and (b) relationship between soil thermal diffusivity and soil moisture, soil ice content, sand‐clay ratio, and soil
organic carbon.

thermal diffusivity (Figure 13b). Soil thermal diffusivity increases rapidly with SM when SM is low. Soil
thermal diffusivity reaches its maximum when SM is about 0.3. It then decreases with SM increase. When
there is more SOC in soil, there is less soil thermal diffusivity.

4. Conclusion
In this study, we applied observed and simulated data over the Tibetan Plateau to investigate the characteristics of the LST anomaly and memory and their relationships to surface albedo, SUBT, and their associated
snow and soil thermal processes. The anomalies in LST, snow and surface albedo, and SUBT over the TP
exhibit long persistence. LST anomaly is highly correlated to anomalous snow, surface albedo, and SUBT
in the current and preceding months. Meanwhile, anomalies in surface albedo and middle SUBT have a
memory of 1–3 months based on data from all calendar months. The durations of the anomalies are signiﬁcantly longer in winter and spring. Those relationships indicate surface albedo and SUBT are predictable at a
monthly scale and show seasonal predictability especially when the anomalies occur in winter and spring.
Moreover, our results suggest that surface albedo and middle‐layer SUBT can be used to predict LST anomaly at the monthly and seasonal scales.
With surface albedo and middle‐layer SUBT at 1‐month lead as a predictor, the LRM explains almost the
same variance of LST in the current month as compared to those with all primary surface energy relevant
variables being included, with R2adj of 0.44 based on data from all calendar months, and, in particular, with
R2adj of about 0.50 for spring prediction. R2adj for predictors in 2‐month lead is reduced by about 0.20 for all
calendar month prediction, with signiﬁcantly less reduction for spring prediction compared to the respective
1‐month prediction. The encouraging performance of spring LST prediction with middle‐layer SUBT and
surface albedo as predictors also implies their important role as the initial condition for both weather and
climate models (Diallo et al., 2019; Xia et al., 2013; Xue et al., 2016, 2018). The SM's contribution to extreme
warm and cold years' soil memory has also been investigated. Their effect on the soil memory seems secondary in our cases, which is consistent with Robock et al.'s (2003) study. They found that although Asian snow
albedo feedback is always operating, the anomalous snow cover impacts were not prolonged by SM feedbacks. More studies are needed to investigate for different climate conditions and different years.
In addition to the snow initial condition, our result also shows that snowfall in February and March and
snowmelt in May have predominant effects on surface albedo and LST anomaly in May. Zhang et al. (2019)
showed the statistical linkage between late‐spring LST and February to April snow cover and their connection to the Arctic Oscillation. Aero in snow also contributes to increasing LST during the snowmelt period by
up to 0.8°C. Lau and Kim (2018) reported that this snow‐darkening effect induced TP warming in conjunction with the East Asian monsoon.
LIU ET AL.
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Changes in soil properties and upper and lower boundary conditions can largely alter soil memory. Our
results conﬁrm the important role of SUBT memory in reproducing SUBT anomaly decaying rate.
Increased soil column depth contributes to increasing soil memory for all layers, which is consistent with
Amenu et al. (2005), who show that the deeper soil records low‐frequency (interannual and annual) signals
and exerts an impact on the surface anomaly.
Thus far, a common shortcoming in the LS4P models has been their deﬁciency in holding the observed LST
anomalies in terms of their persistence and intensity. This study intends to explore the possible causes of
these weakness, in particular the causes of failing in preserving soil memory. This study reveals the important role of SUBT and snow anomalies in preserving the soil memory. Moreover, adequate soil thermal diffusivity and total soil column depth, which affects the soul heat capacity and the heat transport in the model,
are two crucial parameters determining the SUBT anomaly persistence in simulation. Soil thermal diffusivity is highly sensitive to SM and SOC content, both of which, however, lack records over the TP and other
mountain regions. More measurements are necessary.
This is an off‐line study. Although the model in this study can properly reproduce surface and soil processes
over the TP and is able to assess the key components that may affect the soil memory, the lack of atmospheric
feedback should be noted. Further tests with fully coupled models are designed.
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