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A multiscale soil moisture and temperature monitoring network was established on the
central Tibetan Plateau to support remote sensing, land hydrological modeling,
and surface process studies.

SCIENTIFIC BACKGROUND AND OBJECTIVES. As the highest plateau in the
world, the Tibetan Plateau (TP) directly impacts its surrounding climate and environment
through atmospheric and hydrological processes. Meanwhile, the TP climate changed significantly (such as rapid warming, moistening, solar dimming, and wind stilling) over the
past 30 years (Yang et al. 2011), which further altered its environment (e.g., glacier retreat,
lake expansion, and permafrost degradation, etc.) and brought environmental risks and
disasters to the plateau’s surrounding regions. The “third pole” was proposed as a geographic
element to cover the TP and its adjacent mountains (Qiu 2008), and the “Third Pole Environment” (TPE) was then launched as an international program in 2009, with intension
to pool international efforts to reveal and quantify the “water–ice–air–ecosystem–human”
interactions in this region (Yao et al. 2012). Among the multisphere interactions on the TP,
soil moisture (SM) plays a fundamental role in controlling land surface energy partition,
adjusting surface runoff and soil drainage, regulating canopy transpiration and carbon
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assimilation, and modulating soil freeze–thaw status.
Therefore, SM is a commonly measured parameter
in a series of recent and ongoing field experiments
associated with the energy and water cycle of the
Asian monsoon, hydrological processes, ecosystem
adaptation, and cryosphere changes over the TP
(Xu et al. 2008; Ma et al. 2008; Zhang et al. 2012).
Nevertheless, these measurements are scarce relative
to the broad area of the third pole.
To facilitate process studies at a regional scale,
land modeling and satellite remote sensing are
intended to provide regional SM. For instance, the
Global Land Data Assimilation System (Rodell
et al. 2004) provides simulated SM data at 1.0° and
0.25° resolution. Remote sensing retrievals from
the Advanced Microwave Scanning Radiometer
(AMSR-E) (Kawanishi et al. 2003), the Soil Moisture
and Ocean Salinity (SMOS) mission (Kerr et al. 2001),
MetOp-A Advanced Scatterometer (ASCAT) (Bartalis
et al. 2007), and the upcoming Soil Moisture Active
Passive (SMAP) mission (Entekhabi et al. 2010)
estimate SM data at a resolution of tens of kilometers.
The SM product from SMAP active signals will have a
resolution of 9 km. These approaches need calibration
and validation against ground truth. Because of the
high spatial variability of SM, the ground truth at a
satellite pixel or model grid size cannot be obtained
through measurements at a single station. Instead,
many efforts were made to develop measuring networks to obtain the SM ground truth at specific spatial scales. The International Soil Moisture Network
(ISMN; Dorigo et al. 2011) was initiated to pool in
situ SM networks worldwide in cooperation with the
Global Soil Moisture Data Bank developed by Robock
et al. (2000).
Over the past two decades, many efforts have been
specifically dedicated to estimating regional SM on
the TP through microwave remote sensing (e.g., Fujii
and Koike 2001; Wen et al. 2003; van der Velde et al.
2012), land data assimilation (e.g., K. Yang et al. 2007;
Rasmy et al. 2011; Lu et al. 2012), and land surface
modeling (e.g., Gao et al. 2004; Yang et al. 2005).
Moreover, the TP represents an extreme environment
under which it is easy to identify the applicability of
a SM product. Su et al. (2011) developed a SM observatory on the TP, which consists of three networks
located in distinct climate regimes: 20 stations in a
cold and arid area, 20 stations in a cold and humid
area, and 5 stations in a cold and semiarid area. They
found that several satellite SM products are comparable to the ground observations in the arid area and
the humid area but biased by 0.2–0.3 m3 m–3 in the
semiarid area. These large biases were not reported in
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previous studies, showing great challenges to improve
SM products in this semiarid area.
In addition, the soil freeze–thaw (F/T) is a typical
process on the TP. It imposes effects on soil hydrology
and vegetation growth as well as the bedrock stability of the plateau highway and railway. Many efforts
have made to estimate the F/T state through remote
sensing (e.g., Zhang and Armstrong 2001; Jin et al.
2009; Zhao et al. 2011; Li et al. 2012) and land surface
modeling (e.g., Li and Koike 2003; Oelke and Zhang
2007). Again, these approaches also need validations
under the plateau environment.
In this paper, we present a multiscale Soil Moisture
and Temperature Monitoring Network on the central
TP (CTP-SMTMN), which is located in a cold and
semiarid area with an average elevation above 4500 m
above mean sea level (MSL) (see details in “Experimental area” section). The network was accomplished
in June 2012 after 3 years of construction under the
harsh environment. It consists of 56 stations that
measure soil moisture and temperature at three
spatial scales (see details in “Network configuration”
section). The network was designed to fulfill the three
objectives below.
First, the network can provide ground truth of SM
and soil F/T state at three spatial scales so that it can
be used to calibrate/evaluate SM and F/T estimates
from microwave remote sensing, land data assimilation, and land hydrological modeling at a variety
of spatial scales. SM and F/T state retrieved from
microwave remote sensing are often contaminated
by dense biomass. Our experimental area has a high
soil moisture dynamic range (owing to monsoonal
precipitation in summer) but a low biomass (owing to
low temperature and short growing period), making
it possible to separate the impact of soil moisture and
vegetation on microwave signals. In this sense, this
area is an ideal place for calibrating/evaluating microwave SM algorithms. It is worth pointing out that our
experimental area is collocated with but larger than
the semiarid experimental area in Su et al. (2011). The
new network enhances the function of this area as a
calibration/validation site for satellite SM retrievals.
Second, the network can provide data for soil moisture scaling studies. SM has high spatial variability,
and its spatial scaling is a key and fundamental issue
for a number of purposes. Most of existing networks
provide either dense measurements at small scales
(several kilometers) or sparse measurements at a large
scale (~100 km), and this situation is not favorable
for soil moisture upscaling/downscaling analyses.
Our network measures SM at three spatial scales that
are often concerned in hydrometeorological studies,

and thus it provides a unique opportunity to evaluate existing spatial scaling methods and to develop
new methods. In addition, the data are recorded at a
high temporal resolution (~30 min) and can be used
for studies of SM temporal variability and scaling.
Third, the network complements the existing
hydrometeorological observations in this area. To
investigate the plateau land–atmosphere interactions,
some hydrometeorological instruments (such as
weather station, wind profiler, and flux tower) have
been deployed in the experimental area through field
campaigns of the Global Energy and Water Cycle
Experiment (GEWEX) and Coordinated Enhanced
Observing Period
(CEOP) as well as
follow-on projects
(Ma et al. 2008),
but SM measureme nt s a re s t i l l
spa rse i n space
and only applicable to point-scale
process studies.
Our network provides dense measurement of both
soil moisture and
soil temperature.
Also, we measure
soil texture and organic matter content at each station
through laboratory analyses. The
network and the
ancillary data can

support the study of water–ice–air–ecosystem interactions at different scales.
EXPERIMENTAL AREA. As shown in Fig. 1,
our network is located within an area of 10,000 km2
in the central Tibetan Plateau. Despite significant
relief in some parts, this area is fairly smooth with
rolling hills.
This area is influenced by the South Asian summer
monsoon. Annual precipitation amount is about
400–500 mm in most of the central TP, and three
quarters of precipitation occurs during the monsoon
season [June–August (JJA)]. The land surface is dry

F ig . 1. The conf iguration of the CTPSMTMN: (a) network
position (denoted by
the small rectangle)
on the central Tibetan
Plateau, (b) the experimental area and
station locations (the
gray curves are the
national / provincial
roads) , and (c) – (e)
the large, medium,
and small networks.
Elevation is shown in
(a),(b) and land use is
shown in (c) – (e).
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from December to April; after the onset of the monsoon (about the end of May to the middle of June),
the surface gradually moistens owing to frequent
rainfall events. The soil surface starts its diurnal F/T
cycle since October and becomes fully frozen during
December–February. Therefore, surface SM has high
seasonal dynamic range: low in the premonsoon
season, high in the monsoon season, and partially
iced in the frozen season. The SM diurnal range is also
high during the diurnal F/T cycle period, with high
content during days and low content during nights
(M. Yang et al. 2007).
The land surfaces in the experimental area are typically characterized by alpine grasslands (93.46% of
the area), as seen in Fig. 1. Because of its high elevation
and low temperature, the growing season of the alpine
grasses is short (~3 months), and the grass height is
several centimeters. The intraannual MODIS normalized difference vegetation index (NDVI) ranges
over 0.15–0.51, indicating a low biomass. Other land
cover types are bare soil (3.61%), waters (1.57%), urban
(0.69%), and glacier (0.67%). Water bodies are mainly
located near the west edge of the area, and the urban
area (Naqu city) lies in the center of this area.
Regarding soil texture in this area, silt and sand
are dominant components with a comparable magnitude (around 50% and 46% on average, respectively),
while clay content consistently maintains at a low
value less than 10%. Soil texture components show
notable spatial variability (about 13% and 20% for
mass percent of silt and sand, respectively). Another
typical feature is that soil organic carbon (SOC) content is generally high in the topsoil (averagely 3.6%
in mass) and gradually decreases with soil depth
(around 0.6% at depth of 40 cm) (Chen et al. 2012).
Soils with high SOC contents have high porosity and
high water retention capacity, whereas soils with
low SOC contents have opposite soil properties. The
variability in soil texture and SOC leads to strong
SM heterogeneity in both horizontal and vertical
extensions, which significantly affects surface energy
budget and ecological/hydrological processes.
Despite the harsh environment for construction
and maintenance of ground observations, this area
is a favorable place for microwave remote sensing
of soil moisture. First, this area has low biomass,
leading to weak attenuation of microwave signals.
Second, the atmospheric absorption and scattering in
low-frequency microwave bands are small, owing to
both low air mass and air moisture. According to GPS
data, the amount of precipitable water hardly exceeds
20 mm in summer and less in other seasons (Liu et al.
2005). Third, radio frequency interference (RFI) for
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C-band of AMSR-E is severe in many regions in the
world but it is rare in this area. Also, the RFI for SMOS
L-band is severe in eastern China, but the situation is
much better for the TP and there are enough retrieved
data to show seasonal variations of SM.
NETWORK CONFIGURATION. Site deployment
at triple scales. The CTP-SMTMN has been accomplished through three field campaigns during the
summers of 2010–12. Figure 1 shows the deployment of the network. There is a total of 56 stations:
30 stations have started working since August 2010,
20 stations have started working since June 2011,
and 6 stations have started working since June 2012.
The elevation averaged over the stations is 4650 m
MSL. Soil moisture and temperature are measured
at three cascaded networks, termed “large network,”
“medium network,” and “small network,” with a
spatial extent of 1.0°, 0.3°, and 0.1°, respectively.
They are designed to match different scales of land
hydrological modeling, C-band and L-band passive
microwave retrievals (e.g., AMSR-E and SMOS), and
active microwave retrievals (e.g., ASCAT and SMAP).
The large network has 38 stations, which are deployed
along a cross transect (Fig. 1c). The medium network
is nested in the large one and consists of 22 stations,
which are distributed as uniformly as possible
with consideration of logistics. The small network
is further nested in the medium grid and consists
of nine stations, and it is supposed to be further
improved in the future. All stations are deployed on
grasslands—the dominant land cover. To improve
the representativeness of soil moisture measurements, we have taken into consideration microscale
factors, including elevation, slope, aspect, topsoil
texture, and SOC content. Table ES1 in the supplement (available online at http://dx.doi.org/10.1175
/BAMS-D-12-00203.2) lists the geographic location
and these parameters for each station. In addition,
wetland is not covered by the network because of the
high maintenance cost, and we consider its contribution to regional SM through spatial upscaling.
Installation and maintenance. At each station, soil moisture and temperature profiles are measured by four
sensors. One sensor is obliquely inserted into 0–5 cm
topsoil to measure the averaged near-surface soil
moisture and temperature. This depth is comparable
to that penetrated by ongoing and upcoming passive
microwave sensors. The other three sensors are
horizontally inserted at 10-, 20-, and 40-cm depths,
respectively. The data are recorded every 30 min, and
each record reflects the average of soil moisture and

temperature over the past half hour. The power is
supplied by five dry batteries, which can support the
measurement for more than 1 year.
The harsh plateau environment is one big challenge to construct the network, and maintaining the
network is even more critical. Initially, the datalogger
is designed to be hanged on a fixed pillar such that it
is easy to operate the whole measuring system. Our
experimental area bears a lot of livestock (e.g., yaks
and sheep), which may destroy the measuring system.
To protect the datalogger, we put it in a container and
bury the container in soil. We have designed a cheap
waterproof device (see Fig. ES1 in supplement) so as
to prevent the logger from being flooded by soil water
intrusion into the container. Such a device proves successful, and no datalogger has been damaged by soil
water intrusion. Nevertheless, a sensor might stop operation because of natural aging and damage by rats;
we expect to renew the sensors at a rate of 10% per year.
We download data manually and check the network’s status twice a year—that is, at the beginning
of June (when the deep soil is already thawed) and
the end of September (before the soil starts freezing),
respectively. Note that it is risky to send the measured
data via wireless transmission network, considering
possible damages of the transmitter
by livestock.
Sensor calibration. To establish the
monitoring network, we used both
the EC-TM and 5TM capacitance
probes manufactured by Decagon,
United States (www.decagon.com).
The sensors measure SM according
to the sensitivity of soil dielectric
permittivity to liquid soil water.
Table ES2 in the supplement shows
the specification of the sensor.
The sensors can simultaneously
measure volumetric water content
(VWC) and soil temperature with an
accuracy of ±2%VWC and ±1°C and
resolution of 0.1%VWC and 0.1°C
for mineral soil. However, medium
specific calibration is a precondition
to guarantee the measuring accuracy
of SM; this is particularly important
for our experimental area, where
high SOC contents in the topsoil
may change the relationship between
soil dielectric permittivity and liquid
soil water (Jacobsen and Schjønning
1993).
AMERICAN METEOROLOGICAL SOCIETY

To calibrate the sensor, we take 10 undisturbed
soil samples from different stations. The soil samples
are saturated and then gradually dried through
laboratory experiments; during this process, SM is
measured by the gravimetric method, and the soil
dielectric permittivity is measured by the sensor
simultaneously. A calibrated conversion between the
measured SM and the measured dielectric permittivity is then developed to account for the impact of
SOC content (Fig. 2a). To apply the calibration for
our network, we have analyzed the soil texture and
SOC content at each measuring depth of each station
(see Table ES1 in the supplement for topsoil texture
and SOC content data). Figure 2b shows an example
to explain the effectiveness of the calibration. The
measured SM values before calibration can be negative for the frozen period and thus unreasonable, but
they turn to be in the physical range after the calibration, indicating this calibration is indispensable for
our network.
PRELIMINARY ANALYSES AND APPLICATIONS. Observed temperature and moisture
variations. Figure 3a shows the seasonal change of
observed daily-mean soil temperature in the 0–5-cm

Fig . 2. (a) The calibrated conversion between the measured soil
dielectric permittivity and SM, depending on volumetric SOC content; the default conversions for both EC-TM sensor and 5TM sensor
are plotted for comparison. (b) An example (station 35 in Fig. 1c, with
volumetric SOM content of 28% in the topsoil) to show the difference
in EC-TM measured 0–5-cm SM before and after the calibration.
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station correlation coefficient of SM time series is
high (R > 0.7), indicating
the SM time variability is
dominated by precipitation events. The stationaveraged SM also exhibits
a high seasonal dynamics,
increasing from 0.1 m3 m–3
in winter to 0.35 m3 m–3 in
summer, confirming that
this network is preferred for
the validations of regional
SM estimates. During the
F/T cycle (Fig. 4b), SM has
evident diurnal variations
(high during days and low
during nights).
Fig. 3. (a) Seasonal variations of daily-mean soil temperature and (b) diurnal
variations of freeze–thaw state, based on 0–5-cm observations at the 30 stations installed in 2010. The color lines denote the in situ observations at each
station, and the thick black line denotes the station-averaged values.

Spatial upscaling of soil
moisture. Because of the
high spatial variability of
SM, it is crucial to upscale
point measurements to a
coarse scale for regional studies. Crow et al. (2012)
reviewed several spatial upscaling methods, but they
are not readily applicable to a large-scale network (Qin
et al. 2013). Here, we present the preliminary results of
a time stability analysis and a new upscaling method
based on the CTP-SMTMN data.

layer at the 30 stations installed in 2010. It is shown
that the annual range of daily-mean temperature is
about 20°C and the spatial variability is less than
10°C. Figure 3b shows the diurnal F/T cycle for a specific period. We can see that the diurnal amplitudes
of soil temperature are the smallest ones around the
beginning of November,
when the soil changes from
diurnal F/T cycle into fully
frozen state, indicating the
water phase change releases
a great deal of energy to
delay the freezing process.
Figure 4 shows the observed seasonal and diurnal
variations of near-surface
(0–5 cm) SM at the 30 stations. The SM varies from
0.2 to 0.6 m3 m–3 in summer and from nearly 0 to
0.2 m3 m–3 in winter, showing a large spatial variability. This variability indicates
that it is highly risky to use
measurements at a single
or few stations to evaluate
SM products at a coarse
resolution. Nevertheless,
we f ind that the crossFig. 4. As in Fig. 3, but for soil moisture.
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Time stability analysis was first proposed by linear regression that minimizes the difference
Vachaud et al. (1985), who found that it is possible to between the ATI-based SM estimate and the linear
find a station to represent a region in terms of SM. combination. As an example, Fig. 5b shows the spaBased on our network data, we find that the time tial variation of JJA-averaged SM estimated from the
stability is sensitive to soil wetness conditions, and upscaling approach. Figure 5c shows that the SM avernone of the stations can represent the station-averaged aged over all the stations is very close to the upscaled
SM in the large network for a full year, because the one for the large network, indicating that the stations
SM spatial distribution can be significantly changed deployed along the cross transect have a reasonable
by small-scale (~10 km) rainfall events and soil F/T representativeness for the large area.
cycle. Considering this issue, we proposed a method
to estimate regional-mean SM by the combination of Evaluation of SM products. The CTP-SMTMN can
a few optimally selected stations that contain more serve as a calibration/validation site for a number
information on SM spatial heterogeneity (Zhao et al. of remote sensing and land hydrological modeling
2013). Figure 5a shows an example that the all-station- products. For instance, the GLDAS outputs can be
averaged SM in the large network is almost reproduced evaluated against the large and medium networks;
by a combination of five
selected stations. In reality,
we can find a number of station combinations that give
equally robust estimates
of regional SM, making
it feasible and f lexible to
maintain the network at a
relatively low cost.
Moreover, the network
data have been used to support the development of a
new SM upscaling approach
(Qi n et a l. 2 013). T he
essential idea is to introduce
MODIS-derived apparent
thermal inertia (ATI) as an
extra data source to show
the SM spatial variability.
First, we develop a function
to link the station-averaged
SM and pi xel-averaged
ATI. Then, the function is
used to estimate the areaaveraged SM from ATI data
at MODIS-pixel or larger
scales. The estimated SM
time series can reflect its
temporal variations but is
subjected to uncertainties
as the function is empirical.
Finally, we estimate the
a rea-averaged SM at a
targeted spatial scale by a
Fig. 5. (a) Comparison between the SM averaged over all the stations and
weighted linear combinathe one averaged over five optimally selected stations (03, 10, 12, 22, and
tion of station SM data.
28 in Fig. 1c) in the large network, (b) JJA-mean SM upscaled with the aid of
The weight coefficients are
MODIS ATI, and (c) comparison between the station-averaged SM and the
obtained through Bayesian
upscaled one in the large network.
AMERICAN METEOROLOGICAL SOCIETY
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SM products retrieved from AMSR-E, SMOS,
ASCAT, and SMAP can be evaluated against the
medium network data; and the SM product from
SMAP active signals can be compared with the small
network data.
Figure 6 shows an example of comparing four
SM products derived from AMSR-E ascending and
descending signals with the upscaled SM in the large
network. We find that the four satellite products have
big biases against the observed SM in the semiarid
area. Their root-mean-square error (RMSE) values
range over 0.1–0.2 m3 m–3 for the monsoon season,
similar to the results for two other satellite products
evaluated by Su et al. (2011). Therefore, it is very
challenging to estimate SM in this region, and current satellite products need substantial improvements
(e.g., to consider the impact of high SOC content on
the soil dielectric permittivity and to estimate soil
surface temperature more accurately under the plateau environment) before used for basic research for
the third pole.

design, sensor installation, data collection, sensor
calibration, point-measurement upscaling, and data
archive. All data have been quality controlled through
checking SM time series one by one so as to remove
suspected or wrong data. The metadata include
station geographic position, elevation, slope, aspect,
land cover, and soil texture, as well as SOC content,
start time, and so on. They are prepared according
to the International Soil Moisture Network (ISMN)
required format for SM data and metadata.
To encourage the use of the network data by broad
communities, we are cooperating with the ISMN
(http://ismn.geo.tuwien.ac.at/) for publicizing the observed and scaled data. Of course, users can directly
contact the authors for data access and more details.
The recent 2-yr data is accessible online (see http://
dam.itpcas.ac.cn/rs/?q=data), and follow-on data
will be disseminated in due course, after a protection
period of 1 year for the observers.

SUMMARY. We have established a multiscale soil
moisture and temperature monitoring network in the
DATA MANAGEMENT AND POLICY. We central TP to support remote sensing, land modeling,
have completed major procedures, including network and process studies for the third-pole region. The network consists of 56 stations
that measure soil moisture at three typical spatial
scales. Up to October 2012,
30 stations have at least 2-yr
data, 50 stations have at
least 1-yr data, and another
6 stations have 4-month
data. The network is running on a long-term basis
and more data are expected
to become available in the
near future.
This network and the
one established by Su et al.
(2011) possess about 100
stations in total, which
constitute the base of soil
moisture and temperature
observations on the third
pole. By providing highquality data, both networks
would greatly contribute to
Fig. 6. Comparison between the upscaled SM and four AMSR-E SM products
the TPE program and interfor the large-scale network area. (a) Products from AMSR-E descending
national communities for
data and (b) products from AMSR-E ascending data. The four products are
quantifying the role of soil
from the National Aeronautics and Space Administration (NASA) (Njoku
moisture and temperature
and Chan 2006), Japan Aerospace Exploration Agency (JAXA) (Koike et al.
in the multisphere interac2004), and Land Parameter Retrieval Model output based on C-band and
tions in this unique region.
X-band (LPRM_C and LPRM_X) (Owe et al. 2008)
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