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Abstract: The South-to-North Water Transfer Jiangsu Water Supply Area (JWSA) is a mega inter-

basin water transfer area (water source) that provides water resources from JiangHuai, combines 

drainage and flooding management, and regulates nearby rivers and lakes. Analyzing the 

spatiotemporal soil moisture dynamics in the area will inform agricultural drought and flood 

disaster assessment and early warning studies. Therefore, we evaluated the quality of European 

Space Agency Climate Change Initiative Soil moisture (ESA CCI_SM) data in the South-North Water 

Transfer JWSA. Then, we used ensemble empirical modal decomposition, Mann-Kendall tests, and 

regression analysis to study the spatiotemporal variation in soil moisture for the past 29 years. The 

CCI _SM data showed a high correlation with local soil measurements at nine sites. We then 

analyzed the CCI_SM data from three pumping stations (the Gaogang, Hongze, and Liushan 

stations) in the South-North Water Transfer JWSA. These stations had similar periodic 

characteristics of soil moisture, with significant periodic fluctuations around 3.1 d. The overall soil 

moisture at the three typical pumping stations showed an increasing trend. We then investigated 

whether there were abrupt soil moisture changes at each station. The spatial distribution of soil 

moisture in the South-North Water Transfer JWSA was characterized by “dry north and wet south”, 

with higher soil moisture in winter, followed by autumn, and low soil moisture in spring and 

summer. Although the linear trend of soil moisture in the South-North Water Transfer JWSA varied 

in significance, the overall soil moisture in the JWSA has increased over the past 29 years. The areas 

with significantly enhanced soil moisture are mainly distributed in the Yangzhou and Huai'an areas 

in the southeastern part of the study area. The areas with significantly decreased soil moisture are 

small in size and mainly located in northern Xuzhou. 

Keywords: ESA CCI; soil moisture; EEMD; Mann-Kendall; temporal and spatial variation; Jiangsu 

water supply area (JWSA) 

 

1. Introduction 

Soil moisture, which is also referred to as soil water content, is the volumetric water 

content in soil. It plays an important role in hydrological and meteorological processes, 

and acts as a major factor controlling precipitation runoff and infiltration [1-6]. Soil 

moisture also has a significant impact on the net radiation to latent and sensible heat ratios 

and the precipitation to infiltration, runoff, and evaporation ratios [7-15]. Furthermore, 

soil moisture is a key state variable in the Earth’s climate system that helps regulate the 
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exchange of water, energy, and carbon between the surface of the Earth and the 

atmosphere [16-18]. Soil moisture plays a critical role in various processes and feedback 

loops [19-20]. Therefore, an accurate and thorough understanding of soil moisture status 

and its spatial and temporal dynamics have significant research value for hydrological 

simulations, crop growth and development decision-making, and soil drought and flood 

monitoring. 

 Many technologies have been developed to measure soil moisture with ground 

instruments, such as gravimetric methods[21-22], time-domain reflectometers[23-24], 

capacitance sensors[25-26], neutron detectors[27-29], resistivity measurements[30-32], 

heat-pulse sensors[33-34], and fiber optic sensors[35-36]. With these technologies, high-

resolution spatio-temporal measurements of soil moisture can be obtained at the point 

scale. Their advantages include ease of installation, dependability, and the ability to detect 

soil moisture at different depths. Measurement results from these technologies are 

typically considered as the “real measured value” of soil moisture, which is important for 

establishing unified databases for long-term soil moisture measurement networks. Due to 

the high spatial heterogeneity of soil moisture at different spatial scales, the values 

measured using a point scale cannot adequately represent the soil moisture in neighboring 

areas [37-40]. Thus, the measurements are only appropriate for obtaining local, small-scale 

soil moisture. To obtain large-scale soil moisture data in a given region, geostatistical 

techniques can be employed to extrapolate point-scale soil moisture to a larger regional 

scale [41-44]. However, the spatial characteristics of the measured soil moisture network 

are not suitable for constructing a spatial distribution of soil moisture at a regional scale. 

Moreover, on surfaces with high spatial heterogeneity, extrapolating point-scale 

measurements to large-scale spaces is complicated and time-consuming [45-48]. In fact, 

dense soil moisture observation networks have not yet been established for many areas. 

Therefore, despite the emergence of new measurement technologies for soil moisture, 

such as the cosmic-ray soil moisture observation system (COSMOS) [49-52] and the global 

positioning system (GPS) [53-55] , it remains challenging to utilize ground instruments to 

quantify the spatiotemporal distributions of soil moisture on a regional and larger scale. 

 Satellite research and application institutions, both domestic and international, have 

launched their own global soil moisture remote sensing products, such as the Advanced 

Microwave Scanning Radiometer (AMSR-E) [56-59] , Advanced Microwave Scanning 

Radiometer 2 (AMSR2) [60-61] , and Soil Moisture Active Passive (SMAP) [62-64] 

satellites, the European Space Agency's (ESA) Soil Moisture and Ocean Salinity (SMOS) 

[65-67] , Fengyun-3 (FY-3B) [68-69] , ands Sentinel-1 satellite, and others satellites used in 

the Earth Observation System. Several studies have also evaluated the quality of soil 

moisture measurements obtained by satellite remote sensing in various regions [70-74]. 

These studies show that although these remote sensing products have some errors, the 

results are reasonably accurate when they are used to explore the spatiotemporal 

variations in soil moisture on the Earth's surface,. Due to the constraints of Earth’s period, 

time series, and satellite orbits, the promotion and use of soil moisture data measurements 

for climate change, drought, and flood monitoring have been limited. 

 In 2010, the ESA launched a project on climate change. The overall objective of the 

project is to develop a set of comprehensive and consistent long-term global soil moisture 

data using active and passive microwave sensors. This dataset will enable long-term 

dynamic analysis of soil moisture variations [75-79]. At present, the ESA CCI SM data are 

primarily used for quality evaluation and drought assessment in northern China [80-85]. 

However, these data are rarely applied to southern China. 

The South-to-North Water Transfer Jiangsu Water Supply Zone is a mega inter-basin 

water transfer area (water source) that provides the benefits of Jianghuai water resources, 

combines drainage and flood (waterlogging) relief, and regulates rivers and lakes [86-93]. 

The Jiangsu Water Supply Zone has vertical and horizontal rivers, lakes, and streams 

which together form a relatively independent water source and an important agricultural 
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production area. Due to the increasing demand for science and technology in the Jiangsu 

Water Supply Zone to inform agricultural production development and water resource 

management, meteorological decision-making services have become increasingly 

important, particularly in disaster decision-making pertaining to soil drought and floods. 

By tracking regional soil moisture levels and drought and flood conditions in real time, it 

is possible to analyze the impacts of crop growth and south-to-north water transfer on 

water resources in a timely manner. By analyzing and monitoring the spatial and temporal 

evolution of soil moisture using ESA CCI data, it will be possible to further explore 

ecological changes in the South-to-North Water Transfer Jiangsu Water Supply Zone, 

thereby providing a decision-making framework to assess and provide early warning of 

agricultural drought and flood disasters. Therefore, the South-to-North Water Transfer 

Jiangsu Water Supply Zone was analyzed in this study. The validity of the ESA CCI soil 

moisture (CCI_SM) data was verified by data collected on-site. We analyzed the 

spatiotemporal variations of soil moisture in the study area over the past 29 years. Our 

study will facilitate the use of the ESA soil moisture data set for assessing ecological 

changes in southern China. 

2. Materials and methods 

2.1 Study area overview 

 The South-to-North Water Transfer Jiangsu Water Supply Zone is located in the 

lower reaches of the Yangtze and the Huai rivers. It forms a vital part of the Yangtze River 

Delta and encompasses five prefecture-level city administrative regions, including 

Yangzhou, Huai’an, Suqian, Xuzhou, and Lianyungang. This area covers a land mass 

approximately between 116°22'–119°48' E and 32°14'–35°7' N. It contais flat terrain, a 

dense network of rivers, and is characterized by a temperate subtropical climate. The 

average annual temperature is approximately 15 ℃ and the average annual rainfall is 

approximately 950 mm. The Jiangsu Water Supply Zone has diverse soil types resulting 

from its climate, topography and soil parent material. In the north, most of the soil is 

loamy clay. In the south, most of the soil is moderate-viscosity sandy loam, largely due to 

the influence of the Yangtze River. Because of the climate conditions and unique 

geographical location of the Jiangsu Water Supply Zone, various vegetation types, 

including temperate deciduous forests and subtropical evergreen forests are located 

within the area (Figure 1). 
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Figure 1 Study area and station distribution 

2.2 ESA CCI_SM dataset 

 The ESA CCI_SM is a set of soil moisture data comprising the active, passive, and 

active-passive fusion of soil moisture with a spatial resolution of 0.25° and a temporal 

resolution of 1 d. AMI-WS and ASCAT were used as data sources for active microwave 

products. These data were inverted using the WARP v5.5 inversion model developed by 

the Vienna University of Technology. Then, the data were integrated to produce 

microwave soil moisture data [relative moisture content (%)] from 1991–2013. SMMR, 

SSM/I, TMI, AMSR-E, WindSat, and AMSR-2 data were used for passive microwave 

products. These data were inverted using the LPRM v5 inversion model jointly developed 

by Vrije Universiteit Amsterdam and NASA. Then, the data were integrated to produce 

passive microwave soil moisture data [volumetric water content (m³/m³)] from 1978–2019. 

The fusion soil moisture dataset was created by merging the active and passive data 

sources outlined above [94]. The time range of this dataset is 1978–2019 and the unit is 

volumetric water content (m3/m3). The quality of the three types of soil moisture products 

mentioned above was evaluated previously. Their results indicate that the fusion soil 

moisture data product has higher data quality than that before the fusion. Thus, the ESA 

CCI_SM data after active and passive fusion were used to assess the remote sensing data 

quality and to analyze the spatiotemporal variations of soil moisture in the South-to-

North Water Transfer Jiangsu Water Supply Zone. 

The original CCI data was downloaded in NETCDF format based on the CCI active 

and passive fusion soil moisture data from 1991 to 2019. First, a Python program was 

written to convert the data to TIF format to facilitate data analysis. The data has a temporal 

resolution of one scene per day. Following the conversion, an IDL program was written 

to divice the study area into batches. Since the measured data used a ten-day time scale, 

the CCI remote sensing data were averaged over ten days to facilitate quality assessment. 
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A total of 1044 scenes were extracted after processing, with 12×14 grids per scene. The grid 

values where stations are located were extracted. The soil moisture data were then 

compared to measurements obtained at the stations. In total, 1500 valid measurements 

were collected from 9 stations. 

2.3 Measured data 

We used 10-cm relative soil moisture data provided by the China Meteorological Data 

Center. The time scale is 10 days, the unit is relative soil moisture (%), and the time period 

is from 1991 to 2013. There are 9 stations in the study area (Figure 1). It should be noted 

that the measured data and the CCI_SM data have different units of measurement. To 

compare the two datasets, it was necessary to unify the dimensions and convert the 

measured data. The relative soil moisture as converted into soil volumetric water content 

as follows [95]: 

 

 𝑞 = 𝑟 × 𝑓𝑐 × 𝑝              (1) 

 

Where 𝑞 is the soil volumetric water content, 𝑟 is the relative soil moisture, 𝑓𝑐 is the  

field water capacity, and 𝑝 is the soil bulk density (g/cm³) [96]. 

2.4 Data quality evaluation 

 Once the measured and CCI data dimensions were unified, statistical indices were 

used to calculate the Pearson correlation coefficient (R) to determine the degree of 

correlation.The difference between the two datasets was measured by the root mean 

square error (RMSE) and mean absolute error (MAE). The corresponding formulas are as 

follows: 

 

 𝑹 =
∑ (𝒔𝒊−𝒔̅)(𝒈𝒊−𝒈̅)𝒏

𝒊=𝟏

√∑ (𝒔𝒊−𝒔̅)𝟐 ∑ (𝒈𝒊−𝒈̅)𝟐𝒏
𝒊=𝟏

𝒏

𝒊=𝟏

  
(2) 

 

 𝑹𝑴𝑺𝑬 = √
𝟏

𝒏
∑ (𝒔𝒊 − 𝒈𝒊)

𝟐𝒏
𝒊=𝟏   (3) 

 

 𝑴𝑨𝑬 = √
𝟏

𝒏
∑ |𝒔𝒊 − 𝒈𝒊|

𝒏
𝒊=𝟏   (4) 

Where:𝒈𝒊 and 𝒔𝒊 represent the soil moisture measured at the station and the CCI 

remote sensing soil moisture during the 𝒊th period, respectively. 𝒈̅ and 𝒔̅ represent the 

average soil moisture measured at the station and the average CCI remote sensing soil 

moisture, respectively. 

2.5 Ensemble empirical mode decomposition (EEMD) 
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Wu and Huang proposed the Ensemble Empirical Mode Decomposition (EEMD) 

algorithm, which is a signal analysis algorithm applicable to nonlinear and nonstationary 

sequences[97]. This method overcomes the deficiencies of Empirical Mode Decomposition 

(EMD) such as “modal aliasing” and “end effects” [98]. Based on the statistical 

characteristics of noise and the principle of EMD scale separation, auxiliary Gaussian 

white noise as introduced into the original signal. Then, an EMD decomposition of the 

noise-added signal as performed and the complex signal was decomposed into several 

independent orthogonal intrinsic mode functions (IMFs) and a residual standard error 

component (RSE). Because the white noise spectrum is uniformly distributed, it is 

canceled after ensemble averaging. The result of the ensemble average was used as the 

final IMF component. The specific process is as follows: 

Gaussian white noise 𝒏𝒌(𝒕) is introduced into the original signal 𝒙(𝒕), that is: 

 

 𝑿𝒌(𝒕) = 𝒙(𝒕) + 𝒏𝒌(𝒕), 𝒌 = 𝟏, 𝟐, … , 𝑴 (5) 

 

Where 𝒏𝒌(𝒕) is the 𝒌th white noise sequence and 𝑿𝒌(𝒕) is the signal after adding 

the kth noise. 

After performing an EMD decomposition on 𝑿𝒌(𝒕), the IMF component obtained is 

denoted as 𝒄𝒊,𝒌(𝒕) and the residual component is denoted as 𝒓𝒌(𝒕). 

 

 𝒙𝒌(𝒕) = ∑ 𝒄𝒊,𝒌(𝒕)𝒏
𝒊=𝟏 + 𝒓𝒌(𝒕)  (6) 

 

Where 𝒄𝒊,𝒌(𝒕) is the 𝒊th IMF component after adding the 𝒌th white noise and 

𝒓𝒌(𝒕) is the residual component after adding the 𝒌th white noise. 

Steps (2) and (3) are repeated until 𝒌 = 𝑴 (𝑴 is the overall average number of 

times). 

The ensemble average of the decomposed IMF components was calculated to 

eliminate influences of noise: 

 

 𝒄𝒔(𝒕) =
𝟏

𝑴
∑ 𝒄𝒊,𝒔(𝒕), 𝒊 = 𝟏, 𝟐, … , 𝑴; 𝒔 =𝑴

𝒊=𝟏

𝟏, 𝟐, … , 𝑺  
(7) 

 

Where 𝒄𝒔(𝒕) is the EEMD decomposition result. 

To determine whether the IMF component obtained by decomposition had physical 

significance, a significance test was performed as follows: 
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Based on the Monte Carlo method, once the signal containing Gaussian white noise 

was decomposed by EEMD, the average energy spectral density (ESD) of the IMF 

component and the average period exhibited the following relationship: 

 

 𝐥𝐧𝐄̅𝐤 + 𝐥𝐧{𝐓̅𝐊}𝒂 = 𝟎 (8) 

 

Where 𝐄̅𝐤  is the average ESD of the 𝒌th IMF component and 𝐓̅𝐤  is the average 

period of the 𝒌th IMF component. Theoretically, the relationship between the two can be 

expressed as a straight line with a slope of -1. However, there are deviations in practical 

applications, so the relationship between the two can be expressed as follows: 

 

 

𝐥𝐧𝐄̅𝐤 = 𝐥𝐧{𝐓̅𝐊}𝒂 ± 𝒂√
𝟐

𝑵𝒆

𝐥𝐧(
{𝐓̅𝐊}𝒂

𝟐
)

  
(9) 

 

Where 𝐄̅𝐤  is the average ESD, 𝐓̅𝐤  is the average period, 𝑵𝒆  is the degree of 

freedom, and 𝒂 is the confidence level. When an IMF component is above the significance 

level, it indicates significant physical significance. 

2.6 Mann-Kendall method 

In this study, the Mann-Kendall (MK) test method [99] was used to analyze abrupt 

changes in soil moisture. The MK method is a non-parametric test that does not require 

data to follow a normal distribution. Individual outliers do not affect the analysis. The MK 

abrupt change test is based on the following general principle: 

(1) Suppose there are 𝒏 samples in the time series 𝒙. The rank sequence is constructed 

as follows: 

 

 𝑺𝒌 = 𝜮ⅈ=𝟏
𝒌 𝒓𝒊, 𝒌 = 𝟐, 𝟑, … , 𝒏 (10) 

 

Where: 

 

 
𝒓𝒊 = 𝒇(𝒙) = {

𝟏, 𝐰𝐡𝐞𝐧 𝒙𝒊 > 𝒙𝒋

𝟐, 𝐰𝐡𝐞𝐧 𝒙𝒊 ≤ 𝒙𝒋
, 𝒋 = 𝟏, 𝟐, … , 𝒊 (11) 

 

   𝑺𝒌 represents the cumulative sum, which is obtained by counting the number of 

instances where the 𝒊th value is greater than the 𝒋th value in the time series 𝒙. 
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(2) When 𝒙 is a random independent time series, the following statistical quantity can be 

constructed: 

 

 
𝑼𝑭𝒌 =

𝑺𝒌 − 𝑬(𝑺𝒌)

√𝑽𝒂𝒓(𝑺𝒌)
, 𝒌 = 𝟏, 𝟐, …，𝒏 (12) 

 

Where 𝑼𝑭𝟏 = 𝟎, 𝑬(𝑺𝒌) is the average of 𝑺𝒌, and 𝑽𝒂𝒓(𝑺𝒌) is the variance of 𝑺𝒌. 

(3) Suppose that if the time series are continuously distributed and independent of one 

another, then: 

 

 
𝑬(𝑺𝒌) =

𝐧(𝐧 + 𝟏)

𝟒
 (13) 

 
𝑽𝒂𝒓(𝑺𝒌) =

𝐧(𝐧 − 𝟏)(𝟐𝐧 + 𝟓)

𝟕𝟐
 (14) 

 

The normally distributed statistic 𝑼𝑭 is constructed from the time series 𝒙 and is 

tested for significance. The significance level is set at 𝛂. When |𝑼𝑭𝒊|>𝑼𝜶, the time series 

𝒙 exhibits an obvious variation trend. By performing sample inversion on 𝒙, a new time 

series can be obtained, that is, 𝒙𝒏, 𝒙𝒏−𝟏, … , 𝒙𝟏. By applying the above operations to the 

new time series, a new rank sequence can be obtained, that is, 𝑼𝑩𝒌 = −𝐔𝐅𝐤 , where 

𝑼𝑩𝟏 = 𝟎, 𝐤 = 𝐧, 𝐧 − 𝟏, … , 𝟏. 

The variation of a time series can be determined by analyzing the 𝑼𝑭𝑲 and 𝑼𝑩𝒌 

curves: 𝑼𝑭𝑲 > 𝟎  indicates an increasing trend and 𝑼𝑭𝑲 < 𝟎  indicates a decreasing 

trend. Given the significance level lines, if 𝑼𝑭𝒌 exceeds these lines, it indicates that there 

is a significant increasing or decreasing trend. If the two curves intersect between the 

significance level lines, the time corresponding to this point indicates the starting point of 

the abrupt change. 

2.7 Regression analysis 

 Using the unary linear model and least square method, the slope of the CCI_SM data 

from 1991 to 2019 in the study area were fit pixel by pixel and the spatial variation of soil 

moisture in the study area was obtained. A comprehensive analysis of the soil moisture 

variation direction and rate in the study area was calculated as follows [100]: 

 

 
𝜽𝒔𝒍𝒐𝒑𝒆 =

𝒏 × ∑ 𝒊𝒏
𝒊=𝟏 × 𝑺𝑴𝒊 − (∑ 𝒊𝒏

𝒊=𝟏 )(∑ 𝑺𝑴𝒊
𝒏
𝒊=𝟏 )

𝒏 × ∑ 𝒊𝟐𝒏
𝒊=𝟏 − (∑ 𝒊𝒏

𝒊=𝟏 )𝟐
 (15) 

 

Where 𝜽𝒔𝒍𝒐𝒑𝒆 represents the variation, 𝑺𝑴𝒊 is the CCI_SM of the 𝒊th year, and 𝒏 is the 

number of years being studied. If 𝜽𝒔𝒍𝒐𝒑𝒆 > 0, the soil moisture exhibits an upward trend. 
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If 𝜽𝒔𝒍𝒐𝒑𝒆 < 0, the soil moisture exhibits a downward trend. The value of 𝜽𝒔𝒍𝒐𝒑𝒆 reflects 

the variation of the soil moisture. 

 F-tests were used to determine the significance of the variation [101] as follows: 

 

 
𝑭 = 𝑼 ×

𝒏 − 𝟐

𝑸
 (16) 

 

Where 𝑼 = ∑ (𝒚̂𝒊 − 𝒚̅)𝟐𝒏

𝒊=𝟏
 is the error sum of squares; 𝑸 = ∑ (𝒚𝒊 − 𝒚̂𝒊)

𝟐𝒏

𝒊=𝟏
 is the 

regression sum of squares; 𝒏 is the number of years being studied; 𝒚𝒊 the CCI_SM of 

the 𝒊th year; 𝒚̂𝒊 is its regressed value; and 𝒚̅ is the average soil moisture of the study 

period. 

Based on the F-test results, the variation was divided into six levels (Table 1). 

Table 1. Levels classified based on F-test results 

Condition 
Slope <0  >0 

P ≤0.01 0.01<P≤0.05 P>0.05  ≤0.01 0.01<P≤0.05 P>0.05 

Test 

result 

Soil moisture 

variation 

trend 

Extremely 

significant 

decrease 

Significant 

decrease 

Non-

significant 

decrease 

 
Extremely 

significant 

increase 

Significant 

increase 

Non-

significant 

increase 

3 Results 

3.1 Verification of the CCI_SM data quality 

In Figure 2, a scatter plot of the soil moisture measured at 9 stations and the CCI_SM 

data is shown for the South-to-North Water Transfer Jiangsu Water Supply Zone from 

1991 to 2013. We observed a high correlation between the measured values and the ESA 

CCI_SM (R=0.69). RMSE between the two was 0.036 and MAE is 0.029, showing that the 

deviation between the remote sensing data and the measured data is reasonably small. 

These results suggest that remote sensing data may provide a rough indication of the true 

characteristics of soil moisture in the study area. 
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Figure 1 Scatter plot of the measured soil moisture and ESA CCI_SM in the study 

area during 1991–2013 

The scatter plots of the measured soil moisture and the ESA CCI_SM by station from 

1991 to 2013 are shown in Figure 3. The measured moisture and the ESA CCI_SM data 

exhibit good correlations at the Fengxian, Suining, Xuyi, and No. 1 Huaiyin Stations (R> 

0.7). At the Shuyang, Ganyu, and No. 2 Huaiyin Stations, we observed R values between 

0.6 and 0.7. However, at the Xuzhou and Yangzhou Stations, the correlations between the 

two datasets were relatively low. As indicated by the slopes (<1) of the linear regression 

equations for the nine scatter plots, the CCI_SM data quality is lower than the measured 

value. Apart from the low spatial resolution of the CCI data, the uneven distribution of 

measuring stations, large differences in land cover patterns, non-uniform underlying 

surfaces, and inconsistent observation depth of soil may explain the error. For remote 

sensing of soil moisture using C-band and X-band microwaves, the representative depth 

is 0–2 cm, while the recommended depth for using the L-band microwave is 0–5 cm [102]. 

However, the measured soil moisture data are soil volumetric water contents at a depth 

of 10 cm. Also, since the measured data are an average value of soil moisture while 

satellite remote sensing can only detect the soil moisture at a given time point, there is a 

discrepancy in the timing of the two measurements. In particular, at Yangzhou Station in 

the south part of the study area, which is near the Yangtze River, soil moisture is 

significantly affected by rainfall, irrigation, and evaporation. The application of ESA 

CCI_SM products in this area is therefore restricted, resulting in an underestimation of 

surface soil moisture by ESA CCI_SM, especially after precipitation or irrigation. 
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Figure 2 Scatter plots of measured soil moisture at each station and the ESA CCI_SM data 

in the study area during 1991–2013 

Figure 4 shows the average soil moisture measured by stations in various regions of 

the study area from 1991 to 2013 along with the average CCI_SM and the evaluation 

indices. In Table 2, the average soil moisture per station in the study area, the average 

CCI_SM, and the evaluation index statistics from 1991 to 2013 are summarized. Xuzhou 

had the highest correlation between the CCI_SM and measured soil moisture data (R of 

0.72) and the lowest RMSE and MAE among all regions (both 0.03). The second highest 

correlation was observed in Huai’an. In Yangzhou, the correlation with the measurement 

data was the lowest (R=0.56). In addition, the difference between the average soil moisture 

measured in this region and the average ESA CCI _SM was also the greatest. In summary, 

the ESA CCI_SM data has relatively high quality in Xuzhou in the north of the South-to-

North Water Transfer Jiangsu Water Supply Zone, followed by Huai’an, Lianyungang, 

and Suqian in the central region. However, the data quality is relatively low in Yangzhou 

in the south. Dorigo et al., [75, 76] found good agreement between the ESA CCI_SM data 

and ground observation data in grasslands, agricultural areas, and semi-arid areas in 

temperate climate zones. However, it is difficult to capture the spatiotemporal 

characteristics of soil moisture when the area is particularly arid and humid. A possible 

cause of this could be the low signal-to-noise ratio of the satellite data collected in these 
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regions or inadequate monitoring technology of some in situ detectors under extreme 

conditions [103]. 

 

Figure 3 The average soil moisture per station, the average CCI_SM, and the evaluation 

indices in various regions of the study area from 1991–2013. 

Table 2 The average soil moisture, average CCI_SM, and the evaluation indices per 

station in various regions of the study area from 1991–2013. 

Region ESA CCI_SM (m³/m³) Measured soil moisture (m³/m³) RMSE MAE R 

Xuzhou 0.276 0.264 0.03 0.03 0.72 

Suqian 0.278 0.292 0.04 0.03 0.62 

Lianyungang 0.226 0.209 0.05 0.04 0.63 

Huai’an 0.267 0.271 0.04 0.03 0.67 

Yangzhou 0.300 0.319 0.03 0.03 0.56 

3.2 Temporal variation of the CCI_SM data 

3.2.1 Interannual variation  

The temporal variation of long-term microwave remote sensing soil moisture data 

were further analyzed after quality inspection and evaluation of the ESA CCI_SM data. 

Figure 5 shows the annual variation in the average and maximum soil moisture in the 

South-to-North Water Transfer Jiangsu Water Supply Zone between 1991 and 2019. The 

annual average CCI_SM fluctuated from 0.26–0.32 m³/m³ in the South-to-North Water 

Transfer Jiangsu Water Supply Zone, exhibiting an increasing trend overall. The 

minimum soil moisture was recorded in 1995, which was 0.27m³/m³. The maximum soil 

moistrure (0.31 m³/m³) was recorded in 2005. A large fluctuation was observed during 

1991–2005 and the maximum and average CCI_SM values showed strong fluctuations 

during 2004–2005. The fluctuation was small from 2006 to 2019 and exhibited a gradual 

increase. The fluctuation of the maximum CCI_SM showed a similar pattern as the 

average values. During 1991–1995, a decreasing trend was observed, followed by an 

increasing trend during 1996–2002, a strong fluctuation during 2003–2007, and finally a 
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steady increase. The high soil moisture levels in 2005 may be related to abnormal 

precipitation during that year in the study area. Therefore, future analyses should 

consider the effects of meteorological conditions. 

 

Figure 4 Annual variations in the average and maximum CCI_SM values in the study 

area from 1991–2019 

3.2.2 Monthly variation characteristics 

 In Figure 6, the monthly variation in average soil moisture is presented for the South-

to-North Water Transfer Jiangsu Water Supply Zone during 1991–2019. In the study area, 

soil moisture decreased rapidly from January to April, increased rapidly from May to July, 

reaching its annual maximum in July, and then began to fluctuate. Overall, the soil 

moisture showed an increasing trend throughout the year. This variation primarily 

resulted from the climatic characteristics of Jiangsu Province, which is characterized by a 

subtropical monsoon climate, with cold, dry winters and hot, humid summers. July and 

August showed the most precipitation and a relatively high level of soil moisture. In the 

spring, there was a drought, which was reflected as relatively low soil moisture. During 

autumn and winter, precipitation was reduced, but evaporation was also lower due to the 

lower temperatures, which resulted in relatively high soil moisture. Thus, the ESA 

CCI_SM data can describe the seasonal variation in soil moisture in the South-to-North 

Water Transfer Jiangsu Water Supply Zone. 
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Figure 5 Monthly variation of the average CCI_SM in the study area during 1991–

2019 

3.2.3 Periodic characteristics of soil moisture at typical pumping stations 

 As a result of the indirect effects of hydrology, meteorology, and human activities on 

the soil ecological environment, the long-term soil moisture may exhibit periodic 

fluctuations. To evaluate these periodic fluctuation characteristics, 100 sets of Gaussian 

white noise (with a standard deviation of 0.2) were added to the soil moisture time series 

data from three typical pumping stations (the Gaogang, Hongze, and Liushan Stations in 

Figure 1) during the past 29 years in the South-to-North Water Transfer Jiangsu Water 

Supply Zone to perform EEMD. The EEMD decomposition results from the Gaogang, 

Hongze, and Liushan Stations are presented in Figures 7, 8, and 9, respectively. The three 

typical pumping stations returned 11 IMF components and one RSE component. Based on 

the decomposition results for three pumping stations, the IMF components appear to 

fluctuate around the zero line, with the local maximum and minimum being symmetrical. 

As the period of the decomposition component increased, the frequency gradually 

became smaller, and each IMF component represented the fluctuation in soil moisture 

over a specific period. The high-frequency component consisted primarily of Gaussian 

noise introduced by the EEMD method and short-term fluctuations in soil moisture, 

whereas the low-frequency component corresponded to long-term fluctuations in soil 

moisture [104]. The residual trend component represented the intrinsic development of 

the soil moisture time series. 

 

Figure 6 EEMD decomposition results of soil moisture for the Gaogang station 
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Figure 7 EEMD decomposition results of soil moisture for the Hongze station 

 

Figure 8 EEMD decomposition results of soil moisture for the Liushan station 

A significance test was performed to determine whether the various IMF components 

derived from the EEMD decomposition of the soil moisture time series in the study area 

were true signal components or were Gaussian white noise (Figure 10). The closer the IMF 

was to the right of the horizontal axis, the longer the period was. The vertical axis 

represents the energy spectral density, and the closer a value is to the top, the higher the 

energy. The IMF components of soil moisture for the Gaogang and Hongze Stations 

passed the 1% significance test, indicating that the ESA CCI_SM data for the Gaogang and 

Hongze Stations have multiple fluctuation periods, including seasonal to inter-annual and 

inter-decadal periods. Except for the IMF11 component, all the other components of soil 

moisture for the Liushan station passed the 5% significance test, indicating that the soil 

moisture for this station does not fluctuate significantly on a long time scale. 
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Figure 9 Significance tests for the pumping stations: (a) Gaogang Station; (b) Hongze 

Station; (c) Liushan Station 

To evaluate the relative importance of each IMF component to the soil moisture time 

course data, the variance contribution rate was used to measure the degree of influence of 

each IMF component on the original data (Table 3). The results show that over the past 29 

years, the 3.1-d period scale represented by the IMF1 component for the Gaoshan Station 

had the largest contribution (19.8%), the 3.2-d period scale represented by the IMF1 

component for the Hongze Station had the largest contribution (19.4%), and the 3.0-d 

period scale represented by the IMF1 component for the Liushan Station had the largest 

contribution (33.1%). The three pumping stations showed similar dominant periods of soil 

moisture, all of which were approximately 3.1 d. This result indicates that the interdiurnal 

periodic fluctuations of soil moisture in the South-to-North Water Transfer Jiangsu Water 

Supply Zone are relatively strong. However, seasonal, interannual, and interdecadal 

periods cannot be neglected. For the soil moisture at the Gaoshan Station, the 3379.3-d 

period represented by the IMF10 component reached a variance contribution of 17.9%, 

suggesting the presence of interdecadal soil moisture fluctuations at this station. For the 

soil moisture at the Hongze Station, the periods represented by IMF5, IMF6, and IMF7 

components also had a variance contribution rate over 10%, suggesting that the soil 

moisture at this station exhibits certain seasonal and interannual fluctuation 

characteristics. For the soil moisture at the Liushan Station, the 300.1-d period represented 

by the IMF10 component reached a variance contribution of 12.3%, suggesting the 

presence of interannual soil moisture fluctuations at this station. 

Table 3 The period and variance contribution of each IMF component of the soil moisture time series for typical 

pumping stations during 1991–2019 

IMF 

Pumping station 

Gaogang Station  Hongze Station  Liushan Station 

Period 

(d) 

Contribution rate 

(%) 
 

Period 

(d) 

Contribution rate 

(%) 
 

Period 

(d) 

Contribution rate 

(%) 

IMF1 3.1** 19.8  3.2** 19.4  3.0** 33.1 

IMF2 6.8** 8.2  7.2** 11.1  6.6* 14.1 

IMF3 14.3** 5.6  14.8** 10.4  13.8** 10.4 

IMF4 27.1** 4.2  30.6** 8.0  30.7** 8.9 

IMF5 57.9** 2.8  76.7** 12.1  60.0** 9.5 

IMF6 120.7** 4.3  148.7** 13.5  163.2** 9.2 

IMF7 241.4** 3.4  311.4** 14.7  300.1** 12.3 

IMF8 506.9** 12.3  664.4** 3.2  664.6** 1.0 

IMF9 1689.7** 13.1  1245.8** 1.1  1860.8** 0.6 

IMF1

0 
3379.3** 17.6  3322.0** 5.1  3101.3** 0.6 

IMF1

1 
5069.0** 1.7  4983.0** 0.2  4652.0 0.0 

RSE — 6.7  — 1.2  — 0.4 

* represents P<0.05, ** represents P<0.01 

3.2.4 Abrupt changes in soil moisture measured at typical pumping stations 
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To determine the presence of abrupt changes in the soil moisture time series in the 

South-to-North Water Transfer Jiangsu Water Supply Zone and the corresponding 

occurrence time, the MK abrupt change test was employed to further analyze abrupt 

changes in soil moisture at three typical pumping stations (Figure 11).  

 

Figure 10 Abrupt changes of CCI_SM at three typical pumping stations: (a) Gaogang 

Station; (b) Hongze Station; and (c) Liushan Station 

Based on the intersection of the UF and UB statistics for each station and the analysis 

of the variation in Figure 11, we determined the approximate occurrence time of abrupt 

changes in soil moisture for each station (Table 4). At the Gaogang Station, there was an 

intersection point between the UF and UB series curves that was outside of the 0.05 

significance level, which suggests that there was no abrupt change at this station. At the 

Hongze Station, an abrupt change was observed in April 2014 that passed the 95% 

significance test. Furthermore, the UF series curve showed a large fluctuation and there 

was a considerable difference between the UF and the UB curves after this point, 

indicating an abrupt increase in the soil moisture. At the Liushan Station, multiple 

intersections were observed between 2017 and 2019. Based on the variation observed at 

this station around 2018, it was estimated that the station experienced abrupt soil moisture 

changes in September 2017, April 2018, November 2018, and June 2019. 

Table 4 Time of abrupt soil moisture changes at typical pumping stations 

Pumping Station 
Time of the first 

abrupt change 

Time of the second 

abrupt change 

Time of the third 

abrupt change 

Time of the fourth 

abrupt change 

Gaogang Station — — — — 

Hongze Station April 2014 — — — 

Liushan Station September 2017 April 2018 November 2018 June 2019 
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The Eastern Route of the South-to-North Water Diversion Project (ER-SNWDP) is a 

large-scale comprehensive water conservancy project involving the inter-basin allocation 

of water resources. This project is closely related to land remediation, ecological 

management, and the development of various resources in the North China Plain. Water 

was officially supplied in November 2013 following the completion of the first phase of 

the ER-SNWDP project in December 2002. As of 2020, the Eastern Route project has drawn 

over 33 billion m3 of water from the Yangtze River and 4.61 billion m3 of water has been 

transferred into Shandong Province. Since this inter-basin project involves multilevel 

water pumping and long-distance water delivery, there may be changes in the soil 

ecological environment along the coast or in local areas following water delivery. Thus, 

the abrupt changes in soil moisture at the Gaogang, Hongze, and Liushan stations 

mentioned above could be closely related to inter-basin water transfer. 

3.2.5 Soil moisture variation trends at typical pumping stations 

From the EEMD RSE and linear variation analysis of soil moisture at the pumping 

stations in the study area (Figure 11), overall increasing trends of soil moisture were 

observed over the past 29 years at the Gaogang, Hongze, and Liushan stations. The trend 

observed at the Liushan station exhibited two “decreasing-increasing”stages, shown as a 

change from an upward to a downward trend rather than a conventional linear trend. The 

moisture content of shallow soils is strongly influenced by precipitation and temperature 

[40]. During global warming, changes in precipitation and temperature are therefore 

important factors contributing to the observed transition in soil moisture at the Liushan 

Station. 

 

Figure 11 The soil moisture RSE and linear trend at typical pumping stations during 

1991–2019: (a) Gaogang Station; (b) Hongze Station; and (c) Liushan Station 

As shown in the MK analysis (Figure 12), the soil moisture UF curve for the Gaogang 

Station fluctuated around the zero line from January 1991 to February 1995. The UF curve 

did not exceed the significance level, indicating that the increasing and decreasing trends 
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during this period were not significant. From March 1995 to December 1997, a downward 

trend was observed, and the decrease was particularly significant from March 1995 to 

November 1996. A segmented variation trend of “increasing-decreasing-increasing” was 

observed between December 1996 and December 2019. Specifically, the increase was 

significant from July 1998 to April 2007, the decrease was significant from August 2007 to 

September 2011, and the increase was significant from May 2012 to December 2019. 

The soil moisture at the Hongze Station exhibited a “decreasing-increasing” trend 

from January 1991 to May 1992. There was a downward trend between June 1992 and June 

2000, with a significant decrease from January 1994 to December 1997. An upward trend 

was observed between July 2000 and April 2007. From May 2007 to June 2014, a 

downward trend was evident, and the decrease was particularly significant from January 

2008 to September 2013. Between July 2014 and December 2019, an upward trend was 

observed, with a significant increase from October 2014 to 2019. 

At the Liushan Station, there were substantial fluctuations in the soil moisture UF 

curve. From January 1991 to May 1992, the UF curve showed an upward trend, although 

it was not statistically significant. From June 1991 to September 2007, the curve showed a 

downward trend. From October 2007 to May 2012, there was segmented “increasing-

decreasing-increasing-decreasing-increasing” variation. Among the segments, significant 

increases were observed from August 2008 to May 2009, August 2009 to April 2010, and 

September 2010 to November 2010. From June 2012 to August 2018, we observed a 

downward trend, and the decrease was significant from February 2013 to August 2017. 

From September 2018 to December 2019, we observed an upward trend. 

3.3 Spatial variation of CCI_SM 

3.3.1 Spatial distribution characteristics 

 The spatial distribution of the annual average of CCI_SM in the study area during 

1991–2019 is shown in Figure 13. In the South-to-North Water Transfer Jiangsu Water 

Supply Zone, the spatial distribution pattern of soil moisture is quite distinct. The ESA 

CCI_SM data provided a relatively adequate description of the spatial distribution of soil 

moisture in the study area, which is “north dry and south wet.” The Xuzhou region in the 

northwest of the Jiangsu Water Supply Zone has a relatively low soil moisture (0.21–0.30 

m³/m³) and the Lianyungang region in the northeast has a similar soil moisture (0.23–0.32 

m³/m³). With decreasing latitude, soil moisture gradually increases. The soil moisture 

levels in the central Huai'an and Suqian regions are similar (approximately 0.24–0.33 

m³/m³). In the southern Yangzhou region, the soil moisture (0.31–0.33 m³/m³) is 

significantly higher than in other regions. The region with the highest soil moisture in the 

study area can be attributed to a dense river network and irrigated agriculture. 
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Figure 12 Spatial distribution of the annual CCI_SM in the study area from 1991–

2019 (unit: m³/m³) 

The spatial CCI_SM distribution in the study area in different seasons from 1991–

2019 are shown in Figure 14. The soil moisture levels were low in the spring due to low 

precipitation, continuous temperature increases, and greater evaporation than 

precipitation. In the northern region, the CCI_SM values were 0.2–0.3 m³/m³. In the 

southern region, they were 0.24–0.33 m³/m³. As a result of the monsoon climate in 

summer, precipitation increased, the flow of lakes and rivers within the water supply zone 

increased, and the soil moisture as quickly replenished by rainwater. Therefore, soil 

moisture was increased in comparison with spring. The soil moisture in the south is 0.25–

0.34 m³/m³. Even though the precipitation is less in autumn than in summer, the 

temperature is also significantly lower, resulting in reduced evaporation. In most parts of 

the study area, soil moisture increased compared to summer. Peak soil moisture was 

recorded in the south of Suqian, which exceeded 0.35 m³/m³. In winter, the soil moisture 

in the northern region was similar to that in autumn, while the soil moisture in the 

southern region increased. This may be caused by low temperatures and evaporation in 

winter. Overall, the South-to-North Water Transfer Jiangsu Water Supply Zone 

experiences the wettest soil during the winter and the driest soil during the spring. The 

soil moisture in most of the study area gradually increases from spring to winter. This 

seasonal variation in soil moisture is consistent with the general knowledge of the climate 

and water cycle pattern in the study area. 
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Figure 13 The spatial CCI_SM distribution in the study area in different seasons during 

1991–2019 (unit: m³/m³). (a) spring, (b) summer, (c) autumn, and (d) winter. 

3.3.2 Spatial variation characteristics 

 Figure 15 shows the CCI_SM variation and significance test results in the study area 

from 1991 to 2019. The CCI_SM in the Jiangsu Water Supply Zone showed an overall 

increasing trend over the past 29 years. There was increasing soil moisture in 86.9% of the 

study area, and 67.9% of the areas exceeded the 5% significance level. There was 

decreasing soil moisture in 13.1% of the study area, only 13.5% of which exceeded the 5% 

significance level. 

From a spatial perspective, the soil moisture in Pizhou in the northern part of Xuzhou 

decreased significantly (P<0.05), and the decrease exceeded 0.02. The soil moisture in the 

southern part of Suqian decreased slightly, but the downward trend was not statistically 

significant (P>0.05). This phenomenon is due to the relatively low soil moisture level in 

Suqian. In the central and eastern regions of the study area, the soil moisture increased. 

In Guanyun County in the south of Lianyungang, soil moisture did not increase 

substantially, but the increasing trend was significant (P<0.01). In most areas of Huai’an, 

significantly increased soil moisture was observed, with the increase in the central Hongze 

and Huai'an Districts exceeding 0.04. Moreover, the increased soil moisture in the central 

and western regions of Yangzhou exceeded 0.06, which was significant (P<0.01). 
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Figure 14 CCI_SM variation in the study area during 1991–2019 and significance test 

results 

4. Discussion 

4.1 The effect of underlying surface on soil moisture pattern 

The huge heterogeneity of the spatial and temporal distribution of soil moisture and 

the lack of standard methods for estimating this characteristic limit its quantification and 

application in research [105]. The underlying surface with high spatial heterogeneity has 

an important influence on the spatial change of soil moisture. The underlying surface 

types in the JWSA of the South-to-North Water Transfer Project include arable land, forest, 

grassland, water area, urban and rural residential areas, etc. Arable land is divided into 

different agricultural landscapes such as paddy fields and dry fields. Different 

agricultural landscapes have obvious effects on the scale, pattern and spatial distribution 

characteristics of surface soil moisture. Arable land shows that soil moisture is highly 

correlated with soil texture and soil rock content, and is also related to differences in land 

management. Soil moisture varies greatly in places with low soil porosity. Arable land 

agricultural landscepes exhibits huge spatial variability in soil moisture at the watershed 

scale. The spatial pattern of soil moisture depends on the heterogeneity of soil property, 

precipitation and land use. Evapotranspiration causes small scale spatial pattern changes 

in soil moisture during the crop growing season.  

JWSA has an area of 68.7 million acres of arable land, 0.86 acres of arable land per 

capita, and has a sea area of 37,500 square kilometers and a total of 26 islands. JWSA is 

rich in wetland resources, the area of wetland is 2,821,900 hectares, including 1,953,200 

hectares of natural wetland and 868,700 hectares of artificial wetland. The distribution of 

wetlands is mainly coastal and coastal wetlands, southern JWSA is dominated by lakes, 

rivers, and marshes, Lixiahe area is dominated by rivers and lakes, and northern JWSA is 

dominated by artificial water conveyance rivers and canals. JWSA has a forest area of 1.56 

million hectares, a forest coverage rate of 22.8%, a total standing tree stock volume of 96.09 

million cubic meters, 76 state-owned forest farms covering an area of 106,700 hectares. 

Jiangsu straddles the North China Platform and the Yangtze Platform, two major 

geological structural units. Non-ferrous metals, building materials, gypsum salts, and 

special non-metallic minerals are the characteristics and advantages of Jiangsu's mineral 

resources.  

During the drought, the net effect of vegetation on soil moisture was significantly 

greater in grassland than in forests, indicating that the temporal heterogeneity of soil 

moisture content is related to resource uptake. The soil under grass and shrubs is the 

wettest at the beginning of the growing season, but the driest at the end [106]. Both linear 

correlation analysis and empirical orthogonal function analysis indicate that the soil 
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texture of moist forest hillsides is the dominant factor affecting soil moisture distribution 

[107]. The distribution of soil moisture on hillsides is related to soil properties, 

topography, soil depth and spatial distribution of vegetation. Soil moisture distribution is 

the key link between hydrological and ecological processes in semi-arid grasslands and 

shrubs, as it affects evapotranspiration, respiration and assimilation [108]. In this region, 

grassland dynamics are closely related to available water, but it has proven difficult to 

address the aspects of climate-driven vegetation change. Part of the reason is that it is 

currently unclear how soil heterogeneity affects the response of plants to climate [109]. 

The spatial variation of groundwater level will cause additional spatial variation of soil 

moisture and surface water flux. This additional variability may be important for storm 

development in areas with high groundwater levels in most areas [110]. In areas where 

vegetation dynamics vary greatly from year to year, we observe the negative impact of 

vegetation correction on soil moisture, and the correlation decreases. It emphasizes the 

need for dynamic vegetation correction in areas with large inter-annual variability [111]. 

Linking soil moisture and runoff in urban areas can improve rainfall runoff simulation. In 

the urban areas, impervious surface are always negatively correlated with soil moisture, 

while most natural surfaces are positively correlated with soil moisture in rural areas 

[112]. The underlying surface spatial pattern determines the spatial distribution pattern 

of soil moisture in the JWSA, which is basically consistent with the spatial distribution 

pattern of the results of this study. 

4.2 The effect of meteorological factors on soil moisture pattern 

Soil moisture is positively correlated with daily average precipitation, and negatively 

correlated with sunshine, air temperature and ground temperature. Changes in spatial 

soil moisture patterns are more sensitive to changes in ground temperature than changes 

in air temperature. Therefore, the spatial variability of soil moisture is greatly affected by 

meteorological factors, and each meteorological factor has a certain duration for the 

spatial variability of soil moisture on a regional scale [113]. The terrain of JWSA is 

dominated by plains. The land area of JWSA is 103,229.17 square kilometers, of which, the 

plain area accounts for 86.89%, reaching 89,706.03 square kilometers, the hilly area is 

11916.16 square kilometers, and the mountain area is 1,06.98 square kilometers. JWSA is 

located in the mid-latitude zone on the east coast of the Asian continent and belongs to 

the East Asian monsoon climate zone. It is in the transitional zone between subtropical 

and warm temperate climate. Generally, it is bounded by the Huaihe River and the main 

irrigation canal in northern JWSA. The area to the north has a warm temperate humid and 

semi-humid monsoon climate; the area to the south has a subtropical humid monsoon 

climate. JWSA has a coastline of more than 1,000 kilometers, and the ocean has a 

significant impact on the climate of Jiangsu. Under the combined influence of solar 

radiation, atmospheric circulation, and JWSA's specific geographic location and 

geomorphic features, JWSA's basic climate characteristics are: mild climate, four distinct 

seasons, significant monsoons, cold winters and hot summers, variable temperatures in 

spring, high air in autumn, and rain and heat in the same season. Abundant rainfall, 

concentrated precipitation, significant rainy season, abundant light and heat.  

The annual average temperature of JWSA is between 13.6-16.1℃, and the distribution 

is decreasing from south to north. The highest value of annual average temperature 

appears in Dongshan in the south, and the lowest value appears in Ganyu in the north. 

The annual precipitation in JWSA is 704-1250 mm. The precipitation from the central part 

of JWSA to the north of Hongze Lake is less than 1000 mm, and the precipitation in the 

south is more than 1000 mm. The rainfall distribution is more in the south than in the 

north, and more on the coast than inland. The annual runoff depth of rainfall in JWSA is 

between 150 and 400 mm. The Jiangsu Plain is widely distributed with deep Quaternary 

loose deposits and abundant groundwater sources. Meteorological factors such as 

precipitation, temperature, and sunshine have an important influence on the temporal 

change of soil moisture. These meteorological factors have different temporal change 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 December 2021                   doi:10.20944/preprints202112.0078.v1

https://doi.org/10.20944/preprints202112.0078.v1


 

cycles. The coupling effect of several meteorological factors causes the temporal variation 

period of soil moisture in JWSA to be maintained at about 3 days. Around, there are also 

significant seasonal variation characteristics and inter-annual variation cycles. 

4.3 The effect of water conservancy facilities on soil moisture pattern 

The East Route of the South-to-North Water Diversion Project is planned to divert 

water from the main stream of the Yangtze River near Yangzhou, Jiangsu Province, and 

use the Beijing-Hangzhou Grand Canal and parallel rivers to transport water to connect 

Hongze Lake, Luoma Lake, Nansi Lake, and Dongping Lake, and serve as a storage 

reservoir. After pumping water into Dongping Lake step by step, the pumping station 

divides water into two ways. After crossing the Yellow River all the way north, it flows to 

Tianjin by itself. The main water supply line from the Yangtze River to Tianjin Beidagang 

Reservoir is about 1,156 kilometers long. Under the action of resource allocation projects 

(mainly pumping station projects and river projects) in the JWSA, hydrological 

characteristics and water resources allocation patterns have changed significantly, and 

land cover patterns and landscape patterns have changed accordingly. As one of the 

control elements of the ecological environment, hydrology is a key factor leading to land 

cover changes. The type, coverage, pattern and changes of land cover affect the 

hydrological process of the ecological environment. Both are the key elements of the 

ecological environment. Acting on the ecological, economic and social complex system, 

affecting the evolution of the structure and function of this system. The construction of 

water conservancy projects is the behavior of human beings to significantly alter the 

surface hydrological pattern with engineering measures. The study of changes in 

hydrological conditions and land cover changes caused by water conservancy projects has 

received attention, but it is far from forming a study on the interaction mechanism 

between hydrology and land cover changes. The east route of the South-to-North Water 

Diversion Project was opened in December 2013. After the completion of the South-to-

North Water Diversion Project, especially some large pumping stations or water delivery 

channels, the water level rises, the water surface widens, the water flow slows down, the 

radiation balance increases, the heat capacity of the water body increases, and the natural 

state of the underlying surface has undergone major changes. Have different degrees of 

impact on local temperature, precipitation, humidity, wind, fog, and evaporation. As a 

result, the average annual temperature in the reservoir area has risen slightly. In spring 

and summer, the temperature in the reservoir area is lower than that in the surrounding 

areas. In autumn and winter, the water surface temperature is higher than that on land. 

The precipitation in the central area and adjacent areas of the reservoir area has decreased, 

especially the precipitation in the central area may be reduced by 10%, and the 

precipitation in the peripheral areas of the reservoir, especially in areas with downwind 

or higher terrain, has increased. After the construction of the reservoir, the annual average 

temperature has risen slightly, while the underlying surface has sufficient water sources, 

enhanced evaporation, and increased air humidity. Compared with the surrounding area 

of the reservoir, the relative humidity can increase by 3%-5% on average. After the water 

transfer started in December 2013, the soil moisture field measurement sites of the JWSA, 

Hongze Station and Liushan Station, had sudden changes in the field measurement of soil 

moisture in April 2014 and September 2017, indicating that the water conservancy 

facilities of the South-to-North Water Diversion Project have the temporal and spatial 

changes of local soil moisture have a certain influence.  

4.4 The effect of remote sensing product resolution on soil moisture pattern 

The spatial resolution of soil moisture products is crucial for their applications in 

different fields. Coarse-resolution soil moisture products are not suitable for regional 

hydrology and water resources management, agricultural irrigation and production 

applications, but such coarse-resolution soil moisture products are suitable for 

characterizing the spatial and temporal distribution pattern of soil moisture. For the 
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description of the spatial distribution pattern of soil moisture in a small area or a small 

spatial scale, remote sensing products with finer resolution are needed. The data used in 

this study is ESA CCI remote sensing soil moisture, which is based on active and passive 

microwave sensors, and produces long-term series containing active data sets, passive 

data sets and fusion data sets (1979- 2019), a multi-satellite fusion of soil moisture satellite 

data products. The spatial resolution is 0.25°, and the temporal resolution is 1 day. Because 

of the relatively coarse spatial resolution and fine time resolution of ESA CCI products, 

the use of ESA CCI products to study the spatial and temporal distribution pattern of soil 

moisture in JWSA is very satisfactory. In particular, the fine time resolution of ESA CCI 

can accurately identify the impact of the South-to-North Water Diversion Project on the 

changes in the temporal and spatial patterns of the JWSA after the start of water supply. 

These global soil moisture products, which are usually extracted from microwave remote 

sensing data, have a spatial resolution on the order of tens of kilometers. Regional 

hydrological and agricultural applications require a spatial resolution of several 

kilometers or even tens of meters. Resolution is generally not suitable for regional 

hydrological and agricultural applications, such as irrigation management and flood 

forecasting. In this context, scholars have proposed various downscaling methods to 

improve the spatial resolution of soil moisture. Satellite remote sensing technology has 

been widely used to estimate the surface soil moisture. Efforts have been made to develop 

many global soil moisture products. However, these global soil moisture products 

extracted from microwave remote sensing are generally not suitable for regional 

hydrological and agricultural applications, such as irrigation management and flood 

forecasting, due to their coarse spatial resolution. Therefore, various downscaling 

methods have been proposed to improve the coarse resolution of soil moisture products. 

With the help of upscaling of measured soil moisture at the point scale, the assessment of 

the spatial pattern of downscaling soil moisture will be strengthened.  

Various methods are used for remote sensing of soil moisture downscaling. There are 

three main categories: methods based on satellite remote sensing data fusion, methods 

based on statistical models, and methods based on auxiliary geographic information. 

These methods have made great progress in the process of microwave remote sensing of 

soil moisture downscaling, but there are also many problems. Since soil moisture is 

affected by the interaction of factors such as soil properties, surface cover, topography, 

precipitation, temperature, etc., soil moisture has a strong spatial heterogeneity. 

Therefore, the main problem of the remote sensing soil moisture downscaling method is 

the uncertainty of the results, the uncertainty of the scale model, the scale limitation of the 

auxiliary information for downscaling, the uncertainty of the field measured soil 

moisture, and the verification of the downscaling results. The future research direction in 

this area may be to produce long-term, time-continuous, and high-spatial resolution soil 

moisture data sets through downscaling methods. 

5 Conclusions 

In this study, we used the measured soil moisture in the South-to-North Water 

Transfer Jiangsu Water Supply Zone during 1991-2-13 and the 1991–2019 CCI_SM data to 

verify the accuracy of the CCI_SM data. Then, EEMD, MK abrupt change test, and 

regression analyses were employed to explore the spatiotemporal variation in soil 

moisture in the South-to-North Water Transfer Jiangsu Water Supply Zone from 1991–

2019. The following conclusions were obtained: 

(1) The CCI data exhibited good correlations with the measured data at 9 stations, 

(R=0.69). The remote sensing data are comparable to the measured data (RMSE 

=0.036 and MAE=0.029). The highest CCI data quality was observed for the 

Xuzhou region in the north of the South-to-North Water Transfer Jiangsu Water 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 December 2021                   doi:10.20944/preprints202112.0078.v1

https://doi.org/10.20944/preprints202112.0078.v1


 

Supply Zone, followed by the central Huai’an, Lianyungang, and Suqian regions. 

The lowest data quality was found for the Yangzhou region in the south. 

(2) The CCI_SM remote sensing data accurately reflects the annual and monthly 

variation in soil moisture in the South-to-North Water Transfer Jiangsu Water 

Supply Zone. 

(3) The EEMD method was used to investigate the periodic characteristics of soil 

moisture at three typical pumping stations (Gaogang, Hongze, and Liushan 

Stations) in the study area from 1991–2019. The soil moisture data at these three 

stations were found to exhibit significant interdiurnal periodic fluctuations, and 

their typical periods were similar (all around 3.1 d). Nevertheless, long time 

periods cannot be neglected. For example, the periods of 3379.3 d for Gaogang 

Station, 311.4 d for Honze Station, and 300.1 d for Liushan Station also exhibited 

significant fluctuations. According to the RSE trends, the soil moisture at the 

three stations all exhibited an overall increasing trend, while the trend observed 

for Liushan Station contained two stages of “ decreasing-increasing.” 

(4) The MK method was used to test abrupt changes in soil moisture. The results 

show that during 1991–2019, no abrupt change occurred at Gaogang Station. In 

contrast, an abrupt changes was observed in April 2014 at Hongze Station, and 

abrupt changes occurred at four time points from 2017 to 2019 at Liushan Station. 

(5) The CCI_SM remote sensing data accurately described the “north dry and south 

wet” spatial distribution pattern of soil moisture in the South-to-North Water 

Transfer Jiangsu Water Supply Zone. There are evident seasonal variations in soil 

moisture, which is highest in winter, lower in autumn, and even lower in spring 

and summer. This pattern conforms relatively well with the actual situation. 

Thus, the CCI_SM data is applicable to the analysis of soil moisture variations in 

the South-to-North Water Transfer Jiangsu Water Supply Zone. 

(6) Over the past 29 years, the soil moisture in the South-to-North Water Transfer 

Jiangsu Water Supply Zone mainly exhibited an increasing trend. Regions with 

significantly increased soil moisture levels are mainly distributed in the 

Yangzhou and Huai’an regions in the southeast of the Jiangsu Water Supply 

Zone. The area with a significant decrease is relatively small, concentrated mainly 

in the northern part of Xuzhou. 

Our results show that the CCI_SM data can compensate for the uneven distribution 

of measuring stations and missing data. In addition, this dataset can also provide long-

term data for the analysis of temporal and spatial variation characteristics, serving as data 

support for large-scale agricultural drought and flood research in the South-to-North 

Water Transfer Jiangsu Water Supply Zone. However, a single observation station cannot 

represent a wide range of soil moisture values. Additionally, CCI data have low spatial 

resolution and can be impacted by land cover patterns. Therefore, there will be a relatively 

large error between measured soil moisture and the remote sensing data for the 

corresponding area. Thus, absolute verification of remote sensing data cannot fully reflect 

the actual situation of CCI data, so other relative verification methods should be adopted. 

Considering the lack of CCI data in certain regions, the relatively large deviation from 

measured values at some stations, and the low spatial resolution, we suggest that the 

influence of other factors—such as topography, precipitation, evaporation, temperature, 

vegetation cover, land cover pattern, etc.—should be used to study multi-source data 

fusion technologies and downscaling techniques. In this way, the application of CCI data 
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for fine-scale applications such as agricultural and hydrological simulations is possible, 

thereby further enhancing the value of ESA CCI_SM data. 
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