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Abstract: Soil moisture over the Tibetan Plateau (TP) can affect hydrological cycles on local and
remote scales through land–atmosphere interactions. However, TP long-term surface soil moisture
characteristics and their response to climate change are still unclear. In this study, we firstly evaluate
two satellite-based products—SSM/I (the Special Sensor Microwave Imagers) and ECV COMBINED
(the Essential Climate Variable combined)—and three reanalysis products—ERA5-Land (the fifth
generation of the land component of the European Centre for Medium-Range Weather Forecasts
atmospheric reanalysis), MERRA2 (the second version of Modern-Era Retrospective Analysis for
Research and Applications), and GLDAS Noah (the Noah land surface model driven by Global Land
Data Assimilation System)—against two in situ observation networks. SSM/I and GLDAS Noah
outperform the other soil moisture products, followed by MERRA2 and ECV COMBINED, and
ERA5-Land has a certain degree of uncertainty in evaluating TP surface soil moisture. Analysis of
long-term soil moisture characteristics during 1988–2008 shows that annual and seasonal mean soil
moisture have similar spatial distributions of soil moisture decreasing from southeast to northwest.
Additionally, a significant increasing trend of soil moisture is found in most of the TP region. With
a non-linear machine learning method, we quantify the contribution of each climatic variable to
warm-season soil moisture. It indicates that precipitation dominates soil moisture changes rather
than air temperature. Pixel-wise partial correlation coefficients further show that there are significant
positive correlations between precipitation and soil moisture over most of the TP region. The results
of this study will help to understand the role of TP soil moisture in land–atmosphere coupling and
hydrological cycles under climate change.

Keywords: soil moisture; Tibetan Plateau; climate change; machine learning

1. Introduction

Soil moisture (SM) stored in the unsaturated zone, second only to sea surface tem-
perature (SST), can affect the global water and energy cycle, as well as land–atmosphere
coupling, although it only accounts for 0.005% of Earth’s water by volume [1–3]. The
basic mechanism is that changes in soil moisture directly control surface energy partition-
ing [4,5]. Decreasing soil moisture tends to reduce evapotranspiration and increase sensible
heat according to surface energy balance, making the near-surface environment drier and
warmer [6]. If soil moisture increases, more evapotranspiration and less sensible heat
can make cloud formation and precipitation [7]. Soil moisture can also non-locally affect
precipitation through modulating mesoscale circulations [8]. Decreasing soil moisture can
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strengthen land–atmosphere coupling [9], improve the possibility of extreme events (e.g.,
droughts and heatwaves) [10], and limit the vegetation growth and crop field [11,12].

The Tibetan Plateau (TP), known as “The third pole of the world” and “Asia’s water
towers”, meets the water demand of about 2 billion people over its surrounding down-
stream regions [13]. However, the sustainability of TP terrestrial water storage has been
threatened by climate change [14,15]. It is urgent to fully understand the responses of the
water cycle to climate change over the TP and its underlying mechanism. As one of the
main hydrological components, TP soil moisture can not only affect local land–atmosphere
interactions through surface energy partitioning [16], but also remotely affect weather and
climate through large-scale atmospheric circulations [17,18].

Soil moisture consists of surface and root-zone soil moisture [16]. The former rep-
resents the water content of the upper soil layer, and the latter means the water which
is available to plant roots. So far, site-based observations are the most effective method
for obtaining true soil moisture at different layers [2]. Plenty of techniques are used to
measure soil moisture with ground instruments, such as the gravimetric method [19], time
domain reflectometry [20], neutron probes [21], and heat pulse sensors [22]. However, the
distribution of observation sites is quite sparse, especially for the TP region with harsh envi-
ronmental conditions and complex topography [23], despite the fact that numerous scholars
tried to establish global long-term observation networks with ground measurements [24].

Satellite observations provide an alternative way to estimate global-scale soil moisture.
It has the advantages of low-cost, quick revisiting period and all-weather [25]. There are
several widely used soil moisture products retrieved by multiple satellite sensors: the Spe-
cial Sensor Microwave Imager (SSM/I), Soil Moisture Active Passive (SMAP), Soil Moisture
and Ocean Salinity (SMOS), Advanced Scatterometer (ASCAT), and Advanced Microwave
Scanning Radiometer-Earth Observing System/2 (AMSR-E/2) [26–31]. Additionally, the
Essential Climate Variable combined (ECV COMBINED) soil moisture product with good
performance is produced by European Space Agency Climate Change Initiative (ESA CCI)
by merging the above several satellite observations [32].

Satellite-based soil moisture products have been widely used to study the soil moisture-
climate relationships [33]. However, many scholars point out soil moisture retrieved with
remote sensing only reflects surface moisture at a very shallow upper layer (0~5 cm) [33,34].
Considering this, they try to estimate root-zone soil moisture as an alternative based on
satellite-based soil moisture [35], or directly use root-zone soil moisture simulated by
climate models or land surface models [36]. For example, global long-term root-zone
reanalysis data for ERA5-Land, MERRA2, and GLDAS Noah are widely used [37–39].
However, surface soil moisture and root-zone soil moisture are strongly connected. Feld-
man et al. [40] point out that satellite-based soil moisture has a good potential to capture
the dynamics of vegetation water uptake, especially for grass and crop vegetation types. It
is due to the existing hydraulic connectivity and spatiotemporal memory between surface
and root-zone soil moisture [41,42]. Similar results were found in the interpretation of
soil moisture–evapotranspiration coupling for surface and root-zone soil moisture [43].
Therefore, efforts are made to study surface soil moisture here.

There are some limitations and uncertainties existing in soil moisture products. For
satellite-based surface soil moisture, its performance may be affected by the reference
parameters used in the retrieval algorithm [26,44], and the accuracy of original microwave
observations (subject to dense vegetation, surface water, anthropogenic radio-frequency
interference, etc.) [32,45]. For reanalysis soil moisture, its performance can be affected by
the assimilated reference observations, model parameterizations (e.g., deep convection
and soil properties) as well as the representation of topography [46,47]. Therefore, it is
necessary to evaluate the performance of soil moisture products before practical appli-
cations. Numerous research teams have made great efforts to try to establish long-term
soil moisture observation networks over the TP with ground techniques [23,48–51], which
provides the opportunity for achieving TP soil moisture validation. Related evaluation
studies of soil moisture products have been conducted over the TP against observation



Remote Sens. 2023, 15, 4414 3 of 21

networks, such as the Naqu network, Maqu network, Pali network, Ngari network, and
the Shiquanhe network [47,52–54].

To our knowledge, until now, long-term annual and seasonal trends in soil moisture
over the TP region have not been fully estimated, due to remote sensing products mostly
starting after the 2000s [55]. At the background of climate warming, long-term soil moisture
characteristics over the southeastern TP have been abruptly changed since the 1880s, show-
ing enhanced variability and a decreasing trend [56]. Air temperature and precipitation
are thought to be two main factors of controlling soil moisture changes over the TP [56,57].
Air temperature and precipitation have significantly changed during recent decades. After
the 2000s, the rising rate of surface temperature over the TP region is more than 0.29 ◦C
decade−1, especially for glacier regions [58]. Increasing precipitation during the most recent
three decades is found in most of the TP region on annual and seasonal scales [59]. Recent
studies show that precipitation, not air temperature, controls soil moisture changes over the
TP [60,61]. These conclusions were obtained with linear correlations, but the relationships
between soil moisture and climate are nonlinear [62]. Recently, machine learning-based
attribution methods have been used to study the nonlinear relationships [63].

In this study, we firstly evaluate the performance of five common long-term surface
soil moisture products against two sets of observations over the TP. These products include
two satellite-based products (SSM/I and ECV COMBINED) and three reanalysis products
(ERA5-Land, MERRA2 and GLDAS Noah). Soil moisture ground observations come
from the coordinated enhanced observing period (CEOP) Asia-Australia monsoon project
(CAMP) on the Tibetan Plateau (CAMP/Tibet) and a synthesis dataset released by Zhao Lin
and Hu Guojie et al. (Zhao2021). Then, the mean and trend patterns of TP soil moisture are
shown during 1988–2008 for these products on the annual and seasonal scales. Finally, we
establish the nonlinear relationship between soil moisture and climatic variables during the
warm season (May to October) with machine learning (e.g., random forest), and quantify
the importance of each variable on soil moisture over the TP.

2. Study Area

TP is known as “The third pole of the world”, which has the largest frozen water
storage after the polar regions. It is also termed “Asia’s water towers”, because it is the
source of 13 major river systems that feed almost 2 billion people [13]. It is located in the
southwestern part of China at 80–105◦E and 28–37◦N, and it is the highest plateau in the
world, with an average elevation of above 4000 m (Figure 1c).

Remote Sens. 2023, 15, x FOR PEER REVIEW  4  of  23 

green forests at the southeastern edge, which may be related to abundant summer mon‐

soon precipitation. There are some permanent wetlands, water bodies and snow and ice 

spreading over the TP as well (Figure 1a). 

Figure 1. Overview of the study area. (a) Land cover classifications over the Tibetan Plateau (TP). 

(b) Locations of the seven CAMP/Tibet sites (black triangles) and five ZH2021 sites (black circles)

over the TP. (c) TP elevation in meters and its geographical location in China.

3. Data and Methods

3.1. Data

In this study, two sets of in situ measurements (Table 1) are used to evaluate multi‐

source (i.e., satellite and reanalysis) soil moisture products (Table 2) over the TP. The fol‐

lowing are detailed descriptions. 

3.1.1. In situ Measurements 

CAMP/Tibet 

The coordinated enhanced observing period (CEOP) Asia‐Australia monsoon project 

(CAMP) on the Tibetan Plateau (CAMP/Tibet) starts from 1 October 2002 to 30 September 

2004. A meso‐scale observational network of CAMP/Tibet is set up in the central plateau, 

which produces a large amount of data for the study of energy and water cycle over the 

TP  [69]. Surface soil moisture observations with  the depth of −0.04 m at seven stations 

(black triangles  in Figure 1b)  in soil moisture and soil temperature (SMTMS) networks 

belonging to this meso‐scale network are used in this study. At each station, hourly soil 

moisture data are provided with the unit of percent (%), and such data are converted to 

volumetric soil moisture (m3 m−3) by dividing by 100. Readers can refer to CAMP/Tibet in 

Table  1  for  detailed  information  about  the  location,  time  range  and  depths  for  each 

CAMP/Tibet station. CAMP/Tibet observations have already been widely used in many 

scientific studies [70,71]. 

ZH2021 

Zhao Lin and Hu Guojie et al. have released a synthesis dataset of permafrost thermal 

state for the Qinghai–Tibet  (Xizang) Plateau  in China, which  is abbreviated as ZH2021 

hereafter [48]. This dataset consists of meteorological variables (air temperature, precipi‐

tation, specific humidity, et al.), deep ground temperature, soil moisture, and soil temper‐

ature data with quality control. In this study, we only used daily surface (top‐layer) soil 

Figure 1. Overview of the study area. (a) Land cover classifications over the Tibetan Plateau (TP).
(b) Locations of the seven CAMP/Tibet sites (black triangles) and five ZH2021 sites (black circles)
over the TP. (c) TP elevation in meters and its geographical location in China.



Remote Sens. 2023, 15, 4414 4 of 21

The elevated topography of the TP exerts great dynamic and thermal effects on the
weather and climate of local and surrounding regions [64]. According to long-term climate
data records during 1961–2010, the annual average air temperature over the TP is between
−2.2~0 ◦C [65]. The highest air temperature occurs in July, which can reach 15 ◦C, while
the lowest temperature in January can be as low as −10.3 ◦C. The precipitation over the TP
is strongly affected by the westerlies and Asian summer monsoon [66], with approximately
80% of the precipitation occurring during the summer monsoon period. The annual mean
precipitation over the TP is between 415 and 512 mm [67]. Due to the continuous increase
in elevation, the total precipitation gradually decreases from southeast (with up to 900 mm)
to northwest (only up to 60 mm) [26].

According to a Multi-source Integrated Chinese Land Cover (MICLCover) map gen-
erated by Ran et al. [68], there are 17 land cover classifications over the TP. Grasslands
dominate the TP region, mainly distributed south of 35◦N. Secondly, there are barren or
sparsely vegetated areas, mainly distributed over the northern TP. There are also evergreen
forests at the southeastern edge, which may be related to abundant summer monsoon pre-
cipitation. There are some permanent wetlands, water bodies and snow and ice spreading
over the TP as well (Figure 1a).

3. Data and Methods
3.1. Data

In this study, two sets of in situ measurements (Table 1) are used to evaluate multi-
source (i.e., satellite and reanalysis) soil moisture products (Table 2) over the TP. The
following are detailed descriptions.

Table 1. Information on in situ measurements.

Sites Name Longitude (◦E) Latitude (◦N) Time Range Depth (m)

CAMP/Tibet

Amdo 91.62 32.24 01/10/2002–
04/09/2003

−2.79, −2.58, −2.00, −1.60, −1.30, −1.00,
−0.80, −0.60, −0.40, −0.20, −0.04

BJ 91.90 31.37 01/10/2002–
31/03/2004

−2.50, −2.10, −2.00, −1.60, −1.30, −1.00,
−0.80, −0.60, −0.40, −0.20, −0.04

D66 93.78 35.52 01/10/2002–
31/03/2004

−2.50, −2.25, −2.00, −1.60, −1.30, −1.00,
−0.80, −0.60, −0.40, −0.20, −0.04

D105 91.94 33.06 01/10/2002–
31/03/2004

−1.90, −1.85, −1.80, −1.60, −1.30, −1.00,
−0.80, −0.60, −0.40, −0.20, −0.04

D110 91.87 32.69 01/10/2002–
31/03/2004

−1.80, −1.60, −1.30, −1.00, −0.80, −0.60,
−0.40, −0.20,−0.04, 0.00

MS3608 91.78 31.23 01/10/2002–
31/03/2004

−2.42, −2.00, −1.96, −1.60, −1.30, −1.00,
−0.80, −0.60, −0.40, −0.20, −0.04

Tuotuohe 92.44 34.22 01/10/2002–
31/03/2004

−2.71, −2.30, −2.00, −1.60, −1.30, −1.00,
−0.80, −0.60, −0.40, −0.20, −0.04

ZH2021

Ch04 91.74 31.82 07/06/2001–
31/12/2006 −1.20, −0.95, −0.50, −0.15

Ch06 94.06 35.62 01/01/2005–
31/12/2016 −1.80, −1.00, −0.40, −0.10

QT01 93.04 35.14 01/01/2004–
01/10/2014 −1.80, −1.00, −0.50, −0.10

QT03 92.92 34.82 01/01/2004–
31/12/2014 −2.40, −1.80, −0.90, −0.50, −0.05

QT05 92.34 33.96 01/01/2004–
31/12/2008 −2.70, −2.10, −0.90, −0.60, −0.10

3.1.1. In Situ Measurements
CAMP/Tibet

The coordinated enhanced observing period (CEOP) Asia-Australia monsoon project
(CAMP) on the Tibetan Plateau (CAMP/Tibet) starts from 1 October 2002 to 30 September
2004. A meso-scale observational network of CAMP/Tibet is set up in the central plateau,
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which produces a large amount of data for the study of energy and water cycle over the
TP [69]. Surface soil moisture observations with the depth of −0.04 m at seven stations
(black triangles in Figure 1b) in soil moisture and soil temperature (SMTMS) networks
belonging to this meso-scale network are used in this study. At each station, hourly soil
moisture data are provided with the unit of percent (%), and such data are converted to
volumetric soil moisture (m3 m−3) by dividing by 100. Readers can refer to CAMP/Tibet
in Table 1 for detailed information about the location, time range and depths for each
CAMP/Tibet station. CAMP/Tibet observations have already been widely used in many
scientific studies [70,71].

ZH2021

Zhao Lin and Hu Guojie et al. have released a synthesis dataset of permafrost thermal
state for the Qinghai–Tibet (Xizang) Plateau in China, which is abbreviated as ZH2021 here-
after [48]. This dataset consists of meteorological variables (air temperature, precipitation,
specific humidity, et al.), deep ground temperature, soil moisture, and soil temperature
data with quality control. In this study, we only used daily surface (top-layer) soil moisture
observations at five stations for evaluation (black circles in Figure 1b). Detailed information
can be seen from ZH2021 in Table 1.

3.1.2. Satellite and Reanalysis Datasets
SSM/I

Based on a radiative transfer model, van der Velde et al. [26] have retrieved long-
term soil moisture data at a depth of about the top 3 cm of the soil, specifically over the
TP using brightness temperatures observed by the Special Sensor Microwave Imagers
(SSM/I) sensors (F08, F11 and F13), facilitated through the Defense Meteorological Satellite
Programme. The brightness temperature observations after calibration and bias corrections
were provided by the Precipitation Research Group of Colorado State University. When
validating against in situ measurements at the Naqu network and comparing with GLDAS
Noah simulations, SSM/I soil moisture performs well. The data gaps in SSM/I are filled
with a three-dimensional distinct transform method [72]. The temporal resolution is
daily (F08 satellite operates from July 1987 to December 1991 at UTC 06:12, F11 satellite
operates from December 1991 to May 1995 at UTC 18:11, and F13 operates from May
1995 to December 2008 at UTC 17:42), and the spatial resolution is 0.25◦ × 0.25◦. Due to
the limitation of temporal range for SSM/I soil moisture, our study period is 1988–2008.
Readers can refer to van der Velde et al. [26] for more detailed information.

ECV COMBINED

The Essential Climate Variable combined (ECV COMBINED) soil moisture developed
by the European Space Agency Climate Change Initiative (ESA CCI) project combines
various single-sensor active and passive microwave soil moisture products [32]. Since
its first release in 2012, ECV COMBINED soil moisture has been continuously updated
13 times, and it has now been updated to ECV COMBINED v07.1 [73]. Here, we use the
latest version ECV COMBINED v07.1, which merges the retrieved soil moisture products
from five active and twelve passive microwave sensors. Due to the inclusion of three new
sensors of FengYun 3C, FengYun 3D and ASCAT-C, this dataset has improved in temporal
and spatial coverage, making it the most accurate ESA CCI soil moisture to date. This global
daily soil moisture data start from 01/11/1978 to 31/12/2021, with a spatial resolution
of 0.25◦ × 0.25◦.

ERA5-Land

The European Center for Medium-Range Weather Forecasts (ECMWF) has produced
a global dataset for the land component of the fifth generation of European ReAnalysis
(ERA5), hereafter referred to as ERA5-Land [74]. ERA5-Land provides many high spa-
tiotemporal resolution surface variables from 1950 to present. As one of the variables, soil
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moisture in ERA5-Land is divided into four layers (0–7, 7–28, 28–100, and 100–289 cm). In
this study, we use ERA5-Land soil moisture simulations at the depth of 0–7 cm to represent
surface soil moisture. Its spatial resolution is 0.1◦ × 0.1◦, and the temporal resolution
includes hourly and monthly.

MERRA2

The second version of Modern-Era Retrospective Analysis for Research and Applica-
tions (MERRA2) is the latest reanalysis data produced by NASA’s Global Modeling and
Assimilation Office (GMAO) [46]. MERRA2 optimizes the Goddard Earth Observing Sys-
tem (GEOS) model and analysis scheme and assimilates more observation types, resulting
in improved data quality compared with its predecessor—MERRA. Validating against
119 observations over China, Hagan et al. [75] also proves that MERRA2 has better skill
than the older generations with higher correlations and lower root mean square errors.
MERRA2 global data start from 1980, with a spatial resolution of 0.625◦ × 0.5◦. The soil
column of MERRA2 is divided into three soil layers, namely, the 0–5 cm surface layer, the
0–100 cm root zone, and the prof layer from the surface down to the bedrock. In this study,
MERRA2 surface soil moisture content (SFMC) at the depth of 0–5 cm is used. The hourly
(M2T1NXLND) and monthly (M2TMNXLND) MERRA2 soil moisture can be accessible
through the NASA Goddard Earth Sciences Data Information Services Center (GES DISC).

GLDAS Noah

The reanalysis data, Global Land Data Assimilation System version 2 (GLDAS-2)
with 3 components, GLDAS-2.0, GLDAS-2.1 and GLDAS-2.2, have been released by
NASA [38]. The GLDAS-2.0 0.25 degree 3-hourly (GLADS_NOAH025_3H) and monthly
(GLDAS_NOAH025_M) product with open-loop simulation (no data assimilation) pro-
duced using Noah Model 3.6 is used in this study. The model is forced by the Princeton
meteorological forcing data, which start from 1948 to 2014. The spatial resolution is 0.25 de-
gree. It produces a series of land surface parameters, including soil moisture at the depths
of 0–10, 10–40, 40–100 and 100–200 cm. Only the surface 0–10 cm soil moisture over the TP
region is used for evaluation. It should be noted that the unit of GLDAS soil moisture is kg
m−2. In comparison with the other products, the unit has been transferred to volumetric
soil moisture (m3 m−3) according to Zhu and Shi [76]. Previous studies have documented
the good performance of GLDAS Noah soil moisture over the TP region [77,78].

Table 2. Overview of the soil moisture datasets used in this study.

Datasets Temporal Coverage Temporal
Resolution Spatial Resolution Unit References

Satellite datasets

SSM/I 07/1987–12/2008 daily 0.25◦×0.25◦ m3 m−3 van der Velde et al. [26]
ECV COMBINED 11/1978–12/2021 daily 0.25◦×0.25◦ m3 m−3 Dorigo et al. [32]

Reanalysis datasets

ERA5-Land 01/1950–present hourly; monthly 0.1◦×0.1◦ m3 m−3 Muñoz-Sabater et al. [74]
MERRA2 01/1980–present hourly; monthly 0.625◦×0.5◦ m3 m−3 Gelaro et al. [46]

GLDAS Noah 01/1948–01/2015 3 hourly; monthly 0.25◦×0.25◦ kg m−2 Rodell et al. [38]

3.1.3. Meteorological Data and Ancillary Data

The China Meteorological Forcing Dataset (CMFD) produced by He et al. [79] is of a
high spatiotemporal resolution (3-hourly, 0.1◦ × 0.1◦) with a duration from 1979 to 2018.
The CMFD merges multi-source data, including remote sensing products, in situ station
data and reanalysis data. Through validation, the CMFD is of superior quality than the
GLDAS because of the participation of more stations in China. The dataset includes seven
near-surface variables: precipitation rate, 2-m air temperature, surface pressure, specific
humidity, 10-m wind speed, downward shortwave and longwave radiation. All variables
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except surface pressure are used to study the response of soil moisture to climatic variables
over the TP.

Some ancillary data are also used here. The elevation data are the Global 30 Arc-Second
Elevation (GTOPO30) with a horizontal grid spacing of approximately 1 km supported by
the United States Geological Survey (USGS). The GTOPO30 elevation data are completed
in late 1996. As for land cover classifications over the TP, we use a multi-source Integrated
Chinese Land Cover (MICLCover) map of 17 land cover types with a spatial resolution of 1
km developed by Ran et al. [68]. This MICLCover map is generated using the decision-fuse
method, which combines land cover/land use classification maps including a 1:1,000,000
vegetation map, a 1:100,000 land use map, a 1:1,000,000 swamp-wetland map, a glacier map
and a Moderate-Resolution Imaging Spectroradiometer land cover map in 2001. Validation
against ground sample sites across China shows that the overall accuracy of the MICLCover
map is 71%, higher than the accuracy of other land cover maps.

3.2. Methods
3.2.1. Data Pre-Processing

To accomplish the data evaluation, the spatio-temporal characteristics of soil moisture
products and in situ observations need to be matched. Due to the limited availability of
SSM/I data, the time range for all soil moisture products is 1988–2008. For CAMP/Tibet
observations with the duration of 01/10/2002–31/03/2004, we use the only full year, 2003,
for comparison. Since the temporal range of ZH2021 observations at each station differs,
with the earliest observation starting on 07/06/2001, the corresponding time ranges from
products are selected based on in situ stations. The temporal resolutions for all data are
first uniformly converted to daily for inter-comparison. According to the transit time 17:42
for the SSM/I satellite F13 from May 1995 to December 2008, hourly CAMP/Tibet data
in 2003 are converted to daily data by selecting the value at 18:00. Similarly, the hourly
ERA5-Land (18:00) and MERRA2 (17:30) products and the 3-hourly GLDAS Noah (18:00)
product are converted to daily data by selecting the nearest time to 17:42. Daily data with
missing values can be aggregated to monthly averages when at least five valid values are
available within a month [26]. Regarding spatial matching, the product data are obtained
for corresponding pixels/grids based on site locations (longitude, latitude) [45].

When using machine learning to attribute soil moisture changes, the spatial resolutions
of all these soil moisture products remain unchanged, while climatic variables from the
CMFD are resampled with bilinear interpolation to obtain the same spatial resolution as
each soil moisture product.

3.2.2. Evaluation Metrics

Five evaluation metrics are used to evaluate the performance of soil moisture products,
as follows:

R =
∑n
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)(
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))√
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(
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where R, BIAS, MAE, RMSE, and ubRMSE represent the Pearson correlation, bias, mean
absolute error, root mean square error, and unbiased root mean square error, respectively. θ
and O represent soil moisture values of the products and site observations. n is the count
of available samples, while i indicates the given time point. θ and O indicate the average
values of all samples for the products and site observations.

3.2.3. Trend Analysis

The annual trend and the seasonal trend (spring, summer, autumn and winter) of soil
moisture over the TP region during 1988–2008 for each product are calculated with Theil–
Sen’s slope method, which removes the effect of skewed data compared to the common
linear regression method [80]. Numerous scientists have used it to calculate the trend of
hydrological variables [81]. The widely used Mann–Kendall method is used to identify the
significance level of soil moisture trends [82,83].

3.2.4. Random Forest

The Random Forest regression method was used to identify the relative importance of
each climatic variable on soil moisture change over the TP. This Random Forest model is
a robust machine learning method with multi-decision trees’ ensemble for classification
or regression using a bagging function [84]. It can effectively lower the uncertainties of
overfitting problems. In this study, we use the “TreeBagger” function of MATLAB R2021b
software to realize the Random Forest regression. Firstly, we randomly divide warming
season (May–October) soil moisture values in each product and climatic variables from
the CMFD during 1988–2008 into two parts: two-thirds data for training and one-third for
validation. All gridded soil moisture and climatic variables over the whole TP region are
trained in the Random Forest model, together. Leaf node count is set to 5, regression trees’
size is set to 300.

3.2.5. Partial Correlation

In the Results section, we compare the relative importance of each climatic variable
for all soil moisture products and find that precipitation is the most important variable in
controlling soil moisture changes over the TP region. Therefore, we calculate the partial
correlation between warming season soil moisture in each product and precipitation on the
grid scale, excluding the effects of other climatic variables. The “partialcorr” function of
MATLAB R2021b software is used to calculate the partial correlation.

4. Results
4.1. The Evaluation of Multi-Source Soil Moisture Products

Before studying soil moisture characteristics over the TP, we firstly evaluate the
performance of these products used in this study against two in situ observation networks:
CAMP/Tibet and ZH2021. In Figure 2, SSM/I and GLDAS Noah have the best fitting
results, with R2 being more than 0.3 for two observation networks; more specifically, these
two products’ R2 are more than 0.4 using ZH2021 as the reference, followed by MERRA2
with R2 of 0.18 and 0.25 and ECV COMBINED with R2 of 0.23 and 0.11. ERA5-Land has
the lowest R2, 0.11 in CAMP/Tibet and 0.01 in ZH2021. The overall fitting results show
that all products tend to overestimate soil moisture with different magnitudes, especially
for ERA5-Land, with almost all samples being above the 1:1 line.

Next, in detail, we use five different metrics to evaluate the performance of used soil
moisture products (Table 3). SSM/I and GLDAS Noah have the best performance with
R > 0.56, BIAS close to zero, MAE < 0.09, RMSE < 0.11 and ubRMSE < 0.10. SSM/I
marginally performs better than GLDAS Noah using ZH2021 as the reference, while
GLDAS Noah is better than SSM/I with CAMP/Tibet as the benchmark. The performance
of ECV COMBINED is very close to SSM/I and GLDAS Noah in terms of all metrics,
especially for being better than SSM/I for RMSE and ubRMSE using CAMP/Tibet as
the reference. Although MERRA2′s R of 0.50 is higher than ECV COMBINED’s R of
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0.34 in ZH2021, the remaining metrics (BIAS, MAE, RMSE, ubRMSE) of MERRA2 are worse
than ECV COMBINED. ERA5-Land has the lowest R, the same as in Figure 2, and the
highest BIAS, MAE, RMSE and ubRMSE, compared to the other products. It indicates that
ERA5-Land has great uncertainties in representing surface soil moisture over the TP, which
may be related to the characterization of snow fields at high altitudes (> 3300 m a.s.l.) in
the land model [74].
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Figure 2. The scatterplots of monthly soil moisture values of multi-source products (SSM/I, ECV
COMBINED, ERA5-Land, MERRA2, and GLDAS Noah) against two sources of in situ observation
networks: (a1–a5) CAMP/Tibet and (b1–b5) ZH2021. The num means the count of available monthly
soil moisture values between products and ground observations. The black dashed lines indicate the
1:1 line.

Table 3. Different metrics of evaluating multi-source soil moisture products with two sources of in
situ observation networks: CAMP/Tibet and ZH2021.

R BIAS MAE RMSE ubRMSE

CAMP/Tibet

SSM/I 0.56 −0.01 0.07 0.09 0.09
ECV COMBINED 0.48 −0.02 0.07 0.08 0.08

ERA5-Land 0.33 0.19 0.19 0.23 0.12
MERRA2 0.42 0.08 0.10 0.12 0.10

GLDAS Noah 0.63 0.00 0.07 0.08 0.08

ZH2021

SSM/I 0.65 0.00 0.08 0.10 0.10
ECV COMBINED 0.34 0.02 0.10 0.12 0.11

ERA5-Land −0.09 0.28 0.28 0.33 0.18
MERRA2 0.50 0.07 0.13 0.14 0.12

GLDAS Noah 0.64 0.03 0.09 0.11 0.10

4.2. Long-Term Soil Moisture Characteristics over the TP
4.2.1. The Annual and Seasonal Mean Soil Moisture during 1988–2008

The multi-year mean soil moisture patterns during 1988–2008 over the TP using
different products are shown in Figure 3. We find that all products except ECV COMBINED
show similar spatial distributions, with higher values in the southeast of the TP region
and lower values in the northwest. The multi-year mean soil moisture gradually increases
from southeast to northwest. Only a few pixels with soil moisture values exist in ECV
COMBINED. In terms of magnitudes, ERA5-Land has the highest values (more than
0.2 m3/m3 over most of the TP region), MERRA2 and GLDAS Noah have values ranging
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from 0.1 to 0.3 m3/m3, while SSM/I has the lowest values (less than 0.15 m3/m3 over most
of the TP region).
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Figure 3. The annual mean soil moisture during 1988–2008 over the TP for (a) SSM/I, (b) ECV
COMBINED, (c) ERA5-Land, (d) MERRA2, and (e) GLDAS Noah.

We also explore the consistencies of seasonal mean soil moisture over the TP region
for all products (Figure 4). ECV COMBINED with lots of missing multi-year mean values
is mostly due to missing values in winter. There are plenty of values in the other three
seasons, especially for summer and autumn seasons (Figure 4e–h). By comparing these
seasonal mean values among the products, the following are shown to be consistent results:
like multi-year mean values, the similar spatial distributions are found in all four seasons
for all the other products, with the southeast region having higher values and the northeast
region having lower values; mean values of summer and autumn have the highest values
for all products, compared to spring and winter. The differences among these products are
as follows: there are little seasonal differences of mean values for ERA5-Land and MERRA2;
however, the obvious transition features are found in the remaining products of SSM/I,
ECV COMBINED and GLDAS Noah, with the mean values firstly increasing from spring
to summer and then decreasing from summer to winter.
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Figure 4. The seasonal mean soil moisture during 1988–2008 over the TP in spring, summer, au-
tumn, and winter for (a–d) SSM/I, (e–h) ECV COMBINED, (i–l) ERA5-Land, (m–p) MERRA2, and
(q–t) GLDAS Noah.

4.2.2. The Annual and Seasonal Trend of Soil Moisture during 1988–2008

Figure 5 shows the spatial distribution of soil moisture annual trend over the TP
during 1988–2008 for all products. Except for ECV COMBINED, all products generally show
significant increasing trends over the TP region. SSM/I has the increasing trend of about
2 × 10−3 m3/m3 over most of the TP region, especially in the central and western region
with more than 2 × 10−3 m3/m3. ECV COMBINED does not have definitive trends since
the distribution of its trend values is quite sparse. Significant increasing trends are found
in the western TP region for ERA5-Land, while a few decreasing values are also found in
the northern edge of the TP. For MERRA2, overall increasing trends exist in most of the TP
region, especially for southwest, while decreasing trends are found in the southeast. GLDAS
Noah has increasing trends in east and west of the TP region. It should be noted that most
negative values in the figure have not passed the significant test at the significance level
of 0.05. In terms of magnitudes, ERA5-Land has the biggest increasing trend, followed by
MERRA2 and SSM/I, while GLDAS Noah shows the smallest increasing trend.
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Figure 5. The annual trend of soil moisture during 1988–2008 over the TP region for (a) SSM/I,
(b) ECV COMBINED, (c) ERA5-Land, (d) MERRA2, and (e) GLDAS Noah. The dotted region passed
the significant test level (alpha = 0.05).

Soil moisture seasonal trends during 1988–2008 for all products are shown in Figure 6.
Similar to the spatial distribution of soil moisture annual trend, each seasonal trend for all
products generally shows an increasing pattern. The biggest increasing trends can be found
in each season of ERA5-Land with more than 3 × 10−3 m3/m3, while GLDAS Noah has the
smallest increasing trend of about 1 × 10−3 m3/m3. SSM/I has an increasing trend over most
of the TP region, especially in the summer season, with more than 3 × 10−3 m3/m3. For ECV
COMBINED, increasing trends are found in the east for spring, west for summer, and middle
for autumn. For ERA5-Land, the biggest increasing trends with 3 × 10−3 m3/m3 are found in
the west of the TP region for all seasons. Increasing trends are found in most of the TP region
except for some west and southeast regions for MERRA2. Increasing trends of GLDAS Noah
are found in the southwest TP in spring, eastern TP in summer, northeast and southwest TP
in autumn, and some scattered regions in winter. Few negative values showing decreasing
trends have passed the significance test at the significance level of 0.05.
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Figure 6. The seasonal trend of soil moisture during 1988–2008 over TP region in spring, summer,
autumn, and winter for (a–d) SSM/I, (e–h) ECV COMBINED, (i–l) ERA5-Land, (m–p) MERRA2, and
(q–t) GLDAS Noah. The dotted region passed the significance level of 0.05.

4.3. Quantifying the Relative Importance of Each Climatic Variable on TP Soil Moisture

The above-mentioned results indicate that soil moisture over the TP region is signifi-
cantly increasing during 1988–2008 for all products on the annual and seasonal scales. Until
now, it is unclear that which variable dominates TP soil moisture changes. This subsection
estimates each climatic variable’s relative importance on TP soil moisture during warm
seasons (Figure 7). The relative importance (%) of each variable shown in the figure is
calculated with its absolute importance divided by the sum of absolute contributions of all
climatic variables (precipitation, longwave radiation, shortwave radiation, air temperature,
specific humidity and wind speed), while the absolute importance is obtained with the
Random Forest regression (RF) method (see Section 3.2.4 for details). The sum percent-
ages of all variables are equal to 100% for each product. The attribution results indicate
that precipitation is the dominant factor for controlling the soil moisture of SSM/I, ECV
COMBINED and MERRA2, especially for MERRA2, which has the highest contribution
of about 39%, while precipitation and wind speed have considerable contributions to soil
moisture changes, with more than 20% for ERA5-Land and GLDAS Noah. Additionally,
the other variables’ (i.e., longwave radiation, shortwave radiation, air temperature, specific
humidity) contributions are less than 20%, especially for longwave radiation, with about
10% contributions for all products.
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Figure 7. The relative importance of each climatic variable on soil moisture over the TP region during
warm seasons of 1988–2008 for SSM/I, ECV COMBINED, ERA5-Land, MERRA2, and GLDAS Noah.
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The importance in each variable is calculated by taking all pixels as a whole. The result
indicates that precipitation contributes more than air temperature. Then, we calculate the
partial correlation between TP soil moisture and precipitation on the grid scale (Figure 8).
The partial correlation results show that precipitation has significant positive correlations
with soil moisture over most of the TP region during 1988–2008 for all products. In terms
of the magnitude, MERRA2 has the highest values, with more than 0.8, followed by ERA5-
Land and ECV COMBINED, with correlations of 0.4–0.8; SSM/I and GLDAS Noah have
the lowest correlations, with 0.2–0.4.
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Lastly, we evaluate the performance of the trained random forest regression model in
each product (Figure 9). All products except for ECV COMBINED have the R2 with about
or over 0.5, while ECV COMBINED’s R2 is 0.30. The difference may be due to there not
being enough pixels to train the model, compared to the other products. For RMSE, ECV
COMBINED has the second lowest value, with 0.39, compared to SSM/I, MERRA2, and
GLDAS Noah, all with more than 0.40. Additionally, ERA5-Land has the lowest RMSE
(0.38) and the highest R2 (0.74), indicating that it has the best trained model. The best
performance of the ERA5-Land trained model here shows the greatest model-regressed
nonlinear relationship between meteorological forcing and ERA5-Land soil moisture. It
should be noted that the performance of the trained model has nothing to do with the
performance/quality of the product itself. These two performance evaluations are with
different purposes, and better performance here does not necessarily mean better perfor-
mance there. The overall results show that all products have relatively good performance
in the trained model.
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trained random forest regression method over TP region during 1988–2008 for SSM/I, ECV COM-
BINED, ERA5-Land, MERRA2, and GLDAS Noah.

5. Discussions

We evaluate the performance of five multi-source long-term soil moisture products
with two sets of in situ observations networks. The evaluation results indicate that satellite-
based SSM/I soil moisture observations perform well over the TP with higher R and lower
BIAS, MAE, RMSE, and ubRMSE, while ECV COMBINED is no better than SSM/I, which
may be due to too many missing values impacting the final calculation of the metrics.
The reanalysis-based products tend to overestimate soil moisture values (Figure 2 and
Table 3), especially for ERA5-Land. Similar overestimation results based on reanalysis
products are also found in Xing et al. [55] and Wang et al. [61]. Wang et al. [61] point out
that ERA5 and GLDAS obviously overestimate actual soil moisture values compared to
satellite-based products. The overestimation of reanalysis products mainly depends on
uncertainties of the model structure, parameterization, assimilation scheme and forcing
data [85]. In addition, the mismatching between the coarse pixel of these products and the
effective footprint of in situ observation sites, as well as inconsistent depths between the
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products and in situ observation sites, may also introduce some uncertainties into data
evaluation [45]. Since soil moisture over the TP can be variable in space, there may also
be uncertainty in evaluating the performance of soil moisture products in the entire TP
using in situ observations of CAMP/Tibet and ZH2021, which are mainly distributed in
the central plateau.

Through analyzing the characteristics, we discover the significant increasing trend
of soil moisture over the TP. The wetting phenomenon has also been detected by van der
Velde et al. [26]. Further, we attribute the increasing soil moisture over the TP region during
recent decades to climatic variables with the nonlinear regression method—Random Forest.
Here, we only focus on the warm season rather than the annual scale to avoid the effect of
snow ablation on the attributed results. The attributed results indicate that precipitation
dominates soil moisture changes over the TP rather than air temperature. Precipitation is
the main source of moisture to the TP region, despite the fact that rising air temperature
can reduce soil moisture with enhanced evapotranspiration. Precipitation’s dominant role
in soil moisture over the TP has also been confirmed by Wang et al. [60] and Dai et al. [86].

Longwave radiation contributes the least to warm-season soil moisture changes over
the TP region. A study conducted by Nayak et al. [87] performed sensitive experiments
in India using the Noah Land surface model and found that the annual surface layer soil
moisture change is the highest when introducing perturbations in longwave radiation. Our
study is inconsistent with the study of Nayak et al. regarding the lowest/highest contri-
bution of downward longwave radiation to soil moisture changes. One possible reason
for the inconsistency is that the two studies focus on different timescales [88]; the spatial
heterogeneity of downward longwave radiation may be another possible explanation [89].
In the near future, sensitive experiments with regional models should be carried out over
the specific TP region to investigate the soil moisture change with perturbations in different
climatic factors.

Although the trained Random Forest (RF) model has successfully predicted soil mois-
ture for all products, the estimating performance of R2 is not high enough. This may be
related to uncertainties from the selected input meteorological forcing data or the used
machine learning method. Another state-of-the-art Extreme Gradient Boosting (XGBoost),
which has also been widely used in related ecohydrological studies [90,91], may be an
alternative method to improve the performance.

6. Conclusions

In this study, we firstly evaluated the performance of multi-source soil moisture
products over the TP region with the two sets of in situ observations; then, we studied
the long-term characteristics of soil moisture; lastly, the responses of soil moisture over
the TP region to climatic variables were estimated with a machine learning method. The
conclusions are as follows:

(a) SSM/I and GLDAS Noah soil moisture data outperform ECV COMBINED, ERA5-
Land and MERRA2, which were followed by ECV COMBINED and MERRA2. ERA5-
Land might not be proper for evaluating surface soil moisture over the TP, as it has the
greatest difference from in situ observations, which may be due to uncertainties from the
representation of snow fields at high altitudes (> 3300 m a.s.l.). The reanalysis products
tend to overestimate soil moisture compared to satellite-based products.

(b) All products show a similar spatial distribution of annual mean soil moisture—
decreasing from the southeast to the northwest—over the TP. For seasonal mean soil
moisture, the soil moisture of all products except for ERA5-Land firstly increases from
spring to summer and then decreases from autumn to winter. ERA5-Land almost has
similar spatial distributions among four different seasons. A significant increase in soil
moisture is found over most of the TP region during 1988–2008, especially in middle-west
regions, on annual and seasonal scales for all products.

(c) With the Random Forest nonlinear regression method, we quantify the contribution
of each climatic variable to warm-season soil moisture over the TP region. The attribution
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results indicate that precipitation controls soil moisture changes over the TP region rather
than air temperature. Further, pixel-wise partial correlations between precipitation and soil
moisture show that increasing precipitation would increase soil moisture over most of the
TP region.
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