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ABSTRACT

In this study, a microwave-based multisatellite merged product released from the European Space Agency’s

Climate Change Initiative (ESA CCI) and two model-based simulations from the Community Land Model 4.5

(CLM4.5) andGlobal LandDataAssimilationSystem (GLDAS)were used to investigate interannual variations

and trends of soil moisture in China between 1979 and 2010. They were also evaluated using in situ observations

from the nationwide agrometeorological network. These three datasets show consistent drying trends for surface

soil moisture in northeastern and central China, as well the eastern portion of Inner Mongolia, and wetting

trends in the Tibetan Plateau, which are also identified by in situ observations. Trends in the root-zone soil

moisture are in line with those of surface soil moisture seen in the CLM4.5 and GLDAS simulations obtained

from most areas in China (78%–88%), except for northwestern China and southwest of the Tibetan Plateau.

Moreover, the drying trend intensifies with increasing soil depth. Taking the in situmeasurements as reference, it

is found thatESACCI has better accuracy in identifying the significant drying trendswhileCLM4.5 andGLDAS

capturewetting trends better. Compared to temperature, precipitation is the primary factor responsible for these

trends, which controls the direction of soilmoisture changes, while increasing temperatures can also enhance soil

drying during periods of decreased precipitation.

1. Introduction

Soil moisture is a key variable for numerical weather

prediction and climate forecasting because it controls the

partitioning of energy into latent and sensible heat fluxes

at the soil–atmosphere surface (Wang et al. 2011; Y. Liu

et al. 2016). Many applications require large-scale soil

moisture information, to be used as realistic initial states

for the soil moisture variables, from weather forecasts

and seasonal climate predictions tomodels of plant growth

and carbon fluxes and drought monitoring (Albergel
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et al. 2012; Dai 2013; Zhan et al. 2016). Because of the high

spatial variability of soil moisture and sparse in situ mea-

surement sites, it is not possible to generate accurate soil

moisture estimates at global or continental scales from

ground-based observations.

One way to estimate surface soil water content at large

scales is to rely on microwave remote sensing satellites,

which can provide quantitative information about the

water content of a shallow surface layer as well as offering

global coverage and good temporal resolution (Njoku

et al. 2003; Albergel et al. 2013a). Moreover, microwave-

based observations are available under cloudy weather

and at nighttime. A number of microwave-based soil

moisture products have been produced using passive or

active microwave sensors, for example, the Advanced

Microwave Scanning Radiometer for Earth Observing

System (AMSR-E; Njoku et al. 2003) and Advanced

Scatterometer (ASCAT; Bartalis et al. 2007). However,

none of the individual microwave products covers the

minimum time period of 30 years in order to be consid-

ered as a climate data record (Dorigo et al. 2015). A first

attempt to utilize the synergy between different active and

passive microwave products and merge them into a mul-

tidecadal satellite-based global soil moisture dataset [the

European Space Agency’s Climate Change Initiative

(ESA CCI)] was made by Liu et al. (2011, 2012). Much of

the research over the past 5 years has examined the per-

formance of the ESA CCI over different areas (Albergel

et al. 2013b; Dorigo et al. 2015, 2017; Lai et al. 2016; Jia

et al. 2015), which enables the application of satellite soil

moisture in drought monitoring (Yuan et al. 2015) and

surface trend analyses (Dorigo et al. 2012; Albergel et al.

2013b; Loew et al. 2013; Feng and Zhang 2015; Chen et al.

2016; Rahmani et al. 2016; Su et al. 2016).

Another way to produce accurate surface and root-

zone soil moisture estimates at regional or global scales

is to rely on land surface models (LSM). Numerical

simulations have been used as an effective tool to in-

vestigate the spatial–temporal evolution (Lai et al. 2016;

Jia et al. 2015) and long-term trends of soil moisture (Li

et al. 2011; Wang et al. 2011). However, the accuracy of

model-based soil moisture is dependent on the quality of

the meteorological forcing data (Wang and Zeng 2011;

Liu and Xie 2013) and the physical parameterizations

(Wang et al. 2011; Huang et al. 2013). A third way is to

combine both remotely sensed surface soil moisture and

model estimates through data assimilation (Albergel

et al. 2012; de Rosnay et al. 2013).

China, as the world’s third-largest country in land area

and one of the world’s most populous regions, is sensitive

to climate change and has diverse climates and vegetation

types, which leads to large spatial and temporal variations

in soil moisture (Huang et al. 2014). Modeling results from

the Community Land Model version 3.5 (CLM3.5), forced

by an observation-basedmeteorological field, revealed a

wetting trend in arid and humid regions and a drying

trend in semiarid regions of China (Li et al. 2011). Next,

the long-term dataset from the Global Land Data Assim-

ilation System (GLDAS) exhibited a clear decreasing

trend in most parts of northern China (Cheng et al. 2015).

Several studies have used the ESA CCI product to assess

soil moisture trends in China (Li et al. 2015; An et al. 2016;

Chen et al. 2016; Zheng et al. 2016), even in comparison

with in situ observations (Wang et al. 2016) andLSMs (Qiu

et al. 2016). They found that the ESA CCI product shows

consistent soil moisture trends with in situ observations,

with drying in northwestern China (Li et al. 2015), the

north China plain (Qiu et al. 2016), and northeast China

(Wang et al. 2016). Qiu et al. (2016) even pointed out that

theESACCI product captures surface soilmoisture trends

of in situ measurements more accurately than the land

surface reanalysis dataset ERA-Interim/Land. However,

few studies examined the differences of soil moisture

trends in China derived from LSMs and satellite products

(Qiu et al. 2016), since most previous research focused on

the global scale (Dorigo et al. 2012; Albergel et al. 2013b;

Loew et al. 2013) or other regions, for example, Iran

(Rahmani et al. 2016). In addition, there appears to be a

lack of investigations on the discrepancy between surface

and root-zone soil moisture trends in China. Moreover,

discussions regarding the response of soil moisture trends

of China derived from different soil depths to climate

change are not well presented.

In this paper, we investigate interannual variations

and trends of soil moisture in mainland China based on

three soil moisture datasets: the ESA CCI data product

and model simulations from CLM4.5 and GLDAS. The

results are evaluated using in situ observations from 306

sites. Moreover, the response of the soil moisture tem-

poral variability to climate change is discussed, which is

important for deepening our understanding of the in-

teraction of soil moisture with the Earth system.

2. Data and methodology

a. CLM4.5

CLM is a community-developed LSM by a grassroots

collaboration of scientists who have an interest in

making a general land surfacemodel available for public

use (Dai et al. 2003). CLM4.5, released by the National

Center for Atmospheric Research, is the latest version

and contains several new modifications relative to pre-

vious releases, including updates to canopy and hy-

drology processes (Oleson et al. 2013). In CLM4.5, soil

moisture calculations are performed over 15 layers

with different soil depths representing a total column of
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around 42m. In this study, we ran CLM4.5 over China

(158–558N, 708–1408E) with an observation-based forc-

ing dataset developed by the Institute of Tibetan Plateau

Research, Chinese Academy of Sciences (hereafter ITP).

This dataset was constructed by combining ground

measurements from 740 operational field sites of the

China Meteorology Administration (CMA), a satellite-

based precipitation product (Chen et al. 2011), the in-

cident shortwave radiation data produced by Yang et al.

(2010), and meteorological data from GLDAS (Rodell

et al. 2004). The spatial and temporal resolutions of the

ITP data are 0.18 3 0.18 and 3-hourly, respectively. For

the CLM4.5 simulations, we first spun up the model for

300 years by repeating 30-yr (1979–2008) ITP data to

achieve an equilibrium state, and then we used the at-

mospheric forcing data of 1979–2012 to run CLM4.5 to

obtain the simulated results. CLM4.5 was run with a

spatial resolution of 0.258 3 0.258 and a half-hourly

temporal resolution. Note that the ITP data were bili-

nearly interpolated to the 0.258 grid and surface pa-

rameters used in this study are the default values

recommended by the CLM4.5 (Oleson et al. 2013).

b. GLDAS data

The GLDAS product was developed jointly by the

National Aeronautics and Space Administration’s God-

dard Space Flight Center and the National Oceanic and

Atmospheric Administration’s National Centers for En-

vironmental Prediction. It was designed to ingest satellite

and ground-based observational data products using ad-

vanced land surface modeling and data assimilation tech-

niques (Rodell et al. 2004). GLDAS version 2.0 was used

in this study by ingesting monthly data from the Noah

model (Chen et al. 1996), which was forced with the

Princeton meteorological dataset (Sheffield et al. 2006). It

had a spatial resolution of 0.258 between 1979 and 2010.

The Noah model has four soil layers with ranges of 0–10,

10–40, 40–100, and 100–200cm, and the unit of soil mois-

ture has been changed to volumetric content (m3m23).

c. ESA CCI soil moisture data

The ESA CCI soil moisture product is a merged

multisatellite microwave soil moisture dataset, which

is a combination of passive products from the Scan-

ning Multichannel Microwave Radiometer (SMMR),

the Special Sensor Microwave Imager (SSM/I), the Trop-

ical Rainfall Measuring Mission Microwave Imager

(TMI), AMSR-E, the WindSat radiometer (WindSat),

and the Advanced Microwave Scanning Radiometer-2

(AMSR2), and active products from Scatterometer

(SCAT) and ASCAT (Liu et al. 2011, 2012). ESA CCI

version 2.1, released by the Vienna University of

Technology in July 2014, was used in this study. It is a

blended product with global coverage and high resolu-

tion, with a spatial resolution of 0.258 3 0.258 (m3m23)

and a daily time step (Liu et al. 2012).

d. Ground-based soil moisture, precipitation, and
temperature measurements

Ground-based measurements of soil moisture from

agricultural meteorological stations of the CMA across

China were chosen in this study to evaluate soil moisture

trends. These observations were obtained three times

each month (i.e., on days 8, 18, and 28) using the gravi-

metric technique and were available during the growing

season (March–October). The postprocessed monthly

volumetric soil water content data at 306 stations be-

tween 1993 and 2010, which were obtained using the

quality-control method proposed by Jia et al. (2015),

were employed here. It is noted that if more than one

in situ station occurred in a single 0.258 grid box, a cor-

relation check method was adopted to remove any re-

dundant sites (Dorigo et al. 2015). Our method is as

follows: we first calculated the correlation coefficients

between the in situ measurements and three soil mois-

ture (SM) datasets (ESA CCI, CLM4.5, GLDAS), re-

spectively, and their average value was compared for

each site, after which the site with the highest average

correlation was retained.

To compare with the precipitation and temperature

changes from the ITP andGLDAS datasets, the ground-

based monthly gridded (0.58 3 0.58) precipitation and

temperature data provided by the National Meteoro-

logical Information Center (NMIC) of CMA were

chosen as observations. To be consistent with other

datasets used in this study, they were bilinearly in-

terpolated to a 0.258 grid. This dataset was generated

based on 2472 meteorological stations using the thin

plate smooth spline method (Zhao et al. 2014), where

the Global 30-arc-s elevation (GTOPO30) DEM data

were used to eliminate the influence of complex eleva-

tion (http://data.cma.cn).

e. Analysis strategy

Before the trend analysis, daily values of all three

datasets (CLM4.5, GLDAS, and ESA CCI) were con-

verted to monthly time series and then averaged for the

growing season (March–October) to construct the an-

nual mean. The same processing was applied to pre-

cipitation and temperature data. The nonparametric

Mann–Kendall method was performed to determine the

statistical significance of trends, where the Sen median

slope was considered as the trend values in this paper.

We first test for statistical significance of trends by

computing the Mann–Kendall statistic S. Each data

value is compared with all subsequent data values:
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where n is the length of the record at a given grid cell or

in situ site. The variance of S [Eq. (3)] is then calculated

to test for the presence of a statistically significant trend

using the Z value [Eq. (4)]:
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Here q is the number of tied groups, and tp is the

number of data values in the pth group. The statistic Z

is compared with a tolerable probability (the default

significance level is set as 0.05 in this study). If a linear

trend is statistically significant, then the change per unit

of time is estimated by using a simple nonparametric

procedure developed by Sen (1968):

b
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If there are n values of SMj in the time series, we get as

many as n(n 2 1)/2 slope estimates, and bsen is taken as

their median.

The multiple linear regression method was used to

quantify the contributions of the climate factors

(e.g., precipitation, temperature, solar radiation) Xi (i 5
1, 2, . . . , n), to the trend in soil moisture S. First, we ob-

tained the regressed soil moisture based on the annual

mean climate data at each grid point:

S5 �
n

i51

a
i
3X

i
1 « , (6)

where ai (i5 1, 2, . . . , n) is the regression coefficient, and

« is the residual error term. Then, the contributions

of the change in climate factors Ci (i 5 1, 2, . . . , n)

to the change in soil moisture were obtained as

follows:

C
i
5 (a

i
3DX

i
)/DS3 100%, (7)

where DS and DXi are the respective changes in the

mean values of S andXi between the first and last values

in a 5-yr interval. It is noted that the estimated contri-

butions from climate factors are based on a multiple

linear regression by assuming that these climate vari-

ables are independent from each other, while in reality

they are sometimes correlated.

3. Results

a. Spatial distribution and interannual variation of
soil moisture in China

First, we used the model simulations and satellite

products to examine the spatial patterns of soil mois-

ture. Figure 1 shows the spatial distributions of the

mean ESA CCI and surface soil moisture (0–10 cm)

from CLM4.5 and GLDAS averaged between 1979 and

2010, together with the associated climate variables

that affect soil moisture, including observed pre-

cipitation and temperature (section 2d). Note that the

0–10-cm soil moisture of CLM4.5 is a weighted average

value based on the top four soil layer thicknesses (1.75,

2.76, 4.55, and 7.50 cm, respectively). Their weights are

0.175, 0.276, 0.455, and 0.094, respectively. It can be

seen from Fig. 1 that all three soil moisture datasets

show similar broad patterns, with obvious northwest–

northeast and northwest–southeast gradients from

dry to wet. This is consistent with the spatial patterns

of precipitation, which has an obvious northwest–

southeast increasing gradient, except for northeastern

China, in which wet soil has a close relation with low

temperature and dense vegetation. In addition, the

three soil moisture products have high spatial cor-

relation coefficients ranging between 0.95 and 0.98

(Table 1) among which ESA CCI and GLDAS have the

highest spatial similarity since the ESA CCI product

was recalled against GLDAS using the cumulative

distribution function (CDF) matching technique (Liu

et al. 2012). Compared to GLDAS, CLM4.5 shows

wetter soil in northeastern China and drier soil in the

Tibetan Plateau and southern parts of China. ESA CCI

has lower soil moisture than the two simulated model

results.

As shown in Fig. 2a, the annual mean temperature in

China shows a consistently rapid warming trend (0.0328–
0.0408Cyr21, significant at the 95% level) for the three

datasets, and a hiatus can be seen since 2000. Different

from the temperature, the three precipitation datasets

834 JOURNAL OF HYDROMETEOROLOGY VOLUME 19



show large differences (Fig. 2b). The ITP precipitation

increases significantly (2.49mmyr21), while both the

ground-based observations (OBS) and theGLDAS data

change very little; however, they all show a clear de-

crease between 2003 and 2004 and an abrupt increase in

2008. Interannual variations of the surface and root-

zone soil moisture anomaly in China are presented in

Figs. 2c and 2d, respectively.

The three datasets show a consistent decreasing

trend in surface soil moisture during the past 32 years

(1979–2010), although only the trend of GLDAS is

statistically significant (p , 0.05) due to increased air tem-

perature and decreased precipitation (blue line). CLM4.5

shows a slightly higher drying trend in deep soil (200cm)

than that of surface soil (10cm). In contrast, there is a clearly

enhanced soil drying trend with an increase in soil layer

thickness seen in theGLDAS simulation (Fig. 2d). Since

soil moisture derived from both the model simulations

and satellite product over many areas of China did not

show significant trends (see section 3b and Fig. 3), we

also compared the interannual variations and trends of

soil moisture averaged over only those areas with sig-

nificant trends (see Fig. S1 in the online supplemental

material). It is found that surface soil moisture from

both the GLDAS and ESA CCI exhibit significant

drying trends (Fig. S1a). Similar to that in Fig. 2d, deeper

soil layers in GLDAS (Fig. S1b) appear to show en-

hanced drying trends compared to those at the surface.

FIG. 1. Spatial distributions of annual mean (a)–(c) soil moisture (m3m23), (d)–(f) precipitation (Prec; mm), and (g)–(i) temperature

(Temp; 8C) between 1979 and 2010. OBS represents the ground-based gridded precipitation and temperature observations.

MAY 2018 J I A ET AL . 835



However, for this area CLM4.5 shows a wetting trend at

the surface (Fig. S1a), which is different from that av-

eraged across China (Fig. 2c). In contrast, a weak wet-

ting trend is detected for CLM4.5 root-zone soil

moisture (0–50 cm). This switches to a (not significant,

Fig. S2b) drying trend at depths up to 200 cm, suggesting

that the percent area of significant drying soil from

CLM4.5 increases with increasing soil depth.

b. Trend analysis

Since the variability of soil moisture is spatially het-

erogeneous, further investigation of the spatial consis-

tency of the long-term trend is necessary. Comparisons

of the surface soil moisture trends (1979–2010) derived

from CLM4.5, GLDAS, and ESA CCI are presented in

Fig. 3. The significant trends are masked using shaded

areas (p , 0.05). In general, they agree in many areas,

for example, there are significant drying trends in

northeastern and central China, and eastern parts of

Inner Mongolia, and wetting trends in the Tibetan

Plateau. CLM4.5 is dominated by increasing soil

moisture content over time, where 77% of all significant

trends (Fig. 3a) are wetting trends (positive values). This

is mainly due to the increasing precipitation trend from

the ITP forcing data over most of China, which mainly

exists in northwestern China and the Tibetan Plateau

(Fig. 3d). In contrast, GLDAS and ESA CCI behave

differently, where 56% and 63% of all significant trends

are drying, respectively. Moreover, the wetting trend

seen in the eastern area of the Yellow River basin could

be identified by both CLM4.5 and GLDAS, while the

trend is not obvious, or is even decreasing, in the ESA

CCI product.

Figure 4 presents the change in root-zone soil mois-

ture during 1979–2010 obtained from CLM4.5 and

GLDAS. Significant trends (p , 0.05) are represented

using shaded areas: 34% (30%) of CLM4.5 and 38%

(46%) of GLDAS soil moisture trends are significant for

0–50 cm (0–200 cm), which are slightly larger than those

from the surface. Among them, 35% (53%) for CLM4.5

and 68% (71%) for GLDAS are drying at the 0–50 cm

(0–200 cm) soil depths. It suggests that the percent area

of significant drying increases with an increases in soil

depth, which is consistent with the result from Fig. S2.

The prominent drying trends for CLM4.5 and GLDAS

mainly occur in Inner Mongolia and northeastern and

central China. In addition, 88% (80%) and 83% (78%)

at 0–50 cm (0–200 cm) have the same soil moisture trend

tendency with that of surface soil moisture for CLM4.5

and GLDAS, respectively. The main differences be-

tween the root-zone and surface soil moisture trends

are in northwest China and southwest of the Tibetan

Plateau. Compared to CLM4.5, 60% and 58% of

GLDAS have the same soil moisture trend for 0–50 cm

and 0–200 cm, respectively, which is slightly smaller than

that of 0–10 cm (63%, Fig. 3).

c. Comparing trends with ground-based observations

Ground-based soil moisture observations are only

available during the growing season (March–October) af-

ter 1993. A comparison of the simulated soil moisture

trends with the satellite products against in situ observa-

tions between 1993 and 2010 is depicted inFig. 5. It is noted

that only the daily data of the model simulations and sat-

ellite products on the days of each month when ground

measurements were available (three times each month;

section 2d) and hence used to compute their monthly

and yearly mean values. In addition, we used the ‘‘nearest

neighbor’’ approach to match the grid box from the

satellite-based products and model simulations with

ground-based observations. It is seen from Fig. 5 that the

satellite product andmodel simulations all show consistent

and significant soil drying trendswith in situmeasurements

between 1993 and 2010 in Inner Mongolia and northeast

China, and a significant wetting trend in the western

Tibetan Plateau. Additionally, a wetting soil moisture trend

in parts of northwest China is also identified by the four soil

moisture datasets. Table 2 shows the numbers of stations for

in situ observations identified with the same level trends of

those from the CLM4.5, GLDAS, and ESA CCI products,

and their corresponding ratios against all in situ stations,

whichweredetected at the same level trends. It is found that

CLM4.5 and GLDAS agree better with ground observa-

tions than ESA CCI for all available in situ stations with

wetting trends (significant and nonsignificant). However,

ESA CCI captures the significantly drying trends of in situ

observations better (37.5%) than CLM4.5 (4.2%) and

GLDAS (20.8%). These in situ stations are mainly located

in arid and semiarid regions. In addition, ground-based

measurements show a noticeable increasing trend in the

western areas of the Yellow River basin, which are also

detected by ESACCI. The two land surface models show

TABLE 1. Spatial correlation coefficients of the multiyear (1979–

2010) averaged soil moisture, precipitation, and temperature

among CLM4.5, GLDAS, and ESA CCI.

CLM4.5 GLDAS ESA CCI

Soil moisture CLM4.5 1.0 — —

GLDAS 0.96 1.0 —

ESA CCI 0.95 0.98 1.0

Precipitation CLM4.5 1.0 — —

GLDAS 0.98 1.0 —

ESA CCI 0.99 0.98 1.0

Temperature CLM4.5 1.0 — —

GLDAS 0.99 1.0 —

ESA CCI 0.98 0.98 1.0

836 JOURNAL OF HYDROMETEOROLOGY VOLUME 19



large differences with ground-based observations in this

region. These suggest that ESA CCI has a high quality

over arid–semiarid areas (Dorigo et al. 2015, 2017; Jia

et al. 2015).

The Huang-Huai-Hai (HHH) Plain (Fig. 5b) is re-

garded as the ‘‘Granary of China’’ and is one of the most

intensively irrigated regions in the world (Shi et al. 2014;

Qiu et al. 2016). It mainly covers the eastern area of the

Yellow River basin (III), and most parts of the Haihe

River (II) and Huaihe River basins (IV). Ground-based

observations show a clearly increasing trend in theHHH

Plain (Fig. 5a), whereas 65% of all in situ sites are

identified as having a wetting trend (29% is significant

and 36% is nonsignificant). Especially in the Haihe

River basin, 35% of in situ sites were detected with

significantly increasing trends. Since precipitation did

FIG. 2. Annual mean (a) temperature, (b) precipitation and (c) surface (0–10 cm) and

(d) root-zone SM anomalies (0–50 and 0–200 cm) averaged over China between 1979 and

2010. Parameter K is the soil moisture trend (m3m23 yr21) calculated using the Mann–

Kendall test method. The asterisk represents the statistically significant trends (p , 0.05).
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not change significantly in this area during the study

period, the significant wetting trend may be related to

massive anthropogenic interference with the local water

resources, including excessive groundwater extraction

(Qiu et al. 2016) and interbasin water transfer (Chen and

Xie 2010). CLM4.5 shows increasing trends inmost parts

of the HHHPlain (Fig. 5b), while only the Huaihe River

basin shows a wetting trend for GLDAS (Fig. 5c). On

the contrary, ESA CCI shows drying trends in most of

the in situ locations except for the southeast of theHaihe

River basin and the middle of the Huaihe River basin.

The statistical results of the agreement between the

three datasets and in situ observations in the HHHPlain

are presented in Table 2 (right column). It can be seen

that, if taking the in situ observations as benchmark,

CLM4.5 has better accuracy in identifying the wetting

trend in the HHH Plain while GLDAS (52.6%) and

ESACCI (63.2%) capture the drying trend better. In the

Yunnan province of southwestern China, many areas

are covered by rain forest and evergreen trees, and

CLM4.5 and GLDAS detected consistent decreasing

trends with ground-based observations; however, ESA

CCI shows contrasting trends. This indicates that the

satellite product cannot effectively capture temporal

variations of soil moisture in densely vegetated areas.

d. Interannual variations and trends in major river
basins

To investigate the regional-scale interannual vari-

ability and trends in soil moisture, Fig. 6 illustrates the

temporal evolution of the annual soil moisture anoma-

lies in the eight major river basins of China (Fig. 5a)

from 1979 to 2010. The results show that the three da-

tasets display consistent interannual variations in most

of the basins, except that ESA CCI shows large changes

in 1988 (Figs. 6a,h) and in 2006 (Figs. 6a,g,h) in the

Songhuajiang, Yangze, and Zhujiang River basins. This

is may be related to the resampling and scaling strategy

FIG. 3. The spatial distributions of linear trends for annual mean (a)–(c) surface SM (1023m3m23 yr21), (d)–(f) precipitation (mmyr21),

and (g)–(i) temperature (8C yr21) between 1979 and 2010. OBS represents the ground-based gridded precipitation and temperature

observations. The shaded areas show grids with statistically significant trends (p , 0.05).
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used to incorporate the SSM/I and ASCAT products. In

addition, they exhibit some differences in the soil

moisture trends throughout the period, except for the

Songhuajiang River basin. GLDAS detects drying

trends in surface soil moisture in all the basins except the

Tarim (Fig. 6f) and Yellow River basins (Fig. 6c), while

CLM4.5 shows wetting trends in most of the eight basins

except for the Songhuajiang and Zhujiang River basins.

In contrast, ESA CCI shows the same trends with

GLDAS except for the Songhuajiang River basin. In

addition, the interannual variations and trends of soil

moisture averaged over only those grids with significant

trends were also compared at each river basin (Fig. S2).

It is found that soil moisture in Fig. S2 shows the same

soil moisture trend tendency with those in Fig. 2, except

for a few differences in the magnitude, especially for

CLM4.5. For example, CLM4.5 shows significant wet-

ting trends in the Huai, Yangtze, and Zhujiang River

basins but nonsignificant trends in Fig. 6, which were

averaged over all the grids of the corresponding basin.

e. Contribution of climate change on soil moisture
trends

To investigate the effects of changes in precipitation

and temperature on soil moisture trends, the relationship

between soilmoisture with precipitation and temperature

is shown in Fig. 7. In general, both CLM4.5 and GLDAS

have similar results, whereby drying (wetting) trends in

soil moisture that are significant at the 0.05 level are

mainly associated with negative (positive) precipitation

trends. This indicates that precipitation trends control the

direction of soil moisture change. This phenomenon was

also found for other regions, such as North America,

West Africa, and northern Europe (Sheffield and Wood

2008). In addition, as shown in the top-left portions of

Figs. 7a and 7b, temperature warming amplifies the effect

of decreasing precipitation on soil drying through an in-

crease in evaporation, which implies that soil drying is

driven primarily by a lack of precipitation, but is also

accentuated by associated increases in temperature.

However, the relationship between increasing tempera-

ture and soil moisture is not explicit as the controlling

factor of soil evaporation and may differ for various cli-

mate regions (Seneviratne et al. 2010).

We then investigated the quantitative effects of pre-

cipitation and temperature on the soil moisture trends

using themultiple regression approach [Eqs. (6)–(7)], and

their relative contributions are presented in Fig. 8. In

general, the contribution is dominated by precipitation in

the Tibetan Plateau and northwestern China and by

FIG. 4. The spatial distribution of linear trends for annual mean soil moisture (m3m23 yr21) derived from (left)

CLM4.5 and (right) GLDAS between 1979 and 2010 in the root zone for (a),(b) 0–50 and (c),(d) 0–200 cm. The

shaded areas show grids with statistically significant trends (p , 0.05).
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temperature in southern China, and the contributions of

the precipitation and temperature in northeastern China

are roughly equivalent. The averaged mean contribution

of precipitation on significant soil moisture wetting

(drying) in China for CLM4.5, GLDAS, and ESA CCI is

about 82% (37%), 80% (49%), and 60% (34%), re-

spectively, while those of the temperature are 18%

(63%), 20% (51%), and 40% (66%). This means that

increasing temperature has a larger influence on the soil

drying trend during periods of decreased precipitation. It

should be noted that the qualitative analysis and quanti-

tative contribution show large discrepancies between the

satellite products and the model simulations. One reason

is that the observation-based climate data (precipitation

and temperature) and satellite soil moisture products are

generated from different sources, while the two simula-

tions are consistent with their ownmeteorological forcing

datasets. On the other hand, the two process-based

models (CLM4.5 and Noah) did not consider human ac-

tivities (e.g., irrigation; Zeng et al. 2016), while this effect

may have been observed by the remote sensing satellites

(Chen et al. 2016; Qiu et al. 2016).

Besides precipitation and temperature, other climate

variables also have indirect effects on the temporal

variations of soil moisture. For instance, surface solar

radiation, relative humidity and wind speed are three

important drivers for the land surface water cycle

FIG. 5. Linear trends for annual mean soil moisture derived from (a) ground-based observations (OBS),

(b) CLM4.5, (c) GLDAS, and (d) ESACCI during the growing season (March–October) between 1993 and 2010 at

306 stations. The dots are statistically significant trends (p , 0.05), while the circles are nonsignificant; the blue

represents wetting trends, while the red is for drying trends. The light blue lines in (a) are the eight major river

basins in China: I, SonghuajiangRiver basin; II, HaiheRiver basin; III, YellowRiver basin; IV, HuaiheRiver basin;

V, Heihe River basin; VI, Tarim River basin; VII, Yangtze River basin; and VIII, Zhujiang River basin. The light

blue line in (b) is the HHH Plain.

TABLE 2. Numbers of stations for in situ observations identified

with the same level trends of those fromCLM4.5,GLDAS, andESA

CCI products in China and the HHH Plain, respectively. Their

corresponding ratios against all the in situ stations, which were de-

tected at the same level trends, are shown in the parentheses.

China HHHa

CLM4.5 Wetting 134 (65.4%) 36 (100.0%)

Drying 47 (46.5%) 2 (10.5%)

Significantly wettingb 17 (14.4%) 6 (37.5%)

Significantly drying 1 (2.9%) 0

GLDAS Wetting 104 (50.7%) 18 (50.0%)

Drying 73 (72.3%) 10 (52.6%)

Significantly wetting 8 (6.8%) 1 (6.25%)

Significantly drying 5 (14.7%) 0

ESA CCI Wetting 73 (35.6%) 16 (44.4%)

Drying 67 (66.3%) 12 (63.2%)

Significantly wetting 7 (5.9%) 1 (6.3%)

Significantly drying 9 (26.5%) 1 (20%)

a HHH is the Huang-Huai-Hai Plain shown in Fig. 5b (light

blue line).
b Significant at p , 0.05.
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through their link to the evapotranspiration (Guo et al.

2006; Robock and Li 2006; Seneviratne et al. 2010; J. Liu

et al. 2016). The relative contributions of all the five

climate variables (precipitation, temperature, solar ra-

diation, relative humidity, and wind speed) on soil

moisture trends are presented in Fig. 9 using a similar

method as in Fig. 8. Different from Fig. 8, only the

dominant climate factor (maximum contribution) for

each grid is shown in Fig. 9. Even though five climate

factors were considered in themultiregression equations

[Eqs. (6)–(7)], precipitation was still found to be the

dominant climate driver on the soil moisture trend over

northwestern China and the western part of the Tibetan

Plateau (Figs. 9a–9c) while temperature made main

contributions over southern China (Figs. 9d–9f). Com-

pared to precipitation and temperature, solar radiation

provides a main contribution over parts of northern

China while wind speed contributes for parts of north-

east China. It further suggests that precipitation and

temperature are the most important climate variables

determining soil moisture trends over China.

4. Conclusions and discussion

In this study, the interannual variations and trends in

soil moisture in China between 1979 and 2010 were in-

vestigated using a microwave-based merged satellite

product (ESA CCI) and two process-based model sim-

ulations (CLM4.5 andGLDAS). Trends in soil moisture

were calculated using the nonparametricMann–Kendall

trend test and evaluated against ground-based obser-

vations. We also examined the relationship of soil

moisture trends with precipitation and temperature us-

ing qualitative and quantitative methods.

FIG. 6. Comparison of annual surface soil moisture (0–10 cm) derived from the CLM4.5 and GLDAS and the ESA

CCI product over the eight major river basins of China. Parameter K is the soil moisture trend (m3m23 yr21) cal-

culated using the Mann–Kendall test method. The asterisk represents the statistically significant trends (p , 0.05).
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Both the satellite product andmodel simulations show

significant drying trends for surface soil moisture in

northeastern and central China and eastern parts of

Inner Mongolia, while wetting trends were seen in the

Tibetan Plateau, which were also identified by in situ

observations. The root-zone soil moisture of CLM4.5

andGLDAS shows consistent trends with that of surface

soil moisture in most areas of China (78%–88%), except

in northwest China and southwest of the Tibetan

Plateau. In addition, the percentage of areaswith significant

drying trends increases with an increase of soil depth.

Our analysis shows that precipitation is the primary

factor responsible for the soil moisture trends reported

here.During periods of decreased precipitation, temperature

warming would enhance soil drying. Quantitative anal-

ysis suggests the soil moisture trends are dominated by

precipitation in the Tibetan Plateau and northwest

China and by temperature in southern China, and the

influence of precipitation and temperature are roughly

equivalent in northeastern China. In contrast, solar

radiation makes a main contribution over parts of

northern China while wind speed contributes for parts

of northeast China.

It is noted that the analysis of the temporal evolutions

of soil moisture in the present study is subject to some

limitations. The in situ observations used in this study

represent average soil moisture values between 0 and

10 cm using the gravimetric technique. To be consistent

FIG. 7. Trends of soil moisture (m3m23 yr21) as a function of precipitation (mmyr21) and

temperature trends (8C yr21). The red (blue) boxes are drying (wetting) soil moisture trends,

and blank boxes indicate no data.

842 JOURNAL OF HYDROMETEOROLOGY VOLUME 19



with ground-basedmeasurements, theweighted average of

the CLM4.5 results at 0–10cmwas computed based on the

four uppermost soil layer thicknesses, while only the first

layer (0–10cm) from GLDAS was chosen in this study.

Microwave observations normally measure the wetness

conditions of only the top 2–5cm (Liu et al. 2011, 2012;

Dorigo et al. 2015). The mismatch in soil depths may

have a negative effect on the comparison results. More-

over, the different products used to developESACCI vary

over space and time (Liu et al. 2012), and differences in the

microwave observation channels and sampling densities

are expected to influence the quality of the different pe-

riods (Albergel et al. 2013a). Various studies (Albergel

et al. 2013b; Dorigo et al. 2015; Jia et al. 2015) have

indicated that the ESA CCI data quality shows a stable to

slightly better performance over time, except for a decline

in performance during 2007–10, which may be related to

the resampling and scaling strategy used to incorporate the

ASCAT product (Dorigo et al. 2015). However, their po-

tential effect on soil moisture trends is not clear. Liu et al.

(2012) indicated that the ESA CCI recalling process

slightly changes the absolute values of trends due to some

assumptions. For example, the SMMR was assumed to

have the same dynamic range with the merged SSM/

I–TMI–AMSR-E, while the two active microwave prod-

ucts have the same cumulative distribution function curves

(Liu et al. 2012). Additional workwill focus on the stability

of soilmoisture temporal variations for theESACCI using

FIG. 8. The relative contribution of the changes in precipitation and temperature on soil moisture trends (%). Red

(blue) colors represent drying (wetting) trends.
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the latest version V03.2, which included two new sensors

and improved the merging method (http://www.esa-

soilmoisture-cci.org/node/215).

Since we do not know which in situ station is located in

the irrigated region and the irrigation scheme is not en-

abled in both of the two LSMs, the effect of anthropogenic

activities on soil moisture trends derived from both in situ

measurements and LSMs is not examined in this study.

Qiu et al. (2016) found that the increase of the area

equipped for irrigation could partly explain the signifi-

cantly wetting trends for summer in the HHH Plain since

precipitation did not change significantly during the study

period (1996–2010). But the relative contribution of an-

thropogenic activities and climate change on soil moisture

FIG. 9. As in Fig. 8, but for the relative contribution of five climate factors: (a)–(c) precipitation (Prec), (d)–(f) temperature (Temp),

(g)–(i) solar radiation (Rad), (j)–(l) relative humidity (RH), and (m)–(o) wind speed (Wind) on soil moisture trends (%). Red (blue)

colors represent drying (wetting) trends and only the dominant climate factor (max contribution) is shown for each grid.
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trends is still not clear, which needs more attention in our

future studies.

Land surfacemodels can capture the temporal dynamics

of soil moisture well when forced by high-quality atmo-

spheric forcing data (Albergel et al. 2012), but there are

still large differences in soil moisture trends between

CLM4.5 and GLDAS due to different parameterizations,

associated parameters, and atmospheric forcing data.

Passive remote sensing products (e.g., ESA CCI) have the

capability of detecting temporal trends of surface soil

moisture (Chen et al. 2016), and they capture the effects of

anthropogenic activities well (Qiu et al. 2016). However,

they could not effectively capture temporal variations of

soil moisture in densely vegetated regions. Data assimila-

tion has been proved to be an effective tool to integrate the

advantages of both remotely sensed observations and

model simulations to improve soil moisture estimations

(Albergel et al. 2012; deRosnay et al. 2013; Jia et al. 2013).

But its applications in detecting the interannual variations

and trends of soil moisture are still scarce, limited by the

length of satellite-based data. The ESA CCI product will

provide us a good choice to generate globallymultidecadal

assimilated products of soilmoisture (Albergel et al. 2017).
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